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Abstract 

 

This thesis focuses on two important areas of health economics: health dynamics 

during pre-adulthood, and physician behaviour. Understanding the health 

development process of young people is of great importance for improving 

life-time well-being. The first two essays seek to explore the important factors 

that determine the health production process during the period of pre-adulthood. 

On the other hand, a better understanding of the behaviour of physicians, who are 

among the most important suppliers of health care, is of great importance for the 

design of social policies that aim to improve health of the population. The third 

chapter then turns the focus to physician labour and service provision behaviours. 

 The first chapter examines the impact of family social economic status (SES) 

and neighbourhood environment on the dynamics of child physical health 

development. It examines the distribution of health outcomes and health 

transitions and explores the determinants of these distributions by estimating the 

contributions of family SES, neighbourhood status, unobserved heterogeneity and 

pure state dependence. 

 The second chapter extends the research on health development in 

pre-adulthood by examining the roles of family SES, early childhood life-events, 

unobserved heterogeneity and pure state dependence in explaining the distribution 

of depression among adolescents and young adults. It also explicitly models the 
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depression dynamics and quantifies both the mobility and persistence of this type 

of mental health problem from adolescence to early adulthood. 

 The third chapter examines whether and how pay-for-performance (P4P) 

payments can motivate physician service provision to improve the quality of 

health care. It exploits a natural experiment in the province of Ontario, Canada to 

identify empirically the impact of P4P incentives on the provision of targeted 

primary care services, and whether physicians’ responses differ by age, practice 

size and baseline compliance level.  
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Introduction 
 

This thesis uses advanced micro-econometric techniques to investigate 

empirically a range of questions related to both health and health care. The 

research focuses on two important areas of health economics: health dynamics 

during pre-adulthood, and physician behaviour. The thesis consists of three essays. 

The first essay examines the impact of family social economic status (SES) and 

neighbourhood environment on the dynamics of child physical health 

development. The second essay examines the impact of family socio-economic 

conditions, stressful life-events and unobserved heterogeneity on the distribution 

and the dynamics of depression from adolescence to early adulthood. The third 

evaluates the impact of pay-for-performance incentive payments on the provision 

of health care by physicians. 

The first two essays investigate health dynamics during childhood and 

adolescence. Health is an important form of human capital that influences social 

and economic success over the life cycle. Health development during the 

transition period of childhood to young adulthood is particularly important 

because initial adult health stock and attitudes towards health-promoting or risky 

behaviours are largely formed during this period (Heckman 2007). Moreover, 

evidence documents that pre-adult health is positively correlated with a spectrum 
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of health, educational and economic achievements over the lifespan (Case et al. 

2005; Grossman 2000). Health may also play an important role in the 

intergenerational transmission of economic status (Currie 2009). Therefore, 

understanding the health development and the health production process of young 

people is of great importance for improving life-time well-being. 

 The classic model of the demand for health by Grossman describes the 

dynamic optimization problem of intertemporal utility maximization which leads 

to optimal lifetime paths of health capital and gross investment in health in each 

period (Grossman 1972; Grossman 2000). This model features the dynamic nature 

of the health production process. People experience persistently good or 

persistently poor health for two types of reasons: poor health can be inherently 

long-lasting and a cumulative history of health problems may have a direct effect 

on current health; disparities in factors like socioeconomic conditions may have 

long-lasting effects that influence health in multiple periods (Jones et al. 2006). 

Two of the thesis chapters seek to explore the important factors that determine the 

health development process and the dynamics of health during the period of 

childhood to early adulthood, and attempt to identify systematic differences in 

health persistence across subgroups of children and adolescents with 

heterogeneous family background or environmental characteristics. One chapter 

focuses on the roles of family socio-economic conditions and neighbourhood 

environments in determining the child physical health development, and the other 

explores the effects of family socio-economic conditions and childhood life 
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experience on one important aspect of youth mental health conditions-- depressive 

symptoms.   

 The first chapter uses data from the Canadian National Longitudinal Survey 

of Children and Youth (NLSCY) to investigate whether and why physical health 

outcomes exhibit persistence during the period from childhood to adolescence. On 

both efficiency and equity grounds, it is important to quantify the persistence of 

health over time and to identify systematic differences in persistence across 

different subgroups of the population. This chapter examines the distribution of 

health outcomes and health transitions using extensive descriptive analysis, and 

explores the determinants of these distributions by estimating the contributions of 

family SES, unobserved heterogeneity and pure state dependence while allowing 

for heterogeneity of state dependence parameters across categories of 

neighbourhood status.  

 The results of the dynamic models indicate a strong persistence of child 

physical health over time, and that certain community characteristics such as 

lower neighbourhood income, lower neighbourhood education level and higher 

proportion of lone-parents within a neighbourhood, contribute significantly to 

higher persistent levels of ill health over time. Moreover, the positive effect of 

“permanent” household income on child health is stronger in richer 

neighbourhoods and also more educated neighbourhoods, while the positive effect 

of “permanent” household income on child health is weaker in neighbourhoods 

with fewer lone-parent families and also in neighbourhoods with fewer families 
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living in rental accommodations. The chapter contributes to both the health 

dynamics literature and to the child health literature in two ways. First, few 

studies in the child health literature have been focused on modeling the evolution 

process of health outcomes from childhood to adolescence, particularly in Canada. 

Second, as this paper uses information on both family social economic status 

(SES) and neighbourhood level characteristics in a dynamic panel data framework, 

it contributes by examining the impact of contextual factors in the health 

dynamics literature. This paper has been published in the Journal of Health 

Economics (Contoyannis and Li 2011). 

 The second chapter extends the research on health development in 

pre-adulthood by examining, within both static and dynamic frameworks, the 

roles of family SES, early childhood life-events, unobserved heterogeneity and 

pure state dependence in explaining the distribution of depression among 

adolescents and young adults. Depression is one of the most common health 

problems in adolescence (Asarnow et al. 2009), and depression during this period 

often persists into adulthood and leads to adverse long-term outcomes (Colman et 

al. 2007; McLeod and Kaiser 2004). However, only a small number of empirical 

studies have examined the relationship between family or individual SES and 

depression among adolescents or young adults, and the results from these 

empirical studies are mixed. The first goal of this chapter is to examine the roles 

of family SES, early childhood life-events, and unobserved heterogeneity in 

explaining the distribution of depression among adolescents and young adults 
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using the US data on the children of the US National Longitudinal Survey of 

Youth 79 (NLSY79). Furthermore, this chapter explicitly models the depression 

dynamics and quantifies both the mobility and persistence of this type of mental 

health problem from adolescence to early adulthood, an issue that has not been 

addressed in other studies.  

 This study employs a conditional quantile regression framework. This is 

important because the factors of interest may not only affect the location of the 

conditional distribution of youth depression, but also affect the scale or other 

aspect of the distributional shape. If the underlying mechanism that links these 

factors with youth depression does differ at different parts of the depression 

distribution, using a conditional mean estimator will neglect this aspect and 

provide quite different policy implications. A methodological contribution of this 

chapter to the empirical health dynamics literature is that in addition to standard 

dynamic quantile regression models, it employs a newly-developed instrumental 

variable quantile regression for dynamic panel with fixed effects model to 

examine the dynamics of depression. This estimator not only allows us to control 

for individual-specific heterogeneity via fixed effects in the dynamic panel data 

framework, but also effectively reduces the dynamic bias generated by 

conventional dynamic fixed-effects estimation of the quantile regression models. 

 Results from the static conditional quantile estimation models reveal the 

asymmetry of the link between stressful life events and youth depression, and 

indicate the differential effects of family SES on youth depression at different 
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parts of the depression distribution. Results from the dynamic models suggest the 

importance of taking into account individual heterogeneity when examining the 

dynamics of youth depression. The results from the final instrumental variable 

with fixed effects model indicate that the pure state dependence of youth 

depression is very low and the observed positive association between previous 

depression and current depression is mainly due to unobserved individual 

heterogeneity. 

 One important determinant of the health production process is the 

consumption of health care. The Grossman model indicates that the demand for 

health care is a derived demand for health and is decided as part of the optimal 

choice over the gross investment in health stock over the life cycle (Grossman 

1972; Grossman 2000). In a world full of asymmetric information, externalities 

and uncertainty, health care resource allocation via perfectly competitive markets 

leads to outcomes far from the Pareto optimum (Arrow 1963). Therefore, 

non-market institutions and public policies should step in to correct for market 

failures and to guide resource allocations for the improvement of social welfare 

(Hurley 2000). Given that the utilization of health care is largely determined by 

supplier behaviour, a better understanding of the behaviour of physicians, who are 

among the most important suppliers of health care, is of great importance for the 

design of social policies that aim to improve health of the population. Physicians’ 

labour and service supply behaviours share some common features with workers 

in other industries, but are also distinguished by a greater influence of 
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professional standards and ethical concerns. In such a context, it is critical to 

conduct positive analysis that helps us to understand how contractual or 

institutional arrangements will affect their labour supply and service provision 

behaviours and facilitate the efficient and equitable allocation of health care 

resources. The third chapter of this thesis then turns the focus to physician labour 

and service provision behaviours.   

 The third chapter examines whether and how a certain type of financial 

incentives--- pay-for-performance payments --- can motivate physician service 

provision to improve the quality of health care. Explicit financial incentives, 

especially pay-for-performance (P4P) incentives, have been extensively employed 

in recent years by health plans and governments in an attempt to improve the 

quality of health care services. Classic principal-agent theory and 

incentive-contract theory suggest that performance-based contracting can induce 

agents to improve performance when payment is based on achieving pre-specified 

performance targets. However, using P4P programs to motivate health care 

providers’ behaviour is controversial in reality. Theoretical predictions on 

physician responses to P4P incentives are ambiguous; there are still relatively few 

empirical studies that provide convincing evidence of how performance incentives 

influence physician delivery of targeted services. This chapter exploits a natural 

experiment in the province of Ontario, Canada to identify empirically the impact 

of P4P incentives on the provision of targeted primary care services, and whether 

physicians’ responses differ by age, practice size and baseline compliance level.  
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 The study uses administrative data that cover the full population of the 

province of Ontario and nearly all the services provided by practicing primary 

care physicians in Ontario. Different sources of administrative data are linked 

together to construct the individual-level data set of service provisions for 

physicians who were affected by the incentives (those work in the primary care 

reform models) and physicians that were not affected by the incentives (those 

work mainly in traditional fee-for-service practice) in both pre- and post- 

intervention periods. The study employs a difference-in-differences approach that 

controls for both selection on observables and selection on unobservables that 

may cause estimation bias in the identification. A set of robustness checks and 

sensitivity analyses are also implemented to control for potential confounding 

from other attributes of the primary care reform models, and from the other 

contemporary initiatives that could also influence the level of health care 

utilization during the study period. 

 The results indicate that, while all responses are of modest size, physicians 

responded to some of the financial incentives but not others. In general, the results 

confirm the empirical literature, which indicates little effect of employing P4P 

incentives to improve the quality of health care. The differential responses appear 

related to the cost of responding and the strength of the evidence linking a service 

with high-quality care, as well as the degree of complementarities between the 

P4P incentives and other institutional attributes of the practice models. Overall, 

the results provide a cautionary message regarding the effectiveness of 
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pay-for-performance schemes for increasing quality of care.  

 A common element across all three chapters is the application of advanced 

econometric techniques to help identify underlying causal relationships in areas of 

health economics where this has been a great challenge. In health economics, the 

prevalence of latent variables, unobserved heterogeneity and nonlinear dependent 

variables creates additional difficulties in the identification of causal relations. 

This thesis attempts to tackle various methodological issues in the identification 

strategies, and to select econometric tools that are well-suited for the data and for 

the estimation challenges encountered. The first two papers deal with the 

nonlinearity of the dependent variables by using latent variable models and count 

data models, and exploit longitudinal data sets to disentangle the pure state 

dependence from confounding by unobserved heterogeneity using a set of random 

effects and fixed effects models. The third paper exploits the exogenous variation 

in the primary variable of interest (the "treatment") generated by a 

quasi-experiment, and deals with the non-random selection and confounding 

problems by using a series of difference-in-differences models that gradually relax 

the exogeneity assumptions and by using multiple treatment or comparison 

groups.       
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Chapter 1                                 

The Evolution of Health Outcomes from 

Childhood to Adolescence1

 

 

1.1 Introduction 
Health development during the period of childhood to adolescence is important 

because, for most individuals, initial health in adulthood and attitudes towards 

health promoting or risky behaviors are largely formed during this transition 

period (Heckman 2007). Furthermore, evidence documents that pre-adult health is 

positively correlated with achievement over the lifespan (see e.g. Case et al 2005). 

While the association of child/youth health and economic, institutional and 

environmental factors has been examined by various studies within a static 

framework, few studies have focused explicitly on health dynamics from 

childhood to adolescence. On both efficiency and equity grounds, it is important 

to quantify both the mobility and persistence of health over time and to identify 

systematic differences in mobility across subgroups. Knowing the systematic 

differences in the dynamics of health across different subgroups helps to 

                                                        

1 A slightly revised version of this chapter was published in the Journal of Health Economics: 
Contoyannis, P. and Li, J. (2011) ‘The evolution of health outcomes from childhood to 
adolescence’, Journal of Health Economics, Volume 30, Issue 1, Pages 11-32.  
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disentangle how different factors determine the health transition from childhood 

to adolescence within a population. Furthermore, if we observe that reductions in 

health status are more permanent than transitory in nature for particular groups, 

we may be more concerned about this than cross-sectional variation in health; 

more efficient improvement of average health status of the whole population can 

be made possible if social support programs are targeted at individuals who are 

more likely to have multiple periods of ill-health and equity objectives likely 

require us to be more concerned about children who suffer prolonged ill health.  

 This study draws on two streams of health outcomes research. The first 

stream focuses on the association of child/youth health and economic, institutional 

and contextual factors. A positive relationship between high family SES and good 

child health status has been recorded in various studies. Using cross-sectional data 

sets of U.S children, Case et al. (2002) pointed out children’s health is positively 

related to household income and the income-health gradient has deepened as 

children age. They also investigated the extent to which the gradient can be 

explained by other characteristics of children and parents, including child health 

at birth, parental health, genetic ties, health insurance and maternal labor supply. 

Following Case et al. (2002), Currie and Stabile (2003) used the Canadian 

NLSCY to confirm the deepening gradient, and to test two hypotheses of the 

underlying mechanisms that cause the deepening gradient. They concluded that 

the mechanism of the deepening gradient is not that children with poorer health 

lack the resources to respond to health shocks, but they are subject to more shocks. 
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Curtis et al. (2001) explored data from the Ontario Child Health Study (OCHS) to 

estimate the association between child health and both low-income and family 

status. They find that child health is much more strongly (and negatively) related 

to low-average-income than to low-current income, while lone-mother status is 

negatively associated with child outcomes. Contoyannis and Dooley (2010) 

examined the relationship between childhood health problems and various young 

adult outcomes and the role that health status plays in the intergenerational 

correlation of economic outcomes using the Ontario Child Health Study (OCHS). 

Specifically, they examined the association between parental socio-economic status 

and the prevalence of a childhood chronic condition, a functional limitation, or a 

conduct or emotional disorder and reported for each case an income effect that is 

modest in size. They also found that parental health is strongly related to childhood 

health outcomes, but the effect of family income on child health is not mainly a 

proxy for parental health. Another two studies have provided evidence of the 

health-SES gradients among adolescents (Graeme Fort et al. 1994, Chris Power 

and Sharon Matthews 1997). The above examples largely identified the potential 

SES factors that are correlated with and may contribute to the health of children 

and adolescents. However, it is worth mentioning that few of these studies are 

implemented in a panel data framework and dealt with individual unobserved 

heterogeneity. The only study we are aware of which involves the transition of 

health outcomes from childhood to adolescence is Currie and Stabile (2003). In 

order to test one of the two hypotheses in explaining the deepening SES-health 
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gradient recorded by Case et al. (2002), they investigated whether low-SES 

children deal with bad “health shocks” as effectively as high-SES children by 

examining if the negative impacts of previous chronic conditions onset differ by 

family SES. While their results are in line with ours in the sense that poor health 

status in the previous period has persistent negative effects on current child health, 

the study did not focus on how state dependence systematically determine the 

dynamics of child health over time and how state dependence of child health 

differ across neighborhood types as in our study. In their study, only two periods 

of data are used and the onset of chronic conditions in the first period are 

controlled as the “health shocks” for health state in the second period; while in 

our study all six cycles are used and self-assessed health status in the previous 

period is controlled for in modeling current self-assessed health status.  

 The positive association between SES and health is difficult to untangle for 

adults, due to the likelihood of a reverse causal relationship. Although the channel 

that runs directly from health to income can be eliminated for the case of children, 

possible unobserved factors that can affect child health outcomes and are also 

correlated with family SES make identification of a causal relationship difficult. 

Dooley and Stewart (2004) used data from the Canadian NLSCY and cautiously 

estimated the size of the effect of income on child’s cognitive outcomes by 

attempting to separate out the variation in outcomes caused by potential 

unobserved heterogeneity and that caused by regressors. They implemented four 

empirical strategies using panel data and reported a smaller income effect on child 
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outcomes than from conventional estimates which are obtained from weighted 

least squares regressions with pooled data. This difference in estimates reveals the 

benefit of exploiting a panel data structure when unobserved individual 

heterogeneity contributes substantially to child outcomes.  

 Other studies have focused on the social contextual influences on child 

outcomes. Boyle et al. (2007) used multilevel models to examine longitudinal 

associations between contextual influences (neighborhood and family) and 

educational attainment in a cohort of 2,355 children. The results showed that 

while 33.64% of the variation in individual level educational attainment can be 

explained by their model, 14.53% of the variation is attributable to neighborhood 

and family-level variables versus 10.94% to child-level variables. Several other 

studies have provided consistent evidence that neighborhood or community level 

socioeconomic advantage is positively associated with better child outcomes 

(Brooks-Gunn, Duncan, Klebanov and Sealand 1993; Garner and Raudenbush 

1991). Leventhal and Brooks-Gunn (2000) provide a comprehensive review of 

research on the effects of neighborhood residence on child and adolescent 

well-being. By summarizing the existing evidence of neighborhood effects on 

child and youth outcomes, they conclude that high SES is of great importance for 

school readiness and achievement while low SES and residential instability are 

determinants of poor behavioral/emotional outcomes. Therefore, social contextual 

or environmental characteristics should be considered as other important factors 

related to child and youth health.  
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 The second stream of studies on health outcomes focuses on modeling adult 

health distributions in a dynamic framework. Studies have addressed the question 

of why some adults experience persistently good or bad health. The persistence 

could be explained by pure state dependence, particular individual 

socio-economic characteristics, or environmental characteristics (Jones, Rice and 

Contoyannis 2006). Some empirical health dynamics studies have examined the 

relative contributions of pure state dependence and unobserved heterogeneity, and 

the conditional effect of socio-economic status in explaining observed health 

status variation (Contoyannis, Jones and Rice 2004a, Contoyannis, Jones and Rice 

2004b), while other empirical health dynamics studies have provided evidence of 

associations between observed health persistence and SES positions. In particular 

using the British Household Panel Survey (BHPS), Hauck and Rice (2004) found 

evidence of substantial mental health mobility and that the extent of mobility 

varies across SES categories with greatest persistence in lower income groups and 

less educated individuals. In a different framework, Buckley et al. (2004) 

examined the influence of SES position on transition probabilities from good 

health to poor health for older Canadians. The results showed that the probability 

of remaining in good health is higher in the highest quartile of income and 

education, which also indicated a positive association between good health and 

SES.  

 Our study aims to contribute in the following ways. Firstly, this study 

contributes to the health dynamics and child health literature. As discussed above 
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few studies have been focused on modeling the evolution process of health 

outcomes from childhood to adolescence, particularly in Canada.  Secondly, as 

this paper uses information on both family SES positions and neighborhood level 

characteristics into the dynamic panel data framework, it contributes by 

examining the impact of contextual factors in the health dynamics literature.  

 This paper proceeds as follows. Section 2 describes the data set we used for 

the study and presents some descriptive analysis of the data. Section 3 introduces 

the theoretical rationale and empirical framework of the study. In section 4, the 

regression results are reported and analysed while in section 5 some conclusions 

are provided. 

 

1.2 Data 
As this study considers both the effects of family SES positions and 

neighbourhood characteristics on child health dynamics, two data sets are 

explored in our study. The first data set is the Canadian National Longitudinal 

Survey of Children and Youth (NLSCY) cycles 1 to 6, which contains rich 

information on child outcomes and family SES positions. The second data set is 

the Census profile data of Canada 1996 and 2001, which contains information on 

neighborhood characteristics. We construct and use the following four sets of 

variables throughout this study: 1) child general physical health outcome 

measures, e.g. Self-Assessed Health (SAH) of the child reported by the Person 
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Most Knowledgeable(PMK) about this child; 2) family socio-economic variables, 

e.g. total household income, parental education, family structure (family size, 

whether the child is living with two parents) etc.; 3) Other variables for the child 

and the parents such as age, whether the PMK is the biological parent of the child 

and maternal age at birth of the child; 4) neighborhood level variables, indicating 

the “affluence” status and “socioeconomic disadvantage” status of the 

neighborhoods, e.g. mean household income, percentage of population with 

university degree, etc.  

 

1.2.1 Sample and variables 

The National Longitudinal Survey of Children and Youth (NLSCY) is the main 

data source used in this study to examine the contribution of individual and family 

level variables in determining health transitions. The NLSCY is a survey 

“designed to collect detailed information every two years about the factors 

influencing a child’s cognitive, emotional and physical development and to 

monitor the impact of these factors over time” (NLSCY user guide). With the 

main purpose of following up a group of children over time, the survey began to 

collect information with one large cohort of 0-11 year- olds in 1994, and followed 

up every two years till 2004 (Cycle 6). All the available waves so far (from Cycle 

1 to Cycle 6) are used in this study.  

 As stated in the NLSCY User’s Guide, the NLSCY is divided into four 

components: the household component, adult component, child component, and 
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youth component. The household component is used to determine the relationship 

between all household members. It also identifies the person most knowledgeable 

(PMK) about the child in the household. The PMK provides the information for 

all selected children in the household and then gives information about 

himself/herself and his/her spouse/partner. A child component was created for 

each selected child between 0 and 17 years of age. The PMK about children and 

youth answered the child component questions. The child component provides 

information on the child demographic information and child health measures. But 

the only sections of the Child Questionnaire asked about youth aged 16 and 17 are 

the Aspirations and Expectations section, Custody and the Socio-Demographics 

section. Therefore, the relevant child health information is available in this 

component only for children aged 15 and younger. We could find health measures 

for the children/youth aged 16 and older in the Youth Questionnaire, as the youth 

component is used for selected respondents aged 16 to 21 years old. However, the 

respondent of the Youth Questionnaire answer questions about themselves so we 

suspect that the reporting would be systematically different from the responses 

from the PMKs. An adult component was created for the PMK and his/her spouse 

or partner, if the selected child is 17 years old or younger. This component 

collects information for the PMK and the spouse of the PMK about their age, 

education, income, labor force participation and health condition etc. From this 

information, the family structure and parental characteristics with potential 

impacts on child’s health development are extracted.  
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 With respect to child health, the variable of general health assessed by the 

PMK is used in the analysis. The survey question requires the respondent to rank 

the child’s health as excellent, very good, good, fair or poor. This measure falls 

into the category of a subjective measure of self-assessed health (SAH) which 

provides ordinal rankings of the respondents’ perceived health status. Although the 

reliability of this subjective measure of health has been questioned by some 

literature (see Crossley and Kennedy 2002), the child health measure is confined to 

this variable in our study for the following reasons. Firstly, measures of 

self-assessed health are commonly used in the literature and have generally been 

found to be powerful predictors of mortality (see Idler and Kasl 1995; Idler and 

Benyamini1997; Burström and Fredlund 2001), and to be good predictors of 

subsequent use of medical care (see van Doorslaer et al. 2000, 2002). Also, since 

SAH has been consistently defined across different datasets based on which most 

empirical studies are conducted, using the same measure makes our results more 

comparable to the others. The study from Crossley and Kennedy (2002) has 

provided evidence that this measure suffers from the non-random measurement 

error in terms of reporting, and the perceptions of the respondents’ own health 

systematically vary by age and some socioeconomic status. However, our study is 

limited by the availability of other suitable measures of health2

                                                        

2 The McMaster Health Utility Index Mark 3 (HUI3) is often deemed a more objective measure of 
general health but this measure is only available for children aged 4 or 5 years old in the NLSCY. 
Other existing measures of self-reported chronic conditions in NLSCY do not provide us a global 
measure of general health of children. It is worth noting that even the self-reported objective 
measures of health on the incidence of chronic conditions are criticized for the significant 

. Other concerns 

http://www3.interscience.wiley.com/cgi-bin/fulltext/109581131/main.html,ftx_abs#BIB7�
http://www3.interscience.wiley.com/cgi-bin/fulltext/109581131/main.html,ftx_abs#BIB21�
http://www3.interscience.wiley.com/cgi-bin/fulltext/109581131/main.html,ftx_abs#BIB20�
http://www3.interscience.wiley.com/cgi-bin/fulltext/109581131/main.html,ftx_abs#BIB38�
http://www3.interscience.wiley.com/cgi-bin/fulltext/109581131/main.html,ftx_abs#BIB39�
http://www3.interscience.wiley.com/cgi-bin/fulltext/109581131/main.html,ftx_abs#BIB7�
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about this measure are related to the reporting heterogeneity in the ordered 

responses which may invalidate group comparisons and measures of health 

inequality (Lindeboom and van Doorslaer 2004; Murray et. al 2001). More 

objective measures of health are suggested and methods to overcome this problem 

are discussed in this literature (see discussion in Contoyannis, Jones and Rice 

2004b).  

 In order to investigate the relationship between family SES and child health 

outcomes we use the total household income in the past 12 months and a set of 

variables for parental educational achievements. Case et al. 2002 found that while 

there still exists a large and significant correlation between income and child’s 

health, the addition of parental education levels to the regression controls had a 

substantial impact on the estimated income coefficients (reducing the magnitude 

of the positive correlation). This suggests that household income and parental 

education are two important factors in determining the child’s health and they 

affect child’s health through different pathways. In the NLSCY, information about 

educational attainment, labor force participation etc. are collected for the PMK 

and the spouse of PMK, but the PMK and the spouse of PMK are not necessarily 

the biological parents of the child. They can be step parents, adopting parents or 

even unrelated persons. This brings in complexity in interpretation because 

mother’s education may influence child health through both her childcare skills 

after birth and the health of the child at birth, while a PMK who is not the mother 

                                                                                                                                                        

measurement error. Details see Michael Baker, Mark Stabile and Catherine Deri 2004.  
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will likely exert a much larger influence(relative to the birth mother) on child 

health through childcare. Moreover, mother’s education and father’s education 

level are expected to have different impacts on child’s health in that, in most cases, 

it is the mother who takes care of the child and their behavior would shape child’s 

health to a larger extent, especially for the children at younger ages. Therefore, we 

separate mother’s education from father’s education level. In this study, mother’s 

education was obtained from the PMK’s (or the spouse of PMK) education level if 

PMK (or the spouse of PMK) is the biological mother of the child. Otherwise, 

female caregiver education was obtained from the closest female figure in the 

household (defining the biological mother as the closest female figure overall), i.e. 

it was obtained from the information of the PMK (or the spouse of PMK) if PMK 

(or the spouse of PMK) is female but not the biological mother of the child. If 

there is no education information for the closest adult female figure in the 

household, female caregiver education was set to missing. The variable for male 

caregiver education was derived in the same way. In order to capture the 

difference between the effects of education for a biological mother and another 

female figure, a dummy indicating the PMK (or spouse of the PMK) is the 

biological mother of the child is included in the regression and interacted with 

mother’s education level. Also, a dummy indicating PMK is female is included in 

the regression to account for the response “bias” by gender. Other than the main 

SES variables, family structure characteristics have a potential impact on child 

health. A variable for family size indicating the total number of persons living in 
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the household and a dummy variable indicating whether or not a child lives with 

both parents are included in the regression too3

 To explore the relationship between neighborhood characteristics and child 

health dynamics, we split our sample by a set of neighborhood level variables 

indicating the “affluence” status and “socioeconomic disadvantage” status of the 

neighborhood the child resides in. In our study, “neighborhood” is defined by 

census tract (CT) boundaries within all census metropolitan areas (CMAs) and 

part of census agglomerations (CAs) where a CT boundary exists, while by 

Enumeration Area (EA) or dissemination areas (DAs) boundaries within more 

rural areas where a CT boundary does not exist. Census tracts (CTs) are small 

geographic units representing urban or rural neighborhood-like communities 

within all CMAs and CAs with an urban core population of 50,000 or more at the 

previous census. In most CTs, there are 2,500-8,000 people living within them 

(Statistics Canada, 1992). An EA is the smallest level of geographical aggregation 

used by Statistics Canada: it contains at least 375 dwellings in urban areas and 

125 dwellings in rural areas. To attach neighborhood information to every child in 

each cycle, we firstly matched the neighborhoods identities within NLSCY and 

Census profile data through Enumeration Area (EA) or Dissemination Area (DA) 

code which exist in both data sets. Since the neighborhoods are mostly defined by 

. Table 1 in the Appendix A lists 

the definitions of the main variables we used in this study.  

                                                        

3 For the same reasons, we discriminate between the scenario of “child living with both biological 
parents” and the scenario of “child living with both parental figures but not the biological parents” 
and included both variables in our analyses.  
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CT boundaries, we then used the Geography Tape File (GTF) to map from EA/DA 

boundaries to CT boundaries when CT boundaries are used to define 

neighborhoods. At the end, the neighborhood variables aggregated at the CT 

boundary level are used for the neighborhoods defined by CTs; while the 

neighborhood variables aggregated at the EA or DA boundary level are used for 

the neighborhoods defined by EAs or DA s. In our study, the “affluence” status of 

the neighborhoods is measured by two variables: average household income and 

the percentage of the adult population with university or college degrees; while 

the “socioeconomic disadvantage” status of the neighborhoods is measured by 

another two variables: percentage of families headed by lone parents and the 

percentage of families living in rental accommodations. These specific concepts 

of community characteristics have been established and used in studies examining 

the neighborhood influence on educational attainment of children (Boyle et al. 

2007). Since we are using a longitudinal cohort and the respondents might have 

moved from one neighborhood to another across cycles, we mapped the 

respondents into neighborhoods for each cycle based on the most up-to-date 

available census profile data at that time. In other words, the neighborhood 

characteristics are drawn from the census profile data 1996 for the first four cycles 

of NLSCY, while these values are drawn from the census profile data 2001 for the 

last two cycles of NLSCY.  
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1.2.2 Data description 

As we focus on the longitudinal transition of the child health distribution over 

time, our study employs data on the original longitudinal cohort in NLSCY over 

six waves. There is considerable attrition in the longitudinal cohort of the NLSCY. 

According to the NLSCY Cycle 7 User Guide, by cycle 6, “the cumulative, 

longitudinal response rate for children in the original cohort was 57.6%” 4

                                                        

4 In order to adjust for total non-response, the NLSCY employs weighting procedures to produce 
two longitudinal (funnel and non-funnel) weights at each cycle. Specifically, these weights are 
calculated by taking the child’s design weight and making adjustments for survey non-response 
and post-stratification to ensure that the final survey weights sum to known counts of children by 
age, sex and province (See the NLSCY User’s Guide in references) for the attrition rate and the 
weighting procedure which attempts to adjust for total non-response). Accordingly, we applied the 
funnel weights to our final sample in the descriptive analysis because funnel weights are assigned 
to children who have responded at every cycle. 

. 

Because of the sample attrition, around 11,000 children aged 10 to 21 years old 

from the original longitudinal cohort remained in the sample. Several sample 

selection criteria have been used for the investigation of family SES and child 

health dynamics association in our study. Firstly, we only included children aged 

0-15 (including age 15) in all cycles. As discussed earlier, in the NLSCY the 

self-assessed general health (SAH) status is reported in the Child Questionnaire 

by the Person Most Knowledgeable (PMK) about the child for children aged 0 to 

15; while this health measure is reported in the Youth Questionnaire by the youth 

themselves for children aged 16 and older. The PMK is an adult figure, usually the 

mother/father of the child. We believe the response from the PMKs and the 

response from the children themselves are systematically different so we excluded 

the children aged 16 and older. This leads to a reduction of our study sample to 
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6,611 children. Secondly, we only included children who had information with 

respect to all of our main variables listed in Table 1 in Appendix A in all six cycles. 

In other words, only a balanced panel sample is used for both descriptive and 

regression analysis. This leads to a further reduction of the study sample to 3,752 

children. Thirdly, we excluded children with obvious errors in their data, e.g. we 

excluded children who had multiple gender values across cycles. We ended up 

with 22,398 observations for 3,733 children with 6 time periods as our study 

sample. For the subgroup analysis with different neighbourhood status, we then 

only included children with complete information with respect to the four 

neighbourhood variables in all six cycles. This leads to a further reduction of 

sample to 21,726 observations for 3,621 children with 6 time periods5

1.2.2.1 The study sample 

.        

Child SAH 

Originally the health status variable is a categorical variable with 5 ranks. 

However, we regrouped this variable in the descriptive analysis by merging the 

fair health group and poor health group because of the constraint imposed by the 

data confidentiality requirement from Statistics Canada6

                                                        

5 We lost 112 children from our analyses for neighborhood effects on child health dynamics 
because a) some of the EA or DA codes are missing from the NLSCY; or b) some of the EA or DA 
codes of our NLSCY sample cannot be found in the Census profile data; or c) at least one of the 
four neighborhood variables are missing values in the corresponding Census profile data. 

. After the merge, the 

6 Statistics Canada’s data confidentiality restriction requires that—“Data users must not release or 
publish any estimate that would allow the identification of a specific respondent or reveal any 
individual’s responses. For this reason, estimates (for example, the cells in a cross-tabulation) 
should have at least five contributing respondents” (NLSCY cycle 7 User’s Guide). As only a 
small proportion of children in our sample reported poor health in all cycles, we had to regroup the 
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number of observations in the fair/poor health group is big enough for data 

disclosure. Figure 1 (see all figures in Appendix A) shows the health dynamics of 

children over 6 cycles. The proportion of children in excellent health was 

decreasing and the proportion of children in very good health was increasing 

slightly between cycles 1 and 3. Between cycles 4 and 6 there does not appear to 

be a discernible trend in the proportions reporting excellent and very good health. 

In all cycles there are only a very small proportion of children reported as in fair 

or poor health with no apparent trend in this proportion or for the proportion in 

good health.  

 Figure 2 displays the distribution of child’s health status pooled over 6 cycles 

by household income categories. From the figure, it can be seen that children’s 

health status is better in households with higher incomes than those in households 

with lower incomes. As we move from low income group to high income groups, 

the proportion of children in excellent health increases while the proportion of 

children in fair or poor health decreases.  

 Figures 3 displays the distribution of child’s health status pooled over 6 

cycles, by mother’s education attainment. The figure shows very similar patterns 

of child health variation as to household income level. The proportion of children 

with excellent health increases and the proportion of children with fair or poor 

health decreases as we move up from lower maternal education level to higher 

maternal education level. The pattern can be observed as well in the distribution 

                                                                                                                                                        

two categories of “poor” and “fair” health together to reach the minimum cell size. 
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of child’s health by father’s education attainment. 

State Dependence 

 State dependence in health has been explored by the literature on health 

dynamics (e.g Contoyannis et al. 2004) and it is expected to explain a substantial 

proportion of health variation. Without conditioning on other variables, the degree 

of mobility/persistence of health outcomes can be assessed descriptively by the 

probability distribution conditioned on the previous health distribution. Figure 4 

shows the distribution of child’s health status in cycle 2 by the previous health 

status in cycle 1. It can be seen from the figure that given the child was in 

excellent health in cycle 1, the probability of transiting from excellent health to 

fair or poor health is very close to zero and the probability of staying in excellent 

health is very high. Similarly, for the children who had fair or poor health in cycle 

1, the probability of transiting from fair or poor health to excellent health is very 

low while the probability of staying fair or poor health is high. In general, this 

figure shows that children are much more likely to stay in their health status of 

origin than moving away from it. The same pattern can be seen for all the cycles 

from a transition matrix in Table 1. The elements of the table can be interpreted as 

the conditional probabilities under a Markov model. The table shows that 

conditioning on being in excellent or very good health states, children are much 

more likely to stay within the states than moving away from them in the current 

period; while conditioning on being in good health or lower than good health, 

children are more likely to move one level up in the current period. It indicates 
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that the persistence mainly operates around the state of excellent health and very 

good health while the health status is pretty mobile around the states of good and 

fair/poor health.   

Family SES and other variables 

 In order to examine the association between family SES characteristics and 

child health dynamics, we compared the means of the family SES variables across 

a set of child health transition scenarios. Tables 2 and 3 present the means for the 

main family SES and other demographic variables for the study sample and for a 

set of interesting sub-samples by health transition patterns. Column 1 in Table 2 

lists the mean values for the whole balanced sample. The second column shows 

the average characteristics for the children who had excellent or very good health 

for all 6 cycles and the third column shows the average characteristics for the 

children who always had less than good health. Column 4 presents the mean 

values for the children who had a single transition from excellent or very good 

health to worse health status without recovering to the original health status, while 

column 5 shows the mean of variables for the children who had a single transition 

from less than good health to better health and stayed healthy since then. From the 

comparison between the second and third columns, it can be seen that children 

who were always in excellent or very good health tend to be living in a smaller 

household and be brought up in a richer family than the children who were always 

in good or less than good health. Also, mother’s age at the birth of the child is 

lower for the children with excellent health or very good health than for the 
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children with good or less than good health. Surprisingly, there is no systematic 

difference in the parents’ education level for these subgroups. No specific pattern 

is found comparing the subgroup of children who had a single transition from 

excellent to very good health and did not recover and the subgroup of children 

who had a single transition from good to poor health, except that household 

income and parents’ education level are slightly higher for the first subgroup than 

for the second subgroup.  

 In Table 3, we show the mean values of these variables for the subsample of 

children who had few health drops7

                                                        

7 A “health drop” here is defined as a decrease of SAH from any health status (e.g. excellent to 
fair or very good to poor). The decrease could be 1 category or more. 

 versus the subsample of children who had 

multiple drops, and for the subsample of children whose health drop lasted for 

only 1 cycle versus the subsample of children whose health drop lasted for 

multiple periods. Columns 1-4 show the mean values for the groups of children 

who had 0, 1, 2, 3 or 4 drops during our study period, respectively. Children with 

lower household income and lower parental education tend to experience multiple 

health drops relative to the children with higher family SES. This observation is in 

line with the result from the study by Currie and Stabile (2003) which indicates 

that children brought up in families with lower SES are subject to more health 

shocks than the children with higher family SES. Columns 5-8 show the mean 

values for the groups of children who had 1 drop and this drop lasted for only 

1cycle, for 2 cycles, for 3 cycles and for 4 cycles. A slight negative association is 

discernable from the comparison among these neighborhood subsamples, with 
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children who experienced short health drops are brought up in families with 

slightly higher income. The basic descriptive statistics shows a negative 

association between family SES and the number of health shocks the children 

experienced while a much weaker negative association exists between the family 

SES variables and the persistence of health shocks. 

1.2.2.2 Sub-samples by long-term neighbourhood status 

State Dependence 

Another goal of this study is to identify which neighbourhood characteristics 

contribute to the persistence of poor health states. To examine the heterogeneity of 

the state dependence across neighbourhood characteristics, we divide the study 

sample into four subgroups for each of the four neighbourhood variables and 

constructed the transition matrices for each subgroup8

                                                        

8 Here we regrouped the five ranks into three ranks because of the confidentiality restriction from 
Statistics Canada noted above. We combined poor, fair and good health into a category of “equal 
or less than good health” so that for all cross-tabs the cell size is greater than 5. Accordingly, we 
have only three categories of health status for the descriptive statistics in the subgroup analysis: 
excellent, very good and equal or less than good health.   

. When we split the sample 

into subgroups, we divide them into quartiles based on the simple average of a 

neighborhood variable across 6 cycles. This allows us to include both movers and 

stayers in our study sample and does not restrict classification according to the 

neighborhood variable at an arbitrary period of time for all individuals (e.g cycle 

1). We can see some general patterns over a set of transition matrices presented in 

Table 4. The first panel of Table 4 shows the transition matrices for neighborhoods 

with lowest, second lowest, middle and highest levels of average household 
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income, respectively. It shows that the less than good health state is more 

persistent in lower income neighborhoods than in higher income neighborhoods. 

In particular, in the highest income neighborhoods children with less than good 

health in the last period are most likely to move up one rank, while in the lowest 

income neighborhoods they are most likely to continue to have less than good 

health. The second panel shows the transition matrices for neighborhoods with 

less educated people and for neighborhoods with more educated people. Being in 

the less than good health state is more persistent in neighborhoods with less 

educated people than in neighborhoods with more educated people. The third 

panel presents the transition matrices for neighborhoods with larger proportions of 

families headed by lone-parents and for neighborhoods with smaller proportions 

of families head by lone-parents. The last panel shows the transition matrices for 

neighborhoods with larger proportions of families living in rental 

accommodations with smaller proportions of families living in rental 

accommodations. The similar pattern in these four panels indicates that, without 

conditioning on any other family-level variables, the persistence level of ill health 

is different across neighborhoods with different socio-economic conditions. In 

particular, the ill health state is more mobile in neighborhoods with higher income, 

in neighborhoods with more educated people, in neighborhoods with fewer 

families headed by lone-parents and in neighborhoods with fewer families living 

in rental accommodations. 
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1.3 Empirical Methods 
A widely used economic model (Currie 2000) for child health determination will 

be followed in this study. In the standard model, parents are assumed to maximize 

an inter-temporal utility function, which trades off child’s health stock and their 

consumption of other goods and leisure, subject to a series of budget and time 

constraints. The solution to the maximization problem gives the demand function 

for child health stock. Unfortunately we do not know the health production 

function which makes it impossible to specify the complete structural model and, 

in any case, it is difficult to estimate convincingly. Therefore, an alternative 

representation is used instead in which child health outcomes depend on a set of 

family SES factors (mainly family income, family structure), child characteristics, 

parental characteristics and some initial conditions such as maternal age at birth.  

 Empirically, this study will examine the effects on child health outcomes of 

SES position, neighbourhood characteristics, pure state dependence and 

unobserved heterogeneity. Taking into account neighbourhood characteristics is 

expected to reduce estimates of unobserved heterogeneity. State dependence will 

be taken into account by controlling for the lag of the health status of the child, 

while unobserved heterogeneity will be controlled for by using random effects 

models. Previous empirical studies have been implemented using either pooled 

approaches or dynamic nonlinear panel data approach with random effects 

(Contoyannis et al. 2004a, b, Hauck and Rice 2004). This is because, with a 

nonlinear fixed effect model, the MLE estimator is not consistent in a panel 
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setting with small T (# of time periods) and large N (# of individuals), due to the 

incidental parameters problem from estimating the fixed effects.  

 As in most of the micro-level panel data cases, our data is a short panel of 

large cross-sections (large N but small T). Econometricians have attempted to find 

fixed-T consistent estimators in modelling discrete choices with individual effects 

but, in general, fixed-T consistent estimators for nonlinear panel models are not 

available for most models with unobserved heterogeneity treated as fixed effects. 

As in static models, there is a trade-off between choosing fixed and random 

effects approaches for the dynamic nonlinear panel data models we consider in 

this study, in the sense that achieving fixed-T identification with a less restricted 

conditional distribution of individual effects usually requires a more restrictive 

specification of the conditional distribution for y given variables of interest and 

individual effects (e.g. logit type).  

 Fixed effects models are more robust without imposing restrictions on the 

conditional distribution of individual effects but it suffers from the incidental 

parameter problem. There are no general solutions for nonlinear models with 

fixed effects, and in some cases, although a specific solution is available, it is not 

root-N-consistent. For example a dynamic logit fixed T- consistent estimator is 

available but it converges slowly and does not allow for time dummies. (see 

Honore and Tamer 2006).  

 Arellano (2003) pointed out that there are random effects models that achieve 

fixed T consistency subject to a particular specification of the form of the 
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dependence between the explanatory variables and the effects, but they rely on 

strong and untestable auxiliary assumptions. For example, the random effects 

dynamic nonlinear panel data approach advocated by Woodridge (2005), which is 

one of the approaches we implement in our study, can generate consistent 

estimators only when the specified distribution of the individual effects is correct. 

Even though fixed T consistency is achievable for less restrictive random effects 

specifications, identification is often out of reach (see Honore and Tamer 2006).  

 

1.3.1 Baseline dynamic panel ordered probit model without 

individual effects  

A basic approach to estimating the effect of family SES variables in explaining 

the health transition is to estimate a dynamic panel model without dealing with 

individual specific effects at all. We denote this the pooled model. The regression 

model can be simply specified as below: 

' '
1*it it it itH H Xθ β ε−= + +   (i=1,…, N; t=2, …, T) ,      (1) 

where *itH  is the latent variable of health outcome, 1itH − is a vector of 

indicators for the child’s health status in the previous period, itX  is a set of 

observed family SES variables. itε  is a time and individual-specific error term 

which is assumed to be normally distributed and uncorrelated across individuals 

and waves. The latent variable *itH relates to the observed health outcome itH  
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as follows: 

itH j=  if 1 * , 1, ,j it jH j mµ µ− < < =   ,   (2) 

where 0 1, ,j j mµ µ µ µ+= −∞ ≤ = ∞ . 

 

1.3.2 Dynamic panel ordered probit model with random effects  

The empirical specification incorporating the family SES effect and unobserved 

heterogeneity can be written as: 

' '
1*it it it i itH H Xθ β α ε−= + + +   (i=1, …, N; t=2, …, T) ,      (3) 

where iα  is an individual-specific and time-invariant random component, and 

the idiosyncratic component itε  is assumed to be uncorrelated with iα . The 

latent variable *itH  specification is the same as in 3.1.1.  

 This study follows the approach of Wooldridge (Wooldridge 2005), 

Contoyannis et al. (2004b) which attempts to deal with the initial conditions 

problem in non-linear dynamic random effects models; the individual specific 

effect is specified as the following: 

             ' '
0 1 1 2 ii i iH X uα α α α= + + +  ,                    (4) 

where iX  is the average over the sample period of the observations on the 

time-varying exogenous variables and iu is assumed to be normally distributed. 

When the error process is not serially independent and the initial observations are 

not the true initial outcome of the process thus are not exogenous in nature, treating 
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the lagged dependent variables as exogenous leads to inconsistent estimators in 

non-linear dynamic random effects models.  Equation 4) deals with this initial 

conditions problem by directly modeling the distribution of the unobserved effect 

as a function of the initial value and any exogenous explanatory variables. However, 

as discussed earlier, since this approach specifies a complete model for the 

unobserved effects, the consistency of the estimator can be sensitive to 

misspecification of this distribution. 

 

1.4 Estimation Results 

1.4.1 Family SES and child health distribution  

We explore the determinants of child health distributions by estimating the 

contributions of family SES, unobserved heterogeneity and state dependence with 

the dynamic panel data models described in the previous section. Table 5 presents 

the coefficient estimates for the ordered probit models based on pooled and 

random effects specifications. Column 1 and 2 shows the estimates of coefficients 

and standard errors with the pooled ordered probit model, while column 3 and 4 

show the estimates of coefficients and standard errors with the random effects 

model with the specification suggested by Wooldridge (2005). The pooled 

ordered probit models allow for serial correlation in the errors by using a robust 

estimator of the covariance matrix. Several patterns can be seen from the 

comparison of the models. Firstly, there is a gradient in the effect of previous 
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health on current health. The reference group here is the group reporting very 

good health (the second highest rank of health state). For both of the models, 

previous health is highly statistically significant and the magnitude of the 

coefficient is not trivial. Secondly, the child’s health status does improve as 

family SES position increases, shown by the significant and positive coefficients 

on the household income variable and positive gradients on parental education 

level. In order to capture the differential effects of maternal education on child 

health through biological and other pre and postnatal effects, the interaction terms 

of maternal education with the dummy indicating whether the PMK is the 

biological mother of the child are included in the regressions. It can be seen from 

column 3 and column 4 that after controlling for the within-individual average of 

current household income and the within-individual average of parental education 

level, and with adjustments for unobserved heterogeneity in the estimation 

procedure, the original current household income variable and parental education 

variables are not as large and some are no longer statistically significant. This 

result is in line with the interpretation of regarding the mean income as a measure 

of long-term or ‘permanent’ income while regarding current income as a measure 

of transitory income shocks (Contoyannis et al. 2004 a, b). It shows that the 

long-term household income, other than the transitory income, is important for the 

child’s health status. Other statistically significant variables are child age, and age 

of mother at birth of child, and family size. Thirdly, the improvement in the 

log-likelihood from the pooled model to the random-effects model indicates that 
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allowing for unobserved heterogeneity can improve the goodness-of-fit of the 

model. Moreover, it can be seen from the ICC value in the random-effects model 

that about 31% of the latent error variance is attributable to unobserved 

heterogeneity.  

 As the estimated coefficients for the pooled models are not directly 

comparable to the ones for the random effects models, we calculated the average 

partial effects (APEs) on the probability of reporting excellent health. Following 

the approach of Wooldridge (Wooldridge 2005), Contoyannis et al. (2004b), we 

calculated the average partial effects (APEs) by computing the partial effect at the 

observed values of the regressors for each observation and averaging the estimates 

over all the observations 9

 An “empirical” transition matrix of reporting each health status given the 

. The results are presented in Table 6. The 

random-effects model results indicate that, relative to the children who reported 

very good health in the previous period, the children who reported excellent 

health in the previous period are more likely to stay in excellent health in the 

current period by 9.12 percentage points, while the children who reported good 

health, fair health and poor health previously are less likely to report excellent 

health in the current period by 7.23 percentage points, by 13.57 percentage points 

and by 27.12 percentage points, respectively.  

                                                        

9 As usual, the partial effects are obtained by taking the derivative of the ordered probit 
probabilities with respect to the variable in question for continuous regressors; while for discrete 
regressors, they are obtained by taking differences. Wooldridge (2005) shows that computing the 
partial effect at the observed values of the regressors for each observation and averaging the 
estimates over the observations provides a consistent estimate of the APE. 
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previous health status is constructed based on the estimates of the random effects 

model and reported in Table 7. The way we construct the empirical transition 

matrix is as follows. First, the probabilities of reporting each health state are 

predicted and generated for each observation based on the estimated parameters. 

Second, all the observations are pooled together and grouped by the previous 

health status. For each of these groups, the means of the predicted probabilities of 

reporting each health status are calculated and these constitute the point estimates 

of the transitional probabilities. This transition matrix is comparable to Table 1 

except that it shows the predicted transitional probabilities conditional on all the 

family-level control variables. The elements on the diagonal of Table 7 are smaller 

than the ones of Table 1. This highlights the importance of family-level 

characteristics and unobserved individual effects in explaining the persistence of 

child health status over time. 

 

1.4.2 Neighbourhood characteristics and child health transitions 

1.4.2.1 Long-term neighbourhood characteristics and child health transitions 

As in the descriptive analyses, we divide the study sample into quartiles based on 

the simple average across 6 cycles of each of the four neighborhood variables: 

average household income of the neighbourhood, the proportion of the population 

with a college degree, the proportion of families headed by lone-parents and the 

proportion of households living in rental accommodation. Since these measures 
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are essentially the within-means of neighbourhood characteristics for each child, 

they can be interpreted as the long-term neighbourhood environment rather than 

the temporary neighbourhood characteristics. For each neighbourhood subsample, 

we estimated a pooled ordered probit model and random effect ordered probit 

model with the specification suggested by Wooldridge (2005). The corresponding 

average partial effects (APEs) of reporting excellent health status for the random 

effects specification are presented in Part A of Table 8a, 8b, 8c and 8d for each of 

the four neighbourhood characteristics. The gradient of pure state dependence is 

observable across all neighbourhood subsamples. “Permanent” household income 

has significant positive effects on reporting excellent health for all the subgroups, 

but the magnitudes of the effects indicate different interaction patterns between 

“permanent” household income and different neighbourhood characteristics. For 

example, the positive effect of “permanent” household income on child health is 

stronger in richer neighbourhoods and also more educated neighbourhoods. This 

shows the average household income level and education level of neighbourhood 

are positive moderators of a “permanent” family income effect. On the contrary, 

the positive effect of “permanent” household income on child health is weaker in 

neighbourhoods with less lone-parents families and also in neighbourhoods with 

less families living in rental accommodations. Maternal education has significant 

positive effects on reporting excellent health for most of the subgroups, while the 

neighbourhood characteristics have negative moderating effects on the effect of 

maternal education.  Maternal education plays a more important role in the most 
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disadvantaged neighbourhoods relative to better neighbourhoods. No discernable 

pattern can be found for the effect of paternal education on child health 

distributions.  

 To illustrate that living in different types of neighborhood leads to 

significantly different health dynamics in the long term, we conducted a 

one-to-one comparison on the average partial effects (APE) of each health lag 

term across all neighborhood quartiles, and we implemented a simple test that 

examines whether each pair of the APE estimates are significantly different. The 

test-statistic and the p-values are presented in Part B of Table 8a, 8b, 8c and 8d 

for each of the four neighbourhood characteristics. The results from the tests 

confirm that the persistence level differs systematically across different 

neighborhood status except for neighborhood living arrangements.  

 A set of empirical transition matrices of reporting each health status given the 

previous health status for different types of neighbourhoods are constructed based 

on the estimates of the random effects model and reported in Table 9. These 

transition matrices are comparable to the ones in the descriptive analysis except 

that they are the predicted probabilities conditional on all the control variables. In 

the table, previous health status is presented in rows while current health status is 

presented in columns. Like the transition matrices in the descriptive analysis, the 

low health state is more persistent in neighborhoods with lower income, in 

neighborhoods with less educated people and in neighborhoods with more 

families headed by lone-parents than in neighborhoods with better conditions. 
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Nonetheless, there is no discernable pattern across neighborhoods with different 

living arrangements defined by the proportion of families living in rental 

accommodations. It indicates that controlling for family level characteristics 

neighborhood income, neighborhood education and neighborhood lone-parents 

status remain important in explaining the heterogeneity of persistence levels of 

ill-health over time.  

 In order to show the magnitude of the difference in the transition probabilities 

across different neighborhood quartiles, we constructed 95% confidence intervals 

for each estimate of the transition probabilities for all empirical transition matrices 

in Table 9. The point estimates and the 95% confidence intervals of the 

transitional probabilities10

                                                        

10 There are 9 types of transitions in our case here: transition from “<=Good health” to “<=Good 
health”, transition from “<=Good health” to “Very Good health”, transition from “<=Good health” 
to “Excellent health”, transition from “Very Good health” to “<=Good health”, transition from 
“Very Good health” to “Very Good health”, transition from “Very Good health” to “Excellent 
health”, transition from “Excellent health” to “<=Good health”, transition from “Excellent health” 
to “Very Good health” and transition from “Excellent health” to “Excellent health”. 

 are presented by figure 5 to figure 8 for each of the 

four neighborhood characteristics. These figures illustrate which neighborhood 

characteristics contribute to the difference in the dynamics and to what extent the 

transition probabilities differ across quartiles by these neighborhood 

characteristics. From the figures, we see that the difference in health transitions 

across quartiles of neighborhood income is most obvious. Five out of the nine 

transitions of health status have systematically different transitional probabilities 

across neighborhood income quartiles. Differences in health transitions are also 

discernable across quartiles of neighborhood education and quartiles of 
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neighborhood lone-parents status, but in only three out of the nine transitions. No 

difference in health transitions is observed across quartiles of neighborhood living 

arrangements. Overall, the transitional probability of being in “less than good 

health” and stuck in this poor health status in the next period is systematically 

lower in richer neighborhoods, neighborhoods with more educated people and in 

neighborhoods with fewer families headed by lone-parents. The transitional 

probability of being in excellent health and staying in excellent health in the next 

period is systematically higher in richer neighborhoods, neighborhoods with more 

educated people and in neighborhoods with fewer families headed by 

lone-parents.  

 Furthermore, we calculated the predicted probabilities of trajectories of some 

specific health transition scenarios11

                                                        

11 These health transition scenarios correspond to the ones listed in table 2 and table 3. 

 based on these transition matrices. Figure 9 

shows the predicted probabilities of health drops lasting for only 1 period versus 

health drops lasting for multiple periods across different neighbourhoods. The first 

panel compares the probabilities across neighbourhoods with different levels of 

average household income. The second, third and fourth panel compares the 

probabilities across neighbourhoods with different proportions of highly-educated 

people, across neighbourhoods with different proportions of lone-parents families 

and across neighbourhoods with different proportions of families living in rental 

accommodations. Figure 10 shows the predicted probabilities of children having 0 

drop, 1 drop, 2 drops, 3 or 4 drops during 6 cycles across different 
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neighbourhoods. It is observable that children tend to experience multiple health 

drops living in poorer neighborhoods, in neighborhoods with less educated people, 

in neighborhoods with more families headed by lone-parents and in 

neighborhoods with more families living in rental accommodations.  

 To test if there is any effect of current neighborhood characteristics on child 

health dynamics, we also estimated the same pooled ordered probit and random 

effects ordered probit models with our full sample on an alternative specification 

which includes interaction terms between the health lags and the concurrent 

neighborhood variables12

                                                        

12 We constructed the interaction terms for our random effect model as follows. For each 
neighborhood characteristic (i.e. income, education, lone-parents status and living arrangement) 
the neighborhood quartiles are now constructed according to the quartile the child was in during 
each cycle. The four sets of neighborhood quartile dummies (4*3=12 more regressors in total) are 
included in the regression along with the interactions with the health lag dummies (3*3*4= 36 
more regressors), plus the interactions with the initial health state dummies (3*3*4= 36 more 
regressors). So in this regression, we are using the full sample instead of the subsamples while 
estimating 84 additional parameters in the model. 

. The regression results show that the gradient in the 

estimated effect of previous health on current health (estimated coefficients of the 

health lag dummies) are still clear and significant, while most of the estimated 

coefficients of the interaction terms are insignificant. In order to test the 

hypotheses that (at least some) current neighborhood characteristics do affect the 

transition dynamics of child health, we conducted a Wald test on the joint 

significance of each set of the interaction terms, e.g. interactions terms between 

health lag dummies, initial health status and the neighborhood income quartiles. 

The results from the Wald tests indicate that current neighborhood characteristics 

in general do not moderate the transition dynamics in a significant way, except for 
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neighborhood living arrangement condition. In summary, the regression results 

from this model indicate that the concurrent neighborhood characteristics do not 

have a significant impact on child health transitions, or that the impact (if there is 

indeed an impact) couldn’t be detected by the random-effects model using our 

study sample. Given that our previous subgroup analyses by different quartiles of 

average neighborhood characteristics had different persistence level in health 

dynamics, we conclude that it is the long-term neighborhood/environmental 

conditions (other than concurrent conditions) that are contributing to the 

difference in the child health transition. 

1.4.2.2 Neighbourhood transition paths and child health 

One might argue that not only the average environment characteristics for the 

children could affect the transitions of child health but also particular types of 

change in the environment over time could lead to very different dynamics. To 

explore the potential effects of the change in the environment on the dynamics of 

child health, we conducted subgroup analyses based on different “transition paths” 

of neighborhood characteristics13

                                                        

13 A criticism of using simple averages of neighborhood variables to divide the sample is that it 
might not capture the effect of neighborhood changes on the dynamics of child health if there are a 
lot of changes in the environment over time for the children and these changes lead to different 
dynamics. Now we looked further into the “transition paths” of neighborhood and examine if we 
could test this hypothesis. This test is feasible because there is sufficient variation in terms of the 
neighborhood changes in our sample: around 43% of the children in our sample stayed within the 
same neighborhood income quartile over 6 cycles, about 36% of the children moved once from 
one quartile to another, while about 21% of them moved twice or more across different 
neighborhood income quartiles. These percentage figures are similar in terms of the movement 
across other neighborhood characteristics. 

. At first we assigned the neighborhood quartile 

of each of the four neighborhood variables in every cycle to each child. As a result, 
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every child has a sequence of environmental positions over 6 cycles. Then we 

group the sample based on the direction of these “transition paths”: moving to 

better neighborhoods over time (“climbing-up” pattern), moving to worse 

neighborhoods over time (“sliding-down” pattern), moving to better 

neighborhoods at one time then moving to worse neighborhoods at another 

(“bouncing” pattern), or staying in the same type of neighborhood over time14

 With the subgroup of children who stayed in the same neighborhood quartile 

over time, we split them into four subgroups by quartiles of neighborhood status 

they stayed in over six cycles and again constructed the empirical transition 

matrices among these four groups. Table 10 presents the empirical transition 

matrices by quartiles of neighborhood characteristics among these children who 

didn’t change their neighborhood status over six cycles. Similar to the pattern 

showed in Table 9, the low health state is more persistent in neighborhoods with 

lower income, in neighborhoods with less educated people and in neighborhoods 

with more families headed by lone-parents than in neighborhoods with better 

. 

Using these neighborhood subsamples, we estimated the pooled ordered probit 

model and random effects ordered probit model and again compared the estimated 

state dependence parameters to examine if there is any different dynamics across 

different transition paths of environment.  

                                                        

14 Because there are too many different “transition paths” over the six cycles according to the way 
we sliced our sample, (e.g. being in the highest income quartile for the first 3 cycles while moving 
to the second lowest quartile for the next 3 cycles), we were not able to estimate our random 
effects model on each subsample (due to sample size restrictions).  



 

PhD Thesis - Jinhu Li                    McMaster University - Economics 

 48 

conditions, while no discernable pattern is found across neighborhoods with 

different living arrangements. The fact that the same pattern is preserved among 

the “stayers” indicates the results are robust to different study samples.  

 Table 11 presents the empirical transition matrices by neighborhood transition 

patterns. In general, all the transitional probabilities are very similar across 

different neighborhood transition patterns, indicating that there is no significant 

impact of neighborhood transition patterns on the dynamics of child health. 

 

1.5 Conclusion 
We explored the relative contributions of family SES, unobserved heterogeneity 

and state dependence in determining child health distributions. From the 

descriptive analysis, the positive correlation between SES and child health can be 

seen: children in household with higher income and more educated parents tend to 

be healthier in general. The results from the regression analysis indicate that the 

child’s health status does improve as family SES position increases with 

household income having a large and positive effect on child health. However, 

after adding in the mean household income into the regression, the current 

household income is no longer statistically significant and the coefficient of mean 

household income shows a positive impact of long-term income on child health. 

The same pattern is found for parental education. Positive state dependence of 

child health is observed from the results in all dynamic models. The coefficients 
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of health lags indicate persistence in health from childhood to adolescence. Using 

Wooldridge’s random effects specification, unobserved heterogeneity explained 

approximately 31% of the latent error variance.  

 We also examined the potential effects of neighborhood contextual factors on 

the dynamics of child health by estimating the dynamic panel data models 

allowing for heterogeneity of state dependence parameters across categories of 

neighborhood status. The regression results from the subgroup analyses indicate 

that the positive effect of “permanent” household income on child health is 

stronger in richer neighbourhoods and also more educated neighbourhoods, while 

the positive effect of “permanent” household income on child health is weaker in 

neighbourhoods with fewer lone-parents families and also in neighbourhoods with 

fewer families living in rental accommodations. Taken together, this may 

highlight one of the important mechanisms through which neighbourhood 

contextual factors can influence child outcomes-- collective efficacy serves as a 

key neighborhood process likely to impact on developmental health (Sampson, 

Raudenbush and Earls 1997). In other words, the social exchanges of residents in 

richer neighborhoods and more educated neighborhoods could lead to a more 

efficient process which magnifies the protective effect of family income in the 

production of child health. The persistence level differs systematically across 

different neighborhood status except for neighborhood living arrangements. 

Specifically, the poor health status is more persistent in neighborhoods with lower 

income, in neighborhoods with less educated people and in neighborhoods with 
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more families headed by lone-parents than in neighborhoods with better 

conditions. Results from alternative models indicate that it is the long-term 

neighborhood or environmental conditions, other than temporal conditions that 

are contributing to the difference in the child health transition. Furthermore, 

transition patterns of neighborhood characteristics do not explain the variability of 

child health dynamics over time. Accordingly, the predictions from the analyses 

based on long-term neighborhood status indicate that children living in poorer 

neighborhoods and in neighborhoods with lower education level tend to 

experience poor health status for longer after a transition to it, while children tend 

to experience multiple health drops living in poorer neighborhoods, in 

neighborhoods with less educated people, in neighborhoods with more families 

headed by lone-parents and in neighborhoods with more families living in rental 

accommodations.  

 Our study suffers from several limitations. First, our estimation results may 

suffer from potential bias generated by partial non-response of the NLSCY, as we 

are only using a balanced-sample in our study.  Children are dropped from our 

study when some of the family-level SES measures are missing from the data. 

Second, the four variables we chose as measures of neighborhood characteristics 

might not be sufficiently comprehensive to capture the contextual factors that are 

important in determining the dynamics of child health. Besides neighborhood 

“status” indicators, characteristics representing the “capacity” and the “process” 

of neighborhoods are also identified as important contextual factors in child health 
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development (Leventhal and Brooks-Gunn 2000; Sampson, Morenoff and 

Gannon-Rowley 2002). Our study could be extended to examine the effect of 

more neighborhood characteristics including the quality of institutional resources 

and public infrastructure in the neighborhoods and neighborhood collective 

efficacy. Third, the random effects model we employed in our analyses can 

generate consistent estimators only when the specified distribution of the 

individual effects is correct. Fixed effects estimation is more robust than random 

effects estimation as it avoids the initial conditions problem and the specification 

of the relationship between the individual effects and regressors in the model, 

although it suffers from the incidental parameter problem. There are no general 

solutions for nonlinear models with fixed effects, and in some cases, although a 

specific solution is available, it is not root-N-consistent. A literature has been 

specifically focused on bias-adjusted methods of estimation of nonlinear panel 

data models with fixed effects. One future extension of our study is to employ a 

Modified Maximum Likelihood Estimation (MMLE) approach that reduces the 

order of the score bias from O(T-1) to O(T-2) regardless of the existence of an 

information orthogonal re-parameterization (Carro 2007) to provide more robust 

empirical results. 
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Table 1.1: Transition matrix, balanced study sample 
  Fair/Poor Good Very Good   Excellent 
  t  t  t  t  

Fair/Poor  t-1  0.250 0.411 0.199 0.140 
Good   t-1  0.043 0.355 0.378 0.224 

Very Good   t-1  0.010 0.124 0.460 0.405 
Excellent   t-1  0.005 0.042 0.219 0.735 

 

Table 1.2: Mean of family SES and other variables 
 (1) (2) (3) (4) (5) 

Variables 

Whole 

balanced 

sample 

Always in 

excellent or 

very good 

health 

Always 

less than 

good 

health 

Single transition 

from excellent or 

very good health 

to worse health 

 

Single 

transition from 

less than good 

health to better 

health 

 N=22,398 N=14,676 N=120 N=15,870 N=1,416 
child age 7.480 7.429 7.039 7.477 7.429 

child gender 0.492 0.483 0.422 0.478 0.582 
family size 4.512 4.538 5.570 4.525 4.502 

mother’s age 

   

 

29.346 29.626 31.842 29.534 29.055 
household 

 

71,125.0 75,395.8 49,355.5 73,833.9 70,115.0 
schoolm1 0.092 0.070 0.099 0.074 0.116 
schoolm2 0.220 0.209 0.088 0.219 0.185 
schoolm3 0.212 0.212 0.307 0.211 0.254 
schoolm4 0.475 0.509 0.507 0.495 0.445 
schoolf1 0.131 0.113 0.139 0.118 0.163 
schoolf2 0.216 0.210 0.157 0.217 0.239 
schoolf3 0.189 0.187 0.324 0.186 0.205 
schoolf4 0.464 0.491 0.381 0.480 0.394 
PMK not 

 

0.074 0.079 NA 0.079 0.062 
PMK female 0.928 0.922 NA 0.923 0.952 

Living w/ 

 

 

 

0.988 0.991 NA 0.990 0.994 
1. schoolm1, schoolm2, schoolm3 and schoolm4 are the percentages of female caregivers whose highest 

education is less than secondary, equal to secondary school graduation, some 
post-secondary and college or university degree, respectively.  

2. schoolf1, schoolf2, schoolf3 and schoolf4 are the percentages of male caregivers whose highest education 
is less than secondary, equal to secondary school graduation, some post-secondary 
and college or university degree, respectively. 

3. NA=Not available due to Statistics Canada Research Data Centre restrictions15

                                                        

15 According to Statistics Canada Research Data Center (RDC) program guidelines, with the NLSCY only 
statistics based on greater than 5 observations can be released outside of RDCs. 

. 
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Table 1.3: Mean of family SES and other variables 
 (1) (2) (3) (4) (5) (6) (7) (8) 

Variables 
Had 0 

drop 

Had 1 

drop 

Had 2 

drops 

Had 3 or 

4 drops 

Had 1 

drop & 

duration 

=1 cycle 

Had 1 

drop & 

duration 

=2 

cycles 

Had 1 

drop & 

duration 

=3 

cycles 

Had 1 

drop & 

duration 

=4 

cycles 

  N=6,480 N=9,768 N=5,370 N=780 N=3,888 N=1,248 N=522 N=174 
child age 7.532 7.442 7.467 7.628 7.300 7.385 7.069 7.155 

child gender 0.477 0.493 0.501 0.543 0.550 0.492 0.428 0.530 
family size 4.601 4.462 4.473 4.656 4.496 4.383 4.326 4.455 

mother’s age at 

   

29.656 29.355 29.027 28.777 29.262 29.170 30.575 31.351 
household income 81,648.8 69,959.0 61,824.1 59,616.4 71,718.5 68,052.7 66,493.1 67,001.3 

schoolm1 0.058 0.095 0.118 0.185 0.078 0.077 0.052 0.254 
schoolm2 0.196 0.217 0.254 0.221 0.186 0.193 0.181 0.247 
schoolm3 0.225 0.211 0.198 0.212 0.214 0.210 0.300 0.159 
schoolm4 0.520 0.477 0.430 0.382 0.523 0.520 0.467 0.340 
schoolf1 0.094 0.127 0.173 0.213 0.124 0.110 0.087 0.254 
schoolf2 0.206 0.218 0.234 0.152 0.193 0.250 0.169 0.180 
schoolf3 0.179 0.205 0.172 0.187 0.199 0.211 0.282 0.137 
schoolf4 0.521 0.450 0.421 0.448 0.484 0.428 0.462 0.429 

PMK not mother 0.085 0.069 0.072 0.059 0.070 0.048 0.060 0.043 
PMK female 0.921 0.931 0.928 0.941 0.930 0.953 0.940 0.957 

Living w/ both 

  

0.990 0.995 0.978 0.965 0.996 0.986 NA NA 
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Table 1.4: Descriptive transition matrices by long-term neighborhood status 
 

By quartiles of mean household income of neighbourhood 
Lowest income Second lowest income Middle income Highest income 

 <=Good Very 

 

Ex  <=Good Very 

 

Ex  <=Good Very 

 

Ex  <=Good Very 

 

Ex 
<=Good 0.470 0.363 0.166 <=Good 0.455 0.309 0.236 <=Good 0.481 0.285 0.234 <=Good 0.322 0.459 0.220 

Very 

 

0.133 0.469 0.398 Very 

 

0.133 0.486 0.381 Very 

 

0.149 0.453 0.398 Very 

 

0.127 0.443 0.430 
Excellent 0.064 0.278 0.658 Excellent 0.050 0.229 0.721 Excellent 0.053 0.236 0.711 Excellent 0.034 0.176 0.790 

By quartiles of proportion of population with university degree in neighbourhood 
Lowest % with college degree Second lowest % Second highest % Highest % with college degree 

 <=Good Very 

 

Ex  <=Good Very 

 

Ex  <=Good Very 

 

Ex  <=Good Very 

 

Ex 
<=Good 0.480 0.317 0.202 <=Good 0.419 0.349 0.232 <=Good 0.455 0.330 0.216 <=Good 0.346 0.443 0.212 

Very 

 

0.148 0.454 0.398 Very 

 

0.160 0.413 0.427 Very 

 

0.126 0.462 0.412 Very 

 

0.118 0.494 0.388 
Excellent 0.058 0.237 0.705 Excellent 0.057 0.240 0.703 Excellent 0.042 0.232 0.726 Excellent 0.039 0.184 0.777 

By quartiles of proportion of families headed by lone-parents in neighborhood 
Highest % with lone-parents Second highest % Second lowest % Lowest % with lone-parents 

 <=Good Very 

 

Ex  <=Good Very 

 

Ex  <=Good Very 

 

Ex  <=Good Very 

 

Ex 
<=Good 0.503 0.304 0.193 <=Good 0.395 0.377 0.229 <=Good 0.392 0.385 0.223 <=Good 0.365 0.402 0.233 

Very 

 

0.149 0.466 0.386 Very 

 

0.133 0.443 0.424 Very 

 

0.102 0.469 0.428 Very 

 

0.157 0.462 0.381 
Excellent 0.061 0.270 0.669 Excellent 0.046 0.196 0.758 Excellent 0.039 0.198 0.763 Excellent 0.040 0.207 0.753 

By quartiles of proportion of families living in rental accommodations in neighborhood 
Highest % with rental accommodations Second highest % Second lowest % Lowest % with rental accommodations 

 <=Good Very 

 

Ex  <=Good Very 

 

Ex  <=Good Very 

 

Ex  <=Good Very 

 

Ex 
<=Good 0.469 0.323 0.208 <=Good 0.441 0.364 0.196 <=Good 0.408 0.350 0.242 <=Good 0.356 0.423 0.221 

Very 

 

0.134 0.477 0.389 Very 

 

0.148 0.420 0.431 Very 

 

0.135 0.458 0.408 Very 

 

0.121 0.483 0.396 
Excellent 0.058 0.242 0.700 Excellent 0.039 0.215 0.746 Excellent 0.046 0.208 0.746 Excellent 0.042 0.199 0.759 
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Table 1.5: Dynamic ordered probit models estimates 
 (1) (2) (3) (4) 

 Pooled model, without correlated 

  

Random effects, with correlated 

  
hlthc(t-1)poor -1.9473 (0.2692) -0.9073 (0.2619) 
hlthc(t-1)fair -1.1681 (0.0941) -0.4432 (0.0913) 
hlthc(t-1)good -0.5473 (0.0328) -0.2361 (0.0357) 
hlthc(t-1)excellent 0.7523 (0.0218) 0.2963 (0.0266) 
child age -0.0054 (0.0028) -0.0030 (0.0040) 
child gender -0.0415 (0.0195) -0.0492 (0.0291) 
family size 0.0292 (0.0099) -0.0345 (0.0270) 
mbirthage -0.0077 (0.0023) -0.0159 (0.0035) 
ln(hh income) 0.1718 (0.0208) 0.0247 (0.0353) 
mother school2 0.1349 (0.0376) 0.1035 (0.0550) 
mother school3 0.1694 (0.0392) 0.0904 (0.0655) 
mother school4 0.2255 (0.0372) 0.1250 (0.0725) 
father school2 0.0676 (0.0323) 0.0146 (0.0457) 
father school3 0.0578 (0.0343) -0.0441 (0.0568) 
father school4 0.0697 (0.0312) -0.0823 (0.0634) 
PMK not mother -0.5410 (0.3185) -0.4902 (0.7221) 
mother 

 

-0.2598 (0.1695) -0.3210 (0.1838) 
mother 

 

-0.1644 (0.1578) -0.1568 (0.1889) 
mother 

 

-0.1654 (0.1526) -0.1943 (0.1793) 
PMK female -0.8001 (0.2860) -0.8622 (0.7040) 
living w/ two parents -0.4325 (0.4166) -0.8516 (0.5761) 
living w/ biological 

 

0.0900 (0.0775) 0.2713 (0.1732) 
hlthc(1)poor   -1.3039 (0.3356) 
hlthc(1)fair   -0.6808 (0.1385) 
hlthc(1)good   -0.2170 (0.0555) 
hlthc(1)excellent   0.5028 (0.0359) 
mln(hh income)   0.3091 (0.0534) 
magec   0.0006 (0.0096) 
mfsize   0.0955 (0.0324) 
mschoolm   0.0635 (0.0293) 
mschoolf   0.0601 (0.0262) 
mpmknm   0.7509 (1.5483) 
mpmkfe   0.8813 (1.4943) 
mtwopar   1.6287 (2.0270) 
mlwbiopa   -0.3432 (0.2486) 
msmxmpm   -0.0181 (0.1244) 
cut1 -2.5054 (0.5444) 0.6633 (2.4564) 
cut2 -1.5663 (0.5372) 1.7581 (2.4554) 
cut3 -0.3577 (0.5351) 3.1712 (2.4552) 
cut4 0.8338 (0.5351) 4.5678 (2.4554) 
ICC   0.3064 (0.0135) 
Log likelihood -16164.3 -15748.5 
1. Standard errors are reported in parentheses. These are robust to cluster effects for the pooled specification.  
2. ICC is the intra-class correlation coefficient, 2 2( /(1 ))u uσ σ+  
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Table 1.6: Average partial effects on probability of reporting excellent health 
 

 (1) (2) (3) (4) 

 
Pooled model, without correlated 

effects specifications 

 

Random effects, with correlated 

effects specifications 

 hlthc(t-1)poor -0.4671 (0.0952) -0.2712 (0.0340) 
hlthc(t-1)fair -0.2099 (0.0268) -0.1357 (0.0128) 
hlthc(t-1)good -0.0635 (0.0055) -0.0723 (0.0065) 
hlthc(t-1)excellent 0.0652 (0.0015) 0.0912 (0.0074) 
child age -0.0005 (0.0002) -0.0009 (0.0001) 
child gender -0.0037 (0.0018) -0.0148 (0.0015) 
family size 0.0026 (0.0009) -0.0104 (0.0011) 
mbirthage 0.0000 (0.0002) -0.0048 (0.0005) 
ln(hh income) 0.0011 (0.0018) 0.0074 (0.0008) 
mother school2 0.0114 (0.0029) 0.0309 (0.0034) 
mother school3 0.0141 (0.0029) 0.0270 (0.0029) 
mother school4 0.0198 (0.0028) 0.0377 (0.0037) 
father school2 0.0058 (0.0027) 0.0044 (0.0005) 
father school3 0.0050 (0.0028) -0.0133 (0.0014) 
father school4 0.0061 (0.0026) -0.0246 (0.0027) 
PMK not mother -0.0668 (0.0528) -0.1488 (0.0161) 
mother school2*PMKnm -0.0274 (0.0210) -0.0980 (0.0095) 
mother school3*PMKnm -0.0163 (0.0174) -0.0476 (0.0047) 
mother school4*PMKnm -0.0163 (0.0168) -0.0590 (0.0059) 
PMK female -0.0448 (0.0274) -0.2278 (0.0419) 
living w/ two parents -0.0283 (0.0369) -0.2229 (0.0413) 
living w/ biological parents 0.0085 (0.0069) 0.0827 (0.0080) 
hlthc(1)poor   -0.3708 (0.0579) 
hlthc(1)fair   -0.2075 (0.0207) 
hlthc(1)good   -0.0664 (0.0061) 
hlthc(1)excellent   0.1575 (0.0103) 
mln(hh income)   0.0928 (0.0097) 
magec   0.0002 (0.0000) 
mfsize   0.0287 (0.0030) 
mschoolm   0.0191 (0.0020) 
mschoolf   0.0180 (0.0019) 
mpmknm   0.2254 (0.0236) 
mpmkfe   0.2646 (0.0277) 
mtwopar   0.4890 (0.0511) 
mlwbiopa   -0.1030 (0.0108) 
msmxmpm   -0.0054 (0.0006) 
1. Standard errors are reported in parentheses. 
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Table 1.7: Transition matrix for empirical model, balanced study sample 
  

  Fair/Poor Good Very Good   Excellent 

  t  t  t  t  

Fair/Poor  t-1  0.089 0.289 0.391 0.231 

Good   t-1  0.030 0.191 0.409 0.369 

Very Good   t-1  0.013 0.121 0.368 0.498 

Excellent   t-1  0.004 0.058 0.274 0.664 
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Table 1.8a: Average Partial effects for the probability of reporting excellent health by 
neighbourhood status, random effects model-- by quartiles of mean household income 

 (1) (2) (3) (4) (5) (6) (7) (8) 
Part A: APE and standard errors by quartiles of mean household income of neighbourhood 

 Lowest income Second lowest income Middle income Highest income 
hlthc(t-1)poor/fair -0.0959 (0.0102) -0.1691 (0.0166) -0.1528 (0.0167) -0.1663 (0.0155) 
hlthc(t-1)good -0.0446 (0.0043) -0.0401 (0.0040) -0.0961 (0.0102) -0.1025 (0.0106) 
hlthc(t-1)excellent 0.0868 (0.0071) 0.1201 (0.0090) 0.0756 (0.0077) 0.0760 (0.0087) 
child age -0.0011 (0.0001) 0.0007 (0.0001) -0.0047 (0.0006) 0.0015 (0.0002) 
child gender -0.0003 (0.0000) -0.0046 (0.0005) -0.0151 (0.0018) -0.0322 (0.0045) 
family size -0.0147 (0.0015) 0.0108 (0.0011) -0.0093 (0.0011) -0.0272 (0.0038) 
mbirthage -0.0052 (0.0005) -0.0068 (0.0007) -0.0010 (0.0001) -0.0062 (0.0009) 
ln(hh income) 0.0000 (0.0000) -0.0177 (0.0019) 0.0380 (0.0045) -0.0032 (0.0004) 
lwbiopa 0.0984 (0.0108) 0.1241 (0.0127) -0.0363 (0.0044) 0.1159 (0.0121) 
mother school2 0.0165 (0.0017) 0.0388 (0.0044) 0.0477 (0.0060) 0.0124 (0.0018) 
mother school3 -0.0244 (0.0025) 0.0321 (0.0036) 0.0922 (0.0120) -0.0101 (0.0014) 
mother school4 0.0021 (0.0002) 0.0725 (0.0072) 0.0744 (0.0088) -0.0217 (0.0032) 
father school2 0.0052 (0.0005) -0.0021 (0.0002) -0.0152 (0.0018) 0.0249 (0.0037) 
father school3 -0.0068 (0.0007) -0.0019 (0.0002) -0.0659 (0.0077) 0.0263 (0.0039) 
father school4 -0.0376 (0.0041) -0.0242 (0.0026) -0.0723 (0.0091) 0.0346 (0.0047) 
PMK not mother 0.0660 (0.0073) 0.1729 (0.0266) 0.1180 (0.0165) 0.2410 (0.0657) 
schoolm2*PMKnm 0.0735 (0.0082) -0.1995 (0.0230) -0.1537 (0.0180) -0.4098 (0.0550) 
schoolm3*PMKnm 0.1289 (0.0162) -0.1567 (0.0170) -0.1422 (0.0169) -0.2237 (0.0229) 
schoolm4*PMKnm -0.0243 (0.0025) -0.1444 (0.0159) -0.0695 (0.0081) -0.2449 (0.0287) 
hlthc(1)poor/fair -0.0686 (0.0071) -0.2300 (0.0236) -0.3884 (0.0564) -0.2846 (0.0261) 
hlthc(1)good -0.0914 (0.0084) -0.0810 (0.0077) -0.0547 (0.0061) -0.0096 (0.0013) 
hlthc(1)excellent 0.1783 (0.0109) 0.1359 (0.0098) 0.1537 (0.0133) 0.1929 (0.0148) 
mln(hh income) 0.0558 (0.0058) 0.1109 (0.0118) 0.1057 (0.0124) 0.0962 (0.0136) 
mlwbiopa -0.0726 (0.0075) -0.1646 (0.0175) -0.0211 (0.0025) -0.0559 (0.0079) 
magec 0.0012 (0.0001) 0.0093 (0.0010) -0.0010 (0.0001) -0.0072 (0.0010) 
mfsize 0.0395 (0.0041) 0.0045 (0.0005) 0.0167 (0.0020) 0.0566 (0.0080) 
mschoolm 0.0434 (0.0045) 0.0014 (0.0001) -0.0148 (0.0017) 0.0337 (0.0047) 
mschoolf 0.0336 (0.0035) 0.0218 (0.0023) 0.0187 (0.0022) -0.0027 (0.0004) 
mpmknm -0.3190 (0.0331) -0.0608 (0.0064) -0.0768 (0.0090) 0.4859 (0.0685) 
msmxmpm 0.0439 (0.0046) -0.0005 (0.0001) 0.0291 (0.0034) -0.1498 (0.0211) 

Part B: Test of significance of difference in APE for the probability of reporting excellent health across quartiles of mean household income  
   Test-statistic p-value Test-statistic p-value Test-statistic p-value 
  1st quartile vs. 2nd quartile 1st quartile vs. 3rd quartile 1st quartile vs. 4th quartile 
hlthc(t-1)poor/fair   3.768 0.000 2.906 0.004 3.795 0.000 
hlthc(t-1)good   -0.771 0.441 4.647 0.000 5.045 0.000 
hlthc(t-1)excellent   -2.911 0.004 1.067 0.286 0.961 0.336 
    2nd  quartile vs. 3rd quartile 2nd  quartile vs. 4th quartile 
hlthc(t-1)poor/fair     -0.692 0.489 -0.125 0.900 
hlthc(t-1)good     5.118 0.000 5.503 0.000 
hlthc(t-1)excellent     3.771 0.000 3.533 0.000 
     3rd quartile vs. 4th quartile 
hlthc(t-1)poor/fair       0.589 0.556 
hlthc(t-1)good       0.434 0.664 
hlthc(t-1)excellent       -0.032 0.975 
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Table 1.8b: Average Partial effects for the probability of reporting excellent health by 
neighbourhood status, random effects model-- by quartiles of proportion of population with 

university degree in neighbourhood 
 (1) (2) (3) (4) (5) (6) (7) (8) 

Part A: APE and standard errors by quartiles of proportion of population with university degree in neighbourhood 
 Lowest % w/ degree Second lowest % Second highest % Highest % w/ degree 
hlthc(t-1)poor/fair -0.1604 (0.0159) -0.0679 (0.0065) -0.2589 (0.0333) -0.1238 (0.0139) 
hlthc(t-1)good -0.0634 (0.0058) -0.0455 (0.0043) -0.0979 (0.0108) -0.0786 (0.0092) 
hlthc(t-1)excellent 0.0824 (0.0067) 0.0873 (0.0072) 0.0914 (0.0095) 0.1053 (0.0114) 
child age -0.0027 (0.0003) -0.0041 (0.0004) 0.0004 (0.0001) 0.0026 (0.0004) 
child gender 0.0129 (0.0013) -0.0106 (0.0011) -0.0336 (0.0043) -0.0217 (0.0031) 
family size -0.0028 (0.0003) -0.0053 (0.0005) -0.0350 (0.0046) 0.0078 (0.0011) 
mbirthage -0.0044 (0.0004) -0.0048 (0.0005) -0.0034 (0.0004) -0.0080 (0.0011) 
ln(hh income) -0.0120 (0.0012) 0.0133 (0.0014) 0.0251 (0.0033) -0.0084 (0.0012) 
lwbiopa 0.0986 (0.0100) -0.0207 (0.0021) 0.1320 (0.0162) 0.1288 (0.0147) 
mother school2 0.0203 (0.0021) 0.0539 (0.0060) -0.0105 (0.0013) 0.0133 (0.0019) 
mother school3 0.0261 (0.0027) 0.0139 (0.0014) 0.0215 (0.0029) -0.0046 (0.0006) 
mother school4 0.0116 (0.0012) 0.0877 (0.0077) 0.0015 (0.0002) 0.0004 (0.0001) 
father school2 0.0265 (0.0028) 0.0078 (0.0008) -0.0448 (0.0055) 0.0361 (0.0056) 
father school3 0.0327 (0.0034) -0.0302 (0.0030) -0.0585 (0.0075) 0.0162 (0.0024) 
father school4 0.0096 (0.0010) -0.0400 (0.0043) -0.0807 (0.0118) 0.0024 (0.0003) 
PMK not mother 0.0937 (0.0114) 0.1481 (0.0186) 0.0562 (0.0080) 0.2771 (0.0806) 
schoolm2*PMKnm 0.0293 (0.0031) -0.2124 (0.0246) -0.0181 (0.0023) -0.4087 (0.0634) 
schoolm3*PMKnm -0.0741 (0.0073) 0.0228 (0.0024) -0.1031 (0.0125) -0.2557 (0.0312) 
schoolm4*PMKnm -0.0770 (0.0077) -0.0490 (0.0050) 0.0031 (0.0004) -0.3333 (0.0482) 
hlthc(1)poor/fair -0.2033 (0.0210) -0.2106 (0.0215) -0.2641 (0.0342) -0.3071 (0.0350) 
hlthc(1)good -0.0501 (0.0047) -0.0940 (0.0086) -0.0402 (0.0049) -0.0672 (0.0082) 
hlthc(1)excellent 0.1839 (0.0106) 0.1112 (0.0084) 0.1685 (0.0141) 0.1695 (0.0156) 
mln(hh income) 0.0713 (0.0073) 0.0804 (0.0082) 0.0969 (0.0126) 0.1590 (0.0228) 
mlwbiopa -0.1394 (0.0142) 0.0531 (0.0054) -0.2257 (0.0294) -0.1117 (0.0160) 
magec 0.0102 (0.0010) 0.0061 (0.0006) -0.0020 (0.0003) -0.0142 (0.0020) 
mfsize 0.0081 (0.0008) 0.0283 (0.0029) 0.0613 (0.0080) 0.0199 (0.0028) 
mschoolm 0.0388 (0.0040) 0.0083 (0.0008) 0.0112 (0.0015) 0.0016 (0.0002) 
mschoolf -0.0006 (0.0001) 0.0261 (0.0027) 0.0385 (0.0050) 0.0155 (0.0022) 
mpmknm -0.1856 (0.0189) -0.3204 (0.0325) 0.2192 (0.0286) 0.2450 (0.0351) 
msmxmpm 0.0151 (0.0015) 0.0920 (0.0093) -0.0639 (0.0083) -0.0886 (0.0127) 

Part B: Test of significance of difference in APE for prob. of excellent health across quartiles of proportion with university degree  
   Test-statistic p-value Test-statistic p-value Test-statistic p-value 
  1st quartile vs. 2nd quartile 1st quartile vs. 3rd quartile 1st quartile vs. 4th quartile 
hlthc(t-1)poor/fair   -5.377 0.000 2.668 0.008 -1.734 0.083 
hlthc(t-1)good   -2.485 0.013 2.818 0.005 1.388 0.165 
hlthc(t-1)excellent   -0.499 0.618 -0.780 0.435 -1.737 0.082 
    2ndquartile vs. 3rd quartile 2nd quartile vs. 4th quartile 
hlthc(t-1)poor/fair     5.628 0.000 3.642 0.000 
hlthc(t-1)good     4.523 0.000 3.250 0.001 
hlthc(t-1)excellent     -0.348 0.728 -1.338 0.181 
     3rd quartile vs. 4th quartile 
hlthc(t-1)poor/fair       -3.745 0.000 
hlthc(t-1)good       -1.364 0.172 
hlthc(t-1)excellent       -0.937 0.349 
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Table 1.8c: Average Partial effects for the probability of reporting excellent health by 
neighbourhood status, random effects model-- by quartiles of proportion of families headed by 

lone-parents in neighborhood 
 (1) (2) (3) (4) (5) (6) (7) (8) 

Part A: APE and standard errors by quartiles of proportion of families headed by lone-parents in neighborhood 
 Highest % Second highest % Second lowest % Lowest % 
hlthc(t-1)poor/fair -0.1492 (0.0160) -0.0537 (0.0052) -0.2530 (0.0286) -0.1464 (0.0161) 
hlthc(t-1)good -0.0577 (0.0052) -0.0645 (0.0061) -0.1151 (0.0130) -0.0503 (0.0058) 
hlthc(t-1)excellent 0.0964 (0.0072) 0.0696 (0.0063) 0.0693 (0.0083) 0.1263 (0.0115) 
child age -0.0004 (0.0000) -0.0018 (0.0002) -0.0026 (0.0004) 0.0007 (0.0001) 
child gender -0.0290 (0.0027) 0.0053 (0.0006) -0.0140 (0.0020) -0.0067 (0.0009) 
family size 0.0019 (0.0002) -0.0058 (0.0006) -0.0088 (0.0013) -0.0249 (0.0032) 
mbirthage -0.0061 (0.0006) -0.0021 (0.0002) -0.0047 (0.0007) -0.0071 (0.0009) 
ln(hh income) 0.0042 (0.0004) 0.0291 (0.0031) -0.0087 (0.0012) -0.0008 (0.0001) 
lwbiopa 0.0448 (0.0044) 0.0677 (0.0067) 0.2354 (0.0295) -0.2998 (0.0860) 
mother school2 0.0322 (0.0031) 0.0562 (0.0067) 0.0422 (0.0066) -0.0086 (0.0011) 
mother school3 0.0212 (0.0020) 0.0532 (0.0062) 0.0536 (0.0084) -0.0309 (0.0039) 
mother school4 0.0559 (0.0050) 0.0513 (0.0052) 0.0681 (0.0093) -0.0382 (0.0053) 
father school2 0.0005 (0.0001) 0.0538 (0.0061) -0.0153 (0.0021) -0.0229 (0.0029) 
father school3 -0.0234 (0.0022) 0.0197 (0.0022) -0.0204 (0.0029) -0.0247 (0.0031) 
father school4 -0.0422 (0.0042) 0.0168 (0.0018) -0.0295 (0.0044) -0.0486 (0.0068) 
PMK not mother 0.0613 (0.0058) 0.2071 (0.0360) 0.1462 (0.0278) 0.0418 (0.0058) 
schoolm2*PMKnm -0.0902 (0.0094) -0.1818 (0.0185) -0.2226 (0.0273) 0.0722 (0.0110) 
schoolm3*PMKnm 0.1015 (0.0101) -0.2747 (0.0336) 0.0267 (0.0040) -0.0122 (0.0015) 
schoolm4*PMKnm -0.0309 (0.0030) -0.1888 (0.0213) -0.0848 (0.0112) 0.0497 (0.0071) 
hlthc(1)poor/fair -0.2561 (0.0335) -0.2882 (0.0312) -0.2370 (0.0252) -0.1693 (0.0188) 
hlthc(1)good -0.1209 (0.0108) -0.0014 (0.0002) -0.0933 (0.0112) -0.0172 (0.0021) 
hlthc(1)excellent 0.1205 (0.0084) 0.1790 (0.0116) 0.1498 (0.0141) 0.1999 (0.0141) 
mln(hh income) 0.0952 (0.0090) 0.0926 (0.0099) 0.0961 (0.0138) 0.0846 (0.0110) 
mlwbiopa -0.0985 (0.0093) -0.0065 (0.0007) -0.2204 (0.0317) 0.2425 (0.0314) 
magec -0.0066 (0.0006) 0.0074 (0.0008) 0.0037 (0.0005) -0.0024 (0.0003) 
mfsize 0.0263 (0.0025) 0.0151 (0.0016) 0.0276 (0.0040) 0.0444 (0.0057) 
mschoolm 0.0045 (0.0004) 0.0101 (0.0011) 0.0022 (0.0003) 0.0486 (0.0063) 
mschoolf 0.0299 (0.0028) -0.0056 (0.0006) 0.0271 (0.0039) 0.0308 (0.0040) 
mpmknm 0.1636 (0.0155) -0.3126 (0.0332) -0.0622 (0.0089) -0.1976 (0.0256) 
msmxmpm -0.0743 (0.0070) 0.0683 (0.0073) 0.0276 (0.0040) 0.0291 (0.0038) 

Part B: Test of significance of difference in APE for prob. of excellent health across quartiles of proportion of lone-parent families 
   Test-statistic p-value Test-statistic p-value Test-statistic p-value 
  1st quartile vs. 2nd quartile 1st quartile vs. 3rd quartile 1st quartile vs. 4th quartile 
hlthc(t-1)poor/fair   -5.661 0.000 3.168 0.002 -0.122 0.903 
hlthc(t-1)good   0.844 0.399 4.112 0.000 -0.956 0.339 
hlthc(t-1)excellent   2.812 0.005 2.461 0.014 -2.206 0.027 
    2ndquartile vs. 3rd quartile 2nd quartile vs. 4th quartile 
hlthc(t-1)poor/fair     6.864 0.000 5.494 0.000 
hlthc(t-1)good     3.542 0.000 -1.688 0.091 
hlthc(t-1)excellent     0.028 0.978 -4.325 0.000 
     3rd quartile vs. 4th quartile 
hlthc(t-1)poor/fair       -3.252 0.001 
hlthc(t-1)good       -4.565 0.000 
hlthc(t-1)excellent       -4.008 0.000 
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Table 1.8d: Average Partial effects for the probability of reporting excellent health by 
neighbourhood status, random effects model-- by quartiles of proportion of families living in rental 

accommodations in neighborhood 
 (1) (2) (3) (4) (5) (6) (7) (8) 

Part A: APE and standard errors by quartiles of proportion of families living in rental accommodations in neighborhood 
 Highest % with rental Second highest % Second lowest % Lowest % with rental 
hlthc(t-1)poor/fair -0.0928 (0.0080) -0.1679 (0.0184) -0.1819 (0.0220) -0.1588 (0.0157) 
hlthc(t-1)good -0.0529 (0.0044) -0.0982 (0.0100) -0.0626 (0.0081) -0.0626 (0.0062) 
hlthc(t-1)excellent 0.0938 (0.0066) 0.0889 (0.0084) 0.0917 (0.0108) 0.0755 (0.0070) 
child age 0.0015 (0.0001) -0.0006 (0.0001) -0.0055 (0.0008) 0.0009 (0.0001) 
child gender -0.0108 (0.0010) -0.0093 (0.0011) -0.0150 (0.0022) -0.0160 (0.0018) 
family size 0.0127 (0.0012) 0.0018 (0.0002) -0.0348 (0.0051) -0.0210 (0.0024) 
mbirthage -0.0052 (0.0005) -0.0004 (0.0000) -0.0119 (0.0018) -0.0029 (0.0003) 
ln(hh income) -0.0102 (0.0009) 0.0062 (0.0007) 0.0190 (0.0028) 0.0015 (0.0002) 
lwbiopa 0.0416 (0.0037) 0.1000 (0.0114) 0.0715 (0.0096) -0.1688 (0.0305) 
mother school2 0.0474 (0.0047) 0.0512 (0.0067) 0.0379 (0.0060) -0.0141 (0.0016) 
mother school3 0.0458 (0.0045) 0.0652 (0.0085) 0.0377 (0.0059) -0.0453 (0.0049) 
mother school4 0.1020 (0.0088) 0.0501 (0.0057) 0.0501 (0.0072) -0.0595 (0.0078) 
father school2 0.0246 (0.0023) 0.0123 (0.0015) -0.0274 (0.0039) -0.0046 (0.0005) 
father school3 0.0046 (0.0004) -0.0126 (0.0015) -0.0703 (0.0099) 0.0085 (0.0010) 
father school4 -0.0183 (0.0017) 0.0041 (0.0005) -0.1001 (0.0170) -0.0115 (0.0013) 
PMK not mother 0.1665 (0.0216) 0.2067 (0.0367) 0.0022 (0.0003) 0.0518 (0.0065) 
schoolm2*PMKnm -0.1561 (0.0152) -0.2032 (0.0254) -0.0039 (0.0006) -0.0685 (0.0070) 
schoolm3*PMKnm -0.0425 (0.0038) -0.3142 (0.0475) 0.1783 (0.0394) -0.0470 (0.0050) 
schoolm4*PMKnm -0.1330 (0.0130) -0.2019 (0.0268) 0.1096 (0.0204) -0.0236 (0.0026) 
hlthc(1)poor/fair -0.2950 (0.0339) -0.2549 (0.0295) -0.2752 (0.0362) -0.1293 (0.0122) 
hlthc(1)good -0.0923 (0.0075) -0.1039 (0.0107) -0.0728 (0.0094) 0.0154 (0.0018) 
hlthc(1)excellent 0.1289 (0.0082) 0.1130 (0.0100) 0.1745 (0.0162) 0.2264 (0.0125) 
mln(hh income) 0.1165 (0.0106) 0.1282 (0.0154) 0.0995 (0.0147) 0.0707 (0.0080) 
mlwbiopa -0.0825 (0.0075) -0.0980 (0.0117) -0.0827 (0.0122) 0.0541 (0.0062) 
magec -0.0102 (0.0009) 0.0064 (0.0008) 0.0033 (0.0005) 0.0002 (0.0000) 
mfsize 0.0013 (0.0001) 0.0122 (0.0015) 0.0741 (0.0110) 0.0296 (0.0034) 
mschoolm -0.0209 (0.0019) 0.0097 (0.0012) 0.0083 (0.0012) 0.0617 (0.0070) 
mschoolf 0.0252 (0.0023) 0.0040 (0.0005) 0.0519 (0.0077) 0.0178 (0.0020) 
mpmknm -0.1853 (0.0169) -0.2155 (0.0258) 0.1825 (0.0270) -0.0139 (0.0016) 
msmxmpm 0.0272 (0.0025) 0.0681 (0.0082) -0.1249 (0.0185) 0.0139 (0.0016) 

Part B: Test of significance of difference in APE for prob. of excellent health across quartiles of % of families living in rental accommodations 
   Test-statistic p-value Test-statistic p-value Test-statistic p-value 
  1st quartile vs. 2nd quartile 1st quartile vs. 3rd quartile 1st quartile vs. 4th quartile 
hlthc(t-1)poor/fair   3.752 0.000 3.804 0.000 3.756 0.000 
hlthc(t-1)good   4.155 0.000 1.049 0.294 1.276 0.202 
hlthc(t-1)excellent   0.460 0.646 0.168 0.866 1.903 0.057 
    2ndquartile vs. 3rd quartile 2nd quartile vs. 4th quartile 
hlthc(t-1)poor/fair     0.487 0.626 -0.376 0.707 
hlthc(t-1)good     -2.762 0.006 -3.033 0.002 
hlthc(t-1)excellent     -0.204 0.838 1.221 0.222 
     3rd quartile vs. 4th quartile 
hlthc(t-1)poor/fair       -0.852 0.394 
hlthc(t-1)good       -0.003 0.998 
hlthc(t-1)excellent       1.258 0.208 



PhD Thesis - Jinhu Li                   McMaster University - Economics 

 66 

Table 1.9: Transition matrices by long-term neighbourhood status for empirical model 
 

By quartiles of mean household income of neighbourhood 

Lowest income Second lowest income Middle income Highest income 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.251 0.416 0.333 <=Good 0.226 0.420 0.354 <=Good 0.272 0.389 0.340 <=Good 0.207 0.401 0.392 

Very good 0.153 0.386 0.462 Very good 0.139 0.390 0.471 Very good 0.133 0.355 0.512 Very good 0.110 0.340 0.549 

Excellent 0.075 0.300 0.625 Excellent 0.058 0.281 0.660 Excellent 0.067 0.275 0.657 Excellent 0.046 0.237 0.717 

By quartiles of proportion of population with university degree in neighbourhood 

Lowest % with college degree Second lowest % Second highest % Highest % with college degree 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.252 0.409 0.339 <=Good 0.246 0.387 0.367 <=Good 0.255 0.423 0.322 <=Good 0.207 0.420 0.372 

Very good 0.143 0.373 0.484 Very good 0.156 0.359 0.485 Very good 0.128 0.380 0.492 Very good 0.112 0.369 0.519 

Excellent 0.069 0.283 0.648 Excellent 0.083 0.286 0.631 Excellent 0.053 0.271 0.676 Excellent 0.042 0.249 0.709 

By quartiles of proportion of families headed by lone-parents in neighborhood 

Highest % with lone-parents Second highest % Second lowest % Lowest % with lone-parents 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.268 0.398 0.333 <=Good 0.215 0.400 0.385 <=Good 0.254 0.411 0.336 <=Good 0.227 0.427 0.346 

Very good 0.156 0.374 0.470 Very good 0.132 0.365 0.503 Very good 0.109 0.347 0.543 Very good 0.140 0.393 0.467 

Excellent 0.082 0.298 0.620 Excellent 0.066 0.282 0.652 Excellent 0.050 0.250 0.700 Excellent 0.048 0.262 0.690 

By quartiles of proportion of families living in rental accommodations in neighborhood 

Highest % with rental accommodations Second highest % Second lowest % Lowest % with rental accommodations 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.233 0.393 0.374 <=Good 0.265 0.406 0.329 <=Good 0.248 0.423 0.329 <=Good 0.221 0.413 0.367 

Very good 0.146 0.365 0.490 Very good 0.129 0.362 0.508 Very good 0.127 0.375 0.498 Very good 0.138 0.376 0.486 

Excellent 0.074 0.284 0.642 Excellent 0.063 0.275 0.662 Excellent 0.051 0.261 0.688 Excellent 0.057 0.270 0.673 

 

  



PhD Thesis - Jinhu Li                   McMaster University - Economics 

 67 

Table 1.10: Transition matrices by neighbourhood status for empirical model—stayers across six cycles 
   

By quartiles of mean household income of neighbourhood 

Lowest income Second lowest income Middle income Highest income 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.252 0.433 0.315 <=Good 0.248 0.436 0.316 <=Good 0.289 0.386 0.325 <=Good 0.203 0.412 0.385 

Very good 0.152 0.403 0.445 Very good 0.157 0.411 0.432 Very good 0.110 0.343 0.546 Very good 0.115 0.360 0.525 

Excellent 0.074 0.316 0.610 Excellent 0.058 0.286 0.656 Excellent 0.067 0.285 0.648 Excellent 0.039 0.230 0.731 

By quartiles of proportion of population with university degree in neighbourhood 

Lowest % with college degree Second lowest % Second highest % Highest % with college degree 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.271 0.410 0.319 <=Good 0.264 0.390 0.347 <=Good 0.229 0.426 0.344 <=Good 0.194 0.415 0.391 

Very good 0.149 0.376 0.474 Very good 0.157 0.355 0.488 Very good 0.146 0.398 0.457 Very good 0.118 0.386 0.496 

Excellent 0.068 0.281 0.651 Excellent 0.084 0.287 0.629 Excellent 0.053 0.276 0.671 Excellent 0.037 0.244 0.719 

By quartiles of proportion of families headed by lone-parents in neighborhood 

Highest % with lone-parents Second highest % Second lowest % Lowest % with lone-parents 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.301 0.402 0.297 <=Good 0.215 0.377 0.408 <=Good 0.255 0.392 0.352 <=Good 0.245 0.442 0.313 

Very good 0.154 0.382 0.465 Very good 0.132 0.348 0.520 Very good 0.119 0.373 0.508 Very good 0.142 0.397 0.461 

Excellent 0.086 0.312 0.601 Excellent 0.057 0.255 0.688 Excellent 0.036 0.226 0.738 Excellent 0.044 0.257 0.699 

By quartiles of proportion of families living in rental accommodations in neighborhood 

Highest % with rental accommodations Second highest % Second lowest % Lowest % with rental accommodations 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.241 0.391 0.369 <=Good 0.268 0.379 0.353 <=Good 0.287 0.429 0.284 <=Good 0.251 0.423 0.326 

Very good 0.148 0.368 0.484 Very good 0.107 0.317 0.575 Very good 0.146 0.390 0.464 Very good 0.144 0.397 0.459 

Excellent 0.069 0.277 0.654 Excellent 0.065 0.260 0.675 Excellent 0.047 0.249 0.704 Excellent 0.048 0.267 0.685 
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Table 1.11: Transition matrices by neighbourhood transition patterns for empirical model—movers across six cycles 
   

By transition patterns of neighbourhood mean household income 

No change Sliding-down pattern Climbing-up pattern Bouncing pattern 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.235 0.417 0.347 <=Good 0.231 0.418 0.352 <=Good 0.254 0.394 0.352 <=Good 0.252 0.387 0.362 

Very good 0.133 0.377 0.490 Very good 0.131 0.380 0.489 Very good 0.147 0.360 0.492 Very good 0.132 0.346 0.522 

Excellent 0.060 0.279 0.661 Excellent 0.052 0.267 0.681 Excellent 0.064 0.261 0.676 Excellent 0.072 0.277 0.651 

By transition patterns of neighbourhood education (proportion of population with university degree in neighbourhood) 

No change Sliding-down pattern Climbing-up pattern Bouncing pattern 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.231 0.408 0.361 <=Good 0.269 0.397 0.334 <=Good 0.229 0.407 0.365 <=Good 0.240 0.412 0.348 

Very good 0.137 0.376 0.487 Very good 0.142 0.360 0.497 Very good 0.131 0.358 0.511 Very good 0.126 0.375 0.500 

Excellent 0.058 0.271 0.670 Excellent 0.064 0.267 0.669 Excellent 0.063 0.268 0.669 Excellent 0.062 0.288 0.650 

By transition patterns of neighbourhood lone-parents status (proportion of families headed by lone-parents in neighborhood) 

No change Sliding-down pattern Climbing-up pattern Bouncing pattern 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.251 0.401 0.348 <=Good 0.232 0.419 0.349 <=Good 0.255 0.409 0.336 <=Good 0.232 0.400 0.368 

Very good 0.136 0.370 0.494 Very good 0.134 0.380 0.486 Very good 0.138 0.363 0.499 Very good 0.131 0.361 0.509 

Excellent 0.061 0.273 0.667 Excellent 0.059 0.278 0.663 Excellent 0.057 0.256 0.687 Excellent 0.068 0.282 0.650 

By transition patterns of neighbourhood living arrangements (proportion of families living in rental accommodations in neighborhood) 

No change Sliding-down pattern Climbing-up pattern Bouncing pattern 

 <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex  <=Good Very good Ex 

<=Good 0.241 0.401 0.357 <=Good 0.231 0.411 0.358 <=Good 0.255 0.431 0.314 <=Good 0.240 0.388 0.372 

Very good 0.135 0.367 0.498 Very good 0.126 0.370 0.504 Very good 0.141 0.391 0.467 Very good 0.139 0.350 0.512 

Excellent 0.061 0.271 0.668 Excellent 0.053 0.268 0.678 Excellent 0.060 0.283 0.657 Excellent 0.071 0.271 0.657 
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1.A1 Appendix: Variable names and definitions 
Table 1.A1 Variable names and definitions 

Variable Name Definition 

hlthc Health status of child, 5 categories: excellent, very good, good, fair and poor; hlthc(t-1) refers to 
the health status in the previous period, e.g. hlthc(t-1)poor is a dummy indicating reported poor 
health in the last wave; hlthc(1) refers to the reported health status in the initial period, e.g. 
hlthc(1)good is a dummy indicating reported good health in the first wave. 

child age Age of child 
child gender Gender of child(Male=1)  
family size Total number of persons living in the household 
mbirthage Age of mother at birth of the child 
hh income Total household income from all sources in the past 12 months; ln(hh income) is the log the 

household income.  

mother school Female caregiver education, 1= less than secondary, 2=secondary school graduation,  
3=some post-secondary, 4=college or university degree 

father school Male caregiver education, 1= less than secondary, 2=secondary school graduation, 
3=some post-secondary, 4=college or university degree 

PMK not mother Dummy indicating PMK is not the biological mother of the child 
mother school*PMKnm Interaction terms between mother education status (4 categories) and the dummy indicating PMK 

not the biological mother of child 
PMK female Dummy indicating PMK is female   
living w/ two parents Dummy indicating child living with both parents (including biological parents or any other 

parental figures in the household) 
living w/ biological parents Dummy indicating child living with both biological parents 
area Province of residence 
mln(hh income) Mean of the log household income variable over the sample period—within individual mean of 

the ln(hh income) term  
magec Mean of the child age variable over the sample period—within individual mean of child age 
mfize Mean of the family size variable over the sample period—within individual mean of family size 
mschoolm Mean of the female caregiver education variable over the sample period—within individual mean 

of mother’s education status 
mschoolf Mean of the male caregiver education variable over the sample period—within individual mean 

of father’s education status 
mpmknm Mean of the PMK not biological mother dummy variable over the sample period—within 

individual mean of the “PMK not mother” term  
mpmkfe Mean of the female PMK dummy variable over the sample period—within individual mean of 

the “PMK female” term 
mtwopar Mean of the living with two parents dummy variable over the sample period—within individual 

mean of the “living w/ two parents” term 
mlwbiopa Mean of the dummy variable indicating child living with both biological parents over the sample 

period—within individual mean of the “living w/ biological parents” term 
msmxmpm Mean of the interactions term between mother’s education and the dummy indicating PMK not 

the biological mother over the sample period—within individual mean of the 
“schoolm*PMKnm” term 
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1.A2 Appendix: Descriptive Figures 

 

 

Figure 1.A2: Health status by income class 
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Figure 1.A1: Health status by cycle 
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Figure 1.A4: Health Status at cycle 2 by health status at cycle 1 
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Figure 1.A3: Health status by mother's education 
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Figure 1.A5 Predicted transitional probabilities based on random effects model by quartiles of neighborhood mean household income 

  

 
   Note: horizontal axis presents lowest income, second lowest, middle income and highest income neighbourhoods, respectively. Mean  
   represents the point estimate of the transitional probability, the vertical line represents the 95% confidence interval of the point estimate. 
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Figure 1.A6 Predicted transitional probabilities based on random effects model by quartiles of neighborhood education 

 

 
   Note: horizontal axis presents lowest %, second lowest %, second highest % and highest % with college degree in neighbourhoods,   
   respectively. Mean represents the point estimate of the transitional probability, the vertical line represents the 95% confidence interval of the 
   point estimate. 
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Figure 1.A7 Predicted transitional probabilities based on random effects model by quartiles of neighborhood lone-parents status 

 

 
   Note: horizontal axis presents highest % with lone-parents, second highest %, second lowest % and lowest % with lone-parents in   
   neighbourhoods, respectively. Mean represents the point estimate of the transitional probability, the vertical line represents the 95%   
   confidence interval of  the point estimate. 
  



PhD Thesis - Jinhu Li                   McMaster University - Economics 

 75 

Figure 1.A8 Predicted transitional probabilities based on random effects model by quartiles of neighborhood living arrangement 

 

 
   Note: horizontal axis presents highest %, second highest %, second lowest % and lowest % with rental accormodations in neighbourhoods, 
   respectively. Mean represents the point estimate of the transitional probability, the vertical line represents the 95% confidence interval of the 
   point estimate. 
  



PhD Thesis - Jinhu Li                   McMaster University - Economics 

 76 

Figure 1.A9 Predicted conditional probabilities of different child health scenarios based on random effects model—the 
duration of a health drop at any time within six cycles by long-term neighborhood status 

 

 
Note: the first panel represents the predicted conditional probabilities by quartiles of neighborhood average household income; the second panel represents the 
predicted conditional probabilities by quartiles of proportion of population with college degree in the neighborhood; the third panel represents the predicted 
conditional probabilities by quartiles of proportion of families headed by lone-parents in the neighborhood; the fourth panel represents the predicted conditional 
probabilities by quartiles of proportion of families living in rental accommodations in the neighborhood; respectively. 
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Figure 1.A10 Predicted conditional probabilities of different child health scenarios based on random effects model—the 
number of health drops within six cycles by long-term neighborhood status 

 

 
Note: the first panel represents the predicted conditional probabilities by quartiles of neighborhood average household income; the second panel represents the 
predicted conditional probabilities by quartiles of proportion of population with college degree in the neighborhood; the third panel represents the predicted 
conditional probabilities by quartiles of proportion of families headed by lone-parents in the neighborhood; the fourth panel represents the predicted conditional 
probabilities by quartiles of proportion of families living in rental accommodations in the neighborhood; respectively.
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Chapter 2                              
Family Social-economic Status, Childhood 
Life-events and the Dynamics of Depression 
from Adolescence to Early Adulthood 
 

2.1 Introduction 

The critical role of child/adolescent physical health in subsequent health and 

economic outcomes is well established (Case et al. 2002; Case et al. 2005; Currie 

2009).  Increasingly, the importance of child/adolescent mental health and 

behaviour problems is recognized and emphasized. One reason for this is the 

prevalence of child mental health problems. The MECA Study (Methodology for 

Epidemiology of Mental Disorders in Children and Adolescents) found that 

approximately one in five children and adolescents in the U.S. exhibit some 

impairment from a mental or behavioural disorder, 1.1 percent have significant 

functional impairments and 5 percent suffer extreme functional impairment 

(David Shaffer et al. 1996; U.S. DHHS 1999). A second reasons is that poor 
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mental health conditions in childhood are related to various negative 

consequences on future outcomes such as health status, educational attainment 

and labour market outcomes (Case et al. 2005). As described in Heckman’s skill 

formation framework (Heckman 2007), health is a “capacity” that affects 

production of a wide range of future capacities. As Cunha and Heckman discuss, 

both “cognitive” ability and “non-cognitive” abilities such as perseverance, 

motivation, time preference and self-control have direct effects on wages, 

schooling, smoking, crime and many other aspects of social and economic life 

(Cunha and Heckman 2007; Heckman 2007).  

 Among all the mental health problems in the transition period of adolescence 

to early adulthood, depression is one of the most common (Asarnow et al. 2009). 

It has been estimated that 15% to 20% of youth suffer from depressive disorders 

by the age of 18 (Lewinsohn 2002). In the United States, 28.3% of high school 

students report periods of depression during the past year that interfered with 

usual activities and lasted at least for 2 weeks (Centers for Disease Control 2002). 

There is also an increasing recognition that the presence of depressive disorders 

often starts in the period of childhood and adolescence (Chang 2009), and 

depression during this transition period often persists into adulthood (Colman et al. 

2007). Adolescents who experience depression often struggle with depression 
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throughout their lives (Lewinsohn et al. 1999), and in many cases, early onset of 

depression predicts more severe depression during adulthood (Weissman et al. 

1999). In the period of adolescence, depression is associated with poor health and 

behavioral outcomes (Saluja et al. 2004), lower achievement on tests and poorer 

peer relationships (Roeser et al. 1998). Moreover, depression in adolescence is 

associated with various adverse long-term outcomes, including poor academic 

performance and dropping out of high school(Kessler et al. 1995; McLeod and 

Kaiser 2004), lower economic status, poorer labour market outcomes at later ages 

(Gregg and Machin 2000; Fergusson et al. 2007), drug and alcohol abuse, and 

suicidal behaviors (Fergusson and Woodward 2002; Fergusson et al. 2007). 

Detection and effective treatment of early-onset major depressive disorders can be 

more important than for late-onset depressive symptoms. Greden (2001) 

documented that early-onset depression (before the age of 21 or 22) is associated 

with longer first episodes, higher rates of recurrence of major depression, higher 

overall rates of comorbid personality disorders, and longer hospitalizations. 

Berndt et al. (2000) found that early-onset depression can lead to reduced 

educational attainment and other human capital loss, particularly for women; a 

randomly selected 21-year-old woman with early-onset major depressive disorder 

in 1995 could expect future annual earnings that were 12%-18% lower than those 
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of a randomly selected 21-year-old woman whose onset of major depressive 

disorder occurred after age 21 or not at all. Given the increasing prevalence and 

the negative consequences, it is of great importance to understand the evolving 

process of depression during the transition period of adolescence to young 

adulthood. 

 The empirical literature has documented a link between socio-economic 

status and depression. Among adults, depression has been shown to be associated 

with income in a wide variety of settings (Bruce et al. 1991; Dohrenwend et al. 

1992; Murphy et al. 1991). Using an instrumental variables approach, Ettner 

(1996) found evidence that the association between income and depressive 

symptoms is causal. Moreover, unemployment has been shown to lead to 

depression (Rice and Miller 1995; Hamilton et al. 1997). Zimmerman and Katon 

(2005) found that while income loses much of its relationship to depression when 

other variables are controlled, employment status and financial strain are more 

robust predictors of depression.  

 Literature in psychology points out that family socio-economic status can 

affect the outcome of depression among adolescents: low family SES can lead to 

depression in adolescence transmitted by parent-child interaction patterns while 

high family SES can serve as a protective factor that improves resilience in youth 
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(see Lee and Eden 2009). There are  few empirical studies that attempt to 

examine the relationship between family or individual SES and depression in 

adolescents or young adults, and the results from these empirical studies are 

mixed and inconclusive. Graetz (1993) showed that there is an association 

between unemployment and depression among Australian young men and women. 

Using data from the National Longitudinal Study of Adolescent Health (Add 

Health), Goodman et al. (2003) examined the socioeconomic status (SES) 

gradient on adolescents’ mental health and found that the effect of income and 

education on depression were large. However, some empirical studies have found 

“no relationship” between depression among adolescents and socioeconomic 

status. Waschbusch et al. (2003) examined the relationship between depression 

and SES measured by the Hollingshead Four-Factor Index (Hollingshead 1975) in 

a sample of adolescents and found no association. In the examination of the 

trajectories of depressive symptoms among a sample of African-American youth 

aged 14 to 17, Repetto et al. (2004) found that depressive symptoms were not 

related to parental occupation. Using the National Longitudinal Study of 

Adolescent Health (AddHealth) data, Rushton et al. (2002) examined factors 

associated with persistent depressive symptoms among 13,568 adolescents who 

completed the initial survey in 1995 and were followed up 1 year later. They 
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found that socioeconomic status did not predict persistent depressive symptoms. 

Other studies have attempted to draw causal inference on the SES-depression 

gradient among adolescents. The analysis of depression from Miech et al. (1999) 

found no support for either causation or selection processes, suggesting that SES 

and depression have little influence on each other before age 21. In the Great 

Smoky Mountains Study, Costello et al. (2003) examined the effect of family 

income on children's mental health by exploiting a natural experiment involving 

the opening of a casino on an Indian reservation. They found that family income 

(especially moving out of poverty) had a positive effect on the health conditions 

of conduct and oppositional disorders for the children, but there was no such 

effect on anxiety and depression.  

 Our study examines the roles of family SES, early childhood life-events, 

unobserved heterogeneity and pure state dependence in explaining the distribution 

of depression among adolescents and young adults using the US data on the 

children of the US National Longitudinal Survey of Youth 79 (NLSY79). We 

employ a conditional quantile regression framework to approach this important 

question. Compared with conditional mean estimation models, which have been 

dominantly used in this literature, this approach allows us to examine the 

differential effects of the factors of interest at different parts of the depression 
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distribution, therefore providing us a more complete view of the links between 

these factors and youth depression. As described in the previous paragraph, some 

studies found statistically significant associations between family SES and youth 

depression while others found no such links. These discrepancies might be due to 

the asymmetry existing in the conditional distribution of youth depression in 

relation to these factors. If indeed the conditional distribution is asymmetric in 

nature and therefore the effects of these factors are important only at certain parts 

of the conditional distribution of youth depression, using a conditional mean fit 

may average out these effects. In addition, the conditional mean regression is 

often strongly affected by the behaviour of outliers in data. This non-robustness 

may be a potential reason for different sizes of the estimates across studies that are 

based on different data sets. Therefore, using a conditional quantile approach 

provides us with an opportunity to explore the source of discrepancies found in 

the existing empirical literature. To begin, we estimate a set of static conditional 

mean and conditional quantile models. By comparing the results from the 

conditional mean models with those from the conditional quantile estimation 

models, we attempt to investigate whether the effects of key family SES 

conditions and the effects of early childhood life-events vary across different 

quantiles.  
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 In addition, our study explicitly models the depression dynamics from 

adolescence to early adulthood, an issue that has not been addressed in other 

studies. It is important to quantify both the mobility and persistence of this type of 

mental health problem over time because it helps to understand the health human 

capital accumulation process in the period of early life course and the protective 

effects of certain family SES factors in this accumulation process. Moreover, if 

pure state dependence of youth depression exhibits asymmetry across different 

quantiles of the depression distribution, this will generate policy implications that 

devote more resources to those with higher persistence of depression. Our study 

employs a newly-developed instrumental variable approach suggested by Galvao 

(2011) for the quantile regression dynamic panel model with fixed effects. This 

estimator not only allows us to control for individual-specific heterogeneity via 

fixed effects in the dynamic panel data framework, but also effectively reduces 

the dynamic bias generated by conventional dynamic fixed-effects estimation of 

the quantile regression models.  

 This paper proceeds as follows. Section 2 describes the data set we used for 

the study and presents some descriptive analysis of the data. Section 3 introduces 

the empirical methods of the study. In Section 4, the regression results are 

reported and analyzed. In Section 5 some conclusions are provided. 
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2.2 Data and Sample 

2.2.1 Data Source 

This study uses data on the children of the US National Longitudinal Survey of 

Youth 79 (NLSY79). The NLSY79 child sample is an ongoing biennial panel 

survey that began in 1986 and which interviewed the children born to the female 

respondents of the 1979 cohorts of the NLSY. Data is currently available through 

the twelfth wave (2008 collection). The assessments measure cognitive ability, 

temperament, motor and social development, behavior problems, and 

self-competence of the children as well as the quality of their home environment 

(see NLSY79 Child &Young Adult Data Users Guide 2006 cycle16). Starting in 

1994, children who reach the age of 15 by the end of the survey year are no longer 

assessed but instead were given the young adults survey17

                                                        

16 The most recent NLSY79 Child &Young Adult Data Users Guide is the 2006 version, but the 
data is available for use till the 2008 collection.  
17As noted in the 2006 NLSY79 Child and Young Adult Data Users’ Guide, there are other 
restrictions in the sampling procedure: “In 1994 and 1996, the Young Adult sample included all 
children who were age 15 and over by December 31 of that year and who met the other selection 
criteria. Due to budgetary constraints, the Young Adult sample in 1998 was limited to youth 
through age 20 as of the interview date. In 2000 only, around 40% of the black and Hispanic 
oversample cases between the ages of 15 and 20 were not fielded for budgetary reasons.”  

 akin to that given to 

their mothers during late adolescence and into adulthood. This Young Adult 

questionnaire focuses on the transition to adulthood, with detailed questions on 
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education, employment, training, health, family experiences, attitudes, 

interactions with family members, substance use, sexual activity, non-normative 

activities, computer use, health problems, and pro-social behaviors. As the 

children of the NLSY79 sample age, they continuously move into the Young 

Adult Interview. According to the 2006 NLSY79 Child and Young Adult data 

user’s guide, in 1994 a total of 7,089 children who were born to the original 6,283 

NLSY79 female respondents were interviewed, and among these, 6,109 were 

under age 15 and 980 were 15 years or older. In 2006, a total of 7,816 children, 

including young adults, were interviewed. Of these, 1,972 were under age 15 and 

5,844 were interviewed as young adults.  

 These older children or “young adults” constitute the main study sample in 

our analyses. From the Young Adult Survey, we constructed the repeated 

measures of depression of these older children and other relevant variables that 

are potential factors determining depression in young adulthood. Drawing on the 

extensive information in the Child Survey, we constructed variables representing 

important life-course characteristics of the young adults in the period of childhood. 

In addition, we constructed family-level variables by using the information 

contained in the main NLSY79 survey, which provides more information on the 

mothers of the young adults. Information from the Child Survey, the Young Adult 
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Survey and the main NLSY79 survey can be linked by the unique identifiers of 

the child and the mother (seeTable A.1 in Appendix for a description of the 

dependent and independent variables we constructed from different sources and 

the corresponding questions in the survey). 

 

2.2.2 Study Sample and Variables 

2.2.2.1  Variable Definitions 

The outcome variable is a scale of depression-- the Center for Epidemiological 

Studies Depression Scale (CES-D) developed by Radloff (Radloff 1977). The 

CES-D has been used in a large body of studies on depression and has been 

shown to have very good validity and reliability in the general population and in a 

wide variety of specific ethnic and socioeconomic sub-populations (Beekman et 

al.1997; Prescott et al.1998; Thomas et al.2001; Weissman et al.1977). The 

full-version of CES-D includes 20 questions related to symptoms of depression. 

Examples of such questions include: “In the last week I felt that I couldn’t shake 

off the blues, even with help from my family and friends”, and “In the last week I 

felt that everything I did was an effort.” Responses are coded on a scale from 0 to 

3, with 0 representing “rarely/none of the time” and 3 representing “most/all of 

the time”. Accordingly, the composite CES-D score ranges from 0 to 60. In the 
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Young Adults Survey, the respondents completed a 7-item, reduced version of the 

CES-D questionnaire in all the cycles from 1994 to 2008. A set of seven questions 

was administered with skip patterns based on age and interview status. 

Specifically, the CES-D scale was administered to all eligible young adults in 

1994 through1998, and 2004 through 2008. But in 2000, it was administered only 

to the eligible young adults who were not interviewed in 1998, and in 2002 it was 

administered only to the eligible young adults who were not interviewed in 2000. 

As in the full-version of CES-D questionnaire, the answers to these 7 questions 

were coded on a scale from 0 to 3 with 0 representing “rarely/none of the time” 

and 3 representing “most/all of the time”. Our study employs the 7-item 

composite CES-D score (ranging from 0 to 21) as our dependent variable in the 

analyses. From this point on, we use "the CES-D score" to represent the 

composite score of the 7-item questions.  

 In explaining the dynamics of youth depression our study focuses on family 

social-economic environment, prenatal or biological factors, child cognitive 

abilities, stressful life-events in childhood, and young adults’ own socio-economic 

status. A set of demographic variables for the young adults is constructed, 

including age, gender, race, birth order and marital status. Variables representing 

living environment are also included, such as, whether the youth lives in an urban 
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or rural area, and whether the youth lives in a Standard Metropolitan Statistical 

Area (SMSA). We include a set of biological factors including age of mother at 

the birth of the child, mother’s drinking, smoking and substance use one year 

prior to the birth of the child.  

 In the psychology literature, experience of traumatic life-events has been 

identified as one of the most important risk factors associated with elevated risk of 

depression (Lee and Eden 2009). In the Child Survey, a question was asked about 

whether the child had a psychological consultation in the previous 12 months; if 

the answer is “Yes”, the respondent was asked the reason for the consultation. We 

use two variables to capture traumatic life experiences in the period of childhood: 

whether a child consulted a psychiatrist in the previous 12 months due to 

emotional trauma, molestation or abuse, and whether the child consulted a 

psychiatrist because of loss of parents/siblings or divorce of parents. Although we 

observe repeated measures of these two variables over multiple cycles, we 

constructed variables measuring the number of times in the past that a child 

consulted a psychiatrist because of these two problems.  

 To capture socio-economic factors we consider both the parental 

socio-economic variables and the young adults’ own SES because they may have 

different effects on the dynamics of depression during adolescence to young 
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adulthood. We measured maternal education as the highest grade completed by 

the mother. We include measures of maternal employment status: the variables are 

defined as the number of weeks unemployed in the past calendar year and the 

number of weeks unemployed since the last interviewWe constructed a parental 

income measure as the total net family income in the family of the mother, which 

is included in the Main NLSY79 Survey. It worth noting that this variable will be 

missing if the young adult was living in the father’s or another relative’s 

household at the time of the Young Adult Interview.18 The only employment 

measures of the youth administered consistently in the Young Adults Interview 

relate to a young adult’s “significant job” defined as the last job lasting two weeks 

or more in the last year19

2.2.2.2 Sample Definition 

.  

The total sample of individuals who ever completed a Young Adult Survey during 

the survey years of 1994-2008 is 7,100.  We used several criteria to select our 

sample. First, we only kept the individuals in the Youth Survey who had at least 

                                                        

18 Only since 2000 is there a question in the Young Adult Interview asking the total family income 
of the respondents, which refers to the income from all sources by all the family members. 
Because we don’t have such a measure for the previous cycles, we do not use this family income 
measure for our study.   
19 We also considered other family and youth SES factors, including highest grade completed by 
the father, paternal unemployment status, young adults’ own education variables such as year of 
school currently enrolled in, highest grade of regular school completed, and whether the 
respondent ever repeated or skipped grade, and young adults' own income. But due to a large 
proportion of missing values, these variables are dropped from our estimation analyses.    
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one wave of observation of the CES-D score during the survey years of 

1994-2008. Imposing this criterion excludes 20  individuals, reducing the 

available sample to 7,080 individuals. Second, we dropped the observations for 

which an individual was aged 26 or above in any wave of the Young Adults 

Interview, because the focus of our study is the dynamics of depression during 

adolescence to young adulthood. This leads to a further reduction of the sample to 

7,035 individuals. Third, we dropped individuals with fewer than three 

consecutive waves of observation of the CES-D score, because we need to include 

the first lag of the CES-D score to estimate a dynamic model and the second lag 

of the dependent variable as the instrumental variable for the IV approach we 

employ for the conditional quantile estimation (details see section 3.2.6). After 

applying this criterion, we have 3,543 individuals with 11,558 observations in 

total as our study sample. 

 

2.2.3 Descriptive Statistics of the Study Sample 

In Table 1, we list the summary statistics of the variables we use for the estimation 

models across all individuals in our study sample and over all waves20

                                                        

20 In order to estimate the dynamic models with relatively more time periods, we decided to drop 
some of the variables with a large proportion of missing values from the estimations. Therefore, 
only a subset of the variables described in the previous section are included in for the descriptive 

. As noted 
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above, we only include observations for young adults under age 26. In this sample, 

the mean age of all of observations over time is around 19 years old and about 

half of the individuals are male. The CES-D depression score has a mean of 4.58 

and a standard deviation of 3.68. There are a relatively large number of zero 

scores in the sample—about 11.2% of the observations have CES-D scores of zero, 

meaning no symptoms of depression. Figure 1 presents a histogram of the CES-D 

score for our full analytic sample. The distribution of the CES-D score has a long 

right tail, with more than 95% of the values under 12. (A more detailed 

breakdown of  the distribution of the CES-D score is presented in Table A.2 in 

the Appendix.)  

 In order to describe the transitions among different levels of depression, Table 

2 presents the transition matrix for the CES-D score classified into five categories: 

score 0, score 1-3, score 4-6, score 7-11 and score 12 and above. The categories 

are chosen according to some typical values in the CES-D distribution (i.e., they 

are not based on clinical classifications). The rows of the transition matrix 

indicate the depression level in the previous period, while the columns indicate 

the depression level in the current period. The transition matrix shows that the 

majority of the transitions among different levels of depression appears on the 

                                                                                                                                                        

statistics in Table 1 and for all the following regression analyses.     
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diagonal or one cell off the diagonal. This indicates that persistence exists in the 

dynamics of depression for the young adults, and the most persistence is observed 

for those with  CES-D scores of 1-3 or 4-6, suggesting a potential benefit from 

using quantile regression models for depression dynamics.  

 

2.3 Empirical Methods 

At first, we estimate a series of static conditional mean and conditional quantile 

models to examine the roles of family SES, childhood stressful life-events, 

prenatal and biological factors in explaining the distribution of youth depression. 

We then use a series of dynamic conditional mean and conditional quantile 

models to examine the dynamics of depression during adolescence to young 

adulthood. The way we capture the dynamics is to control for the first lag of 

depression score, in addition to all the covariates in the static models. For 

simplicity we only describe the methodological issues and the empirical 

specifications for the dynamic models in the following discussion. The only 

difference in the specifications between static and dynamics models is that in 

static models the first lag of depression score is not controlled for as one of the 

regressors.   
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2.3.1 Quantile Regression Dynamic Panel Instrumental Variable Model with 

Fixed Effects 

Our study employs an instrumental variable approach suggested in Galvao (2011) 

for a quantile regression dynamic panel model with fixed effects. The method is 

adapted based on the instrumental variables quantile regression method of 

Chernozhukov and Hansen (2005, 2006, 2008) along with lagged regressors as 

instruments. This estimator provides us several advantages for the analysis of 

depression dynamics. First, it is important to separate individual-specific 

heterogeneity from state dependence in the context of studying the persistence of 

health outcomes (see Contoyannis 2004a, 2004b); this estimator allows the 

control of individual-specific effects via fixed effects in the dynamic panel data 

framework. Second, exploring heterogeneous covariate effects within the quantile 

regression framework offers a more flexible approach than the classical Gaussian 

fixed- and random-effects estimators (Galvao 2011). In our context, we use this 

method to explore potential heterogeneity in the effects of factors of interest on 

the dynamics of depression across the quantiles. Third, the quantile regression 

model has a significant advantage over models based on the conditional mean, 

since it will be less sensitive to observations in the tail  of the underlying random 

variables, and consequently will be less sensitive to  outliers. This approach can 
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provide robust estimates that do not rely on specific assumptions of the outcome 

distributions. Fourth, the IV-estimator reduces the estimation bias generated by 

the conventional fixed-effects estimation of the quantile regression. Galvao (2011) 

shows that under some mild regularity conditions (notably with T  ∞ as N ∞ 

and Nα /T  0, for some a>0), the estimator is consistent and asymptotically 

normal. More importantly, Monte Carlo experiments show that even in short 

panels this instrumental-variable estimator can substantially reduce the bias. As in 

most of the micro-level panel data cases, our data is a short panel of large 

cross-sections (large N and modest T). Therefore, this property is important in 

generating estimates of our dynamic model.  

 In a dynamic model for panel data with individual fixed effects, the τth 

conditional quantile function of the outcome variable of the tth observation on the 

ith individual yit can be represented as  

Q yit (τ|zi, yit-1, xit) = zi η + α(τ)yit-1+ x’it β(τ),     (1) 

where yit is the outcome of interest, yit-1 is the lag of the variable of interest, xit are 

a set of exogenous variables, zi is an individual identifier, and η represents the 

Nx1 vector of individual specific effects. Since it is difficult to estimate a 

τ-dependent distributional individual effect in a short panel of large cross-sections 

(large N and modest T), Galvao (2011) restricts the estimates of the individual 
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specific effects to be independent of τ across the quantiles and estimates the model 

for several quantiles simultaneously. In other words, only the effects of the 

covariates (yit-1, xit) are allowed to depend on the quantile τ of interest in the above 

model. Koenker (2004) introduced a general approach to the estimation of 

quantile regression fixed-effects models for panel data. Galvao (2011) applied this 

general approach to a dynamic panel model estimation, and proposed an estimator 

which solves 

�𝜂̂𝜂,𝛼𝛼�, 𝛽̂𝛽� = min
𝜂𝜂 ,𝛼𝛼 ,𝛽𝛽

���𝜐𝜐𝑘𝑘𝜌𝜌𝜏𝜏  (𝑦𝑦𝑖𝑖𝑖𝑖 − 𝑧𝑧𝑖𝑖𝜂𝜂 − 𝛼𝛼(𝜏𝜏𝑘𝑘)𝑦𝑦𝑖𝑖𝑖𝑖−1 − 𝑥𝑥𝑖𝑖𝑖𝑖′ 𝛽𝛽(𝜏𝜏𝑘𝑘))
𝑇𝑇

𝑡𝑡=1

𝑁𝑁

𝑖𝑖=1

𝐾𝐾

𝑘𝑘=1

,   (2) 

where 𝜌𝜌𝜏𝜏(𝑢𝑢) ≔ 𝑢𝑢(𝜏𝜏 − 𝐼𝐼(𝑢𝑢 < 0)) as in Koenker and Bassett (1978), and 𝜐𝜐𝑘𝑘  are 

the weights that control the relative influence of the K quantiles {τ1,…, τK} on the 

estimation of the 𝜂𝜂𝑖𝑖  parameters.  

 The quantile regression fixed-effects estimator based on Equation (2) suffers 

from bias in the presence of lagged dependent variables as regressors. Using an 

analogous rationale for the construction of instruments as in Anderson and Hsiao 

(1981, 1982) and Arellano and Bond (1991), Galvao (2011) suggests that valid 

instruments that can be used to produce a consistent estimator for dynamic panel 

data models are available from inside the model. Specifically, because the lagged 

(or lagged differences of) regressors are correlated with the included regressors 

(lag of the dependent variable in our case) but are uncorrelated with the error term, 
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they can be used as valid instruments. Following Chernozhukov and Hansen 

(2006, 2008), Galvao (2011) then proposed an IV estimator for the state 

dependence parameter.  

 The implementation of this quantile regression instrumental variables 

procedure requires minimizing the objective function  

𝑄𝑄𝑁𝑁𝑁𝑁(𝜏𝜏, 𝜂𝜂𝑖𝑖 ,𝛼𝛼,𝛽𝛽, 𝛾𝛾) : = ∑ ∑ ∑ 𝜐𝜐𝑘𝑘𝜌𝜌𝜏𝜏�𝑦𝑦𝑖𝑖𝑖𝑖 − 𝑧𝑧𝑖𝑖𝜂𝜂 − 𝛼𝛼(𝜏𝜏𝑘𝑘)𝑦𝑦𝑖𝑖𝑖𝑖−1 − 𝑥𝑥𝑖𝑖𝑖𝑖′ 𝛽𝛽(𝜏𝜏𝑘𝑘) − 𝜔𝜔𝑖𝑖𝑖𝑖
′ 𝛾𝛾(𝜏𝜏𝑘𝑘)�,    𝑇𝑇

𝑡𝑡=1
𝑁𝑁
𝑖𝑖=1

𝐾𝐾
𝑘𝑘=1 (3) 

where 𝑦𝑦𝑖𝑖𝑖𝑖−1  is a dim(𝛼𝛼 )-vector of endogenous variables, zi identifies the 

individual fixed effects, xit is a vector of exogenous explanatory variables, ωit is a 

dim(𝛾𝛾)-vector of instrumental variables such that dim(𝛾𝛾) >=dim(𝛼𝛼). Specifically, 

the instrumental variables may include values of y lagged two periods or more 

and/or lags of the exogenous variable x which affect the determination of lagged y 

but are independent of u. The author then suggests using a numerical optimization 

function in R to implement this estimator, which minimizes the coefficient of the 

instrumental variable in the same problem as described above (Equation (2)). The 

intuition is that if the instrument is valid, it is independent of the error term and 

should have a zero coefficient.  

 A further complication in our empirical model comes from the fact that the 

outcome variable is an ordered discrete response—the CES-D score. In this case, 

the above conditional quantile regression model (used for continuous outcome 
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variables) may be problematic because the cumulative distribution function of the 

CES-D score is discontinuous with discrete jumps between flat sections, so the 

quantiles of this discrete variables are not unique21

                                                        

21 By convention, the lower boundary of the interval defines the quantile in such a case in most of 
the current literature. 

. As noted by Machado and 

Santos Silva (2005), the main problem with estimating conditional quantiles for 

discrete responses(e.g. count data) stems from the conjunction of a 

non-differentiable sample objective function with a discrete dependent variable. 

To extend the conditional quantile regression to count data, Machado and Santos 

Silva (2005) proposed an approach which adds artificial smoothness to the data 

using a form of “jittering process”. Specifically, the artificial smoothing is 

achieved by adding uniformly distributed noise to the count variable. This way 

they construct a continuous variable with conditional quantiles that have a 

one-to-one relationship with the conditional quantiles of the original counts. Then 

this artificially constructed continuous variable is used as the base for inference. 

Machado and Santos Silva (2005) show that this approach of smoothing allows 

inference to be performed using standard quantile regression techniques. However, 

a problem of this approach is that it introduces extra noise to the quantile 

regression estimators. To reduce the effect of this unnecessary noise, the 

parameters of the model are estimated multiple times using independent draws 
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from the uniform distribution, and the multiple estimated coefficients and 

confidence intervals are averaged over the jittered replications. We followed their 

implementation of the jittering process, and then estimated the above instrumental 

variable with fixed-effects model with the jittered data.  

 

2.3.2 Empirical Specifications and Estimation Methods 

We examine the level of state dependence of the CES-D score and the 

inter-temporal roles of family SES, childhood stressful life-events, prenatal and 

biological factors in explaining the distribution of youth depression using both the 

conditional mean and conditional quantile estimation models. The empirical 

specifications of these dynamic panel data models are described in the 

sub-sections below22

2.3.2.1 Pooled dynamic conditional mean estimation models  

.   

For a conditional mean estimation without considering individual heterogeneity, 

we consider the following specification: 

𝐸𝐸(𝑦𝑦𝑖𝑖𝑖𝑖 |𝑦𝑦𝑖𝑖𝑖𝑖−1, 𝑥𝑥𝑖𝑖𝑖𝑖  ) = 𝛼𝛼𝑦𝑦𝑖𝑖𝑖𝑖−1 + 𝑥𝑥𝑖𝑖𝑖𝑖′ 𝛽𝛽,       (4)  

where yit is the CES-D score, yit-1 is the first lag of the CES-D score, xit is a vector 

                                                        

22 The empirical specifications for the static models are the same with those for the dynamic 
models except that the term of yit-1 is not included on the right-hand side of the equations.   
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of explanatory variables, including youth demographic characteristics, childhood 

life-events, prenatal or biological factors, and family SES characteristics. First, we 

estimate a pooled linear model (treating the CES-D score as a continuous variable) 

as a baseline regression model. To account for the ordered discrete nature of the 

CES-D score, we then estimate the conditional mean of the dependent variable 

with a pooled Poisson model. It is worth noting that for the Poisson estimation the 

conditional mean is not as specified in equation (4), but follows the standard 

parameterization of E(y|x)=exp(x'β).    

2.3.2.2 Dynamic conditional mean models with individual-specific effects 

To separate state dependence from unobserved individual heterogeneity, we 

consider the conditional mean estimation including individual-specific effects 

with the following specification: 

𝐸𝐸(𝑦𝑦𝑖𝑖𝑖𝑖 |𝑦𝑦𝑖𝑖𝑖𝑖−1, 𝑥𝑥𝑖𝑖𝑖𝑖 , 𝑧𝑧𝑖𝑖) = 𝛼𝛼𝑦𝑦𝑖𝑖𝑖𝑖−1 +  𝑥𝑥𝑖𝑖𝑖𝑖′ 𝛽𝛽 +  𝑧𝑧𝑖𝑖𝜂𝜂,       (5)  

where η denote the individual fixed effects. Again we estimate both linear and 

Poisson specifications of the model: we first estimate the linear random-effects 

and fixed-effects models, and then estimate the Poisson model with 

random-effects and fixed-effects specifications23

                                                        

23 Again for the Poisson estimation the conditional mean is not as specified in equation (5), but 
follows the standard parameterization of E(y|x)=exp(x'β). 

.  



 

PhD Thesis - Jinhu Li                    McMaster University - Economics 

102 

 

2.3.2.3 Dynamic panel conditional quantile estimation model without fixed 

effects 

As a baseline for conditional quantile estimation, we consider a dynamic model 

for the τth conditional quantile function of the outcome variable with the 

following specification: 

𝑄𝑄𝑦𝑦𝑖𝑖𝑖𝑖 (𝜏𝜏|𝑦𝑦𝑖𝑖𝑖𝑖−1, 𝑥𝑥𝑖𝑖𝑖𝑖) = 𝛼𝛼(𝜏𝜏)𝑦𝑦𝑖𝑖𝑖𝑖−1 + 𝑥𝑥𝑖𝑖𝑖𝑖′ 𝛽𝛽(𝜏𝜏),       (6) 

where yit is the CES-D score, yit-1is the first lag of the CES-D score, xit is vector of 

explanatory variables, including youth demographic characteristics, childhood 

life-events, prenatal or biological factors, and family SES characteristics. The 

parameter α captures the state dependence level of the CES-D score. It should be 

noted that all the parameters α and β in this model are allowed to depend on the 

quantile τ of interest. 

2.3.2.4 Dynamic panel quantile estimation with jittering but without fixed 

effects 

As noted above, the regular conditional quantile estimation for continuous data 

may be problematic in our context because our dependent variable is ordered and 

discrete.  Following Machado and Santos Silva (2005), we first add randomness 

to our dependent variable by “jittering” the CES-D score, and then apply the 

jittered sample to the dynamic conditional quantile estimation. Specifically, we 
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replace the discrete CES-D score yit with a continuous variable Jit= h(yit), where 

h(.) is a smooth continuous transformation. The transformation used is  

Jit= yit +u,     (7) 

where u~ U(0, 1) is a random draw from the uniform distribution on (0, 1)24

where X represents the design matrix in the specification of yit considered in (6). 

The additional term τ appears in the equation because QJ (τ|X) is bounded from 

below by τ. To estimate the parameters of a quantile model in the usual linear 

form, a log transformation is applied so that ln(J- τ) is modeled, with the 

adjustment that if J- τ <0, then ln(ε) is used, where ε is a small positive number

. To 

allow for the exponentiation for our outcome variable (as for count data), the 

conditional quantile of QJ(τ|X) is specified to be  

𝑄𝑄𝐽𝐽 (𝜏𝜏|𝑋𝑋) = 𝜏𝜏 + 𝑒𝑒𝑒𝑒𝑒𝑒�𝑋𝑋′𝛽𝛽(𝜏𝜏)�,      (8) 

25. 

To reduce the effect of noise due to jittering, the parameters of the model need to 

be estimated multiple times based on multiple jittered replications. In our study, 

we chose 500 jittering replications to derive the estimates for the quantile 

regression models26

                                                        

24 We use a random draw from the uniform distribution, following Machado and Santos Silva 
(2005). 
25 The log transformation with the adjustment is justified by the property that quantiles are 
equivariant to monotonic transformation and the property that quantiles above the censoring point 
are not affected by censoring from below (details see Cameron and Trivedi (2009)).   

.   

26 We experimented with the number of jittering replications, including 50, 100, 500 and 1,000 
jittered samples. We chose 500 jittered samples because increasing from 500 to 1000, the 
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2.3.2.5 Dynamic panel quantile estimation model with fixed effects 

To account for potential unobserved individual heterogeneity, we consider a 

dynamic panel quantile regression with individual fixed-effects: 

𝑄𝑄𝑦𝑦𝑖𝑖𝑖𝑖 (𝜏𝜏|𝑧𝑧𝑖𝑖 , 𝑦𝑦𝑖𝑖𝑖𝑖−1, 𝑥𝑥𝑖𝑖𝑖𝑖) = 𝑧𝑧𝑖𝑖𝜂𝜂 + 𝛼𝛼(𝜏𝜏)𝑦𝑦𝑖𝑖𝑖𝑖−1 + 𝑥𝑥𝑖𝑖𝑖𝑖′ 𝛽𝛽(𝜏𝜏),       (9) 

where zi identifies the individual fixed effects. The estimation of the above model 

is implemented by a regularization method developed by Koenker (2004). 

Because the asymptotic inference is problematic with this estimator, we use 

bootstrap techniques to derive numerically the standard errors and confidence 

intervals for this model. 

2.3.2.6 Dynamic panel instrumental variable quantile regression with fixed 

effects 

As noted above, the instrumental variable approach suggested by Galvao (2011) 

can reduce estimation bias in the above dynamic panel quantile regression with 

fixed effects. Specifically, the estimates of the parameters are derived to minimize 

the objective function described by Equation (3). In our study, we use the values 

of CES-D score lagged two periods as our instrument.  

 It should be noted that the asymptotic variance-covariance matrix of the 

                                                                                                                                                        

estimation results do not change much (the difference is only to the 3rd decimal place) but the 
calculation time almost doubles.       
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above quantile regression estimator depends on the density of the error term and is 

not easy to compute. One option is to estimate the variance-covariance matrix 

directly using nonparametric techniques. However, because this estimation of the 

variance-covariance matrix is computationally intensive and not easily attainable, 

we follow the bootstrap inference approach that is used extensively for quantile 

regressions to derive numerically the standard errors and confidence intervals for 

this estimator. Specifically, we construct the bootstrap samples by resampling only 

from the cross-sectional units (individual persons in our case) with replacement, 

because Monte Carlo simulations on bootstrap inference for quantile regression 

for panel data suggest that cross-sectional bootstrapping has the best performance 

among the three different procedures of bootstrap in this context (Galvao and 

Montes-Rojas 2009; Kato, Galvao and Montes-Rojas 2010). We used 499 

bootstrap replications with a pair-wise resampling technique to construct the 

empirical distribution of the estimator and construct the bootstrap standard errors. 

We also used a percentile bootstrap procedure to construct 95% confidence 

intervals for the parameters of interest. 

2.3.2.7 Dynamic panel instrumental variable quantile regression with jittering 

jittering and fixed effects 

To account for the problems arising with quantile regression with count data as 
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the dependent variable, we apply the above instrumental variable approach to a 

jittered sample. We use the same process to construct the jittered samples as for 

the dynamic panel quantile estimation described in Section 3.2.4. We then 

estimate the above IV estimator with the artificially smoothed CES-D score as the 

dependent variable27

 Since the jittering process involves a non-linear transformation from the 

original CES-D score to a smoothed variable, the marginal effect (ME) estimates 

are different from the coefficient estimates. We use the marginal effects at the 

mean (MEM) convention to calculate the MEs. According to Equation (8), the 

MEs for any continuous regressor xj are estimated by 𝑒𝑒𝑒𝑒𝑒𝑒�𝑿𝑿�′𝜷𝜷��𝛽̂𝛽𝑗𝑗 , with all the 

regressors evaluated at their mean values. For any dummy variable xj, we 

calculate the MEs with respect to a change in this dummy variable from 0 to 1, 

using the difference of the corresponding predicted values: 𝑒𝑒𝑒𝑒𝑒𝑒�𝑿𝑿𝟏𝟏����
′𝜷𝜷�� −

𝑒𝑒𝑒𝑒𝑒𝑒�𝑿𝑿𝟎𝟎����
′𝜷𝜷��, where 𝑿𝑿𝟏𝟏����  represents the design matrix evaluated at 1 for this 

dummy variable xj and at the means for all the other regressors, while 𝑿𝑿𝟎𝟎���� 

represents the design matrix evaluated at 0 for this dummy variable xj and at the 

. Again we chose 500 jittering replications to derive the 

estimates for this IV approach quantile regression with fixed-effects model.  

                                                        

27 When we estimate the quantile models with jittering (as in Sections 3.2.4 and 3.2.7), we are 
estimating marginal effects for a different specification (conditional quantile is an exponential 
function of X) than when we are estimating the conditional quantiles assuming continuity (as in 
Sections 3.2.3, 3.2.5 and 3.2.6), where conditional quantile is specified as a linear function of X. 
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means for all the other regressors.  

 

2.4 Estimation Results 

2.4.1 Results for Conditional Mean Estimation with Static Models 

Table 3 presents results for the conditional mean estimation for the CES-D score 

based on the static linear panel data models. Columns (1) and (2) present marginal 

effects and standard errors for the pooled linear model; columns (3) and (4) 

present the results for the random-effects model; and columns (5) and (6) present 

the results for the fixed-effects model. Several patterns can be observed from the 

results. First, as indicated in the current literature on youth depression, 

demographic characteristics are important in explaining the variability of 

depression. Females and blacks are more susceptible to depression. Birth order 

seems important as well: those born later in the family are more likely to 

experience depression. Second, there is a statistically significant and large positive 

correlation between psychological health care utilization and the presence of 

depression. Surprisingly, the pooled model suggests that the incidence of family 

problem and emotional trauma are not statistically significant in explaining the 

variability of youth depression. This contradicts with the evidence in this literature 

indicating an adverse effect of early-life stressful life events on youth depression. 



 

PhD Thesis - Jinhu Li                    McMaster University - Economics 

108 

 

But the results based on the random effects model show that, after taking into 

account the individual heterogeneity, both types of stressful life events (family 

member loss or emotional trauma) are significantly associated with higher CES-D 

scores in young adulthood,. Fourth, prenatal factors including the age of mother at 

birth of the child, maternal drinking and smoking behaviours are statistically 

significant in the model: the children who were born to younger mothers, and 

those born to mothers with drinking or smoking behaviours during pregnancy are 

likely to have higher depression scores. Lastly, among the set of family SES 

factors, maternal education and family poverty status are important in explaining 

the variability of youth depression: lower maternal education and living in poverty 

are associated with higher CES-D scores. On the other hand, maternal 

unemployment status and total family income are not associated with youth 

depression.  

 Table 4 summarizes the results for the pooled model, the random-effects 

model and the fixed-effects model using Poisson specifications. The reported 

standard errors for the random- and fixed- effects models are based on 

bootstrapping for 499 replications. The patterns found in the linear model 

regressions are preserved in the Poisson estimations. The sizes of the estimated 

marginal effects are also similar to those based on pooled model. This indicates 
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that a linear specification is appropriate to model the conditional mean of the 

CES-D score with our data, although the CES-D score exhibits nonlinearity and 

discreteness as described by the descriptive statistics and the histogram of the 

CES-D scores.  

 

2.4.2 Results for Conditional Quantile Estimation with Static Models 

Table 5 presents the static conditional quantile estimation results for the pooled 

model. Columns (1) and (2) list the marginal effects and the standard errors for the 

estimation of the 0.25 conditional quantile of the CSE-D score; Columns (3) and 

(4) list the results for the estimation of the 0.5 conditional quantile of the CSE-D 

score; Columns (5) and (6) present the results for the estimation of the 0.75 

conditional quantile of the CSE-D score. The signs of the estimated marginal 

effects are consistent with those based on the pooled conditional mean estimation 

model, except for the two geographical variables flagging youth living in urban 

area and youth living in SMSAs. But these two variables are statistically 

insignificant in both models, so reversed signs is not indicative of differential 

directions of the effects. The magnitudes of the marginal effects in general vary 

across different quantiles and for some of the variables a clear gradient is 

observed. First, gender difference of youth depression is larger at the higher end 
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of the depression distribution. Second, the positive association between emotional 

problem consultation or drug use for behaviour problem and youth depression is 

stronger at the higher end of the distribution. Third, prenatal and biological factors 

have different roles at different points of the depression distribution. The positive 

link between higher depression score and maternal drinking and smoking 

behaviours is stronger at the higher ends of the CES-D score distribution; as a 

matter of fact, maternal drinking behaviour is not statistically significant at the 

lowest quantile of the CES-D distribution. The link between higher depression 

score and younger maternal age at the birth of child is stronger at the higher ends 

of the distribution. Interestingly, stressful life-events during childhood are 

statistically significant only at some of the quantiles and different types of events 

play different roles across quantiles. The incidence of family problems during 

childhood, i.e. parents divorce or family member loss, plays a more important role 

at the higher ends of the CES-D distribution, while the incidence of emotional 

trauma during childhood, i.e. abuse or molestation, seem only to contribute to the 

variability of depression for the individuals who have relatively low-severity 

depression. This reveals the asymmetry of the link between early-life events and 

youth depression. Studies based on conditional mean estimation may neglect this 

aspect of the link thus provide very different implications. Finally, the roles of 
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family SES characteristics differ across different quantiles of the CES-D 

distribution. The link between higher depression and lower family SES, i.e. lower 

maternal education and family being in poverty, is stronger at the higher ends of 

the distribution, highlighting the critical role of these three factors for individuals 

who have more severe  depression levels.  

 Table 6 summarizes the conditional quantile estimation results for the pooled 

model without individual-specific effects based on the jittered sample. Again the 

marginal effects and the standard errors are presented separately for the 25th 

quantile, the 50th quantile and the 75th quantile of the CSE-D score. The 

estimates presented in the table are based on 500 jittering replications. The 

general patterns observed in the previous estimation are mostly preserved in this 

model. However, additional insight can be obtained from the results based on this 

model. In addition to maternal education and family poverty status, estimates also 

indicate the non-trivial role of maternal unemployment. The variable "maternal 

number of weeks unemployed in the last year" becomes statistically significant at 

the highest quantile of the CES-D distribution. Moreover, the results show a 

clearer family SES-youth depression gradient: the associations between lower 

youth depression and higher maternal education and maternal unemployment is 

stronger at the higher ends of the CES-D distribution. This reveals an asymmetric 
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nature of the family SES-youth depression link, and again stresses the more 

important roles of family SES factors for the individuals who experience more 

severe levels of depression. The additional insight we obtain from the results 

based on jittered sample illustrate the advantage of using the smoothing technique 

proposed by Machado and Santos Silva (2005) to model the conditional quantiles 

of count data. Since standard inference methods are asymptotically valid for this 

model, estimates based on jittered sample provide us with a more accurate view of 

the family SES and youth depression associations.  

 

2.4.3 Results for Conditional Mean Estimation with Dynamic Models  

Table 7 summarizes the conditional mean estimation for the CES-D score based 

on the linear dynamic panel data model. Columns (1) and (2) present marginal 

effects and standard errors for the pooled linear model; columns (3) and (4) 

present the results for the random-effects model; and columns (5) and (6) present 

the results for the fixed-effects model. The estimated marginal effect of the first 

lag of CES-D score captures the pure state dependence of youth depression 

conditional on all the other covariates we have discussed in the static models. 

Both the pooled and the random-effects models indicate a strong positive state 

dependence of depression during adolescence to early adulthood: the CES-D score 
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in the current period is positively correlated with that in the previous period. 

However, the state dependence estimate based on the fixed-effects model is 

statistically significant and negative, suggesting that the positive correlation 

between the previous depression score and the current depression score disappears 

after controlling for the unobserved individual heterogeneity. The intuition may be 

that conditional on all the other variables, the variation in depression scores is 

mainly mean-deviation after taking into account the individual fixed effects 

according to the conditional mean estimation model. It is worth noting that the 

magnitude of the estimated persistence level based on the fixed effects model is 

surprisingly large, but this estimate is subject to dynamic bias and thus needs to be 

interpreted with caution. The intra-class correlation coefficient (ICC) estimate 

suggests that about 21.2% of the error variance is attributable to unobserved 

heterogeneity in the random-effects model, while about 70.5% of the error 

variance is due to the unobserved individual heterogeneity in the fixed-effects 

model.  

 Several patterns are observed about the inter-temporal effects of other 

covariates on youth depression. First, the signs of the marginal effects are the 

same with those from the static models. This indicates that the associations 

between the factors of interest and youth depression in the long run are preserved 
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in the transitional process. The dynamic model results are in line with the static 

models in the following ways. The pooled model and random-effects model 

results indicate that youth depression varies substantially across different 

demographic characteristics: females and blacks are more likely to experience 

depression; the youth who were born later in the family are more likely to be 

depressed. There is a positive correlation between psychological health care 

utilization and the presence of depression. Young adults who utilize consultations 

for emotional or behaviour problems, and who take prescription drugs to control 

their activity level, tend to have higher depression scores. Family SES 

characteristics including maternal education and family poverty status, are 

important in explaining youth depression: higher maternal education is associated 

with lower depression scores; adolescents who are brought up in a low-income 

family or a deprived family are more likely to be depressed. Second, the 

magnitudes of the marginal effects in the dynamic models are in general smaller 

than those in the static models based on pooled and random-effects specifications. 

In fact, the prenatal factors become statistically insignificant in the dynamic 

models. This makes sense because the results from the dynamic model only 

capture the inter-temporal effects of these factors conditional on the previous 

depression. The only exception is with the incidence of family events: the 
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estimates from the dynamic models become statistically significant and are 

slightly larger than those from the static models.  According to both the pooled 

and the random-effect models, the incidence of emotional trauma and the 

incidence of family problems or loss of family members during the period of 

childhood are important in explaining the dynamics of depression during 

adolescence to early adulthood. Emotional trauma, molestation and abuse during 

childhood have a more serious adverse effect than family problems like divorce of 

parents or loss of family members.  Lastly, the fixed effects model results 

highlight the important roles of maternal unemployment and youth living in an 

SMSA in explaining the dynamics of youth depression. While maternal 

unemployment status is found statistically insignificant in the static models, 

longer duration of maternal unemployment is associated with higher depression 

scores based on the dynamic fixed effects model. Also, youth living in an SMSA 

is now found to be associated with higher youth depression.  

 To account for the ordered discrete nature of the CES-D score, we estimate 

the conditional mean of the dependent variable using a Poisson specification. 

Table 8 lists the results from the pooled model, the random-effects model and the 

fixed-effects model, respectively. The reported standard errors for the random- 

and fixed- effects models are based on bootstrapping for 499 replications. The 
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patterns found in the above linear dynamic models are preserved in the Poisson 

estimations with some exceptions. First, the estimated state dependence level is 

substantially different in the linear and the Poisson specifications. With a Poisson 

specification, the state dependence became negative but not statistically 

significant in the random-effects model, and the estimate in the fixed effects 

model is still negative but becomes closer to zero. Second, the positive association 

between the psychological health care utilization and the presence of depression 

became statistically insignificant in the fixed-effects model. Third, the link 

between biological factors or prenatal factors and depression became statistically 

significant: older maternal age at the birth of child is associated with slightly 

lower CES-D scores; the incidence of maternal drinking and smoking behaviour 

during pregnancy is associated with higher CES-D scores. Since the CES-D score 

exhibits common features of count data, the estimates based on Poisson 

specification are more reliable than those from the linear specifications.  

 

2.4.4 Results for Conditional Quantile Estimation with Dynamic Models 

Table 9 presents the dynamic conditional quantile estimation results for the pooled 

model without individual-specific effects. Columns (1) and (2) list the marginal 

effects and the standard errors for the estimation of the 0.25 conditional quantile 
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of the CSE-D score; Columns (3) and (4) list the results for the estimation of the 

0.5 conditional quantile of the CSE-D score; Columns (5) and (6) present the 

results for the estimation of the 0.75 conditional quantile of the CSE-D score. The 

dynamics of depression differs across different quantiles of the CES-D score in a 

number of ways. First, the pure state dependence of youth depression differs at 

different parts of the CES-D distribution. Since a higher CES-D score indicates a 

more severe depression symptom, the difference among the marginal effects of the 

CES-D lag across different quantiles suggests that the positive state dependence is 

stronger for the individuals with more severe symptoms of depression. In other 

words, it is more difficult for the young adults with worse depression to recover. 

Second, the inter-temporal effects of some covariates vary across different 

quantiles of youth depression. Consistent with the results in the static models, 

gender difference of youth depression is bigger at the higher end of the depression 

distribution, while racial difference in depression is smaller at the higher end of 

the distribution. According to the dynamic model, stressful life-events during 

childhood play a more important role at the lower end of the CES-D score. The 

adverse effects of family problems or family member loss, and of emotional 

trauma during childhood seem only to contribute to the dynamics of depression 

for the individuals who have relatively low severity level of depression. This 
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pattern is different from the one based on the static models, which suggests that 

the incidence of family problem during childhood plays a more important role at 

the higher ends of the CES-D distribution. Maternal smoking behaviour only 

adversely affects the individuals who have low severity of depression. This 

pattern is again different from the one observed in the static models. Finally, the 

roles of family SES characteristics differ across different quantiles of the CES-D 

score. The protective effect of higher maternal education is more significant and 

important for individuals who have more severe problems of depression. 

Compared with the results from the static models, the dynamic model results 

highlight the important role of total family income rather than the family poverty 

status in the dynamics of youth depression. According to the dynamic model, the 

inter-temporal effect of family poverty status is statistically insignificant while the 

total family income is statistically significant at the highest quantile of the CES-D 

distribution.  

 In order to illustrate the differences in the marginal effects across different 

quantiles, we present the above estimates via a graphical display of coefficients 

and the respective confidence intervals in Figure 2. In the figure, each separate 

graph presents the estimated coefficients and the 95% confidence intervals for 

each regressor. In each graph, the horizontal dashed lines are the pooled OLS 
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estimates of the point estimate and the 95% confidence interval (corresponding to 

estimates presented in columns 1 and 2 in Table 7). The green solid lines and the 

shaded areas represent the quantile regression estimates of the coefficient and the 

95% confidence intervals. The first graph clearly shows that the state dependence 

level of depression varies dramatically at different quantiles of the CES-D score 

distribution: the persistence level of depression increases from the lower quantiles 

to higher quantiles. This pattern is not captured by the pooled mean estimation 

model. The confidence intervals of the quantile regressions widen at the upper 

quantiles, indicating that the estimates at the upper quantiles are less precise than 

those at the lower quantiles.  

 Table 10 presents the conditional quantile estimation results for the pooled 

model without individual-specific effects based on the jittered sample. The 

estimates presented in the table are based on 500 jittering replications. The 

general patterns observed in the previous estimation, which treats the CES-D 

score as continuous data, are preserved in the estimation based on artificially 

smoothed CES-D score. It is still observed that the estimated persistence level is 

stronger at the higher ends of the CES-D distribution. However, the magnitudes of 

the estimates based on jittered sample are slightly smaller.  

 Table 11 summarizes the results for the conditional quantile estimation with 
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individual fixed effects. Since now the individual fixed effects are added, only 

time-varying regressors are included in the estimation. The reported standard 

errors are based on 499 bootstrap replications. As in the conditional mean 

estimation with individual fixed effects models (as shown in Table 7 and Table 8), 

the estimated marginal effects on the lag of depression score are statistically 

significant and negative across all three quantiles. Given that the state dependence 

estimates from the conditional quantile models without individual fixed effects are 

statistically significant and positive, this again suggests that conditional on all the 

other variables, the variation in depression scores is mainly mean-deviation after 

taking into account the individual fixed effects. The absolute value of the 

estimated state dependence decreases at higher quantiles of the CES-D score 

distribution. This might indicate that there is a lower level of mean reversion for 

the group of individuals at higher ends of the CES-D score distribution. It is worth 

noting that these estimates of state dependence suffer from the dynamic bias in the 

dynamic quantile regression model described in the methods section. So it is still 

difficult to infer too much about the true state dependence level of youth 

depression from these estimates. Compare to the pooled dynamic quantile 

regression model results, some different patterns are observed. First, the 

consultations for emotional problems and the use of drugs for behaviour problems 
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are still positively associated with higher CES-D scores, but less statistically 

significant after controlling for individual fixed effects. Having a job is positively 

associated with higher depression scores. Interestingly, after controlling for the 

individual fixed effects, maternal unemployment duration becomes statistically 

significant at the higher ends of the CES-D distribution; while maternal education 

becomes statistically insignificant.  The positive link between poverty status and 

higher youth depression scores is observed across all the quantiles but remains 

statistically insignificant as in the previous conditional quantile estimation models 

without individual fixed effects.  

 Table 12 presents the results for the instrumental variable conditional quantile 

estimation with individual fixed effects. The estimation is based on the original 

CES-D score without the jittering process. The reported standard errors are based 

on 499 bootstrap replications. After instrumenting the first lag of CES-D score, 

the estimates for the persistence level change dramatically across all the quantiles. 

The estimated state dependence parameter becomes statistically insignificant 

across all quantiles and the magnitudes of the estimates are substantially reduced, 

becoming much closer to zero. Since the IV estimator can reduce the dynamic 

bias of the state dependence parameter, these estimates should be more reliable 

than those from the model without instrumenting. The fact that the estimates are 
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statistically insignificant and close to zero indicates that the persistence level of 

youth depression is very small at all parts of the CES-D distribution. The 

association between the previous CES-D score and the current CES-D score is 

merely mean deviation around the within-individual means after taking into 

account the unobserved individual heterogeneity. It is worth noting that after 

instrumenting the first lag of CES-D score with the second lag of the CES-D score, 

we lost a wave of observations. This, in conjunction with the use of instrumental 

variables, increases the standard errors dramatically: the bootstrapped standard 

errors are at least twice those based on individual fixed effects without 

instrumenting (as in Table 11). Accordingly, only a few factors remain statistically 

significant in this model. The estimated marginal effect of a youth having a job 

now becomes statistically significant and negative. Higher maternal education and 

higher family income are still negatively associated with higher depression scores, 

but both factors become statistically insignificant. It is surprising that in this 

model, the estimated marginal effect of family poverty status on depression scores 

becomes negative, which is counter-intuitive.  

 Table 13 presents the results for the instrumental variable conditional quantile 

estimation with individual fixed effects based on the jittered sample. The point 

estimates of the marginal effects are based on 500 jittering replications. The 
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reported standard errors are based on 499 bootstrap replications. Consistent with 

the conditional quantile estimation with fixed effects but without instrumenting 

(as in Table 11), the estimated state dependence parameter is statistically 

insignificant across all the quantiles. The magnitude of the estimates is much 

smaller based on the jittered sample. This is consistent with the above conclusion 

that the state dependence of youth depression is rather mobile in nature at all parts 

of the distribution when unobserved individual heterogeneity is taken into account. 

Again, because we have fewer time periods to estimate the model, only a few 

factors remain statistically significant in this model. The patterns with regard to 

the effect of the other variables are similar with those observed in the IV estimator 

without the jittering process (as in Table 12). 

 

2.5 Conclusions 

Our study examines the roles of family SES, early childhood life-events, 

unobserved heterogeneity and pure state dependence in explaining the distribution 

of depression among adolescents and young adults. We employ a conditional 

quantile regression framework to address this question and to explore potential 

heterogeneity in the effects of these factors across different quantiles of the 

depression score. This is important because these factors of interest may not only 
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affect the location of the conditional distribution of youth depression, but also 

affect the scale or other aspect of the distributional shape. If the underlying 

mechanism that links these factors with youth depression does differ at different 

parts of the depression distribution, using a conditional mean estimation will 

neglect this aspect and provide quite different policy implications. Using the US 

data on the children of the NLSY79 cohort, we first estimated a set of static 

conditional mean models. The results are in line with the majority of the literature, 

which highlights the important roles of gender, race, birth order, maternal drinking 

and smoking behaviour during pregnancy, and a set of family SES factors 

including maternal education and family poverty status. However, the pooled 

conditional mean estimation model results suggest that there is no statistically 

significant effect of stressful life-events including the incidence of family problem 

and emotional trauma during childhood. This contradicts the studies that 

document the adverse effect of these events. We then estimated a set of static 

conditional quantile regression models. Our results reveal the asymmetry of the 

link between stressful life events and youth depression. The pooled conditional 

quantile estimation model results show that the stressful life events appears 

statistically significant for some of the quantiles but not for the others. The 

asymmetric behaviour of the links is masked by the conditional mean estimation. 
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This might explain why some studies observe the adverse effect of stressful life 

events on youth depression while others do not. Furthermore, our conditional 

quantile regression results provide us with more insights about the differential 

effects of various factors at different parts of the depression distribution. For 

example, different types of life-events have different roles across different 

quantiles of the depression score: the incidence of family problems (family 

member loss or parental divorce) during childhood plays a more important role at 

the higher ends of the depression distribution, while the incidence of emotional 

trauma during childhood plays a more important role at the lower ends. Moreover, 

the family SES-youth depression gradient observed in the conditional mean 

estimation models varies substantially across different quantiles of the depression 

distribution. Specifically, maternal education, maternal unemployment duration 

and family poverty status are more important at the higher ends of the depression 

distribution, and are statistically insignificant at the lowest quantile of the 

depression distribution. This highlights the importance of devoting resources to 

the individuals with the most severe levels of depression and employing policies 

that aim to improve these specific family SES conditions for them.  

 Our study also explicitly models the dynamics of depression during 

adolescence to early adulthood. We estimate the persistence level of youth 
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depression and examine the inter-temporal roles of family SES, early childhood 

life-events, and unobserved heterogeneity in explaining the dynamics of youth 

depression. A methodological contribution of our study is that in addition to 

standard dynamic quantile regression models, we employ a newly-developed 

instrumental variable quantile regression for dynamic panel with fixed-effects 

model to address this research question. The dynamic conditional quantile 

regression models revealed the importance of  taking into account individual 

heterogeneity when examining the dynamics of youth depression. The results 

from the pooled model indicate that there is a strong positive state dependence of 

youth depression across all quantiles of the CES-D distribution. Also, the 

magnitude of the state dependence estimate is larger at higher ends of the 

depression distribution, indicating a higher persistence level for the individuals 

who have more severe depressive symptoms. In other words, the individuals at 

higher ends of the CES-D distribution are less likely to recover from depression. 

This raises our concern towards individuals who experience more severe 

depression symptoms. However, after taking into account the individual fixed 

effects, the persistence level of youth depression becomes very close to zero 

across all the quantiles according to our estimates based on the instrumental 

variable with fixed effects model. This delivers a different message about the 
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dynamics of depression during adolescence to early adulthood: the pure state 

dependence of youth depression is very low and the observed positive association 

between previous depression and current depression is mainly due to unobserved 

individual heterogeneity. Furthermore, the estimates from the quantile regression 

models show the differential inter-temporal effects of stressful life events and 

family SES factors across the different quantiles of depression distribution. The 

incidence of family problems or family member loss, and the incidence of 

emotional trauma during childhood are more important for the individuals who 

have relatively lower severity level of depression. The family SES-youth 

depression gradient is steeper at the higher ends of the depression distribution.  

 By estimating the static conditional mean and conditional quantile models, we 

examined the relative contributions of a set of important factors in explaining the 

variability of youth depression. Our results provide a more complete view of the 

important roles of stressful life events and family SES factors, and a potential 

explanation for the differences in the existing evidence. Our dynamic models 

attempt to examine the state dependence of youth depression and the 

inter-temporal roles of the same set of factors. The IV estimation with fixed 

effects model could provide us with a bias-corrected estimate of the pure state 

dependence parameter taking account of the unobserved heterogeneity. The 
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results indicate that youth depression is rather mobile or transitory in nature. 

Unfortunately, the short panel of the data led to considerable imprecision for the 

estimates obtained via the IV quantile regression with fixed effects model. In 

future studies, the results can be improved if additional waves of data become 

available for the estimation of dynamic IV models.  
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Table 2.1: Descriptive statistics of variables used for estimation (N= 3,543 individuals) 
Variables Mean Std. dev. Median 

Youth CES-D depression score 4.576 3.679 4 

Youth CES-D=0 11.20%   

Youth age 19.071 2.933 19 

Youth Sex (Male) 49.03%   

Youth race: Hispanic 23.59%   

Youth race: Black 36.14%   

Youth race: Non-Hispanic, non-black 40.28%   

Birth order of youth: First 42.91%   

Birth order of youth: Second 34.02%   

Birth order of youth: Third 15.89%   

Birth order of youth: Fourth and above 7.18%   

Youth live in urban area (0-1) 0.777 0.417 1 

Youth live in SMSA (0-1) 0.869 0.337 1 

Youth has a CPS job28 0.720  (0-1) 0.449 1 

Youth emotional problem in last year (0-1) 0.069 0.253 0 

Youth prescription drug for behavior problem (0-1) 0.037 0.189 0 

Incidence of child psychiatrist visits (in all survey years)for: 

            Emotional trauma, molestation, abuse 0.021 0.183 0 

            Loss of parents/siblings, divorce 0.056 0.270 0 

Age of mother at birth of child 23.675 3.565 24 

Mother drinking alcohol during pregnancy (0-1) 0.421 0.494 0 

Mother smoking during pregnancy (0-1) 0.312 0.464 0 

Highest grade completed by mother date 12.544 2.560 12 

Maternal # of weeks unemployed in past calendar year 2.146 8.316 0 

Maternal # of weeks unemployed since last interview 4.115 16.770 0 

Total annual parental income (in mother’s family) 56,309.81 59,576.68 42,000 

Poverty status of family in past calendar year (0-1) 0.224 0.417 0.224 

Note: only the variables used for model estimation are included in the table.  

                                                        

28A CPS job is a job type within the classification used in the Current Population Survey (CPS). 
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Table 2.2: Transition matrix for the CES-D score over all waves (5 categories) 
 

 0 1-3 4-6 7-11 12-21 Total 

0 26.47 43.08 20.16 8.64 1.66 100 

1-3 13.51 43.54 28.56 12.07 2.33 100 

4-6 7.41 33.48 34.79 20.97 3.34 100 

7-11 4.35 20.96 32.50 30.65 11.54 100 

12-21 3.93 16.16 20.52 35.15 24.24 100 

Total 11.00 34.87 29.62 18.98 5.53 100 

Note: the cells represent the unconditional transition probabilities in percentages.  The bold cell 

shows the biggest cell in each row. 
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Table 2.3: Static conditional mean estimation for CES-D score—Linear model 
  

 (1) (2) (3) (4) (5) (6) 

 Pooled linear model Linear model, 

random-effects specification 

 

Linear model, fixed-effects 

specification 

 Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 Youth Gender: male -0.8111*** 0.0993 -0.8327*** 0.0992   
Race: black 0.4271*** 0.1394 0.4704*** 0.1380   
Race: non-Hispanic & non-black 0.0626 0.1379 0.0540 0.1405   
Birth order 0.1978*** 0.0555 0.1972*** 0.0547   
Emotional problem consultation last year 1.9760*** 0.2143 1.4452*** 0.1600 0.5903*** 0.1895 
Drug use for behavior problem last year 1.6478*** 0.2865 1.2840*** 0.2187 0.4596 0.2808 
Youth has a CPS job 0.3899*** 0.0957 0.3981*** 0.0874 0.3915*** 0.1039 
Incidence of family problem during 

childhood 
0.2960 0.2047 0.3368* 0.1859   

Incidence of emotional trauma during 

childhood 
0.4788 0.3174 0.5495** 0.2680   

Age of mother at birth of child -0.0529*** 0.0165 -0.0512*** 0.0160   
Mother drinking during pregnancy 0.1874* 0.1100 0.1800* 0.1065   
Mother smoking during pregnancy 0.2987** 0.1202 0.3572*** 0.1143   
Youth living in urban 0.0414 0.1179 0.0279 0.1106 0.0705 0.1516 
Youth living in SMSA 0.0488 0.1462 0.0992 0.1375 0.2231 0.1996 
Maternal highest grade completed -0.0408* 0.0235 -0.0366* 0.0219 -0.0671 0.0563 
Maternal # of weeks unemployed last 

year 
0.0013 0.0095 0.0039 0.0074 0.0087 0.0089 

Maternal # of weeks unemployed since 

last interview 
0.0024 0.0050 0.0004 0.0037 -0.0035 0.0043 

Maternal total family income -7.13E-07 8.90E-07 -6.13E-07 8.30E-07 -2.54E-07 1.19E-06 
Maternal family poverty status 0.2562* 0.1324 0.2141* 0.1168 0.0561 0.1639 
Maternal family low-income level -1.31E-05 1.01E-05 -1.21E-05 8.97E-06 3.71E-06 1.54E-05 
Constant 5.6418*** 0.4790 5.5241*** 0.4498 4.7604*** 0.7740 
sigma_u  1.9904 2.9511 
sigma_e  2.9218 2.9218 
ICC (rho)  0.3170 0.5050 

1. The reported standard errors are robust to cluster effects for the pooled specification. 
2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes 

statistical significance at 10% level. 
3. ICC is the intra-class correlation coefficient, (σu

2/ (1+ σu
2)). 

4. The time-invariant regressors are automatically dropped from the fixed-effects model. 
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Table 2.4: Static conditional mean estimation for CES-D score—Poisson model 
 

 (1) (2) (3) (4) (5) (6) 

 

Pooled model 

 

Poisson model, 

random-effects 

specification 

 

Poisson model, 

fixed-effects specification 

 

 Marg. Eff. 

 

St. Err. 

  

Marg. Eff. 

 

St. Err. 

  

Marg. Eff. 

 

St. Err. 

  Youth Gender: male -0.8015*** 0.0978 -0.8071*** 0.0996   
Race: black 0.4208*** 0.1416 0.4902*** 0.1357   
Race: non-Hispanic & non-black 0.0657 0.1412 0.0463 0.1466   
Birth order 0.1872*** 0.0515 0.1909*** 0.0499   
Emotional problem consultation last 

year 
1.8308*** 0.2056 0.8579*** 0.1613 0.0979** 0.0397 

Drug use for behavior problem last 

year 
1.4158*** 0.2604 0.7477*** 0.2306 0.0680 0.0606 

Youth has a CPS job 0.3901*** 0.0933 0.4091*** 0.0917 0.0850*** 0.0283 
Incidence of family problem during 

childhood 
0.2624 0.1713 0.3590** 0.1767   

Incidence of emotional trauma during 

childhood 
0.3402 0.2159 0.4918** 0.2344   

Age of mother at birth of child -0.0511*** 0.0161 -0.0517*** 0.0166   
Mother drinking during pregnancy 0.1789* 0.1081 0.1637 0.1086   
Mother smoking during pregnancy 0.2849** 0.1160 0.3884*** 0.1146   
Youth living in urban 0.0351 0.1178 0.0313 0.1197 0.0128 0.0321 
Youth living in SMSA 0.0477 0.1440 0.1370 0.1328 0.0500 0.0428 
Maternal highest grade completed -0.0423* 0.0235 -0.0394* 0.0230 -0.0149 0.0097 
Maternal # of weeks unemployed last 

year 
0.0012 0.0076 0.0053 0.0072 0.0015 0.0017 

Maternal # of weeks unemployed 

since last interview 
0.0019 0.0037 -0.0011 0.0033 -0.0005 0.0008 

Maternal total family income -8.81E-07 0.00E+00 -6.07E-07 0.00E+00 -5.00E-08 0.00E+00 
Maternal family poverty status 0.2280* 0.1260 0.1514 0.1243 0.0135 0.0364 
Maternal family low-income level -1.30E-05 1.00E-05 -8.20E-06 1.00E-05 9.67E-07 0.00E+00 

1. For the pooled specification, the reported standard errors are robust to cluster effects; for the 
random-effects and fixed-effects models, the reported standard errors are based on bootstrapping for 499 
replications. 

2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes 
statistical significance at 10% level. 

3. The time-invariant regressors are automatically dropped from the fixed-effects model.  
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Table 2.5: Static conditional quantile estimation without individual-specific effects: No jittering 
process (CES-D score as a continuous variable) 

  
 (1) (2) (3) (4) (5) (6) 

 

0.25 Quantile regression 

 

0.50 Quantile regression 

 

0.75 Quantile regression 

 

 Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 Youth Gender: male -0.3182*** 0.0653 -0.6506*** 0.0851 -1.2216*** 0.1348 
Race: black 0.3396*** 0.0915 0.4071*** 0.1190 0.3005 0.1890 
Race: non-Hispanic & non-black 0.0220 0.0932 0.1411 0.1219 0.0236 0.1935 
Birth order 0.1582*** 0.0361 0.1190** 0.0471 0.2972*** 0.0747 
Emotional problem consultation last 

year 
1.2602*** 0.1379 1.6442*** 0.1784 2.4537*** 0.2826 

Drug use for behavior problem last 

year 
1.1644*** 0.1802 1.6988*** 0.2347 2.4194*** 0.3725 

Youth has a CPS job 0.3788*** 0.0746 0.2974*** 0.0975 0.5237*** 0.1544 
Incidence of family problem during 

childhood 
0.0426 0.1209 0.2788* 0.1600 0.5207** 0.2520 

Incidence of emotional trauma during 

childhood 
0.4406*** 0.1692 0.4987** 0.2260 0.3139 0.3571 

Age of mother at birth of child -0.0245** 0.0108 -0.0487*** 0.0141 -0.1028*** 0.0222 
Mother drinking during pregnancy 0.0619 0.0703 0.2079** 0.0912 0.4028*** 0.1455 
Mother smoking during pregnancy 0.2200*** 0.0759 0.2136** 0.0983 0.4004** 0.1564 
Youth living in urban -0.0373 0.0882 0.0585 0.1148 0.2459 0.1828 
Youth living in SMSA 0.0520 0.1077 -0.0239 0.1403 -0.1712 0.2223 
Maternal highest grade completed -0.0184 0.0150 -0.0375* 0.0199 -0.0414 0.0317 
Maternal # of weeks unemployed last 

year 
0.0003 0.0052 0.0042 0.0079 0.0121 0.0134 

Maternal # of weeks unemployed 

since last interview 
0.0008 0.0022 0.0024 0.0038 -0.0038 0.0067 

Maternal total family income -7.98E-07 6.16E-07 -7.11E-07 8.35E-07 -1.61E-06 1.38E-06 
Maternal family poverty status 0.0561 0.0918 0.2208* 0.1199 0.2150 0.1901 

Maternal family low-income level -5.91E-06 6.32E-06 
-2.38E-05*

** 
8.59E-06 

-3.15E-05*

* 
1.41E-05 

Constant 2.1959*** 0.3138 5.1982*** 0.4117 8.9224*** 0.6625 
1. The reported standard errors are robust to cluster effects for the pooled specification. 
2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, 

* denotes statistical significance at 10% level. 
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Table 2.6: Static conditional quantile estimation without individual-specific effects: With jittering 
process (CES-D score as a discrete variable) 

  
 (1) (2) (3) (4) (5) (6) 
 0.25 Quantile regression 

 

0.50 Quantile regression 0.75 Quantile regression 

 

 Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 Youth Gender: male -0.3720*** 0.0753 -0.6722*** 0.0807 -1.1764*** 0.1260 
Race: black 0.3618*** 0.1071 0.4055*** 0.1157 0.3001* 0.1760 
Race: non-Hispanic & non-black 0.0586 0.1137 0.1449 0.1121 0.0213 0.1783 
Birth order 0.1585*** 0.0322 0.1179** 0.0464 0.2604*** 0.0676 
Emotional problem consultation last 

year 
1.2638*** 0.1592 1.5567*** 0.1997 2.2617*** 0.2972 

Drug use for behavior problem last 

year 
0.9631*** 0.2227 1.6202*** 0.2440 2.0252*** 0.2963 

Youth has a CPS job 0.3736*** 0.0825 0.3297*** 0.0919 0.4916*** 0.1314 
Incidence of family problem during 

childhood 
0.0493 0.1786 0.2630* 0.1441 0.4805 0.3014 

Incidence of emotional trauma during 

childhood 
0.3783** 0.1651 0.3915** 0.1658 0.2368 0.3996 

Age of mother at birth of child -0.0213* 0.0129 -0.0498*** 0.0134 -0.1000*** 0.0205 
Mother drinking during pregnancy 0.0439 0.0810 0.1883** 0.0874 0.3895*** 0.1337 
Mother smoking during pregnancy 0.1826** 0.0873 0.2354** 0.0963 0.3997*** 0.1446 
Youth living in urban -0.0357 0.1074 0.0381 0.1122 0.2494 0.1597 
Youth living in SMSA 0.0077 0.1300 -0.0036 0.1329 -0.1626 0.1922 
Maternal highest grade completed -0.0142 0.0161 -0.0337* 0.0178 -0.0581* 0.0317 
Maternal # of weeks unemployed last 

year 
0.0020 0.0054 0.0029 0.0055 0.0099* 0.0060 

Maternal # of weeks unemployed 

since last interview 
0.0004 0.0018 0.0021 0.0020 -0.0033 0.0024 

Maternal total family income -1.18E-06 9.44E-07 -1.09E-06 9.55E-07 -1.52E-06 1.23E-06 
Maternal family poverty status 0.0906 0.1043 0.2016* 0.1224 0.1679 0.1624 

Maternal family low-income level -4.48E-06 6.61E-06 
-1.96E-05*

* 
8.77E-06 

-2.96E-05*

* 
1.22E-05 

1. All the estimates are based on 500 jittering replications. 
2. The marginal effects are calculated based on the jittered sample. 
3. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, 

* denotes statistical significance at 10% level. 
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Table 2.7: Dynamic conditional mean estimation for CES-D score—Linear model 
  

 (1) (2) (3) (4) (5) (6) 

 
Pooled linear model 

 

Linear model, 

random-effects specification 

 

Linear model, fixed-effects 

specification 

 Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 CESDlag (t-1) 0.3419*** 0.0151 0.2351*** 0.0127 -0.3702*** 0.0175 
Youth Gender: male -0.4876*** 0.0871 -0.5914*** 0.1010   
Race: black 0.4068*** 0.1214 0.4522*** 0.1397   
Race: non-Hispanic & non-black 0.1570 0.1217 0.1648 0.1429   
Birth order 0.1221** 0.0479 0.1472*** 0.0552   
Emotional problem consultation last year 1.3490*** 0.2352 1.3328*** 0.1926 0.5496** 0.2384 
Drug use for behavior problem last year 0.8686*** 0.3082 0.9559*** 0.2688 0.6339* 0.3667 
Youth has a CPS job 0.1097 0.1162 0.1489 0.1187 0.3674** 0.1511 
Incidence of family problem during 

childhood 
0.3036* 0.1596 0.3594* 0.1886   

Incidence of emotional trauma during 

childhood 
0.5318** 0.2613 0.5861** 0.2719   

Age of mother at birth of child -0.0150 0.0145 -0.0253 0.0164   
Mother drinking during pregnancy 0.1574 0.0961 0.1738 0.1074   
Mother smoking during pregnancy 0.1641 0.1054 0.2224* 0.1160   
Youth living in urban 0.0477 0.1205 0.0645 0.1258 0.2192 0.1827 
Youth living in SMSA 0.1005 0.1578 0.1386 0.1730 0.6721** 0.3149 
Maternal highest grade completed -0.0439** 0.0208 -0.0447* 0.0229 -0.0361 0.0646 
Maternal # of weeks unemployed last 

year 
0.0092 0.0158 0.0133 0.0153 0.0448** 0.0185 

Maternal # of weeks unemployed since 

last interview 
-0.0071 0.0091 -0.0086 0.0089 -0.0210* 0.0109 

Maternal total family income -7.15E-07 7.71E-07 -7.34E-07 8.84E-07 -7.83E-08 1.37E-06 
Maternal family poverty status 0.2519** 0.1262 0.2736** 0.1315 0.1887 0.2123 
Maternal family low-income level -7.49E-06 9.01E-06 -6.55E-06 9.39E-06 3.09E-05* 1.83E-05 
Constant 3.3863*** 0.4437 3.9800*** 0.4792 5.0001*** 0.9255 
sigma_u  1.3643 4.0594 
sigma_e  2.6285 2.6285 
ICC (rho)  0.2122 0.7046 

1. The reported standard errors are robust to cluster effects for the pooled specification. 
2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, 

* denotes statistical significance at 10% level. 
3. ICC is the intra-class correlation coefficient, (σu

2/ (1+ σu
2)). 

4. The time-invariant regressors are automatically dropped from the fixed-effects model. 
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Table 2.8: Dynamic conditional mean estimation for CES-D score—Poisson model 
 

 (1) (2) (3) (4) (5) (6) 

 

Pooled model 

 

Poisson model, 

random-effects 

specification 

 

Poisson model, 

fixed-effects specification 

 

 Marg. Eff. 

 

St. Err. 

  

Marg. Eff. 

 

St. Err. 

  

Marg. Eff. 

 

St. Err. 

  CESDlag (t-1) 0.2746*** 0.0106 -0.0019 0.0181 -0.0743*** 0.0197 
Youth Gender: male -0.4608*** 0.0868 -0.8055*** 0.1158   
Race: black 0.3947*** 0.1225 0.5430*** 0.1596   
Race: non-Hispanic & non-black 0.1618 0.1256 0.1609 0.1622   
Birth order 0.1106*** 0.0432 0.1935*** 0.0575   
Emotional problem consultation last 

year 
1.1171*** 0.2100 0.9528*** 0.2161 0.1056 0.0694 

Drug use for behavior problem last 

year 
0.5518** 0.2476 0.8209*** 0.3006 0.1615 0.1071 

Youth has a CPS job 0.1291 0.1115 0.2455* 0.1321 0.1210** 0.0555 
Incidence of family problem during 

childhood 
0.2406* 0.1267 0.4390** 0.1749   

Incidence of emotional trauma during 

childhood 
0.3599** 0.1710 0.5850** 0.2655   

Age of mother at birth of child -0.0156 0.0140 -0.0477*** 0.0178   
Mother drinking during pregnancy 0.1523* 0.0923 0.2049* 0.1205   
Mother smoking during pregnancy 0.1373 0.0987 0.3708*** 0.1379   
Youth living in urban 0.0625 0.1188 0.1197 0.1321 0.0479 0.0487 
Youth living in SMSA 0.0578 0.1533 0.2319 0.1738 0.2289** 0.1122 
Maternal highest grade completed -0.0449** 0.0204 -0.0449 0.0284 0.0019 0.0222 
Maternal # of weeks unemployed last 

year 
0.0060 0.0141 0.0217 0.0153 0.0117** 0.0059 

Maternal # of weeks unemployed 

since last interview 
-0.0054 0.0082 -0.0121 0.0092 -0.0055* 0.0033 

Maternal total family income -8.25E-07 0.0000 -8.95E-07 0.00E+00 -4.86E-08 0.00E+00 
Maternal family poverty status 0.2048* 0.1165 0.2687* 0.1441 0.0542 0.0627 
Maternal family low-income level -8.63E-06 1.00E-05 -1.69E-06 1.00E-05 7.97E-06 1.00E-05 

1. For the pooled specification, the reported standard errors are robust to cluster effects; for the 
random-effects and fixed-effects models, the reported standard errors are based on 
bootstrapping for 499 replications. 

2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, 
* denotes statistical significance at 10% level. 

3. The time-invariant regressors are automatically dropped from the fixed-effects model.  
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Table 2.9: Dynamic conditional quantile estimation without individual-specific effects: No 
jittering process (CES-D score as a continuous variable) 

 (1) (2) (3) (4) (5) (6) 

 

0.25 Quantile regression 

 

0.50 Quantile regression 

 

0.75 Quantile regression 

 

 Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 CESDlag (t-1) 0.2738*** 0.0137 0.3624*** 0.0118 0.4574*** 0.0182 
Youth Gender: male -0.1361 0.0944 -0.3730*** 0.0865 -0.8038*** 0.1344 
Race: black 0.4054*** 0.1315 0.4239*** 0.1197 0.2996 0.1850 
Race: non-Hispanic & non-black 0.1445 0.1330 0.1984 0.1228 0.1294 0.1898 
Birth order 0.0878* 0.0514 0.0083 0.0470 0.1866** 0.0734 
Emotional problem consultation last 

year 
0.9384*** 0.2015 1.1797*** 0.1834 1.5569*** 0.2867 

Drug use for behavior problem last 

year 
0.7001** 0.2775 0.8675*** 0.2518 0.7315* 0.3941 

Youth has a CPS job 0.3127** 0.1227 0.0615 0.1123 0.1558 0.1743 
Incidence of family problem during 

childhood 
0.3993** 0.1780 0.1643 0.1621 0.1625 0.2443 

Incidence of emotional trauma during 

childhood 
0.5257** 0.2474 0.5626** 0.2312 0.2182 0.3438 

Age of mother at birth of child -0.0002 0.0154 -0.0024 0.0141 -0.0320 0.0218 
Mother drinking during pregnancy -0.1685* 0.1005 0.0778 0.0919 0.4264*** 0.1442 
Mother smoking during pregnancy 0.2811*** 0.1077 0.1464 0.0993 0.0959 0.1547 
Youth living in urban 0.1056 0.1289 -0.0900 0.1164 0.2128 0.1815 
Youth living in SMSA -0.0511 0.1734 -0.0474 0.1567 -0.1494 0.2433 
Maternal highest grade completed -0.0140 0.0225 -0.0519*** 0.0200 -0.0647** 0.0306 
Maternal # of weeks unemployed last 

year 
-0.0098 0.0156 0.0152 0.0147 -0.0030 0.0250 

Maternal # of weeks unemployed 

since last interview 
0.0009 0.0091 -0.0076 0.0086 -0.0010 0.0144 

Maternal total family income -6.48E-07 8.47E-07 -9.79E-07 8.00E-07 -2.20E-06* 1.26E-06 
Maternal family poverty status 0.1152 0.1306 0.1535 0.1200 0.1489 0.1852 
Maternal family low-income level 5.41E-06 8.99E-06 -1.63E-05* 8.36E-06 -2.14E-05 1.31E-05 
Constant 0.3915 0.4583 3.2626*** 0.4225 5.6848*** 0.6648 

1. The reported standard errors are robust to cluster effects for the pooled specification. 
2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, 

* denotes statistical significance at 10% level. 
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Table 2.10: Dynamic conditional quantile estimation without individual-specific effects: With 
jittering process (CES-D score as a discrete variable)  

 (1) (2) (3) (4) (5) (6) 

 
0.25 Quantile regression 

 

0.50 Quantile regression 

 

0.75 Quantile regression 

 

 Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 CESDlag (t-1) 0.2091*** 0.0129 0.2986*** 0.0119 0.3869*** 0.0167 
Youth Gender: male -0.1495 0.0993 -0.3716*** 0.0918 -0.7518*** 0.1344 
Race: black 0.4458*** 0.1487 0.4968*** 0.1243 0.3055 0.2015 
Race: non-Hispanic & non-black 0.2136 0.1483 0.2808** 0.1296 0.1034 0.1981 
Birth order 0.0871* 0.0502 0.0244 0.0483 0.2026** 0.0812 
Emotional problem consultation last 

year 
0.7691*** 0.2559 1.0770*** 0.2149 1.2845*** 0.4128 

Drug use for behavior problem last 

year 
0.3921 0.2714 0.5800** 0.2479 0.5835 0.3697 

Youth has a CPS job 0.2964** 0.1223 0.1024 0.1119 0.1464 0.1898 
Incidence of family problem during 

childhood 
0.2289 0.1617 0.1358 0.1374 0.0764 0.1812 

Incidence of emotional trauma during 

childhood 
0.3074 0.2056 0.4599*** 0.1621 0.2415 0.6581 

Age of mother at birth of child 0.0023 0.0147 -0.0080 0.0148 -0.0399* 0.0242 
Mother drinking during pregnancy -0.1272 0.1033 0.0843 0.1000 0.4588*** 0.1385 
Mother smoking during pregnancy 0.2064* 0.1116 0.1128 0.1063 0.0750 0.1529 
Youth living in urban 0.0920 0.1353 -0.0801 0.1344 0.1929 0.1581 
Youth living in SMSA -0.0470 0.1678 -0.0130 0.1877 -0.2189 0.2296 
Maternal highest grade completed -0.0119 0.0209 -0.0491** 0.0222 -0.0638* 0.0333 
Maternal # of weeks unemployed last 

year 
-0.0036 0.0174 0.0079 0.0188 0.0042 0.0291 

Maternal # of weeks unemployed 

since last interview 
-0.0024 0.0094 -0.0049 0.0122 -0.0040 0.0159 

Maternal total family income -1.30E-06 8.96E-07 -1.04E-06 7.40E-07 -2.11E-06 1.29E-06 
Maternal family poverty status 0.0704 0.1261 0.1850 0.1279 0.1626 0.1747 

Maternal family low-income level 3.44E-06 7.53E-06 
-1.86E-05*

* 
8.20E-06 

-2.50E-05*

* 
1.24E-05 

1. All the estimates are based on 500 jittering replications. 
2. The marginal effects are calculated based on the jittered sample. 
3. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, 

* denotes statistical significance at 10% level. 
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Table 2.11: Dynamic conditional quantile estimation with individual fixed effects: No jittering 
process (CES-D score as a continuous variable) ----- Koenker 2004 method 

 (1) (2) (3) (4) (5) (6) 

 

0.25 Quantile regression 

 

0.50 Quantile regression 

 

0.75 Quantile regression 

 

 Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 CESDlag (t-1) -0.4611*** 0.0256 -0.3607*** 0.0241 -0.2828*** 0.0252 
Youth Gender: male       
Race: black       
Race: non-Hispanic & non-black       
Birth order       
Emotional problem consultation last 

year 
0.3223 0.2587 0.3341 0.2532 0.6160* 0.3430 

Drug use for behavior problem last 

year 
0.6855** 0.3424 0.4930 0.3588 0.0041 0.4393 

Youth has a CPS job 0.2074 0.1528 0.1817 0.1520 0.2543* 0.1502 
Incidence of family problem during 

childhood 
      

Incidence of emotional trauma during 

childhood 
      

Age of mother at birth of child       
Mother drinking during pregnancy       
Mother smoking during pregnancy       
Youth living in urban 0.0369 0.1951 0.1174 0.1822 0.2625 0.1748 
Youth living in SMSA 0.0763 0.3289 0.2095 0.3671 0.2170 0.3277 
Maternal highest grade completed -0.0320 0.0634 -0.0187 0.0641 -0.0219 0.0652 
Maternal # of weeks unemployed last 

year 
0.0029 0.0189 0.0261 0.0196 0.0551*** 0.0203 

Maternal # of weeks unemployed 

since last interview 
-0.0040 0.0101 -0.0126 0.0100 -0.0227** 0.0115 

Maternal total family income -1.08E-06 1.46E-06 -2.84E-07 1.49E-06 -2.97E-07 1.49E-06 
Maternal family poverty status 0.1269 0.2285 0.2021 0.2196 0.1948 0.2249 
Maternal family low-income level 2.05E-05 1.81E-05 1.62E-05 1.70E-05 3.23E-05* 1.86E-05 

1. The reported standard errors are based on 499 bootstrapping replications. 
2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, 

* denotes statistical significance at 10% level. 
3. The time-invariant regressors are dropped from the fixed-effects model. 
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Table 2.12: Dynamic conditional quantile estimation: instrumental variable approach with 
individual fixed effects: No jittering process (CES-D score as a continuous variable) ----- Galvao 

2011 method 
 (1) (2) (3) (4) (5) (6) 

 

0.25 Quantile regression 

 

0.50 Quantile regression 

 

0.75 Quantile regression 

 

 Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 CESDlag (t-1) -0.1444 0.1818 -0.0058 0.1596 0.0813 0.1521 
Youth Gender: male       
Race: black       
Race: non-Hispanic & non-black       
Birth order       
Emotional problem consultation last 

year 
0.9881 0.6561 0.9914 0.6450 0.9797 0.6417 

Drug use for behavior problem last 

year 
-0.0989 1.4006 -0.3526 1.4256 -0.5013 1.3997 

Youth has a CPS job -1.0800** 0.4911 -1.0722** 0.4855 -1.0796** 0.4831 
Incidence of family problem during 

childhood 
      

Incidence of emotional trauma during 

childhood 
      

Age of mother at birth of child       
Mother drinking during pregnancy       
Mother smoking during pregnancy       
Youth living in urban 0.1312 0.5345 0.0998 0.5406 0.0897 0.5437 
Youth living in SMSA -0.7634 0.7966 -0.7868 0.7928 -0.7936 0.7987 
Maternal highest grade completed -0.0086 0.1631 -0.0135 0.1625 -0.0157 0.1629 
Maternal # of weeks unemployed last 

year 
-0.0011 0.0478 0.0035 0.0477 0.0065 0.0479 

Maternal # of weeks unemployed 

since last interview 
0.0020 0.0268 -0.0018 0.0266 -0.0044 0.0266 

Maternal total family income -2.30E-06 3.45E-06 -2.12E-06 3.48E-06 -1.96E-06 3.46E-06 
Maternal family poverty status -1.2136** 0.5922 -1.2488** 0.5909 -1.2683** 0.5897 
Maternal family low-income level -1.07E-05 3.76E-05 -5.21E-06 3.74E-05 -2.80E-06 3.76E-05 
       
Instrumental variable: CESD lag (t-2) 0.0353 0.0593 0.0009 0.0602 -0.0205 0.0676 

1. The reported standard errors are based on 499 bootstrapping replications. 
2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, 

* denotes statistical significance at 10% level. 
3. The time-invariant regressors are dropped from the fixed-effects model. 
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Table 2.13: Dynamic conditional quantile estimation: instrumental variable approach with 
individual fixed effects: With jittering process (CES-D score as a discrete variable) ----- Galvao 

2011 method with jittered sample 
 (1) (2) (3) (4) (5) (6) 

 

0.25 Quantile regression 

 

0.50 Quantile regression 

 

0.75 Quantile regression 

 

 Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 

Marg. Eff. 

 

St. Err. 

 CESDlag (t-1) -0.0193 0.0432 -0.0140 0.0343 -0.0137 0.0368 
Youth Gender: male       
Race: black       
Race: non-Hispanic & non-black       
Birth order       
Emotional problem consultation last 

year 
0.3725 0.2520 0.2951 0.1942 0.3036 0.1964 

Drug use for behavior problem last 

year 
-0.1371 0.5386 -0.1179 0.5717 -0.1203 0.6386 

Youth has a CPS job -0.5308* 0.2906 -0.4038* 0.2317 -0.3894 0.2438 
Incidence of family problem during 

childhood 
      

Incidence of emotional trauma during 

childhood 
      

Age of mother at birth of child       
Mother drinking during pregnancy       
Mother smoking during pregnancy       
Youth living in urban 0.1016 0.2243 0.0691 0.1728 0.0624 0.1653 
Youth living in SMSA -0.4018 0.5442 -0.3044 0.3773 -0.3130 0.4109 
Maternal highest grade completed 0.0043 0.0812 0.0019 0.0622 0.0001 0.0612 
Maternal # of weeks unemployed last 

year 
0.0102 0.0215 0.0077 0.0165 0.0071 0.0167 

Maternal # of weeks unemployed 

since last interview 
-0.0053 0.0127 -0.0039 0.0098 -0.0034 0.0099 

Maternal total family income -1.17E-06 1.18E-06 -9.20E-07 9.03E-07 -9.67E-07 9.17E-07 
Maternal family poverty status -0.4497** 0.2086 -0.3409** 0.1606 -0.3381** 0.1642 
Maternal family low-income level -3.59E-06 1.64E-05 -2.72E-06 1.25E-05 -2.74E-06 1.22E-05 
       
Instrumental variable: CESD lag (t-2) -0.0009 0.0065 -0.0006 0.0048 -0.0002 0.0046 

1. The point estimates of the marginal effects are based on 500 jittering replications.   
2. The reported standard errors are based on 499 bootstrapping replications. 
3. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, 

* denotes statistical significance at 10% level.  
4. The time-invariant regressors are dropped from the fixed-effects model. 
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Figure 2.1: Histogram of youth CES-D depression score 
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Figure 2.2: Dynamic quantile regression pooled estimates of marginal effects and 95% confidence intervals by quantiles 
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Figure 2.2: Dynamic quantile regression pooled estimates of marginal effects and 95% confidence intervals by quantiles (Continued) 
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2.A1 Appendix: Variable definitions 
Table 2.A.1 Variable definition and corresponding survey questions 

Type of 
variable/ area of 
interests 

Variable definition Corresponding questions and coding in the survey 

Dependent 
variables 

youth CES-D scale-- main 
dependent variable; a 7-item 
scale   

CESD - POOR APPETITE;                                      
CESD - TROUBLE KEEPING MIND ON TASKS;   
CESD - DEPRESSED;                                               
CESD - EVERYTHING TOOK EXTRA EFFORT;  
CESD - RESTLESS SLEEP;                                     
CESD - SAD;                                                             
CESD - COULD NOT GET GOING                               
0 Rarely, None of the time, 1 Day; 
1 Some, A little of the time, 1-2 days; 
2 Occasionally, Moderate Amt. of the time, 3-4 days;  
3 Most, All of the time, 5-7 days 

Independent 
variables: 
depression at 
childhood 

History--child depression scale-- 
depression at childhood age; a 
9-item scale 

DEPRESSION - HOW OFTEN CHILD FEELS SAD AND BLUE;                                                 
DEPRESSION - HOW OFTEN CHILD FEELS NERVOUS, TENSE, 
OR ON EDGE;                          
DEPRESSION - HOW OFTEN CHILD FEELS HAPPY;                                                          
DEPRESSION - HOW OFTEN CHILD FEELS BORED;                                                      
DEPRESSION - HOW OFTEN CHILD FEELS LONELY;                                                    
DEPRESSION - HOW OFTEN CHILD FEELS TIRED OR WORN 
OUT;                                        
DEPRESSION - HOW OFTEN CHILD FEELS EXCITED ABOUT 
SOMETHING;           
DEPRESSION - HOW OFTEN CHILD FEELS TOO BUSY TO GET 
EVERYTHING;                 
DEPRESSION - HOW OFTEN CHILD FEELS PRESSURED BY 
MOM OR DAD                                 
1 Often;  2 Sometimes;  3 Hardly ever 

Independent 
variables: youth 
demographics 

Gender-- sex of youth 1=male, 2=female 
Age-- age of youth at assessment 
date AGE OF YOUNG ADULT (IN YEARS) AT DATE OF INTERVIEW 

Race of youth 1=Hispanic, 2=Black, 3=non-hispanic non-black 
Birth order of youth Birth order of child, range 1 to 11 
Youth marital status CURRENT MARITAL STATUS 

Independent 
variables: home 
environment/ 
living area 

History-- Child living with 
parents in the household 

Child usual residence-- living in a household with parents. 
1 IN HOUSEHOLD OF MOTHER 
2 WITH FATHER 
3 WITH OTHER RELATIVE(S) 
4 WITH FOSTER CARE 
5 WITH ADOPTIVE PARENT(S) 
6 IN LONG TERM CARE INSTITUTION 
7 AWAY AT SCHOOL 
8 DECEASED 
9 PART TIME W/ MOTHER, PART TIME W/ FATHER 
10 PART TIME W/ MOTHER, PART TIME W/ OTHER 
11 OTHER 
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Youth live in residence own 
unit/ parental household/other 

TYPE OF RESIDENCE R LIVES IN--  
11 OWN DWELLING UNIT 
19 RESPONDENT IN PARENTS' HOUSEHOLD (BOTH PARENTS 
PRESENT) 
20 RESPONDENT IN MOTHER'S HOUSEHOLD 
21 RESPONDENT IN FATHER'S HOUSEHOLD 
22 RESPONDENT IN OTHER RELATIVE'S HOUSEHOLD 
15 CONVENT, MONASTERY, OTHER RELIGIOUS INSTITUTE 
13 OFF-BASE MILITARY FAMILY HOUSING 
12 ON-BASE MILITARY FAMILY HOUSING 
16 OTHER INDIVIDUAL QUARTERS (SPECIFY) 

Youth live in rural/urban IS CURRENT RESIDENCE URBAN OR RURAL? 
Youth live in SMSA IS CURRENT RESIDENCE IN SMSA? 

Independent 
variables: 
cognitive/non-co
gnitive abilities 

History— 
Child Cognitive abilities—PIAT 
Math score 

PIAT MATH: TOTAL RAW SCORE 
PIAT MATH: TOTAL STANDARD SCORE 
PIAT MATH: TOTAL PERCENTILE SCORE 
(this instrument is administered for the age range of 5-14 years old) 

History— 
Child Cognitive abilities—PIAT 
Reading recognition score 

PIAT READING RECOGNITION : TOTAL RAW SCORE 
PIAT READING RECOGNITION : TOTAL STANDARD SCORE 
PIAT READING RECOGNITION : TOTAL PERCENTILE SCORE 
(this instrument is administered for the age range of 5-14 years old) 

History— 
Child Cognitive abilities—PIAT 
Reading comprehension score 

PIAT READING COMPREHENSION: TOTAL RAW SCORE 
PIAT READING COMPREHENSION: TOTAL STANDARD SCORE 
PIAT READING COMPREHENSION: TOTAL PERCENTILE 
SCORE 
(this instrument is administered for the age range of 5-14 years old) 

History— 
Child Cognitive 
abilities—PPVT (PEABODY 
PICTURE VOCABULARY 
TEST) score 

PEABODY PICTURE VOCABULARY TEST: TOTAL RAW SCORE  
PEABODY PICTURE VOCABULARY TEST: TOTAL STANDARD 
SCORE 
PEABODY PICTURE VOCABULARY TEST: TOTAL 
PERCENTILE SCORE 
(this instrument is administered for the age range of 4-5, and again for 
the range of 10-11 years old) 

Independent 
variables: 
stressful life 
events 

History— 
Child Emotional disturbance 

CHILD HAS SERIOUS EMOTIONAL DISTURBANCE 
(available for 1986-2000 direct variable, 2002-2008 loops of questions) 
Any health condition/limitation? What is her health condition/ 
limitation? 
One choice is--SERIOUS EMOTIONAL DISTURBANCE 

History— 
Child PSYCH 
PROBLEM-EMOTIONAL 
TRAUMA, MOLESTATION, 
ABUSE 

(Available for 1988-2008) 
During the past 12 months has the respondent seen a psychiatrist, 
because of – 
EMOTIONAL TRAUMA, MOLESTATION, ABUSE 

History— 
Child PSYCH PROBLEM- 
FAMILY PROBLEMS OR 
LOSS 

(Available for 1988-2008) 
During the past 12 months has the respondent seen a psychiatrist, 
because of – 
FAMILY PROBLEMS OR LOSS (loss of parents/siblings, divorce) 

Independent 
variables: health 
care utilization 

History— 
Child psychologist consultation 
in last year 

During the past 12 months has the respondent seen a psychiatrist,  
psychologist, or counselor about any behavioral, emotional, or mental 
problem?     1 YES, 0 NO 

Youth emotional problem 
consultation in last year 

During the last 12 months, have you received any help for an 
emotional, behavioral, or family problem? 
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Youth prescription drug use for 
behavior problem in last year 

Do you regularly take any medicine or prescription drugs to help 
control your activity level or behavior? 

Independent 
variables: 
Parental level- 
SES 

Maternal education-- Highest 
grade completed 

(Included in the Child Interview) 
HIGHEST GRADE COMPLETED BY MOTHER AS OF DATE OF 
INTERVIEW                                                   

Maternal education-- mother 
currently enrolled in school 

(Included in the Child Interview) 
MOTHER CURRENTLY ATTENDING OR ENROLLED IN 
REGULAR SCHOOL?           1 YES, 0 NO 

Maternal employment status 
Constructed from the NLSY79 main survey 
NUMBER OF WEEKS UNEMPLOYED SINCE LAST INTERVIEW 
(1994-2008) 

Maternal employment status 
Constructed from the NLSY79 main survey 
NUMBER OF WEEKS UNEMPLOYED IN PAST CALENDAR 
YEAR (1994-2008) 

Maternal employment status Constructed from the NLSY79 main survey 
EMPLOYMENT STATUS (only available for 1994-1998 and 2006) 

Paternal education 
Included in the Youth Interview 
What is the HIGHEST GRADE ever COMPLETED BY your 
FATHER? (1994-2008) 

Paternal employment status 
Included in the Youth Interview 
DID FATHER WORK FOR PAY ALL OF last year, PART, OR NOT 
AT ALL? 

Paternal employment status 
Included in the Youth Interview 
OCCUPATION OF LONGEST JOB OF FATHER IN 1993 (1970 
CENSUS 3 DIGIT) 

family income in the family (of 
mother’s) 

Constructed from the NLSY79 main survey 
TOTAL NET FAMILY INCOME IN PAST CALENDAR YEAR-- 
income from all sources from the respondent and the spouse 

financial difficulties in the 
family (of mother’s) 

Constructed from the NLSY79 main survey 
Family poverty status in past calendar year 

low-income level in the family 
(of mother’s) 

Constructed from the NLSY79 main survey 
Family poverty level in past calendar year 

Independent 
variables:  
Youth-SES 
(NOTE: these 
variables are 
relevant when 
youth is 
“emancipated”) 

Status of youth—emancipated or 
not (question starting from 2000) 

IS R UNEMANCIPATED, AS DEFINED IN Q15-1B? 
([flag indicating that R is under 18, living with at least one parent, not  
married, not living with a partner, and has no children]=1) 

Youth education YEAR OF SCHOOL/GRADE R IS CURRENTLY ENROLLED IN 
Youth education HAS R EVER REPEATED A GRADE? 
Youth education HAS R EVER SKIPPED AHEAD A GRADE? 
Youth education HIGHEST GRADE OF REGULAR SCHOOL R HAS COMPLETED 
Youth employment status R HAS A CPS JOB? 

Youth last job EVER WORKED PART-TIME OR FULL-TIME AT JOB LASTING 
TWO CONSECUTIVE WEEKS OR MORE 

Youth last job—industry BUSINESS OR INDUSTRY AT LAST JOB LASTING TWO WEEKS 
OR MORE (2000 CENSUS 3 DIGIT) 

Youth last job—occupation 
categories 

OCCUPATION AT LAST JOB LASTING TWO WEEKS OR MORE 
(2000 CENSUS 3 DIGIT) 

Youth income—own income 

TOTAL INCOME FROM MILITARY SERVICE in the last year 
TOTAL INCOME FROM WAGES AND SALARY in the last year 
TOTAL INCOME FROM FARM OR BUSINESS in the last year 
-- Need to sum up 
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Youth income—income from 
spouse/partner (if relevant) 

TOTAL INCOME of spouse/partner FROM MILITARY SERVICE in 
the last year 
TOTAL INCOME of spouse/partner FROM WAGES AND SALARY 
in the last year 
TOTAL INCOME of spouse/partner FROM FARM OR BUSINESS in 
the last year 
-- Need to sum up 

Youth income—total income of 
youth and spouse from other 
income sources of social security 

THE TOTAL AMOUNT R/SPOUSE/PARTNER RECEIVED FROM 
THESE OTHER BENEFITS in the last year  
What was the total amount of these (other) veterans benefits, worker's  
compensation, disability payments, or payments from Social Security 
[R or R's spouse or partner] received during 

Independent 
variables: 
Medical/biologic
al factors 

age of mother at birth of child Age of Mother at birth of child, 8 categories 
mother drinking alcohol during 1 
year before birth 

MOTHER DRINK ALCOHOL DURING 12 MONTHS BEFORE 
BIRTH OF CHILD?   1 YES, 0 NO 

frequency of alcohol use during 
pregnancy  

FREQUENCY OF ALCOHOL USE BY MOTHER DURING 
PREGNANCY -- 0 NEVER, 1 LESS THAN ONCE A MONTH,   2 
ABOUT ONCE A MONTH,  3 3 OR 4 DAYS A MONTH, 4 1 OR 2 
DAYS A WEEK,   5 3 OR 4 DAYS A WEEK,   6 NEARLY EVERY 
DAY,   7 EVERY DAY 

mother smoking during 1 year 
before birth 

MOTHER SMOKE DURING 12 MONTHS BEFORE BIRTH OF 
CHILD? 

# of cigarettes smoked during 
pregnancy  

# OF CIGARETTES SMOKED BY MOTHER DURING 
PREGNANCY-- 0 DID NOT SMOKE, 1 LESS THAN 1 PACK A 
DAY, 2 1 OR MORE BUT LESS THAN 2, 3 2 OR MORE PACKS A 
DAY 

Substance 
(marijuana/hashish/cocaine) use 
during 1 year before birth 

MOTHER USE MARIJUANA/HASHISH DURING 12 MONTHS 
BEFORE BIRTH OF CHILD?    Or  
MOTHER USE COCAINE DURING 12 MONTHS BEFORE BIRTH 
OF CHILD? 

frequency of Substance 
(marijuana/hashish/cocaine) use 
during pregnancy 

FREQUENCY OF MARIJUANA/HASHISH USE BY MOTHER 
DURING PREGNANCY Or  
FREQUENCY OF COCAINE USE BY MOTHER DURING 
PREGNANCY 

Instrumental 
variables: 
SES of 
grandparents 
 

Mother/stepmother (of 
mother’s)—work status 

(only in 1979 survey of NLSY79 main survey) 
DID MOTHER/STEPMOTHER WORK FOR PAY ALL OF 1978, 
PART, OR NOT AT ALL? 

Mother/stepmother (of 
mother’s)—occupation class 

OCCUPATION OF LONGEST JOB IN 1978, R'S 
MOTHER/STEPMOTHER (CENSUS 3 DIGIT) 

Mother/stepmother (of 
mother’s)—work status 

DID MOTHER/STEPMOTHER WORK > 35 HOURS PER WEEK IN 
1978? 

Mother/stepmother (of 
mother’s)—education HIGHEST GRADE COMPLETED BY R'S MOTHER 

Father/stepfather (of 
mother’s)—work status 

DID FATHER/STEPFATHER WORK FOR PAY ALL OF 1978, 
PART, OR NOT AT ALL? 

Father/stepfather (of 
mother’s)—occupation class 

OCCUPATION OF LONGEST JOB IN 1978, R'S 
FATHER/STEPFATHER (CENSUS 3 DIGIT) 

Father/stepfather (of 
mother’s)—work status 

DID FATHER/STEPFATHER WORK > 35 HOURS PER WEEK IN 
1978? 

Father/stepfather (of 
mother’s)—education HIGHEST GRADE COMPLETED BY R'S FATHER 
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Adult female figure (in the 
household of mother’s)—work 
for pay 

DID ADULT MALE PRESENT IN HOUSEHOLD AT AGE 14 
WORK FOR PAY? 

Adult female figure (in the 
household of 
mother’s)—occupation class 

OCCUPATION OF ADULT MALE PRESENT IN HOUSEHOLD AT 
AGE 14 (CENSUS 3 DIGIT) 

Adult male figure (in the 
household of mother’s)—work 
for pay 

DID ADULT MALE PRESENT IN HOUSEHOLD AT AGE 14 
WORK FOR PAY? 

Adult male figure (in the 
household of 
mother’s)—occupation class 

OCCUPATION OF ADULT MALE PRESENT IN HOUSEHOLD AT 
AGE 14 (CENSUS 3 DIGIT) 

Mother’s family income (at her 
young adulthood) 

(Available 1979-1986) 
TOTAL NET FAMILY INCOME IN PAST CALENDAR YEAR 
(TRUNC) 

Mother’s family income (at her 
young adulthood)—low income 
status 

(Only available in 1980, 1981, 1983, 1984, 1985, 1986) 
IS TOTAL NET FAMILY INCOME ABOVE OR BELOW THIS 
LEVEL? 
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2.A 2 Appendix: Tabulation of the CES-D score 
Table 2.A.2 Tabulation of the CES-D score 

CES-D score Freq. Percent Cum. 
0 1,295 11.2 11.2 
1 983 8.5 19.71 
2 1,352 11.7 31.41 
3 1,794 15.52 46.93 
4 1,293 11.19 58.12 
5 1,089 9.42 67.54 
6 920 7.96 75.5 
7 710 6.14 81.64 
8 537 4.65 86.29 
9 417 3.61 89.89 
10 296 2.56 92.46 
11 227 1.96 94.42 
12 174 1.51 95.92 
13 140 1.21 97.14 
14 86 0.74 97.88 
15 84 0.73 98.61 
16 54 0.47 99.07 
17 39 0.34 99.41 
18 24 0.21 99.62 
19 16 0.14 99.76 
20 15 0.13 99.89 
21 13 0.11 100 

Total 11,558 100  
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Chapter 3                              
Physician Response to Pay-for-performance – 
Evidence from a Natural Experiment 

 

3.1 Introduction 
Explicit financial incentives, especially pay-for-performance (P4P) incentives, 

have been extensively employed and strongly advocated in recent years by health 

plans and governments in an attempt to improve the quality of health care services. 

Pay-for-performance is now a concept that is embraced by a lot of policy makers 

and is deemed to be a critical component of health care reforms. A typical P4P 

program offers financial rewards to health care providers for meeting 

pre-established targets for the provision of specific health care services. These 

explicit financial incentives, which are used within different compensation 

schemes, aim to motivate health care providers to provide high-quality care. 

A variety of P4P programs have been established in several countries. In 

the United States, as of 2005 at least 100 nationwide P4P initiatives had been 

sponsored by health plans, employer coalitions and the Centers for Medicare and 

Medicaid Services (CMS) (Baker and Carter 2005). Initially, most of the P4P 

programs were targeted at primary care physicians affiliated with Health 

Maintenance Organizations (HMO). Since 2004 there has been significant 
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expansion of P4P programs to specialists and hospitals, which use more 

sophisticated measures for performance assessment (Rosenthal and Dudley 2007, 

Baker 2004, Baker and Carter 2005).  In the United Kingdom, the British 

National Health Service (NHS) introduced a pay-for-performance contract for 

family practitioners in 2004 which linked physician income to performance with 

respect to 146 quality indicators relating to clinical care for 10 chronic diseases, 

the organization of care and patient experience (Doran et al. 2006). P4P incentive 

programs have also been used in Canada, Australia, Haiti and other nations 

(Frolich et al. 2007).   

The rationale for employing P4P incentives to induce desired physician 

behaviour comes primarily from principal-agent theory and incentive-contract 

theory. The classic principal-agent and incentive contract theories analyze how 

pay-for-performance can be used to elicit desired behaviours from individuals in 

the presence of information asymmetry. The analysis focuses particularly on how 

the ability to elicit desired behaviour is constrained by the noisiness of the 

performance measures, the extent to which the performance is easily monitored, 

the ability of agents to handle risk, and the extent to which the desired behaviour 

consists of multiple tasks (Prendergast 1999; Baker 1992; Hart and Holmstrom 

1987; Milgrom and Roberts 1992; Stiglitz 1974). The take-away message from 

these theories is that performance-based contracting can induce agents to improve 

performance when payment is based on achieving pre-specified performance 

targets. 
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 In reality though, using P4P programs to motivate health care providers’ 

behaviour is controversial. Advocates believe that P4P can fix many of the 

long-standing deficiencies in the health care system, especially the failure to 

deliver appropriate and evidence-based care to all patient populations. Years of 

reforms to general payment mechanisms have had little impact on reducing the 

deficiencies in health care delivery. This has led to the gradual employment of 

explicit P4P incentives to link financial gains and losses to quality indicators 

(Maynard 2008). The belief is that, by making payments at least partly contingent 

on indicators of high-quality care, P4P programs will induce providers to improve 

health care quality (Rosenthal and Frank 2006). However, critics argue that P4P 

programs are not as effective as commonly claimed and often create unintended 

consequences. Some argue that P4P programs can be very costly because payment 

used to induce even marginal improvements in quality is often expensive 

(Christianson et al. 2008; Lewis 2009). Others argue that P4P will induce gaming 

behaviour by physicians such as strategic coding of patient diagnoses, patient 

selection and patients-exception reporting (Hutchison 2008; Shen 2003; Richards 

2009; Doran et al. 2008; Gravelle et al. 2010). Finally, some P4P programs create 

unintended consequences such as provider focus on the clinical outcomes subject 

to incentives to the neglect of other aspects of care (Rosenthal and Frank 2006; 

Mullen et al. 2010).  

  Theoretical predictions on physician responses to P4P incentives are 

ambiguous. Health economists generally model physicians as utility-maximizing 



 

PhD Thesis - Jinhu Li                    McMaster University - Economics 

160 

 

service providers who choose their optimal level and mix of services to trade off 

among income, leisure and other consumption goods (McGuire and Pauly 1991; 

McGuire 2000). Physician responses to the price increase of the targeted services, 

generated by individual P4P incentives, are ambiguous because income and 

substitution effects work in opposite directions. Furthermore, there is no 

consensus about the specific form of physicians’ utility functions. Besides 

financial objectives, non-pecuniary factors including medical ethics, professional 

autonomy and social status, and altruistic concerns about patient outcomes are 

also argued to influence physician utilities (Scott 2001; Eisenberg 1985; Eisenberg 

1986). As a result, physicians are less likely to respond to financial incentives 

when a falling marginal utility of income renders income less attractive in relation 

to other objectives (McGuire 2000). Moreover, P4P incentives in health care are 

often embedded within complex compensation systems and provider 

organizations (Conrad and Christianson 2004; Frolich et al. 2007), where 

physicians face different incentives from multiple payers and operate in highly 

regulated settings.  The effect of P4P incentives can thus be mitigated by other 

simultaneous incentives. Therefore, how physicians would respond to P4P 

incentives remains an empirical issue.        

 Empirical studies providing convincing evidence of how performance 

incentives influence physician delivery of targeted services are scarce. Studies 

based on Randomized Controlled Trials (RCTs) have limited generalizability due 

to the small scale of the experiments.  Although the number of observational 
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studies is growing, these empirical studies often suffer from poor study-design. 

Furthermore, the findings from the existing empirical studies are mixed and 

inconclusive. Most of them find partial effects of P4P incentives in the sense that 

physicians respond to some of the incentives but not the others; for the subset of 

incentives which did improve performance, the magnitude of the improvement is 

modest. A few studies find consistent positive effects but others find no effect. We 

will discuss these studies, and others, in more detail in the following section.  

 This study exploits a natural experiment in the province of Ontario, Canada to   

identify empirically the impact of pay-for-performance (P4P) incentives on the 

provision of targeted primary care services. The P4P scheme rewards family 

physicians (FPs) and general practitioners (GPs) when they achieve targeted 

levels of service provision29

                                                        

29 For ease of exposition, for the rest of the paper I will refer to both FPs and GPs as “GPs”. 

. Primary care reform in Ontario provides a good 

setting that allows us to employ a difference-in-differences approach to control for 

potential sources of bias when identifying the effect of P4P incentives on 

physician behaviour. The policy intervention exposed some, but not all, of the 

GPs in Ontario to P4P incentives. Therefore, the GPs who were not eligible for the 

P4P incentives constitute a natural comparison group for our study design. Also, 

the timing of the P4P implementation allows us to mitigate perfect confounding of 

other attributes of primary care reform interventions with P4P. The majority of the 

GPs were exposed to P4P incentives sometime after they participated in the 

primary care reforms. Using this group of GPs as the treatment group in a 
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difference-in-differences with individual fixed effects method allows us to 

disentangle the impact of P4P incentives from the effect induced by other policy 

changes.   

We exploit an administrative data source which covers the full population 

of the province of Ontario and nearly all GPs. The administrative databases 

include detailed information on services provided that constitutes over 98% of all 

physician activity. By linking different sources of administrative databases, we 

can observe the group of physicians who were affected by the incentives and the 

group of physicians that were not affected by the incentives in both pre- and post- 

intervention periods. The population-based nature of this data provides us with a 

large sample size, while the rich content of the data allows us to address a variety 

of potential biases that are caused by “selection on observables” and to partially 

control for potential biases that are caused by “selection on unobservables”.  

Furthermore, the universal public insurance and single-payer system in 

Canada provides an extra advantage for identifying the P4P incentive effects.  In 

multiple-payer settings, such as the U.S., as Robinson notes (Robinson 2001), 

comprehension and compliance to any payment mechanism will be undermined 

when physicians face different incentives from multiple insurers or organizations. 

Therefore, the estimates of the P4P incentives from the US studies are expected to 

be biased towards zero. In Ontario, however, physicians face only a single payer. 

 This study also examines the heterogeneity of the P4P incentive effects across 

different physician types and different practice characteristics. We expect that the 
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impact of P4P incentives is heterogeneous because both the benefit of responding 

to P4P incentives and the cost of responding likely differ across physicians, 

services and practices. We compare the incentive effects across physician age, 

across practices that differ in patient population size, and across practices with 

different baseline levels of service provision.   

 

3.2 Empirical Evidence on Physician Response to 
P4P 
A large body of empirical studies has examined the effect of financial incentives 

on physician behaviour. There is considerable evidence that physicians respond to 

the incentives embedded in different payment schemes (McGuire and Pauly 1991; 

McGuire 2000; Hurley et al. 1990; Yip 1998; Nguyen and Derrick 1997; Hickson 

et al. 1987; Krasnik et al. 1990; Scott and Shiell 1997). There is less evidence on 

physician responses to explicit financial incentives in the form of targeted 

performance payments intended to guide specific behaviours.  

This study focuses on the effect of pay-for-performance incentives on the 

behaviour of physicians so we focus the review on thirty studies identified by 

several recent survey papers (Rosenthal and Frank 2006; Christianson et al. 2008; 

Petersen et al. 2006; Town et al. 2005; Armour et al. 2001) and by our own search 

of the literature for papers that pertain to physician responses to P4P incentives 

(See Appendix 1 for the identified empirical studies).  Among the thirty studies, 
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eight of them are based on RCTs and twenty-two are based on observational 

studies.  

 The RCTs examine the effects of alternative forms of performance incentives 

on the provision of targeted services by physicians, such as bonus, bonus based on 

capitation payment, and bonus with performance feedback. In most RCTs, the 

incentives are mostly targeted on preventive care services, including influenza 

immunizations, mammograms, Pap smear, colorectal screening and pediatric 

immunization. The sample sizes are generally small. 

 The results from the RCTs are mixed. Three studies (Grady et al. 1997; 

Hillman et al. 1998; Hillman et al. 1999) did not detect any significant effect of 

P4P bonus rewards or bonus rewards combined with performance feedback on 

physician compliance with cancer screening, pediatric immunization and 

mammography referrals. Two studies (Fairbrother et al. 1999; Fairbrother et al. 

2001) found that a bonus or bonus with performance feedback incentives 

increased documented coverage levels for childhood immunization, but the 

measured increase was primarily due to better documentation not better 

immunization practices. A study of bonus payments for smoking cessation clinics 

(Roski et al. 2003) found a significant improvement in documentation of patient 

smoking status and in providing advice to quit, but no effect on quitting rates. The 

other two RCTs showed a significantly positive effect of using bonus payments at 

the practice or the clinic level: Kouides et al. (1998) showed that a bonus payment 

for influenza immunization increased rates by 7 percent; Lawrence et al. (2008) 
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found that the clinics with P4P payments had higher levels of referral rates on 

tobacco quitline services than the clinics without payments.  

 RCTs are often deemed to be the “gold standard” for identifying the causal 

effects, but these RCTs often suffer from small sample size problems and cannot 

easily be generalized or extrapolated. All of these RCTs are based on small scale 

experiments involving fewer than a hundred physicians or practices. One study 

(Hillman et al. 1998) involved only 52 physician practices in total. As a result, the 

effect size might not be statistically identified due to lack of power. Moreover, the 

intervention studied by these RCTs can make it impossible to disentangle the pure 

P4P financial incentives effects from other quality management tools. Among 

these RCTs, two studies (Hillman et al. 1998; Hillman et al. 1999) bundled the 

bonus payment with performance feedback regarding compliance levels; one 

study (Grady et al. 1997) bundled financial rewards with the provision of 

education in the form of chart reminder stickers.  

   The observational studies are mostly based on small to large scale pilot 

pay-for-quality programs or quality-improvement initiatives adopted by health 

plans in the U.S., U.K. and Taiwan. These programs generally covered a broader 

set of quality indicators than merely preventive care services, such as process and 

outcome measures for diabetic care, asthma and coronary heart disease and other 

chronic conditions 

 Doran et al. (2006) evaluated the effect of the nationwide P4P program 

introduced by Britain’s National Health Service in 2004 for family practitioners. 
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The program linked increases in income to performance with respect to 146 

quality indicators covering clinical care for 10 chronic diseases, organization of 

care, and patient experience. The English family practices attained high levels of 

achievement meeting the quality indicators, as the median reported achievement 

was 83.4 percent in the first year of the P4P program (April 2004 through March 

2005). But this study is based on cross-sectional analysis so it only established an 

association between high levels of reported achievement and the P4P contracting, 

not the real effect of the P4P incentives. As Campbell et al. (2007) noted, because 

a wide range of initiatives, including limited use of incentive programs, had been 

introduced in the U.K. since 1990, the high levels of quality attained after the 

2004 contract might just reflect improvements that were already under way. 

 Campbell et al. (2007; 2009) used a before-after design to examine the effect 

of the 2004 P4P contracting on the quality of care. Both studies measured quality 

indicators for three chronic conditions --- asthma, coronary heart disease, and 

type-2 diabetes --- for representative groups of general practitioners. Campbell et 

al. (2007) measured these quality indicators two times before the P4P contracting 

(1998 and 2003) and one time after the contracting (2005), and compared the 

quality score predicted by 1998-2003 trend against the observed quality score in 

2005. The results indicate that the introduction of pay-for-performance was 

associated with a modest acceleration in improvement for two of these three 

conditions, diabetes and asthma. Campbell et al. (2009) assessed the same quality 

indicators at an additional time point of 2007, and extended the previous study by 
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using an interrupted time series analysis. The study found that in 2005 the rate of 

improvement in quality increased for diabetes care and asthma but remained 

unchanged for coronary heart disease; by 2007, the rate of improvement for all 

three conditions had slowed down: as compared with the period before the 

pay-for-performance scheme was introduced, the improvement rate was 

unchanged for asthma or diabetes and was reduced for heart disease. Since P4P 

contracting is offered to all general practitioners in the U.K., neither study could 

include a plausible control group against which to compare changes in service 

provision following the introduction of the incentives. Other studies based on the 

same pay-for-performance scheme in the U.K. (Millett et al. 2007; Steel et al. 

2007;Vaghela et al. 2009) examined the effect of P4P incentives on other quality 

indicators such as smoking cessation and hypertension outcomes, and found 

statistically significant increases in these quality indicators after the introduction 

of this P4P scheme. They suffer from the same problem of identification thus fail 

to provide reliable evidence as they employ only simple before-after analysis.     

Evidence of P4P incentives from the U.S. is rapidly growing. Most U.S. 

studies have been based on small-scale pilot P4P programs adopted by health 

plans in different states. These studies often suffer from poor study design: some 

of them only employed simple before-after mean comparison or trend comparison 

(Levin-Scherz et al. 2006; Young et al. 2007; Cutler et al. 2007; Pearson et al. 

2008); others do not provide any counterfactual comparison group (Amundson et 

al. 2003; Mandel and Kotagal 2007; Chung et al. 2010; Boland et al. 2010; Lester 
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et al. 2010; Coleman et al. 2007). Some of the programs were targeted at health 

plans or clinics instead of individual physicians, so the lack of individual-level 

data makes it difficult to draw inference on physician responses to P4P incentives 

(Felt-Lisk et al. 2007; Gavagan et al. 2010). Furthermore, results are often limited 

by the small size of these programs. For example, Beaulieu and Horrigan (2005) 

examined the effect of performance bonuses on the improvement of nine 

measures for diabetic care by using only 21 physicians as the treatment group. So 

it is difficult to draw reliable inference from these studies.  

The best evidence to date on the effects of P4P programs are from two 

observational studies in the U.S. drawn from the P4P initiatives introduced by a 

large network Health Managed Organization (HMO): PacifiCare Health Plan. The 

first study (Rosenthal et al. 2005) examined the effect of Quality Incentive 

Programs (QIP) provided by the PacifiCare Health Plan to medical groups in 

California in 2002 on physician delivery of cervical cancer screening, 

mammography and haemoglobin A1c tests. It used a difference-in-differences 

design by comparing provider groups in California which were affected by these 

incentives with provider groups in the Pacific Northwest which were unaffected 

by the incentives but also contracted with PacifiCare Health Plan.  It found that 

outcomes improved for cervical cancer screening, but did not improve for 

mammography and the haemoglobin A1c test. The second study (Mullen et al. 

2009) built on the first paper and examined the effect of QIP incentives along with 

another larger P4P program by the Integrated Healthcare Association (IHA). It 
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also concluded that the P4P incentive effects are mixed.  In line with the 

previous study, the analysis found evidence of a positive effect only for cervical 

cancer screening, but not for mammography, the haemoglobin A1c test and 

asthma medication.  Overall, the study concluded that the pay-for-performance 

scheme resulted in neither a major improvement in quality nor a notable 

disruption in care (which some hypothesized would be a negative side-effect). 

The findings from these empirical studies suggest that the evidence of 

physician responses to P4P incentives is mixed and inconclusive. Physicians 

respond to some P4P incentives but not the others. In general, physicians’ 

response to these financial incentives is of modest size with no evidence of 

ultimate health improvements for the patients.  

 

3.3 Ontario’s Natural Experiment 
This study draws on primary care reform interventions in Ontario, Canada as a 

natural experiment of P4P incentive payments to address the following questions: 

1) Does P4P stimulate the delivery of targeted health care services by GPs? 2) Are 

P4P incentive effects heterogeneous across physician and practice characteristics? 

Primary care reform in Ontario provided a set of performance-based incentives to 

some of the primary care physicians in Ontario but not to the others. This 

produces natural treatment and comparison groups by which to identify the effect 

of P4P incentives on physician behaviour. The ten-year study period (fiscal years 
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1998/1999-2007/2008) covers years prior to the provision of the 

performance-based incentives and those after the implementation. At the 

beginning of the study period in April 1998, all but a few hundred primary care 

physicians in Ontario were in the traditional fee-for-service practice; at the end of 

the study period, more than half of these GPs converted to one or more of the 

primary care reform models that included the P4P incentives. 

 

3.3.1 Background: Primary Care Reform  

Over the last two decades, the province of Ontario, Canada has launched a series 

of primary care reform (PCR) models to improve the quality of primary health 

care. The PCR models are intended to improve quality by: 1) providing P4P 

incentives to stimulate the delivery of targeted health care services; 2) converting 

from traditional fee-for-service payment to a blended payment method; 3) 

integrating primary care physicians, nurses and other professionals into more 

collaborative, multidisciplinary teams (Wilson 2006).  

 The Ontario Ministry of Health and Long-Term Care (MOHLTC) introduced 

the different PCR models at different points of time for different purposes. This 

study focuses on four PCR models: the Family Health Network model (FHN), the 

Family Health Group model (FHG), the Comprehensive Care Model (CCM) and 

the Family Health Organization (FHO). The earliest model introduced among 

these four PCR models is the FHN, which existed as early as 2002, requires a 
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group practice with at least 3 GPs, and is funded through a blended system of 

capitation for “core” services provided to rostered patients and fee-for-service for 

both non-rostered patients and for “non-core” services excluded from the basket 

of capitated services. FHGs were introduced in 2003, also required a group of 3 or 

more GPs but the basic payment scheme is an enhanced fee-for-service formula, 

which consists of the traditional fee-for-service payment for usual care, plus some 

capitation payments for comprehensive care services provided to rostered patients. 

The CCM model was introduced in 2005, can include only a solo GP, and is 

funded through fee-for-service. It is the most similar to traditional fee-for-service 

(FFS) practice. The FHO model was introduced in 2006, like FHNs, and FHGs 

requires a group of at least 3 GPs, and is funded through a blend of capitation 

payment and fee-for-service payment for non-rostered patients and for “non-core” 

services. FHOs and FHNs are similar in the funding scheme but different in size 

and rostering regulation. There is no size regulation in patient roster size for the 

FHO model, but for FHN practices the required minimum roster size is 2,400 

patients for a group of 3 GPs while a financial penalty applies if the average roster 

size is greater than 2,400 patients/GP in the practice. Unlike traditional 

fee-for-service practice, all of the above four PCR models offer enrolment to their 

patients (optional for FHGs, required for FHNs, CCMs and FHOs), provide 

comprehensive care, and impose requirements on GPs to provide a minimum of 

after-hours care. 
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3.3.2 Pay-for-Performance Incentives 

Ontario initially introduced elements of pay-for-performance in primary care in 

1999 to some small-scale pilot PCR models, and expanded it within primary care 

in 2004. The 2004 Physician Services Agreement included a large number of 

incentives targeting various aspects of the organization of PCR practices and the 

care delivered by physicians in those practices.  Further, as discussed below, the 

specific incentives and dates of eligibility differ across the various PCR models. 

We focus on a set of P4P financial incentives for five preventive care 

services (referred to as the Service Enhancement Payments for Preventive Care): 

Pap smears, mammograms, flu shot for seniors, toddler immunizations, and 

colorectal cancer screening; and on special payments for services in six areas of 

care of particular interest to the MOHLTC: payments for obstetrical deliveries, 

hospital services, palliative care, office procedures, prenatal care, and home visits. 

Table 1 lists the details of the five performance-based incentives for preventive 

care services and the six special payments for designated sets of services. 

3.3.2.1 P4P Incentives for Preventive Care 

The P4P incentives for the five preventive care services include two components: 

a contact payment and the cumulative preventive care bonus payment. The contact 

payment rewards PCR practices for contacting patients to schedule an 

appointment to receive a targeted preventive service.  Specifically, the PCR 

practice receives a contact payment of 6.86 dollars for each eligible patient in the 
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target population that it contacts and for which it provides the Ministry the 

required documentation. The cumulative preventive care bonus payment rewards 

PCR practices for achieving high rates of coverage for the targeted preventive 

services in the physician’s practice populations.  

 Physicians receive cumulative bonus payments for each service on March 31 

of each year based on the proportion of its physicians’ eligible and rostered 

patients who received the targeted service over a specified period of time prior to 

March 31. Physicians receive a specified amount of money if the proportion 

reaches a pre-specified coverage threshold, and the payment grows as the 

proportion exceeds higher thresholds. For example, if 60% of a physician’s 

rostered female patients in the age of 35 to 69 received a Pap smear for cervical 

cancer screening during the previous 30 months as of March 31, a physician is 

rewarded 220 dollars. If 65% of the eligible patient population received a pap 

smear, a physician receives 440 dollars. The physician is compensated with 660 

dollars, 1,320 dollars and 2,200 dollars for coverage rates of 70%, 75% and 80%, 

respectively. It should be noted that, the bonus payment is only based on the 

proportion of a physician’s rostered and eligible patients who received the service 

in the defined time period; the physician with whom the patient is rostered on 

March 31 need not have provided this service. For example, if a physician 

provided a Pap smear to a patient on February 1 and that patient changed 

physicians on March 1 and rostered with a new physician, the patient’s receipt of 

the Pap smear would count toward the second physician’s bonus calculation on 
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March 31. 

It should also be noted that, although the payment is based on the 

performance of individual physicians, whether the payment is made directly to the 

individual physician varies across the four PCR models. The payment is made to 

the physician’s PCR practice for GPs in a FHN; how the practice uses the funds 

received is determined by the practice30

3.3.2.2 P4P Special Payments 

. Physicians in FHGs, CCMs and FHOs 

receive the payment directly; it does not go to the PCR practice.  

The special payments are structured differently. In each case, a physician 

received a fixed payment if the targeted service was delivered to a minimum 

absolute level of service provision during the preceding fiscal year, where that 

minimum is defined in terms of number of services, dollar value of services, 

number of patients, or a combination of these factors. For each incentive there is 

also only a single threshold level:  if it is reached, the physician receives the 

special payment; if it is not reached, the physician does not receive the payment.  

For example, if five or more obstetrical services31

                                                        

30 Beginning in 2006, if there is unanimous agreement among the physicians in a FHN practice, 
the practice could request that the payments be made directly to its individual physicians rather 
than the FHN. We have no information on the number of practices that have exercised this option. 
For ease of exposition, for all incentives we refer to “whether a physician receives a payment” 
even in those instances when the payment was made to the practice rather than the physician. 
31 Specific services eligible to count toward this special payment include: vaginal delivery, 
attendance at labor and delivery, Caesarean section, attendance at labor when patient transferred to 
another centre for delivery, etc.  

 were delivered to five or more 

patients in a fiscal year, a physician receives a fixed payment of 3,200 dollars 
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(with an increase to 5,000 dollars since October 2007). Unlike the preventive care 

bonuses, the services had to be provided by the physician. Moreover, for all six 

designated services, the payments were made directly to the physician. 

 

3.3.3 Eligible Physicians 

Not all GPs in Ontario were eligible for these financial incentives. In general, 

these financial incentives were offered only to physicians practicing in a PCR 

practice. Therefore, physicians who remained in fee-for-service practices were 

never eligible to receive these P4P incentives. Only physicians who converted 

from traditional fee-for-service to PCR models were eligible for some or all of the 

P4P incentives. Furthermore, eligibility of these P4P incentives differs by PCR 

models. As a result, physicians were eligible for a P4P incentive only after they 

converted to one of the PCR models and only after the P4P incentives were in 

effect for the specific PCR model they joined. During the study period of 

1999-2008, the P4P incentives were provided at different time points to the four 

PCR models. Table 2 presents the eligibility timing for the 11 targeted services by 

PCR model types.  

As only some physicians in Ontario were entitled to these P4P incentives, 

this policy intervention serves as a natural experiment that we can exploit to 

identify the causal effect of P4P incentives. Since we can observe the practice 

activities of almost every GP in Ontario over 10 years (1999-2008) and because 
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this period spans the introduction of P4P incentives implementation, we can 

assess the impact of P4P incentives within a difference-in-differences framework 

by comparing the responses of the GPs exposed to the P4P incentives  against 

those not exposed to the P4P incentives.  

Of course, the natural experiment formed by this intervention poses some 

difficulties for identification. First, physicians are not randomly assigned to the 

PCR models. This will lead to selection bias if we use simple 

difference-in-differences mean comparison on the responses from eligible GPs 

against ineligible GPs. Moreover, the PCR model practices are different from the 

traditional fee-for-service practice in various aspects. Table 3 lists the main 

differences among each of the four PCR models in the aspects of general payment 

scheme, practice composition, after-hour services and patient enrolment 

requirement. Traditional FFS GPs receive only FFS payments, while all PCR 

model GPs receive a blend of capitation payment and FFS payments, with 

different proportions of these two components. Unlike the traditional FFS 

practices, most of the PCR models require GPs to work in group practices (the 

only exception is CCMs that allow solo practices). Also PCR model GPs have to 

provide extended services, nurse-staffed telephone health advisory services and 

on-call services. Lastly, patient enrolment is required in these PCR models except 

for FHGs but not for FFS GPs. As a result, the identification of the P4P incentive 

effects may be confounded by differences between the traditional fee-for-service 

practices and the PCR model practices.  
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In spite of these problems, the implementation of the performance-based 

incentives in Ontario still allows us to identify empirically the P4P incentive 

effects using several identification strategies to mitigate selection bias and control 

for confounding effects. As described in the methods section below, eligibility for 

the incentive payments is not perfectly confounded with joining a PCR: some GPs 

joined a PCR model before they became eligible for bonus payments (unaware 

that they would later become eligible for such payments). This enables us to 

distinguish the effects of the incentive payments from the effects of joining a new 

practice model. Furthermore, variation in general payment schemes and practice 

settings among the four PCR models themselves provides us an opportunity to 

disentangle the effect of P4P incentives from that of other primary care reform 

features. 

 

3.4 Data  

3.4.1 Data Sources 

The study draws primarily on four administrative databases of the Ontario 

Ministry of Health and Long-Term Care (MOHLTC), linked by patient encrypted 

health number and physician encrypted number. The OHIP Claims Database 

provided information on all OHIP-funded services received by each resident of 

Ontario for each month of the study period; the Registered Persons Database 

provided basic information on each OHIP beneficiary; the Corporate Provider 



 

PhD Thesis - Jinhu Li                    McMaster University - Economics 

178 

 

Database provided basic information on each physician and his or her practice; 

the Client Agency Program Enrolment (CAPE) file provided information on the 

patient roster for each physician in a PCR practice. OHIP claims data allowed us 

to identify all services provided by every primary care physician in Ontario. The 

Client Agency Program Enrolment (CAPE) data allowed us to match every patient 

to a physician enrolled in a PCR practice, and to identify if this beneficiary should 

be counted towards the targeted population for each incentive payment. These 

data merged with the Registered Persons Database provided us with the 

characteristics of the patient population for each practice. The OHIP Claims 

Database allowed us to construct the yearly utilization rate of each of the targeted 

services for every physician. The Corporate Provider Database allowed us to 

identify if a GP was enrolled with any of the PCR models at any point in time 

during the study period. Together these four databases enabled us to construct for 

each primary care physician in the province of Ontario, a measure of their practice 

population each year and a record of all services received by those patients during 

the period of 1998/99 to 2007/08 fiscal years. (See Appendix 2 for all the data 

sources that we used and the information that we extracted from each source). 

 

3.4.2 Study Sample 

The unit of this analysis is a physician. The analyses focus on community-based 

GPs that do not specialize in a subset of services. We used to following criteria to 
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select the study sample: (1) include physicians who are GPs throughout the study 

period; (2) exclude part-time GPs who billed less than 30,000 dollars each year; (3) 

limit the study sample to GPs in an established practice, we only included 

physicians who had at least two consecutive years of practice before the study 

period; (4) include GPs for whom office-based consultations accounted for the 

majority of their activities; (5) exclude locums as they are not eligible for the 

bonuses; (6) exclude GPs affiliated with the PCR models for which we do not 

have sufficient data for the analyses; (7) exclude GPs who converted to FFS for 

more than one time during the study period for simplicity of the analyses. Table 4 

documents how many physicians were excluded by the various criteria when they 

were applied in the order listed. After applying these criteria, we obtained a core 

sample of 2,185 GPs.  

 Since the eligibility scope and implementation dates for the 11 P4P incentives 

are different for the four PCR models, the composition and the final sample size 

of the treatment and control groups vary by the P4P incentives. Again for 

simplicity of the analysis, we dropped physicians whose “treatment” status 

“turned on” and “off” more than once during the study period32

 

. The compositions 

of control and treatment groups as well as the final sample sizes are presented in 

Table 5, divided into three subsets of targeted services.   

                                                        

32 This might be switching back and forth between FFS practice and a PCR model, or switching 
back and forth between a PCR model which was eligible for the incentives and another PCR 
model which was not yet eligible for the incentives.  
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3.4.3 Variable Specification 

3.4.3.1 Physician Responses 

Physician responses were measured differently for the preventive care services 

and the designated services for special payments. Because each of the preventive 

care bonuses is defined with respect to the proportion of a GP’s practice 

population that has received a specified service as of March 31 each year, the 

outcome variable is defined as the rate of coverage for the relevant period each 

year for each preventive care service. For the special payments, the outcome 

variable is defined as the number of services provided or the number of 

individuals to whom the designated services had been provided.  

Analyzing the impact of the incentive payments requires that we identify 

each GP’s practice population on March 31 of each year. Therefore, we used the 

following steps to define the practice patient population for each GP. For each 

year we assigned all patients in the Ontario Health Insurance Program (OHIP) 

physician claims database to a GP and thereby defined a practice population for 

each GP on March 31 of each year of the study period. Different methods were 

used to define practice populations for physicians in FFS and physicians in a PCR. 

Physicians in traditional FFS practice do not roster patients. We defined the 

practice population for these physicians using the validated methodology 

developed in Hutchison et al. (1997). Specifically, a physician’s practice 

population is defined as: all individuals for whom the physician billed OHIP for at 
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least one visit during the previous fiscal year; and all additional patients for whom 

the physician billed OHIP for at least one visit in each of the two preceding fiscal 

years. Patients who met these criteria for more than one physician were assigned 

to the physician who billed for the largest number of visits; if the number of visits 

was equal, assignment was based on the physician with the most recent visit (for 

details see Appendix 3). Physicians participating in PCR models have both 

rostered (the sizable majority) and non-rostered patients. In this case we define the 

practice population as the set of rostered patients (as indicated by the Ministry 

Client Agency Program Enrollment database) plus non-rostered patients as 

assigned by the Hutchison et al. algorithm. As a result, the majority of the OHIP 

beneficiaries were assigned to a physician for each year of the study period.  

After assigning the patients to each physician based on OHIP claims, we 

counted the number of patients in each physician’s practice who received a 

targeted service during the relevant period and constructed the dependent 

variables for the empirical analysis for each targeted service for each GP in each 

year. It should be noted that for the mammogram and senior flu shot bonuses, this 

study requires additional data because patients can receive these services at 

specialized clinics whose activity is not captured by the OHIP claims database. 

For the mammogram bonus, we were able to merge individual-level data on 

services used in these clinics33

                                                        

33 There is a provincial program —Ontario Breast Cancer Screening Program—from which 
patients can also receive mammograms but these activities were not included in the OHIP claims. 

 and so capture all mammograms in the province. 
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For the senior flu shot bonus, we were not able to do this, so our data exclude 

such service provisions. This has limited our ability to obtain an unbiased estimate 

of the P4P incentive effects for this service. We will return to and discuss this 

limitation in the methods section below. 

For the five preventive care bonuses, the dependent variable of each 

targeted service is defined, as of March 31 each year, as the proportion of a GP’s 

practice population that received the service in question during the relevant period 

prior to that March 31st. For PCR GPs, this variable is constructed using data 

from rostered patients only because the Ministry’s criterion for payment of the 

bonus is defined in reference to rostered patients only. We conduct a sensitivity 

analysis (see Section 6.1.3 below) using an alternate dependent variable that 

includes both the rostered and non-rostered patients for GPs in PCR models so to 

obtain a measure that is more consistent across traditional FFS and PCR 

physicians. A further complication with this dependent variable definition is that 

PCR physicians can bill a “tracking code” for patients who receive a flu shot at 

specialized clinics rather than the GP’s office, an option not available to FFS 

physicians.  We conduct sensitivity analyses regarding the use of such codes to 

define flu shot uptake among PCR practices to test the robustness of the findings 

to this potential problem.  

For the six special payments the dependent variable of each designated 

                                                                                                                                                        

Therefore, we integrated this part of data provided by Cancer Care Ontario (CCO) into our 
analysis for mammograms. Unfortunately, we couldn’t get any data on flu shots provided in the 
community flu shot clinics so our flu shot analysis suffers from this data limitation. 
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service is defined dichotomously, taking on the value of 1 if the physician’s 

service provision met the criteria for the special payment of interest, and 0 if it did 

not. 

3.4.3.2 Independent Variables 

As noted above, the Corporate Provider Database allowed us to identify if and 

when a GP joined a PCR practice during the study period. Based on this, we 

constructed a treated/control dummy indicating if a GP was ever eligible for the 

incentives during the study period, a pre- and post- dummy indicating if an 

observation was from a period before or after the implementation of P4P 

incentives, and a treatment dummy which is an interaction term between the 

above two dummies, taking on the value of 1 when a GP was eligible for the 

incentive during the time period in question.  

In addition, we included in the analyses a set of independent variables that 

represent both the supply-side and demand-side characteristics of service 

utilization. These include characteristics of a physician and the physician’s 

practice, and basic information of the physician’s patient population. 

Physician-specific characteristics are physician age, sex, years in practice, activity 

level measured by total value of claims submitted each year, and a set of 

work-load variables including days of work, number of patient visits and number 

of patient visits per working day. Practice-specific variables include: practice 

model (FFS, FHN, FHG, CCM and FHO), size of practice population, and a set of 

practice location characteristics measured by Metropolitan Influence Zone (MIZ) 
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categories and the Rurality Index of Ontario (RIO). The MIZ categories indicate 

the degree of influence that metropolitan areas have on the geographic location of 

a practice; the RIO score indicates the degree of rurality of a practice location. We 

also control for a set of patient population characteristics, including the mean age 

of a physician’s patient population, and the proportion of female, infant and 

elderly patients in the practice. The detailed covariate definitions are listed in 

Appendix 4.    

3.4.3.3 Descriptive Statistics of Independent Variables  

Table 6 presents sample descriptive statistics at the pre-intervention baseline, 

defined as of March 31, 2003, disaggregated by the control group and the 

incentive group.34

                                                        

34 As noted above, the definition of the control groups differs slightly across some of the 
incentives, but the patterns are so similar across the cases that we have collapsed them into one 
table. 

 The control group GPs differ at baseline from the incentive 

group GPs. First, incentive group GPs are younger and have fewer years of 

practice experience than control group GPs. This observed difference is not 

surprising because we expect that GPs whose complying costs are relatively 

smaller are more likely to participate in the PCR models. Younger GPs are more 

flexible in practice style thus more easily adapt to the specific rules of the PCR 

practice. Second, a higher proportion of incentive group GPs are female than 

control group GPs. This might be due to the fact that female GPs are more 

interested in, or better at, collaborative team production. Third, for all five 

bonuses and the special payment on palliative care, incentive group GPs worked 
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more days and more intensively than the control group GPs before the 

intervention and they had larger practice sizes. But this pattern is reversed for the 

other five special payments on obstetrical deliveries, hospital services, office 

procedures, prenatal care and home visits. For the five bonuses and the special 

payment on palliative care, the patient population demographics are similar 

between incentive and control groups, except that the incentive group GPs have 

practices with slightly more female and infant patients. For the other five special 

payments, the incentive group GPs also have practices with slightly more female 

and infant patients, but they also have an older patient population. Finally, 

incentive group GPs are more homogenous (as indicated by smaller standard 

deviations) than control group GPs.   

 

3.5 Empirical Methods 

3.5.1 Addressing Possible Sources of Bias 

As described above, the policy intervention in Ontario serves as a natural 

experiment that we can exploit to identify the causal effect of P4P incentives. The 

treatment of interest is a set of P4P incentives targeted on 11 specific health care 

services or sets of services. Specifically, this policy intervention conditions the 

eligibility of the P4P incentives on the PCR model-participation status. A simple 

difference-in-differences approach can provide us with an estimate of the P4P 

incentive effects by directly comparing the mean change across the PCR model 
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GPs and the FFS GPs. However, voluntary participation generates non-random 

assignment of GPs to treatment, invalidating the simple difference-in-differences 

approach (Meyer 1995). In other words, we expect that the “treated” GPs are 

systematically different from the “non-treated” ones and these differences may 

contribute to the observed difference in the response of GPs to P4P incentives. 

Therefore, identification of the causal effect hinges on how well the selected 

comparison group represents the counterfactual of the treatment group, and on the 

extent to which we can mitigate selection bias.   

 As noted in the descriptive statistics above, GPs who join PCR models differ 

from those who stay in FFS at the pre-intervention baseline in a number of ways. 

For example, PCR GPs are younger and have fewer years of practice experience, 

and their workload is in general different from those in traditional fee-for-service. 

These differences in physician characteristics might cause estimation bias 

generated by both “selection on observables” and “selection on unobservables”. 

We discuss in Section 5.2.1 below the empirical strategies used to mitigate 

selection bias.  

One might also be concerned about possible confounding from other 

factors-- it is possible that some of the observed differences in response to P4P 

incentives between treatment groups and control groups are actually caused by 

other unobserved attributes pertaining to the PCR practice rather than the P4P 

incentives. For example, an important institutional difference between some PCR 

and FFS practices is that these PCR models are paid by a mixture of FFS and 
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capitation instead of traditional FFS piece rates. One might expect that FFS 

physicians respond less to P4P bonuses related to preventive care services because 

the opportunity cost may be greater for FFS physicians than for physicians paid 

by capitation or salary in the sense that doing more preventive care may preclude 

the provision of other services that generate higher fees per unit time. Another 

type of confounding may arise if we are concerned about separate initiatives that 

influence the level of utilization of the services being analyzed. The potential 

sources of this type of confounding and the strategies we use to control for them 

are described in Section 5.2.2 below. 

 

3.5.2 Identification Strategies  

3.5.2.1 Strategies to Mitigate Selection Bias 

We employ several identification strategies to mitigate the selection bias that may 

be generated by both observable and unobservable physician characteristics. First, 

we control for important aspects of physician characteristics and practice 

characteristics that might be correlated with the self-selection process and are also 

important in determining the provision of the targeted services. The data allow us 

to control for physician characteristics including physician demographics, work 

experience, and work load measures; and practice characteristics including 

practice size, geographical location of the practice and patient population 

characteristics of the practice.  
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 Second, to address selection bias generated by unobservable characteristics, 

we exploit the longitudinal nature of the data and employ a 

difference-in-differences approach with individual fixed effects. As noted above, 

GPs may self-select into PCR models through a process linked to unobserved 

physician characteristics. This type of selection bias can be reduced to the extent 

that the unobserved components that determine both the self-selection behaviour 

and the outcomes are physician-specific and time-invariant, and thereby can be 

differenced out by a difference-in-differences approach with individual fixed 

effects. 

 A potential limitation of the above approach is the lack of control for 

unobserved temporal individual-specific components that affect the selection into 

the treatment and control groups (Blundell and Costa Dias 2000). This could be a 

problem if some GPs self-selected into PCR models because of temporary shocks 

that are directly related to the targeted health care services. However, this should 

not be an overriding concern in this study for the following reasons. First, 

participating in a PCR model is unlikely to depend on short-term changes that 

affect the utilization rates of the targeted services, such as a sudden demand-side 

change or an onset of other simultaneous policies that are targeted to these 

specific services. The monetary values of these P4P incentives constitute a very 

small proportion of the total income of GPs. So it is unlikely that any temporary 

changes related to the targeted services caused the conversion behaviour. This 

assumption is reinforced by the fact that only a very small proportion of GPs who 
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converted from a FFS practice to PCR models switched back to FFS practice 

during the ten-year study period. Second, any unobserved temporary shocks that 

are correlated with PCR participation should not play a major role in determining 

the utilization of the specific services that are targeted by P4P incentives, because 

most of the treatment group GPs already converted a number of years prior to 

becoming eligible for the P4P incentives. Hence, the incentives are unlikely to be 

the underlying reason for conversion behaviour.  

3.5.2.2 Strategies to Control for Confounding Effects  

 We are concerned about potential confounding from a PCR-practice effect 

because PCR practices have features (beyond the P4P incentives) not found in 

traditional fee-for-service practices. We argue that this type of confounding can be 

controlled in the analyses in the following ways. First, the eligibility timing of the 

P4P incentives in the PCR models facilitates the reduction of this confounding. 

The policy intervention provided the P4P incentives to different PCR models in 

different time periods, but it created essentially three types of physicians groups: a 

non-incentive group, an incentive group 1 and an incentive group 2 (see Figure 1). 

The non-incentive group consists of the GPs who remain in FFS over the study 

period. Since they were never eligible for the incentives, they are used as the 

legitimate control group in the difference-in-differences design. Incentive group 1 

consists of the GPs who joined a PCR model and simultaneously became eligible 

for the P4P incentives. This group of physicians can be used as part of the 

treatment group but this is problematic-- given that participation in PCR models is 
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a voluntary process, the P4P incentive effect is perfectly confounded by the 

selection into the PCR model for this group of physicians. Incentive group 2 

consists of GPs who joined a PCR model before the P4P incentives were 

introduced and who therefore became eligible for the P4P incentives only after 

they had participated for some time in a PCR model. This group of GPs pertains 

to the majority of physicians who were entitled with the incentives in this study. 

Using this group of physicians as the treatment group can mitigate the problem of 

confounding. Because these physicians chose to participate in PCR before (and 

with no expectation for future P4P incentives) the introduction of the P4P 

incentives, the incentive effect is not perfectly confounded by the other 

PCR-model features. Second, we use alternative treatment groups in the 

comparison to mitigate confounding from some specific PCR attributes. This 

approach is possible for this study since we can exploit the variation on several 

dimensions across different PCR models to conduct falsification tests on the 

effects of some specific confounders over the P4P incentive effects. For example, 

to rule out the possibility that the difference in the general payment scheme is 

causing the difference in responses, we restrict the treatment GPs to those PCR 

GPs who were also compensated mainly by fee-for-service and compare their 

behaviour with the FFS control group GPs. If we still observe a difference in 

responses, we can conclude that it is not likely that the general payment scheme is 

causing the observed P4P incentive effects.  

Our identification is complicated by potential confounding effects of 
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separate initiatives that could influence the level of utilization of preventive care 

services during the study period. Potential confounding from such other initiatives 

is of greatest concern for senior flu shots, breast cancer screening and colorectal 

screening.  The province has invested heavily in its universal flu vaccination 

program since 2000, both in making the flu shot available through special clinics 

and in promoting the uptake of the flu shot. Flu shots obtained through a flu shot 

clinic rather than in the GP office are not recorded in the OHIP database.  

Similarly, women can obtain a mammogram through the Ontario Breast Screening 

Program, which offers specialized clinics for mammograms.  Mammograms 

obtained through these clinics are also not recorded in the OHIP claims database, 

though, as noted above, we are able to capture such utilization by integrating data 

from Cancer Care Ontario, the provincial agency that oversees the breast 

screening program. Finally, beginning in 2004 Ontario launched a pilot program 

to encourage colorectal cancer screening, and in 2007 launched a 

population-based colorectal cancer screening program (“ColonCancerCheck”) in 

collaboration with Cancer Care Ontario.  

However, none of these initiatives are specific to patients in PCR practices: 

they offer services to all eligible Ontario residents.  Consequently, the inclusion 

of the fee-for-service control group controls for the general impact of these 

programs on the receipt of the respective services through GP offices as long as 

they affected provision equally for physicians in the control and treatment groups. 

A problem arises only if there is an interaction effect between these programs and 
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treatment/control status. One concern for flu shots and mammograms is that 

physicians eligible for incentive payments may have differential incentives to 

encourage their patients to receive the service through the GP office (and captured 

by the OHIP database) rather than one of the specialized clinics (not captured by 

OHIP).  Because we capture all mammogram utilization (that included in OHIP 

and that from Cancer Care Ontario) this does not pose a problem for 

mammograms.  But for flu shots we do not capture shots provided in specialized 

clinics, and in the presence of a differential incentive, this omission would lead to 

an over-estimate of the effect of the incentive payment.   

Finally, the identification of the difference-in-differences with 

individual-fixed effects approach is based on the assumption of a parallel trend 

between treatment and control groups. In order to control for the different time 

trends across treatment and control groups, we use the difference-in-differences 

adjusting for differential trends approach as suggested by Bell, Blundell and 

Reenen (1999). This model relaxes the assumption of parallel trends between the 

control and treatment group GPs when these differential trends have different 

impacts on the outcome between the P4P system and the non-P4P system. 

 

3.5.3 Empirical Specifications  

We employ the following empirical approaches to evaluate the impact of the P4P 

incentives.  
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3.5.3.1 Simple Difference-in-Differences with Pooled OLS  

The effect of each P4P incentive can be estimated by comparing the treatment and 

comparison group in the behaviour change before and after the exposure to the 

incentives.  Consider the model: 

𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 =  𝛽𝛽𝑗𝑗′𝑋𝑋𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑗𝑗𝑇𝑇𝑡𝑡 + 𝜌𝜌𝑗𝑗𝐷𝐷𝑖𝑖 + 𝛿𝛿𝑗𝑗𝑇𝑇𝑡𝑡 ∗ 𝐷𝐷𝑖𝑖 + 𝜃𝜃𝑡𝑡𝑡𝑡 + 𝜇𝜇𝑖𝑖𝑖𝑖𝑖𝑖  ,     (1) 

where 𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖  is the utilization score of service j for physician i in fiscal year t; Xit is 

a set of covariates; Tt is a treatment dummy equal to 1 if this is post-period and 0 

otherwise; Di is a treatment dummy  equal to 1 if this physician is in the 

treatment group and 0 otherwise; Tt*Di is the interaction term taking on a value of 

1 if GP i was exposed to the P4P incentives at time t. The estimated coefficient of 

this term, 𝛿𝛿𝑗𝑗  indicates the difference-in-differences (DID) P4P incentive effect. 

θtj is a set of year dummies; µitj is the idiosyncratic term. The above equation is 

estimated by a pooled linear or nonlinear panel data model.  

 In order to account for possible serial correlation of the dependent variable 

over time, we adjust the standard errors by clustering at the individual physician 

level in the above simple DID estimation and for all the DID models below. This 

would mitigate the over-rejection problem for DID estimates (see Bertrand, Duflo 

and Mullainathan 2004) when the inference of the regular t-statistic is based on 

unadjusted standard errors35

                                                        

35 We use the “cluster” option in STATA estimation commands to adjust for standard errors for 
intragroup correlation among observations over time for each physician. As Bertrand et al. noted 
(Bertrand, Duflo and Mullainathan 2004), this type of adjustment works well when the number of 
clusters is large (e.g. N is greater than 50). Our sample size (number of physicians) is sufficiently 

.  
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3.5.3.2 Difference-in-Differences with Individual Fixed Effects  

In order to control for fixed unobserved factors that could influence both selection 

into a PCR model and provision of the targeted services, we include a set of 

individual-specific fixed effects: 

𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 =  𝛽𝛽𝑗𝑗′𝑋𝑋𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑗𝑗𝑇𝑇𝑡𝑡 + 𝜌𝜌𝑗𝑗𝐷𝐷𝑖𝑖 + 𝛿𝛿𝑗𝑗𝑇𝑇𝑡𝑡 ∗ 𝐷𝐷𝑖𝑖 + 𝜃𝜃𝑡𝑡𝑡𝑡 + 𝜑𝜑𝑖𝑖𝑖𝑖 + 𝜇𝜇𝑖𝑖𝑖𝑖𝑖𝑖  ,     (2) 

where 𝜑𝜑𝑖𝑖𝑖𝑖 is a set of physician dummies, and 𝜇𝜇𝑖𝑖𝑖𝑖𝑖𝑖  is the idiosyncratic term. The 

above equation is estimated by a fixed effects linear or nonlinear panel data 

model.  

3.5.3.3 Difference-in-Differences with Differential Trend Model 

To relax the parallel trend assumption we use the difference-in-differences 

with differential trend model suggested by Bell, Blundell and Reenen (1999). This 

specification assumes that: 

�
𝑒𝑒𝑖𝑖𝑖𝑖 =  𝜑𝜑𝑖𝑖  + 𝑘𝑘𝑝𝑝𝑚𝑚𝑡𝑡  +  𝜇𝜇𝑖𝑖𝑖𝑖    𝑖𝑖𝑖𝑖   𝑇𝑇𝑡𝑡 ∗ 𝐷𝐷𝑖𝑖 =  1
𝑒𝑒𝑖𝑖𝑖𝑖 =  𝜑𝜑𝑖𝑖  + 𝑘𝑘𝑛𝑛𝑚𝑚𝑡𝑡  +  𝜇𝜇𝑖𝑖𝑖𝑖    𝑖𝑖𝑖𝑖   𝑇𝑇𝑡𝑡 ∗ 𝐷𝐷𝑖𝑖 =  0

�  ,      (3) 

where 𝑒𝑒𝑖𝑖𝑖𝑖  captures the unobservables and the noise. 𝑚𝑚𝑡𝑡  is an unobserved trend. 

If the P4P GPs and the non-P4P GPs have different trends, the impact of these 

trends is allowed to differ across the two groups, which is captured by 𝑘𝑘𝑝𝑝  and 

𝑘𝑘𝑛𝑛 35F

36 . This paper follows the regression operationalization of Wagstaff and 

Moreno-Serra (2009). Incorporating the assumption described in (3), we get the 

following model:   
                                                                                                                                                        

big for this adjustment to mitigate this problem.  
36 Note that P is the subscript for the “P4P” group trend; N is the subscript for the “Non-P4P” 
group trend. 
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𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽𝑗𝑗′𝑋𝑋𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑗𝑗𝑇𝑇𝑡𝑡 + 𝜌𝜌𝑗𝑗𝐷𝐷𝑖𝑖 + 𝛿𝛿𝑗𝑗𝑇𝑇𝑡𝑡 ∗ 𝐷𝐷𝑖𝑖 + 𝜑𝜑𝑖𝑖𝑖𝑖 + 𝑘𝑘𝑛𝑛𝑛𝑛 𝑚𝑚𝑡𝑡 + �𝑘𝑘𝑝𝑝𝑝𝑝 − 𝑘𝑘𝑛𝑛𝑛𝑛 �𝑚𝑚𝑡𝑡(𝑇𝑇𝑡𝑡 ∗ 𝐷𝐷𝑖𝑖 )

+ 𝜇𝜇𝑖𝑖𝑖𝑖𝑖𝑖  ,      (4) 

which can be estimated by a fixed effects model including year dummies and year 

dummies interacted with the treatment dummy, i.e. 

𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽𝑗𝑗′𝑋𝑋𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑗𝑗𝑇𝑇𝑡𝑡 + 𝜌𝜌𝑗𝑗𝐷𝐷𝑖𝑖 + 𝛿𝛿𝑗𝑗𝑇𝑇𝑡𝑡 ∗ 𝐷𝐷𝑖𝑖 + 𝜑𝜑𝑖𝑖𝑖𝑖 + � 𝛼𝛼𝜏𝜏𝜏𝜏 𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝜏𝜏
𝑇𝑇

𝜏𝜏=2

+ � 𝜃𝜃𝜏𝜏𝜏𝜏 𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝜏𝜏
𝑇𝑇

𝜏𝜏=2
(𝑇𝑇𝑡𝑡 ∗ 𝐷𝐷𝑖𝑖) + 𝜇𝜇𝑖𝑖𝑖𝑖𝑖𝑖  .           (5) 

In the above model the impact of P4P incentives varies over time, but the 

average impact of P4P incentives can be estimated as: 

Mean P4P impact = 𝛿𝛿 + 
∑ 𝜃𝜃𝜏𝜏𝜏𝜏𝑇𝑇
𝜏𝜏=2

𝑇𝑇−1
 .     (6) 

Because the parallel trend assumption implies 𝑘𝑘𝑝𝑝 = 𝑘𝑘𝑛𝑛 , this assumption 

can be tested by testing the nonlinear restriction: 

∑ 𝑚𝑚𝑡𝑡(𝑘𝑘𝑝𝑝𝑝𝑝 − 𝑘𝑘𝑛𝑛𝑛𝑛 )𝑡𝑡

∑ 𝑚𝑚𝑡𝑡𝑡𝑡 𝑘𝑘𝑛𝑛𝑛𝑛
=

(𝑘𝑘𝑝𝑝𝑝𝑝 − 𝑘𝑘𝑛𝑛𝑛𝑛 )∑ 𝑚𝑚𝑡𝑡𝑡𝑡

𝑘𝑘𝑛𝑛𝑛𝑛 ∑ 𝑚𝑚𝑡𝑡𝑡𝑡
=
∑ 𝜃𝜃𝜏𝜏𝜏𝜏𝑇𝑇
𝜏𝜏=2

∑ 𝛼𝛼𝜏𝜏𝜏𝜏𝑇𝑇
𝜏𝜏=2

= 0 .        (7) 

Non-rejection of the hypothesis would suggest that  𝑘𝑘𝑝𝑝𝑝𝑝 = 𝑘𝑘𝑛𝑛𝑛𝑛  and provide 

evidence in favour of the parallel trend assumption and the 

difference-in-differences with individual fixed effects model. 

 It should be noted that we could only run a full set of regression analyses 

described above for the five bonuses, but not for the six special payments. As 

indicated by Table 5, because the eligibility scope and implementation dates for 

the 11 P4P incentives are different across the four PCR models, the composition 
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and the final sample size of the treatment and control groups vary by the P4P 

incentives. Most of our P4P GPs became eligible for the five preventive care 

bonuses in 2006, except colorectal cancer screening, for which most of our P4P 

GPs became eligible in 2005. For the six special payments, most of the P4P GPs 

became eligible in 2005, 2006 and 2007, except for the palliative care special 

payments, for which most of the P4P GPs became eligible in 2003, 2004 and 2005. 

Accordingly, for the six special payments, we estimate the 

difference-in-differences models separately for three subsets of P4P GPs based on 

the year they became eligible for the payments. Moreover, as the five bonuses 

were provided to all four PCR models considered in the study while the six 

special payments were provided to only some of the PCR models (i.e. FHNs and 

FHOs), there are far fewer GPs constituting the treatment groups in the analysis 

for the six special payments than for the five cumulative bonuses. As a result, we 

could estimate the full set of difference-in-differences models and conduct the 

robustness checks and sensitivity analyses for the five bonuses, but could only 

estimate the simple pooled difference-in-differences model with the full sample 

for the six special payments. For the same reason, we could only conduct 

subgroup analyses for the five bonuses, but not for the six special payments. 

   

3.6 Empirical Results 
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3.6.1 Descriptive Trends of Physician Responses 

We can only document the extent to which GPs contacted patients to arrange the 

receipt of preventive services for the period after the identifying codes were 

introduced in the fee schedule. Table 7 presents the proportion of eligible 

physicians who submitted at least one claim for contacting a patient to arrange an 

appointment to deliver a preventive care service. Two things are noteworthy:  (1) 

the rate of uptake is relatively low — with the exception of a couple of years for 

the senior flu shot, less than 45% of eligible physicians submitted even a single 

claim; (2) and there is no noticeable upward trend — in fact, the proportion has 

been falling in recent years for 4 of the 5 services. Figure 2 presents the mean 

number of claims per eligible physician for each service. For all services except 

senior flu shots, the mean number of claims per eligible physician is fewer than 20; 

even for senior flu shots the mean exceeds 100 for only one year during this 

period.   Overall, there appears to have been little response to these contact 

incentive payments. 

 The main outcome measures for this study are the utilization rates of the 

services that are targeted by the 11 P4P incentives. The unadjusted time paths of 

compliance levels of all the targeted services are shown in Figure 3 through 

Figure 13. The horizontal axis represents the years from March 31, 1999 to March 

31, 2008. For the preventive care services, the vertical axis is the mean proportion 

of patients who received the targeted services. For the special payments the 

vertical axis is the proportion of physicians who achieved the targeted 
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performance level. The lines represent the time trends for the control group, and 

for treatment groups defined in terms of the year when a GP first became eligible 

for the incentive. For example, incent2003 represents GPs who were first eligible 

during fiscal year 2002-2003. We can detect a specific pattern of change in trend 

to the introduction of the P4P incentives for Pap Smears, colorectal cancer 

screenings, and palliative care. For these services, compared to the control group, 

provision in the incentive groups started to increase and diverge at the time of 

exposure to the incentives. This suggests possible effects of the P4P incentive 

payments for these services. The trend for mammograms displays equivocal 

evidence. We could not detect any specific pattern in the trend for senior flu shots, 

toddler immunizations, obstetrical deliveries, hospital services, office procedures, 

prenatal care and home visits. For most of these 11 services, incentive group GPs 

started with higher baseline compliance levels so it is possible that a selection 

effect exists in the means of the compliance levels for treatment versus control 

groups.  

 

3.6.2 Estimation Results for the Preventive Care Bonuses 

3.6.2.1 Estimates for the Full Sample  

Table 8 presents the estimates of the P4P incentive effects for the five preventive 

care bonuses based on three difference-in-differences models for the full sample. 

Column (a) lists the baseline compliance level of each targeted service, which is 



 

PhD Thesis - Jinhu Li                    McMaster University - Economics 

199 

 

defined as the average utilization rate of this service in 2003. Panels (b), (c) and (d) 

of Table 8 present the estimates of the P4P incentive effects based on a 

difference-in-differences with the pooled OLS model, a difference-in-differences 

with individual fixed effects model, and a difference-in-differences with 

differential trend model, respectively. The marginal effects estimates indicate the 

percentage change of the service provision due to the introduction of each bonus 

payment. In order to account for possible correlation of the observations over time 

for each physician, we calculated the robust standard errors by clustering by 

individual physician. The results based on a difference-in-differences with the 

fixed individual effects model show that the bonus payment had a statistically 

significant effect on the provision of senior flu shots, Pap Smears, mammograms 

and colorectal cancer screenings, while its effect on the provision of toddler 

immunizations is not statistically significant37

                                                        

37 As noted by Moulton (1986, 1990), and Donald and Lang (2007), in regression models with 
mixture of individual and grouped data, the failure to account for the presence of common group 
errors can generate estimated standard errors that are biased downward dramatically. Our DID 
estimates may suffer from this problem, under the assumption that physicians in the same practice 
may have correlated standard errors. Accordingly, adjusting the standard errors for clustering by 
practice (instead of clustering by individual physician) could correct for the over-rejection problem 
with our DID estimates. However, we have not done so because we could not properly identify 
physician practice for FFS GPs and CCM GPs. As a result, our current estimates overstate the 
statistical significance of the P4P incentive effects, and adjustment for clustering would weaken 
the evidence of an incentive effect. 

. The absolute level of increase in 

compliance is 2.8%, 4.1%, 1.8% and 8.5% for senior flu shots, Pap smears, 

mammograms and colorectal cancer screenings, respectively. It is notable that the 

marginal effect estimates based on a difference-in-differences with the pooled 

OLS model are similar to the above figures, except that the incentive effect 
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estimates are not significantly different from zero for senior flu shots and 

mammograms in the pooled OLS model. The estimates based on a 

difference-in-differences with the differential trend model are consistent with 

those from the individual fixed effects model while indicating slightly larger 

effects for all five services.  

Panel (e) of Table 8 presents the test statistic and the p-value from the 

nonlinear restriction test on the parallel-trend assumption as described in Equation 

(7). The results indicate that the null hypothesis of a common trend between the 

P4P GPs and non-P4P GPs is not rejected at the 5% level for senior flu shots, 

toddler immunizations and mammograms but is rejected for Pap smears and 

colorectal cancer screenings. Therefore, the parallel trend assumption is 

reasonable for senior flu shots, toddler immunizations and mammograms. For 

these services, the regression results from the difference-in-differences with fixed 

individual effects model are plausible, while we prefer the results from the 

differential trend model to the results from the difference-in-differences with fixed 

individual effects model for Pap smears and colorectal cancer screenings. Even 

though the parallel trend assumption does not hold for some services, the 

magnitude of the estimated incentive effects is similar across these two models.  

3.6.2.2 Robustness Checks with Alternative Samples 

The above results may be subject to bias due to the confounding from other PCR 

model characteristics. As a robustness check we restrict the treatment group to 

PCR GPs who joined PCR practices before becoming eligible for P4P incentives. 
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This robustness check is conducted only for the five preventive care bonuses. 

Panel (b) in Table 9 presents the estimated P4P incentive effects from a 

difference-in-differences with individual fixed effects model based on the sample 

of GPs who joined PCR practices before becoming eligible for the P4P incentives. 

Column (a) lists the baseline compliance level of each targeted service in 2003 for 

this sample. The regression results show that the estimated P4P incentive effects 

are robust to this refinement of the treatment group. Therefore, we conclude that 

the estimated P4P incentive effects are unlikely to be generated by other PCR 

practice characteristics.  

 We also used a falsification test to check whether the observed incentive 

effects are linked to the general payment scheme, which differs between most 

treatment and control physicians. As a second robustness check we restrict the 

treatment group to GPs working in PCR practices that are paid primarily by FFS. 

If we observe that the response of this subgroup of GPs is not significantly 

different from those in traditional FFS practices, we have evidence that 

compromises the estimated P4P incentive effects. Panel (d) of Table 9 presents the 

estimates of P4P incentive effects based on the sample of GPs in PCR models 

funded primarily by FFS. The results indicate that refining the treatment group in 

this way does not change the estimates of the incentive effects from those based 

on the full sample. This is consistent with the full sample estimation and first 

robustness check. Overall, the results from these two robustness checks indicate 

that the full-sample estimates do not suffer from the possible confounding of other 
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PCR attributes. 

3.6.2.3 Sensitivity Analyses on the Study Design 

In order to test the sensitivity of the regression results, we conducted four 

sensitivity analyses to address limitations on the study design and assumptions.  

 As noted above, one complication with the current study design is that PCR 

physicians can bill a “tracking code” for patients who receive a flu shot at 

specialized clinics rather than the GP’s office, an option not available to FFS 

physicians. We conduct sensitivity analyses regarding the use of such codes to 

define flu shot uptake among PCR practices to test the sensitivity of the findings 

to this potential problem.  In the first sensitivity analysis, we redefined the 

dependent variables for the incentive payments by excluding the claims from the 

PCR physicians with these shadow-billed tracking Q-codes. This would give us a 

lower bound of the true estimates of the incentive effects. Table 10 presents the 

estimated marginal effects based on a difference-in-differences with individual 

fixed effects model for the full sample and the two alternative samples we used 

above. The results from this sensitivity analysis indicate that the base case 

estimates are robust to this change of definition in that the significance level of the 

incentive effects stays the same while the magnitude is slightly smaller (as we 

would expect). The basic conclusions from the main analysis therefore appear to 

hold.  

The second sensitivity analysis aims to test for the consistency of different 

methods we used to calculate the performance level for the FFS physicians and 



 

PhD Thesis - Jinhu Li                    McMaster University - Economics 

203 

 

the PCR physicians. As discussed previously, the dependent variable could not be 

defined identically for the PCR and the FFS GPs: for PCR GPs, this variable is 

constructed using data from rostered patients only because the Ministry’s criterion 

for payment of the bonus is defined in reference to rostered patients only. 

Therefore, we added in the non-rostered patients for the PCR physicians in the 

calculation of the dependent variables and compared the performance level based 

on both rostered and non-rostered patients against that of the FFS physicians. 

Table 11 presents the estimated marginal effects for this sensitivity analysis based 

on a difference-in-differences with individual fixed effects model for the full 

sample and the two alternative samples we used above. The results show that the 

estimates are robust to this change in the dependent variable definition. The 

magnitude of the estimated incentive effect is slightly larger under the second 

sensitivity analysis. We interpret this as the selection effect introduced by our 

algorithm of assigning the patients—the non-rostered patients within a PCR 

physician’s patient population that are assigned by our algorithm are utilizers of 

the services thus are more likely to receive preventive care services from this 

physician. 

One additional rule for the FHG and CCM physicians to receive the bonus 

payment is that they need to reach a minimum threshold of patient roster size. In 

the third sensitivity analysis, we estimate the incentive effects over only the subset 

of FHG and CCM physicians with rosters over the minimum threshold at the time 

of the bonus introduction. The results from this sensitivity analysis represent 



 

PhD Thesis - Jinhu Li                    McMaster University - Economics 

204 

 

short-run responses as opposed to long-run responses represented by the base case 

results, because the patient roster size could be endogenized over time. Table 12 

presents the estimated marginal effects for the third sensitivity analysis based on 

the difference-in-differences with individual fixed effects model for the full 

sample and the two alternative samples we used above. The results from this 

sensitivity analysis confirm the significance of the incentive effects and show a 

slightly larger response from the physicians who had already achieved the 

minimum roster size.  

At the beginning of the bonus payment introduction, physicians might be 

just starting to enroll patients into their practice or ramping up for the incentive 

payment. The calculated performance level might therefore be noisy in the sense 

that the targeted performance is based on the proportion of patients who received 

the services. In the fourth analysis we dropped the observation of transition year, 

i.e. the first year that the treatment group GPs became eligible for the bonuses, 

from the empirical analyses to remove the potential noise in the observed 

behaviour in the first period of transition. Table 13 presents the estimated 

marginal effects for this sensitivity analysis based on the difference-in-differences 

with individual fixed effects model for the full sample and the two alternative 

samples we used above.  The estimated marginal effects of incentives are not 

sensitive to this change and are slightly larger in size than the base case results.    
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3.6.3 Estimation Results for the Special Payments 

Table 14 presents the P4P incentive effects for the six special payments from 

estimating the difference-in-differences with pooled logit model. Column (a) lists 

the baseline compliance level of each targeted service, which is defined as the 

proportion of GPs whose pattern of service provision in 2003 exceeded the special 

payment target level. We present the results separately for the subsets of GPs who 

became eligible for these incentives in 2005, 2006 and 200738 in panel (b), (c) 

and (d) respectively. The marginal effect estimate indicates the absolute change in 

the proportion of physicians whose service provision is predicted to exceed the 

target level as a result of the special payments. There is no statistically significant 

incentive effect that is consistent over these three subsamples for any of these 

special payments39

3.6.4 Estimates of the P4P Incentive Effects for Subgroup Analysis 

. Overall, the results suggest little if any response to the special 

payments: all the estimates are small and not statistically different from zero. 

 

There are reasons to expect that responses may differ by physician age, practice 

size, and baseline level of compliance.  To investigate this we conduct three sets 

of subgroup analyses and present the results in this section40

                                                        

38 For the palliative care payment, the results are presented separately for the subsets of GPs who 
became eligible for the incentive since 2003, 2004 and 2005 instead.  
39 Statistically significant results are found only for one subsample for office procedures and 
prenatal care.  

. The subgroup 

40 A hypothesis that response is associated with the size of the group a GP works in cannot be 
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analyses are conducted only for the five bonuses due to the small sample sizes for 

the six special payments. 

 The first panel of Table 15 presents the estimates from the 

difference-in-differences with individual fixed effects model for the subgroup 

analyses by physician age for the five preventive care bonuses. We see a clear age 

gradient for Pap smear, mammograms and colorectal cancer screenings whereby 

younger physicians respond more to the P4P bonuses than do older physicians. An 

age-gradient is not discernable for senior flu shots and toddler immunizations. For 

senior flu shots, we observe that only middle-age physicians responded to the 

incentives. This indicates the possibility that the relatively weak incentive effect 

from the whole sample analysis for senior flu shots is driven by the response of 

the middle-age physicians. We only detect a statistically significant incentive 

effect in the oldest age group for the toddler immunization bonus, but this effect is 

only weakly significant at the 10% level.  

 The second panel of Table 15 presents estimates by practice size.  Overall, 

the results indicate that physicians with larger practices tend to be more 

responsive to the P4P incentives. For the Pap smear incentive there is essentially 

no difference in the magnitude of the estimated effects across categories of 

practice size. For the mammogram and senior flu shot incentives, there is a 

statistically significant incentive effect only for the largest practices but no effect 

for small-size or mid-size practices. For colorectal cancer screenings, the pattern 
                                                                                                                                                        

tested with our data due to the missing information on group size for the control group GPs.      
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is clear that the incentive effect is larger for larger sized practices.  

 The third panel of Table 15 presents the difference-in-differences estimates 

for the subgroup analysis by baseline level of compliance. For three of the five 

preventive services, the response is greatest for those physicians with the lowest 

levels of baseline provision (senior flu shots and mammograms) or for physicians 

with the lowest and middle levels (colorectal cancer screenings) 41

3.7 Discussion and Conclusions 

. This is 

consistent with the hypothetical pattern that physicians with lower baseline 

compliance levels tend to respond more, except for Pap smears in which 

physicians in the middle quartiles responded the most.  

 

Our estimates of the incentive effects indicate that the cumulative preventive care 

bonus payments for Pap smears, mammograms, senior flu shots and colorectal 

cancer screenings have modestly improved the performances of GPs in the 

provision of these targeted services. The bonus on toddler immunizations and the 

special payments on obstetrical deliveries, hospital services, palliative care, office 

procedures, prenatal care and home visits, had no effect on the provision of these 

targeted services. Regression results are consistent and similar in magnitude 

across the series of difference-in-differences models that we use in sequence to 

                                                        

41 Note that for mammograms, the incentive effects for the middle-quartile and top quartile are 
about the same; while for colorectal cancer screenings, the incentive effects for the lowest quartile 
and the middle quartile are about the same.  
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partly control for “selection on observables” and “selection on unobservables”. 

The results from the robustness checks with alternative study samples suggest that 

it is unlikely that the baseline estimates are driven by confounding effects between 

P4P incentives and other features of PCR practices. The sensitivity analyses also 

indicate that the main regression results are robust to different definitions of 

dependent variables and alternative estimation samples, reassuring the validity of 

our study design. 

 In general, our empirical results confirm the empirical literature, which 

indicates little effect of employing P4P incentives to improve the quality of health 

care. Among the eleven incentives we considered, seven of them did not result in 

significant improvement of service provision, while the other four only slightly 

increased the utilization of the targeted services. As noted above, because we 

could not adjust the standard errors for possible clustering on practice in 

estimating the difference-in-differences models, our current estimates overstate 

the statistical significance of the P4P incentive effects, reinforcing the general 

conclusion that these incentives are not very effective. Unlike evidence based on 

P4P programs in the U.S., our findings are derived from observations in a publicly 

funded single-payer system, so the effect of P4P incentives is not confounded by 

the institution of multiple payers. Moreover, we found that even for the incentives 

that generated responses, the magnitude of the response rates varies across 

targeted services, across physician characteristics and across practice settings. 

Specifically, physicians responded to the bonuses for preventive care services but 
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not for special payments. Physician responses differ significantly across physician 

age and initial service provision level.       

 The differing physician responses to the preventive service bonuses and the 

special payments may be due to a number of factors. First, the costs of complying 

are different for these two sets of incentives. The preventive care services targeted 

by the five bonuses do not require special costs in provision and are within the 

expected competency of a GP. Some preventive care services can even be 

provided by non-physician staff. However, the services targeted by the six special 

payments often require a fixed cost. Services like obstetrical deliveries often incur 

some cost related to insurance premiums and require a commitment to be 

available for deliveries at all hours of the day. Also, providing services like 

hospital visits and home visits involves additional time costs and re-organization 

costs (i.e. re-organizing one’s schedule for visits). Therefore, relatively larger 

financial incentives are required to cover these costs and to induce desired 

behaviours by GPs. Second, providing preventive care is well documented to be 

effective and is well established as consistent with high-quality care, but services 

subject to special payments in Ontario have no strong link to quality of care. 

Lastly, the preventive care bonuses are complementary to other attributes of the 

PCR models while this is not true for the special payments. For example, unlike 

the physicians remaining in FFS practice, the physicians who participated in PCR 

models were eligible for financial support to adopt electronic medical record 

systems that can provide automatic reminders when a patient should receive 
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regularly scheduled services. This feature generally does not apply to the 

provision of special services as it does to the provision of preventive care services.      

 The general take-away message from our empirical results is that physicians 

do not automatically respond to performance-based financial incentives as 

expected. Although principal-agent theory suggests the potential to employ P4P 

incentives to motivate physicians in providing high-quality care, physician 

responses to such incentives are not easily predicted. The heterogeneity of 

physician responses found in our study suggests that physician behaviours may be 

constrained by a complex set of objectives that we do not directly observe. 

Therefore, more refined positive analyses on physician health care delivery are 

warranted to inform future implementation of different and customized incentive 

schemes to elicit desired physician behaviours.    Overall, our results deliver a 

cautionary message regarding the effectiveness of employing pay-for-performance 

to increase the quality of health care. The overall small physician responses to the 

introduction of P4P incentives in Ontario indicate the rather low power of using 

these incentives to motivate high quality care. One possible reason is that the 

absolute size of the financial incentives for these services in general is too small to 

generate the desired response from the physicians. After all, the income increase 

related to these incentives is only a small proportion relative to the total income 

for most of the GPs, so the increase of marginal utility related to this income 

increment likely works very marginally in a physician’s service provision 

decisions. Nonetheless, we would then expect that it will be even more costly to 
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achieve the pre-specified improvement of service provision if we continue to 

employ the same incentive structure. As indicated in the recent literature on 

pay-for-performance, the P4P incentives need to be more carefully designed 

(Christianson et al. 2008; Epstein 2006; Hutchison 2008). As noted above, the 

cost of complying may vary substantially among different types of procedures and 

services. Therefore, tailoring the absolute size of financial incentives for different 

targeted services according to the relative costs of complying may provide a more 

cost-effective solution. Furthermore, our findings also suggest that there is only 

limited scope of using P4P incentives to increase the provision of targeted services. 

The employment of P4P incentives is only effective when the targeted 

performance or tasks are strongly linked to professional standards of high quality 

care. This is reflected in the fact that physicians tend to be more responsive to P4P 

incentives designed around the provision of preventive care services, which are 

unquestionably consistent with medical guidelines on providing high-quality care. 

Therefore, future implementations of P4P incentives could be restricted only to 

these services. Finally, the P4P incentives should be redesigned so that the target 

measures are more closely related to real standards of high quality care. For 

example, financial incentives can be linked to quality indicators that aim to 

increase access to health care, or to those representative of evidence-based health 

care.  

Further studies on performance payment incentives can be extended in 

several directions. Like much of the current literature on P4P, we could not obtain 
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any patient health outcome measures, so we only rely on utilization rates or 

provision levels in our analyses. These measures may not be representative of the 

health care quality per se and patient health outcomes would be better indicators 

of quality. Therefore, it will be important to document the effect of P4P incentives 

on patient health outcomes if such data become available in the future. Moreover, 

it is interesting to test whether there is a “spill-over” effect of only rewarding the 

provision of a small subset of services. It is possible that physicians reallocate 

their time or other resources from the unrewarded services to the rewarded 

services to obtain more income. Finally, exploring other factors that might be 

complementary to P4P incentives will help us design better P4P programs for 

eliciting optimal behaviour among physicians. 
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Figure 3.1: Groups of Physicians with Different Timing in PCR Participation and P4P Incentive 
Exposure 

 
 

 

Figure 3.2: Mean Number of Claims for Contact Incentive Payments per Eligible Physician 
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Figure 3.3: Share of Target Practice Population Receiving Targeted 
Service-- Senior Flu Shot 

 

 

 

 

 

Figure 3.4: Share of Target Practice Population Receiving Targeted 
Service-- Toddler Immunzation 
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Figure 3.5: Share of Target Practice Population Receiving Targeted 
Service -- Pap Smear 

 

 

 

 

 

Figure 3.6: Share of Target Practice Population Receiving Targeted 
Service -- Mammogram 
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Figure 3.7: Share of Target Practice Population Receiving Targeted 
Service — Colorectal cancer screening 
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Figure 3.8: Proportion of Physicians Achieving the Targeted 
Performance Level of Service — Obstetrical deliveries 

 

 

 

 

 

Figure 3.9: Proportion of Physicians Achieving the Targeted 
Performance Level of Service — Hospital services 
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Figure 3.10: Proportion of Physicians Achieving the Targeted 
Performance Level of Service — Palliative care 

 

 

 

 

 

Figure 3.11: Proportion of Physicians Achieving the Targeted 
Performance Level of Service — Office procedures 
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Figure 3.12: Proportion of Physicians Achieving the Targeted 
Performance Level of Service — Prenatal care 

 

 

 

 

 

Figure 3.13: Proportion of Physicians Achieving the Targeted 
Performance Level of Service — Home visits 
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Table 3.1: Description of Eleven Financial Incentives under Analysis 
 

# Financial 
incentive Eligibility condition Bonus Payment 

Preventive Care Service Enhancement Payments 
Contact Payment 
             -- payment of $6.86 for each documented contact for eligible patients to obtain the preventive service 
Cumulative Care Preventive Service Bonus 
1 Seniors’ influenza 

immunizations 
Bonus payment based on the proportion of the physician’s 
eligible (aged 65 or more) and rostered patients on March 31 
who received the flu shot in the previous flu season.  

• $220 (60% of patients) 
• $440 (65% of patients) 
• $770 (70% of patients) 
• $1,100 (75% of patients) 
• $2,200 (80% of patients) 

2 Pap smears Bonus payment based on the proportion of the physician’s 
eligible(females aged 35 to 69) and rostered patients on March 
31 who received a Pap smear for cervical cancer screening 
during the last 30 months.  

• $220 (60% of patients) 
• $440 (65% of patients) 
• $660 (70% of patients) 
• $1,320 (75% of patients) 
• $2,200 (80% of patients) 

3 Mammograms Bonus payment based on the proportion of the physician’s 
eligible (females aged 50 to 69) and rostered patients on March 
31 who received a mammogram for breast cancer screening 
during the last 30 months.  

• $220 (55% of patients) 
• $440 (60% of patients) 
• $770 (65% of patients) 
• $1,320 (70% of patients) 
• $2,200 (75% of patients)  

4 Toddler 
immunizations 

Bonus payment based on the proportion of the physician’s 
eligible (children aged 30 to 42 months) and rostered patients 
on March 31 who received 5 immunizations by the age of 30 
months.  

• $440 (85% of patients) 
• $1,100 (90% of patients) 
• $2,200 (95% of patients) 

5 Colorectal cancer 
screenings 

Bonus payment based on the proportion of the physician’s 
eligible (aged 50 to 74) and rostered patients on March 31 who 
was administered a colorectal screening test by Fecal Occult 
Blood Testing during the last 30 months.  

• $220 (15% of patients) 
• $440 (20% of patients) 
• $1,100 (40% of patients) 
• $2,200 (50% of patients) 

Annual Special Payments 
6 Obstetrical 

deliveries 
Payment if 5 or more obstetrical services were delivered to 5 or 
more patients in a fiscal year.  

$3,200 (increased to $5,000 
in October 2007) 

7 Hospital services Payment if hospital services provided to all patients total at 
least $2,000 in a fiscal year.  

$5,000 (increased to $7,500 
in April 2005 for those with 
a Rurality Index of Ontario 
score greater than 45) 

8 Palliative care Payment if palliative care services are delivered to four or more 
patients in a fiscal year. 

$2,000 

9 Office procedures Payment if office procedures provided to enrolled patients total 
at least $1,200 in a fiscal year.  

$2,000 

10 Prenatal care Payment if prenatal care services  are provided to five or more 
enrolled patients in a fiscal year. 

$2,000 

11 Home visits Payment if 100 or more home visits are provided to enrolled 
patients in a fiscal year. 

$2,000 
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Table 3.2: Eligibility for Preventive Care Bonuses and Special Payments 

 
   2002 2003 2004 2005 2006 2007 2008 

Preventive Care Bonuses 
Senior Flu Immunization. Toddler Immunization, Pap Smear and Mammogram 
   FHN      April 
   FHG           April 
   CCM           April 
   FHO           April 
Colorectal Cancer Screening 
   FHN          April 
   FHG          April 
   CCM          April 
   FHO           April 
 

Special Payments 
Obstetrical Services, Hospital Services, Office Procedures, Prenatal Care and Home Visits 
   FHN      April 
   FHG   - never eligible - 
   CCM   - never eligible - 
   FHO        November 
Palliative Care 
   FHN      April 
   FHG       July 
   CCM   - never eligible - 
   FHO        November 
Note: Date PCR models introduced: FHN: April 2002; FHG: July 2003; CCM: October 2005; FHO: November 2006. 
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Table 3.3: Key Characteristics of Primary Care Models Included in This Study 
Model  
(Year Introduced) Size/Rostering Funding  

Traditional  
Fee-for-service 
(whole period) 

No size regulation 
No rostering • Fee-for-service 

Family Health 
Network (2002) 

Physician: 
• At least 3 GPs    
Rostering: 
• Minimum total roster 

of 2400 for group of 3 
• Financial penalty for 

average rosters > 2400 
per GP 

Blended Capitation: 
• Age-sex adjusted capitation for rostered patients for 57 core services (about 80% of gross income) 
• 10% of FFS rate for core services to rostered patients 
• Access Bonus: 20.65% of the base capitation payment less value of outside use by rostered patients 
• Monthly comprehensive care capitation payments for formally rostered patients  
• 100% of FFS rate for core services to non-rostered patients up to $45,000 per physician 
• 100% of FFS rate for excluded services to either rostered or non-rostered patients 

Family Health 
Group (2003) 

Physician: 
• At least 3 GPs    
Rostering: 
• Voluntary 

 

Blended fee-for-service: 
• 100% FFS as usual 
• 10% premium on FFS rate for specified comprehensive care services provided to rostered patients 

(Ministry-assigned and formally rostered) 
• Comprehensive care premium  
• Monthly comprehensive care capitation payments for formally rostered patients 
• Some premiums/ bonuses paid only for formally rostered patients 

Comprehensive 
Care Model (2005) 

Physician: 
• Solo practice 
Rostering 
• Required 
• No size regulation 

Blended fee-for-service: 
• 100% FFS as usual 
• Monthly comprehensive care capitation for rostered patients  

Family Health 
Organization 
(2006) 

 

Physician: 
• At least 3 GPs  
Rostering 
• Required 
• No size regulation 

Blended capitation: 
• Capitation for core services to enrolled patients 
• Access bonus: maximum of 18.59% of the base rate payment less outside use by rostered patients 
• 100% FFS for excluded services to all patients and for non-enrolled patients 
• Monthly comprehensive care capitation payments for formally rostered patients  
• 100% of FFS rate for core services to non-rostered patients up to $45,000 per physician 
• 100% of FFS rate for excluded services to either rostered or non-rostered patients 

Note:  Some of these elements were present for different periods for the different PCR model
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Table 3.4: Criteria for Selecting the Sample of GPs for Analysis 
 

Criterion Rationale Resulting 
Sample Size 

All Ontario physicians present in claims data at 
any point between April 1998 and March 2008    37,422 

Exclude physicians not present in all 10 years of 
the study period 

Exclude physicians who began to practice 
later than April 1998 or who interrupted their 
practice or who left province during the 
study period 

- 21,415 
= 16,007 

Exclude physicians whose specialty is not 
general/family practice during entire study perioda 

Only GPs are eligible for incentives; we 
exclude those billing as GP while attaining 
specialization 

- 8,533 
= 7,474 

Exclude physicians who billed less than $30,000 
annually Exclude part-time physicians - 1,304 

= 6,170 
Exclude physicians without two consecutive years 
of practice before start of study (i.e., April 1996 to 
March 1998) 

Exclude new GPs who are newly 
establishing their practice at the start of the 
study period  

- 3,835 
= 2,335 

Exclude GPs for which billings for A001, A003, 
and A007 constitute less than 70% of activity, and 
GPs for which billings for A001, A003 and A007 
constitute less than 50% of all activity and a single 
"non A-code" category constitutes over 15% of 
activityc 

Exclude GP specialists whose main activity 
is other than providing traditional family 
medicine visits and consultationsb 

 - 95 
= 2,240 

Exclude locumsd Locums are not eligible for the incentivese  - 19 
= 2,221 

Exclude GPs affiliated with the following primary 
care groups: RNPGA, HSO, PCN, SEAMO, GHC or 
ICHAf  

Such GPs did not submit claims data or 
submitted only shadow billing claims; 
available data are insufficient for the analysis 

 - 32 
= 2,189 

Exclude GPs who converted between FFS and 
PCR practices for more than one time during the 
study period 

Such GPs do not represent typical 
observations in service provision behaviour   

  - 4 
= 2,185 

a A physician’s specialty was defined as the specialty under which the largest share of services 
were billed (based on the fee approved).   
b An additional criterion whereby a GP with more than 25% of billings for K-codes was classified 
as a GP psychotherapist was rendered superfluous by this 70% rule.  
c The following ophthalmology codes are treated as a “non A” category: A009A, A110A, A111A, 
A112A, A114A, A115A, A237A, A238A, A239A, A240A, E077A. 
d Locums were identified using information on the Group Type in the Corporate Provider Database.  
We were able to identify locums only imperfectly. 
e GPs in walk-in-clinics do not regularly provide the services eligible for the financial incentives 
under study and should therefore be excluded from the analysis.  We considered excluding GPs 
with a high proportion of billings for code A888 (Emergency Department Equivalent – Partial 
Assessment); however, once all of the above criteria were applied, this criterion was redundant.  
f RNPGA: Rural and Northern Physician Group Agreement; HSO: Health Service Organization; 
PCN: Primary Care Network; SEAMO: Southeastern Ontario Medical Organization; GHC: Group 
Health Care; IHCA: Inner City Health Associates. 
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Table 3.5: Definitions and Sample Sizes of Control and Treatment Groups for each Performance 
Incentive 

Preventive Care Incentives 

Senior Flu Shot, Toddler Immunization, Pap Smear, Mammogram 

Control Group • FFS  433 physicians 

Treatment Group 

• FHN starting from April 2002 
• FHG starting from April 2007 
• CCM starting from April 2007 
• FHO starting from April 2007 

1,722 physicians 

Colorectal Cancer Screening 

Control Group • FFS  427 physicians 

Treatment Group 

• FHN starting from April 2006 
• FHG starting from April 2006 
• CCM starting from April 2006 
• FHO starting from April 2007  

1,730 physicians 

Special Payments 

Obstetrical Care, Hospital Services, Office Procedures, Prenatal Care, and Home Visits 

Control Group 
• FFS 
• FHG 
• CCM 

1,962 physicians 

Treatment Group 
• FHN starting from April 2002 
• FHO starting from November 

2006  
218 physicians 

Palliative Care 

Control Group • FFS 
• CCM 560 physicians 

Treatment Group 

• FHN starting from April 2002 
• FHG starting from July 2003 
• FHO starting from November 

2006  

1,596 physicians 
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Table 3.6. Descriptive Statistics in the Pre-intervention Period: Control and Incentive Groups 
  

Control Group 
 

Incentive Group 
 Equal 

Means 
Equal 

Variance 
 Mean Median St. Dev  Mean Median St. Dev  p-value p-value 

           
Preventive Care Incentives for Senior Flu Shot, Toddler Immunization, Pap Smear, Mammogram, Colorectal 

Cancer Screening and Special Payment for Palliative Care  
 Physician Characteristics 
   Age 54.0 54.0 10.8  49.0 49.0 8.4  0.000 0.000 
   Female 0.213 - -  0.270 - -  - - 
   Years Licensed 22.1 20.0 11.6  18.1 16.0 8.8  0.000 0.000 
Practice Characteristics 
   Size 1,408 1,345 668  1,605 1,572 573  0.000 0.000 
   Patient Age 39.7 39.3 8.5  38.6 38.0 6.2  0.000 0.000 
   Proportion Female 0.528 0.493 0.121  0.544 0.506 0.111  0.000 0.000 

   Proportion Infants 0.016 0.014 0.014  0.023 0.021 0.014  0.000 0.009 

   Proportion Elderly 0.144 0.119 0.111  0.135 0.119 0.079  0.000 0.000 

Workload 
   Annual Workdays 250.6 249.8 44.2  263.7 261.8 38.8  0.000 0.000 
   Annual Visits 7,663.0 7,337.8 3,531.0  8,466.2 8,307.5 3066.3  0.000 0.000 
   Visits/Workday  30.3 29.1 12.8  31.9 31.0 10.2  0.000 0.000 
           
Special Payments for Obstetrical Care, Hospital Services, Office Procedures, Prenatal Care, and Home Visits  
Physician Characteristics 
   Age 50.2 50.0 9.3  47.8 47.0 8.1  0.000 0.000 
   Female 0.255 - -  0.284 - -  - - 
   Years Licensed 19.1 17.5 9.6  17.8 15.0 8.8  0.000 0.000 
Practice Characteristics 
   Size 1,571 1,526 608  1,497 1,491 478  0.000 0.000 
   Patient Age 38.8 38.2 6.9  39.1 38.8 5.3  0.091 0.000 
   Proportion Female 0.538 0.500 0.114  0.565 0.528 0.102  0.000 0.000 

   Proportion Infants 0.021 0.019 0.014  0.027 0.025 0.013  0.000 0.000 

   Proportion Elderly 0.136 0.117 0.088  0.151 0.147 0.069  0.000 0.000 

Workload 
   Annual Workdays 260.8 260.3 40.4  264.2 261.8 38.9  0.000 0.018 
   Annual Visits 8,392 8,209 3,230  7,424 7,383 2,415  0.000 0.000 
   Visits/Workday  31.9 31.0 10.9  27.8 27.8 7.4  0.000 0.000 

Notes: the null hypothesis of the t-tests on the equality of means is that the variable has the 
same mean for the treatment and control groups; the null hypothesis of the F-tests for the 
homogeneity of variances is that the variable has the same standard deviation for the 
treatment and control groups. 
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Table 3.7: Proportion of Eligible Family Physicians who Submitted at Least One Claim for a 
“Contact Incentive Payment” 

  

  Pap Smear Mammogram 
Senior Flu 

Vaccine 

Toddler 

Immunization 

Colorectal 

Cancer 

Screening 

2003-04 0.43 0.30 0.22 0.17 - 

2004-05 0.28 0.19 0.62 0.13 - 

2005-06 0.44 0.36 0.62 0.06 0.02 

2006-07 0.37 0.27 0.47 0.06 0.18 

2007-08 0.30 0.25 0.40 0.04 0.19 

 
Note: Only physicians in FHNs were eligible from 2003-04 to 2005-06 for the contact incentive 
payments; FHN and FHO physicians were eligible for 2006-07 and 2007-08; FHGs and CCMs 
were never eligible during the study period; they became eligible April 1, 2008.  FFS physicians 
were never eligible and remain ineligible. 
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Table 3.8: Main Results: Preventive Care Bonuses, Estimated Marginal Effects, Difference-in-Differences Models-- Full Sample 
 

   DID with pooled OLS model  DID with physician-specific 
fixed effects model  DID with differential trend 

model  Specification test 

 (a)  (b)  (c)  (d)  (e) 

 
Baseline 

Compliance 
in 2003 

 
Marginal 

Effect   
(St. Error) 

Sample 
size: 
# obs 

(# GPs) 

R2  
Marginal 

Effect   
(St. Error) 

Sample 
size: 
# obs 

(# GPs) 

R2  
Marginal 

Effect   
(St. Error) 

Sample 
size: 
# obs 

(# GPs) 

R2  
Wald 
Test 

Statistics 
P-value 

Senior Flu 
Shot 0.554  0.013 

(0.010) 
19,866 
(2,029) 0.371  0.028*** 

(0.007) 
19,866 
(2,029) 0.470  0.036***         

(0.009) 
19,866  
(2,029) 0.469  2.71 0.100 

Toddler 
Immunization 0.543  -0.007       

(0.013) 
16,826 
(1,999) 0.278  0.011       

(0.011) 
16,826 
(1,999) 0.356  0.004         

(0.014) 
16,826 
(1,999) 0.356  0.66 0.417 

Pap Smear 0.589  0.031*** 
(0.006) 

19,926 
(2,029) 0.433  0.041*** 

(0.004) 
19,926 
(2,029) 0.115  0.050*** 

(0.006) 
19,926 
(2,029) 0.115  12.17 0.001 

Mammogram 0.646  0.004 
(0.007) 

19,888 
(2,029) 0.351  0.018*** 

(0.005) 
19,888 
(2,029) 0.158  0.022***   

(0.006) 
19,888 
(2,029) 0.158  1.44 0.230 

Colorectal 
Cancer 
Screening 

0.150  0.095*** 
(0.009) 

19,918 
(2,027) 0.217  0.085*** 

(0.005) 
19,918 
(2,027) 0.373  0.113***   

(0.006) 
19,918 
(2,027) 0.379  66.30 0.000 

*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical 
significance at the 10% level. 
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Table 3.9: Robustness checks: Preventive Care Bonuses, Estimated Marginal Effects, Difference-in-Differences Estimator with 
Physician-specific Fixed Effects—Alternative Estimation Samples 

 
 

   GPs who joined PCR before introduction 
of bonuses as treatment group    GPs in PCR models funded primarily by 

fee-for-service as treatment group 
 (a)  (b)  (c)  (d) 

 
Baseline 

Compliance 
in 2003 

 Marginal Effect   
(St. Error) 

Sample size: 
# obs 

(# GPs) 
R2  

Baseline 
Compliance 

in 2003 
 Marginal Effect   

(St. Error) 

Sample size: 
# obs 

(# GPs) 
R2 

Senior Flu Shot 0.561  0.028***         
(0.007) 

19,073  
(1,948) 0.468  0.554  0.024***         

(0.007) 
18,550  
(1,893) 0.471 

Toddler 
Immunization 0.548  0.010         

(0.011) 
16,162   
(1,919) 0.356  0.543  0.010         

(0.011) 
15,669   
(1,863) 0.352 

Pap Smear 0.591  0.041***   
(0.004) 

19,130   
(1,948) 0.117  0.589  0.040*** 

(0.004) 
18,607   
(1,893) 0.111 

Mammogram 0.653  0.017***   
(0.005) 

19,093   
(1,948) 0.152  0.646  0.018***   

(0.005) 
18,569   
(1,893) 0.163 

Colorectal 
Cancer 
Screening 

0.144  0.079***   
(0.006) 

13,158  
(1,341) 0.364  0.150  0.085***   

(0.006) 
17,778   
(1,808) 0.355 

 
*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical significance at 
the 10% level. 
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Table 3.10: Sensitivity Analysis 1: Preventive Care Bonuses, Estimated Marginal Effects, Difference-in-Differences Estimator with 
Physician-specific Fixed Effects—Excluding Q-Codes/Exclusion Codes 

 
   

Full Sample  
GPs who joined PCR before 

introduction of bonuses  
GPs in PCR models funded primarily 

by FFS 
 (a)  (b)  (c)  (d) 
 Baseline 

Compliance 
in 2003  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2 

Senior Flu 
Shot 0.554  0.013* 

(0.007) 
19,866 
(2,029) 0.469 

 
0.013*         
(0.007) 

19,073  
(1,948) 0.468  0.011         

(0.007) 
18,550  
(1,893) 0.471 

Toddler 
Immunization 0.543  0.008       

(0.011) 
16,826 
(1,999) 0.352 

 
0.007         

(0.011) 
16,162   
(1,919) 0.352  0.007         

(0.011) 
15,669   
(1,863) 0.349 

Pap Smear 0.589  0.024*** 
(0.004) 

19,926 
(2,029) 0.084 

 
0.024***   
(0.004) 

19,130   
(1,948) 0.085  0.024*** 

(0.004) 
18,607   
(1,893) 0.084 

Mammogram 0.653  0.017*** 
(0.005) 

19,888 
(2,029) 0.162 

 
0.017***   
(0.005) 

19,093  
(1,948) 0.156  0.017***   

(0.005) 
18,569   
(1,893) 0.167 

Colorectal 
Cancer 
Screening 

0.150  0.068*** 
(0.005) 

19,918 
(2,027) 0.341 

 
0.061***   
(0.005) 

13,158  
(1,341) 0.334  0.067***   

(0.006) 
17,778   
(1,808) 0.325 

 
*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical significance at the 10% 

level.  
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Table 3.11: Sensitivity analysis 2: Preventive Care Bonuses, Estimated Marginal Effects, Difference-in-Differences Estimator with 
Physician-specific Fixed Effects—Adding in Non-rostered Patients 

 
   

Full Sample  
GPs who joined PCR before 

introduction of bonuses  
GPs in PCR models funded primarily 

by FFS 
 (a)  (b)  (c)  (d) 
 Baseline 

Compliance 
in 2003  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2 

Senior Flu 
Shot 0.554  0.043*** 

(0.006) 
20,207 
(2,029) 0.466 

 
0.044***         
(0.007) 

19,398  
(1,948) 0.465  0.041***         

(0.007) 
18,847  
(1,893) 0.468 

Toddler 
Immunization 0.543  0.007       

(0.010) 
17,416 
(1,999) 0.372 

 
0.006         

(0.010) 
16,732   
(1,919) 0.372  0.007         

(0.010) 
16,200   
(1,863) 0.367 

Pap Smear 0.589  0.042*** 
(0.004) 

20,245 
(2,029) 0.099 

 
0.043***   
(0.004) 

19,435   
(1,948) 0.102  0.041*** 

(0.004) 
18,885   
(1,893) 0.094 

Mammogram 0.646  0.027*** 
(0.004) 

20,228 
(2,029) 0.150 

 
0.028***   
(0.004) 

19,419   
(1,948) 0.147  0.027***   

(0.004) 
18,868   
(1,893) 0.153 

Colorectal 
Cancer 
Screening 

0.150  0.089*** 
(0.005) 

20,217 
(2,027) 0.365 

 
0.085***   
(0.005) 

13,364  
(1,341) 0.365  0.089***   

(0.005) 
18,029   
(1,808) 0.344 

 
*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical significance at the 10% 

level.  
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Table 3.12: Sensitivity analysis 3: Preventive Care Bonuses, Estimated Marginal Effects, Difference-in-Differences Estimator with 
Physician-specific Fixed Effects—Only FHGs and CCMs Achived Minimum Roster Size 

   
Full Sample  

GPs who joined PCR before 
introduction of bonuses  

GPs in PCR models funded primarily 
by FFS 

 (a)  (b)  (c)  (d) 
 Baseline 

Compliance 
in 2003  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2 

Senior Flu 
Shot 0.560  0.031*** 

(0.007) 
18,156 
(1,843) 0.469 

 0.030***         
(0.007) 

17,706  
(1,798) 0.469  0.028***         

(0.007) 
16,956  
(1,720) 0.471 

Toddler 
Immunization 0.548  0.010       

(0.011) 
15,480 
(1,814) 0.370 

 0.011         
(0.011) 

15,094   
(1,770) 0.370  0.009         

(0.011) 
14,423   
(1,691) 0.366 

Pap Smear 0.591  0.043*** 
(0.004) 

18,212 
(1,843) 0.120 

 0.043***   
(0.004) 

17,762   
(1,798) 0.120  0.043*** 

(0.004) 
17,010   
(1,720) 0.116 

Mammogram 0.649  0.029*** 
(0.005) 

18,179 
(1,843) 0.183 

 0.028***   
(0.005) 

17,729   
(1,798) 0.181  0.029***   

(0.005) 
16,977   
(1,720) 0.188 

Colorectal 
Cancer 
Screening 

0.154  0.091*** 
(0.006) 

17,877 
(1,806) 0.380 

 0.083***   
(0.006) 

12,443  
(1,262) 0.367  0.090***   

(0.006) 
15,918   
(1,607) 0.363 

 
*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical significance at the 10% 

level. 
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Table 3.13: Sensitivity analysis 4: Preventive Care Bonuses, Estimated Marginal Effects, Difference-in-Differences Estimator with 
Physician-specific Fixed Effects—Dropping Transition Year/First Year of Incentive Exposure 

   
Full Sample  

GPs who joined PCR before 
introduction of bonuses  

GPs in PCR models funded primarily 
by FFS 

 (a)  (b)  (c)  (d) 
 Baseline 

Compliance 
in 2003  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2  

Marginal 
Effect   

(St. Error) 

Sample size: 
 # obs  
(# GPs) R2 

Senior Flu 
Shot 0.554  0.037*** 

(0.009) 
18,329 
(2,029) 0.475 

 0.036***         
(0.009) 

17,607  
(1,948) 0.473  0.033***         

(0.009) 
17,136  
(1,893) 0.476 

Toddler 
Immunization 0.543  0.002       

(0.015) 
15,365 
(1,999) 0.318 

 0.001         
(0.015) 

14,760   
(1,919) 0.318  0.001         

(0.015) 
14,328   
(1,863) 0.316 

Pap Smear 0.589  0.049*** 
(0.006) 

18,389 
(2,029) 0.106 

 0.050***   
(0.006) 

17,665   
(1,948) 0.107  0.050*** 

(0.006) 
17,193   
(1,893) 0.102 

Mammogram 0.646  0.035*** 
(0.006) 

18,352 
(2,029) 0.173 

 0.035***   
(0.006) 

17,628   
(1,948) 0.169  0.034***   

(0.006) 
17,156   
(1,893) 0.177 

Colorectal 
Cancer 
Screening 

0.150  0.111*** 
(0.006) 

18,381 
(2,027) 0.390 

 0.105***   
(0.007) 

12,259  
(1,341) 0.377  0.112***   

(0.007) 
16,457   
(1,808) 0.372 

 
*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical significance at the 10% 

level. 
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Table 3.14: Main Results: Special Payments, Estimated Marginal Effects, Difference-in-Differences Estimator (No Physician-specific Fixed 
Effects) 

 
  GPs Eligible for Special Payments in 

2005  GPs Eligible for Special Payments in 
2006  GPs Eligible for Special Payments in 

2007 

 (a)  (b)  (c)  (d) 

 
Baseline 

Compliance 
in 2003 

 
Marginal 

Effect   
(St. Error) 

Sample size: 
# obs 

(# GPs) 

PseudoR
2  

Marginal 
Effect   

(St. Error) 

Sample size: 
# obs 

(# GPs) 

Pseudo 
R2  

Marginal 
Effect   

(St. Error) 

Sample size: 
# obs 

(# GPs) 

PseudoR
2 

Obstetrical 
Services 0.043  -0.0004   

(0.005) 
19,934  
(1,998) 0.302  -0.004         

(0.004) 
20,187  
(2,025) 0.308  0.013         

(0.024) 
20,196  
(2,028) 0.302 

Hospital 
Services 0.272  -0.013       

(0.035) 
19,777  
(1,985) 0.481  -0.005         

(0.074) 
20,052  
(2,012) 0.482  -0.019         

(0.037) 
20,138  
(2,021) 0.482 

Office 
Procedures 0.405  0.006    

(0.064) 
19,897  
(1,995) 0.167  0.075    

(0.127) 
20,175  
(2,022) 0.171  -0.141***    

(0.053) 
20,209  
(2,026) 0.165 

Prenatal 
Care 0.544  0.314***    

(0.107) 
19,857  
(1,991) 0.295  0.106    

(0.070) 
20,109  
(2,016) 0.295  0.184    

(0.127) 
20,151  
(2,020) 0.294 

Home Visits 0.045  0.007    
(0.007) 

18,814  
(1,893) 0.225  0.003    

(0.012) 
19,251  
(1,934) 0.230  0.084    

(0.078) 
19,557  
(1,961) 0.226 

   GPs Eligible for Special Payments in 
2003  GPs Eligible for Special Payments in 

2004  GPs Eligible for Special Payments in 
2005 

Palliative 
Care 0.011  0.009    

(0.012) 
9,681   

(1,078) 0.305  0.004    
(0.005) 

8,495       
(946) 0.347  0.032    

(0.031) 
9,928    

(1,104) 0.301 

 
*** Indicates statistical significance at the 1% level. 
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Table 3.15: Estimated Marginal Effects: Preventive Care Bonuses by Physician Age, Practice Size, and Baseline Level of Compliance, 
Difference-in-Differences Estimator with Physician-specific Fixed Effects 

 
 By Age  Practice Size  Baseline Compliance  

 GP 
Age 

Baseline  
in 2003 

Marg. eff. 
(St Err) 

# obs. 
(# GPs) R2 Size Baseline 

in 2003 
Marg. eff. 
(St Err) 

# obs.(# 
GPs) R2 Quartile Baseline 

in 2003 
Marg. eff. 
(St Err) 

# obs. (# 
GPs) R2 

Senior Flu 
Shot 

< 40 
 

40-55 
 

> 55 

0.549 
 

0.577 
 

0.537 

0.024  
(0.022)  

0.049***  
(0.010)          
-0.001 
(0.010) 

2,320 
(237)  

10,508 
(1,073) 
7,038 
(719) 

0.48 
 

0.47 
 

0.47 

< 1K 
 

1K-1.5K 
 

> 1.5K 

0.547 
 

0.572 
 

0.557 

0.025  
(0.016)  
0.017  

(0.012)          
0.031*** 
(0.010) 

3,270 
(336) 
5,935 
(606) 

10,661 
(1,087) 

0.44 
 

0.46 
 

0.49 

Q1 (Lowest) 
 

Q2 and Q3 
 

Q4 (Highest) 

0.304 
 

0.593 
 

0.747 

0.036***  
(0.014)  

0.027***  
(0.010)          
0.020 

(0.015) 

4,887 
(503) 
9,908 

(1,009) 
5,071 
(517) 

0.42 
 

0.51 
 

0.49 

Toddler 
Immunization 

< 40 
 

40-55 
 

> 55 

0.527 
 

0.577 
 

0.503 

0.027  
(0.026)         
-0.010  
(0.015)          
0.037* 
(0.020) 

2,044 
(234)  
9,095 

(1,065) 
5,687 
(700) 

0.56 
 

0.39 
 

0.26 

< 1K 
 

1K-1.5K 
 

> 1.5K 

0.496 
 

0.560 
 

0.552 

0.014  
(0.034)         
0.004  

(0.021)          
0.021 

(0.014) 

2,402 
(313) 
5,042 
(601) 
9,382 

(1,085) 

0.28 
 

0.32 
 

0.43 

Q1 (Lowest) 
 

Q2 and Q3 
 

Q4 (Highest) 

0.217 
 

0.558 
 

0.838 

0.026  
(0.025)         
0.012  

(0.014)          
0.015 

(0.024) 

3,810 
(455) 
8,795 

(1,023) 
4,221 
(521) 

0.40 
 

0.44 
 

0.30 

Pap Smear 

< 40 
 

40-55 
 

> 55 

0.620 
 

0.612 
 

0.549 

0.059***  
(0.013)  

0.053***  
(0.006)          

0.019*** 
(0.007) 

2,334 
(237)  

10,503 
(1,069) 
7,029 
(717) 

0.20 
 

0.14 
 

0.09 

< 1K 
 

1K-1.5K 
 

> 1.5K 

0.630 
 

0.617 
 

0.564 

0.040***  
(0.011)  

0.038***  
(0.007)          

0.037*** 
(0.006) 

3,289 
(335) 
5,926 
(604) 

10,651 
(1,084) 

0.10 
 

0.12 
 

0.14 

Q1 (Lowest) 
 

Q2 and Q3 
 

Q4 (Highest) 

0.374 
 

0.594 
 

0.800 

0.024**  
(0.010)  

0.050***  
(0.006)          

0.038*** 
(0.010) 

4,929 
(503) 
9,904 

(1,009) 
5,033 
(511) 

0.18 
 

0.13 
 

0.14 

Mammogram 

< 40 
 

40-55 
 

> 55 

0.653 
 

0.671 
 

0.625 

0.045***  
(0.016)  
0.016**  
(0.007)          

0.014*** 
(0.007) 

2,322 
(237)  

10,532 
(1,073) 
7,034 
(719) 

0.26 
 

0.16 
 

0.16 

< 1K 
 

1K-1.5K 
 

> 1.5K 

0.682 
 

0.673 
 

0.632 

0.017  
(0.011)    
-0.003  
(0.008)          

0.028*** 
(0.006) 

3,284 
(336) 
5,937 
(606) 

10,667 
(1,087) 

0.11 
 

0.20 
 

0.19 

Q1 (Lowest) 
 

Q2 and Q3 
 

Q4 (Highest) 

0.438 
 

0.672 
 

0.829 

0.034***  
(0.009)  

0.018***  
(0.006)          
0.014 

(0.010) 

5,031 
(515) 
9,873 

(1,007) 
4,984 
(507) 

0.25 
 

0.16 
 

0.17 

Colorectal 
Cancer 

Screening 

< 40 
 

40-55 
 

> 55 

0.187 
 

0.164 
 

0.116 

0.147***  
(0.019)  

0.081***  
(0.008)          

0.067***  
(0.008) 

2,197 
(224)  

10,744 
(1,092) 
6,977 
(711) 

0.48 
 

0.39 
 

0.30 

< 1K 
 

1K-1.5K 
 

> 1.5K 

0.159 
 

0.145 
 

0.150 

0.068***  
(0.015)  

0.079***  
(0.010)          

0.090***  
(0.007) 

3,243 
(330) 
6,059 
(617) 

10,616 
(1,080) 

0.37 
 

0.38 
 

0.39 

Q1 (Lowest) 
 

Q2 and Q3 
 

Q4 (Highest) 

0.015 
 

0.078 
 

0.428 

0.091***  
(0.007)  

0.102***  
(0.007)          

0.071***  
(0.015) 

4,918 
(502) 
9,938 

(1,012) 
5,062 
(513) 

0.41 
 

0.45 
 

0.43 

*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; and * indicates statistical significance at the 10% level.
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3.A1 Appendix: Empirical Studies on Physician Response to P4P incentives 
Table 3.A1 Summary of Empirical Studies on Physician Response to P4P incentives 

Study 
(Authors) 

Study design 
 

Incentives involved 
(Form of incentives, 

targeted services) 

Incentive 
level 

 
 

Results 
 

Context 
 
 

Intervention 
duration 

 
 

Sample size / 
scale of the 
experiment 

Grady et al. 
1997 

RCT, random assignment 
3 arms: 20 education and 
reward; 18 education; 23 
control (61 practices in total)  

Reward with education 
 
Mammography referrals 

Physician No effect 

U.S. 
61 primary care  
practices in greater 
Dayton, Ohio and 
Springfield, 
Massachusetts 
 

6 months 95 physicians 
in total 

Kouides et al. 
1998 

RCT, non-random assignment 
2 arms:  27 practices in 
treatment, 27 practices in 
control 

Bonus  
 
Influenza immunization rates 
 

Provider 
group 

Positive effect in 
immunization rate in a 
Medicare population 

U.S.  
For Medicare population  4 months 

62 physician 
in treatment, 
82 in control 

Hillman et al. 
1998 

RCT, random assignment 
2 arms: 26 PC sites 
intervention; 26 PC sites 
control 

Bonus(based on the part of capitation 
payment)+ feedback regarding 
compliance with guidelines; 
 
Cancer screening guidelines: 
mammography, breast cancer, pap smear, 
colorectal screening 
 

Provider 
group 

No effect in compliance 
scores 

U.S.  
Medicaid HMO (contract 
with numerous other 
health plans) 
 
 

18 months 
period 

52 primary 
care 
practices, 
relatively 
small sample  

Hillman et al. 
1999 

RCT, random assignment 
3 arms: control, feedback of 
performance only, feedback+ 
bonus payment  

Bonus(based on the part of capitation 
payment)+ feedback  
 
Pediatric immunization 

Provider 
group 

No effect in compliance 
scores 

U.S.  
Medicaid HMO (contract 
with numerous other 
health plans) 
 
 

18 months 
period 

53 pediatric 
practices, 
relatively 
small sample 
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Fairbrother et 
al. 1999 

RCT, random assignment 
4 arms: 15 doctors in control, 
15 feedback, 15 feedback+ 
bonus, 15 enhanced FFS+ 
bonus   

Bonus with performance feedback 
 
Childhood immunization rate 

Physician 
level 

Partial effect: only 
feedback+bonus 
improved childhood 
immunization rate, but 
primarily achieved 
through better 
documentation 
  

U.S.  
A low-income urban 
population 

12 months 60 physicians 
in total 

Fairbrother et 
al. 2001 

RCT, random assignment 
3 arms: 24 bonus, 12 FFS, 21 
control 

Bonus  
 
Pediatric immunizations 

Physician 
level  

Partial effect: 
significant increase in 
coverage levels, but the 
increase is primarily due 
to better documentation 
not to better immunizing 
practices 
 

U.S.  
A low-income urban 
population 

16 months 57 physicians 
in total 

Roski et al. 
2003 

RCT, random assignment 
3 arms: 15 clinics control; 15 
bonus; 10 bonus + 
computerized patient registry 

Bonus 
 
Smoking cessation  

Provider 
group 

Partial effect: improved 
in adherence to 
guidelines 
(documentation of 
smoking  status and 
providing advice to quit), 
but no effect in quitting 
rate  
 

U.S. 12 months 40 clinics in 
total 

Amundson et 
al. 2003 

Observational  
Before-after analysis 
No control group 

Bonus + performance feedback 
 
Tobacco cessation  

Provider 
group 

Positive effect 
improve physician 
compliance with the 
tobacco treatment 
guideline 
 
 
 

U.S.  
HealthParterners system 
in Minneapolis 

3 years 20 medical 
groups 
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Beaulieu and 
Horrigan 
2005 

Observational  
Before-after analysis with 
control group 
Treatment group: 21 primary 
care doctors contracted with 
Independent Health in upstate 
New York; 
Control group: provider groups 
in the Pacific Northwest 
 

Performance bonus + offered with 
diabetic registry and group discussion 
process 
 
Process and outcome measures for 
diabetic care 

Physician 
level  

Partial effect: patients 
treated by the doctors 
contracted with the 
program had 
improvement on 7 out of 
9 measures 
 

U.S.  
New York. 8 months 

21 physicians 
as treatment 
group 

Rosenthal et 
al. 2005 

Observational  
Before-after analysis with 
control 
Treatment group: 163 provider 
groups contracted with 
PacifiCare Health systems in 
California; 
Control group: 42 provider 
groups contracted with 
PacifiCare in the Pacific 
Northwest 
 

Bonus in Quality Incentive Program 
 
Process measures: cervical cancer 
screening, mammography, 
Haemoglobin A1c test 
 
 

Provider 
group 

Partial effect: improved 
only in cervical cancer 
screening, not improved 
in mammography, 
haemoglobin A1c test 

U.S.  
A large network HMO, 
PacifiCare Health 
System introduced 
Quality Incentive 
Program to contracted 
medical groups in 
California in March 2002 
 

10 months 

163medical 
groups 
eligible for 
the bonus  

Doran et al. 
2006 

Observational  
Cross-sectional regression,  
Not Before-after analysis  

Performance contracting: performance 
w.r.t. 146 quality indicator 
 

Physician 
level 

Positive effect: high 
levels of reported 
achievement  

U.K.  Large scale, 
national level 
pay-for-performance 
contract in 2004 

1 year 8,105 
physicians 

Levin-Scherz 
et al. 2006 

Observational 
Retrospective cohort study 
using before-after trend 
comparison 
Treatment group: health plans 
participating in PCHI P4P 
contracts; Comparison group: 
national and Massachusetts 
State measures 

P4P contracts: bonus based on network 
performance compared to previously 
agreed targets 
 
Adult diabetes and pediatric asthma 
HEDIS scores 

Network 
level 

Positive effect: 
improvement compared 
to state and national level 

U.S. 
Beginning in 2001, a 
provider network 
Partners Community 
HealthCare, Inc (PCHI) 
and the health plans 
began P4P contracts with 
bonus payments. 

2001-2003 

18-75 health 
plans in 
PCHI as 
treatment 
group 
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Campbell et 
al. 2007 

Observational  
Before-after analysis, 
No comparison group 

Performance contracting: 
 
Clinical indicators on coronary heart 
disease, asthma, type 2 diabetes 

Physician 
practices 

Partial effect: improved 
in asthma, type 2 
diabetes measures. 
Not improved in 
coronary heart disease 
measures 
 

U.K.   
Large scale, national 
level 
pay-for-performance 
scheme for family 
practice in 2004 

1998, 2003, 
2005 

42 family 
practices, 
national 
representative  

Millett et al. 
2007 

Observational  
Before-after analysis, 
No comparison group 

Performance contracting: smoking 
cessation among patients with diabetes 
 
Proportion of patients with documented 
smoking cessation 
advice, prevalence of smoking among 
patients with diabetes 

Physician 
practices 

Positive effect: increased 
the 
provision of support for 
smokers with diabetes in 
primary 
care settings 

U.K.   
Large scale, national 
level 
pay-for-performance 
scheme for family 
practice in 2004 

2003, 2005 36 primary 
care practices 

Steel et al. 
2007 

Observational  
Before-after analysis, 
No comparison group 

Performance contracting: quality of care 
for two common chronic 
conditions: asthma and hypertension 
 
Six quality indicators referred to asthma 
and hypertension subject to incentive 
payments  

Physician 
practices 

Positive effect: 
significant increase for 
the six indicators 
referred to asthma and 
hypertension linked to 
incentive payments 

U.K.   
Large scale, national 
level 
pay-for-performance 
scheme for family 
practice in 2004 

2003, 2005 18 primary 
care practices 

Mandel and 
Kotagal 2007 

Observational  
Before-after mean comparison, 
No control group 

Pay for performance coupled with 

additional improvement interventions 
related to the collaborative. 
 
Flu shot percentage, controller 
medication percentage for children with 
persistent asthma, 
written self-management plan percentage. 

Primary 
care 
practices 

Positive effect: 
The initiative resulted in 
substantive and 
sustainable improvement 
in all measures 

U.S. 
The Physician-Hospital 
Organization (PHO) 
affiliated 
with Cincinnati 
Children’s Hospital 
Medical Center launched 
an asthma improvement 
collaborative in October 
2003 

2003-2006 44 pediatric 
practices 
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Felt-Lisk et 
al. 2007 

Observational 
Before-after mean comparison 
with comparison group 
Treatment group:   five 
Medicaid-focused health plans 
in California participating the 
LIRR Collaborative  
Comparison groups: national 
and state benchmarks, and two 
plans that were part of the 
collaborative but no incentives 

Bonus payments for improving the 
measure 
 
A HEDIS measure for “well-baby visits” 
that 
requires six visits by age fifteen months 

Health 
plans 

Partial effect: only small 
effect in some of the 
plans 

U.S 
A collaborative P4P 
effort among seven 
Medicaid-focused 
health plans in California 
during 2003–2005, 
known as the Local 
Initiative Rewarding 
Results (LIRR) 
Collaborative 
Demonstration. 
 
 

2002 versus 
2003–05 7 health plans 

Young et al. 
2007 

Observational 
Retrospective cohort study 
using before-after trend 
comparison 
Treatment group: physicians 
participating in the program; 
Comparison group: national 
and New York State RIPA 
scores 

Incentive program placing physicians at 
financial risk to receive rewards based on 
their performance relative to other 
physicians in the program. 
 
4 diabetes performance measures 

Individual 
physician  

Partial effect: modest 
effect provider adherence 
to quality standards for a 
single measure of 
diabetes care 

U.S. 
A pay-for-performance 
program of the Rochester 
(New York) Individual 
Practice Association 
(RIPA) between 2000 
and 2001. 

1999-2004 
334 primary 
care 
physicians 

Coleman et 
al. 2007 

Observational  
Before-after regression 
analysis 
No comparison group 

Performance-based compensation  
 
HbA1c testing for diabetes care 
in a low-income patient population 

Physician 
level 

Partial effects: dramatic 
improvements in rate of 
patients receiving 
recommended number of 
HbA1c tests; no effect on 
rate of physicians 
providing first HbA1c 
test, nor improvement in 
patient outcomes 

U.S. 
A performance-based 
provider compensation 
program implemented in 
January 
2004 at Access 
Community Health 
Network (ACCESS), a 
large system of federally 
qualified health centers 
(FQHCs) in Chicago. 

2002-2004 46 physicians 
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Cutler et al. 
2007 

Observational 
Before-after mean comparison 
with comparison group; 
Treatment group: patients with 
diabetes who were followed by 
the P4P program (CDCM); 
Comparison group: patients 
followed by routine care group 

P4P incentive payments 
 
Percent of eligible patients received an 
LDL-C test and attained LDL-C 
control 

Medical 
groups 

Positive effect: 
Higher rates of 
performance in the P4P 
program  

U.S. 
Chronic disease care 
management (CDCM) 
program received by the 
Mercy Medical Group 
(MMG), which is a 
160-provider, 
multispecialty 
medical group and has 
participated in the 
California P4P initiative 

2003-2004 

165 patients 
in the 
incentive 
program, 
1,694 patients 
as control 

Lawrence et 
al. 2008 

RCT, random assignment 
2 arms: 24 clinics with P4P 
payments, 25 usual care clinics  

Bonus payment intervention based on 
tobacco quitline referrals; 
Rates of referrals  

Clinics 
Positive effect: increased 
referrals rates compared 
to usual care clinics 

U.S. 
A P4P program targeting 
clinician referral to 
statewide 
quitline services in 
Minnesota. 

September 
2005 to June 
2006 

24 clinics as 
treatment, 25  
clinics as 
control 

Pearson et al. 
2008 

Observational 
Before-after mean comparison 
with comparison group 
Treatment group: physician 
groups that receive incentives 
Groups 
Comparison group: groups that 
were matched with 
incentivized groups on their 
baseline performance but that 
did not subsequently receive 
any incentive 

Multiple P4P programs introduced 
into physician group contracts during 
2001–2003 by the five major commercial 
health plans operating in Massachusetts; 
 
13 Health Care Employer Data And 
Information Set (HEDIS) Measures 

Physician 
groups 

No significant effect: no 
distinguishable different 
trends among the 
treatment and the 
matched comparison 
group.  

U.S. 
Multiple P4P programs 
introduced into physician 
group contracts during 
2001–2003 by the five 
major commercial health 
plans operating in 
Massachusetts. 

2001-2003 
154 physician 
groups in 
total  

Campbell et 
al. 2009 

Observational 
Before-after interrupted 
time-series analysis, 
No control group 

Performance contracting: 
 
Clinical indicators on coronary heart 
disease, asthma, type 2 diabetes 

Physician 
practices 

Partial effect: by 2005, 
improvement quality for 
asthma and diabetes but 
not for heart disease. By 
2007, the rate of 
improvement 
had slowed for all three 
conditions. 

U.K.  Large scale, 
national level 
pay-for-performance 
scheme for family 
practice in 2004 

1998, 2003, 
2005, 2007 

42 family 
practices, 
national 
representative  
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Vaghela et al. 
2009 

Observational  
Before-after analysis, 
No comparison group 

Performance contracting 
 
3 measures related to diabetes outcomes  

Physician 
practices 

Positive effect: 
significant increase  

U.K.   
Large scale, national 
level 
pay-for-performance 
scheme for family 
practice in 2004 

2004-2005, 
2007-2008 

Around 8,423 
practices 

Lee et al. 
2010 

Observational 
Before-after mean comparison 
with comparison group; 
Treatment group: patients 
with diabetes who were 
enrolled in the P4P program; 
Comparison group: randomly 
sampled patients with diabetes 
who had never joined the P4P 
program 

Financial 
Incentives for increasing comprehensive 
follow-up visits for diabetes care  
 
Number of essential exams/tests; numbers 
of diabetes-related physician visits and 
hospital admissions 

Physician 
level 

Positive effect: P4P 
program for diabetes was 
associated with a 
significant increase in 
regular follow-up visits 
and evidence-based 
services, and 
significantly lower 
hospitalization costs. 

Taiwan 
A pay-for-performance 
(P4P) program for 
diabetes care operated by 
the Bureau of National 
Health Insurance (NHI) 
in 
Taiwan. 

2005-2006 

12,499 
patients as 
intervention 
group; 26,172 
patients as 
comparison 
group 

Gavagan et 
al. 2010 

Observational 
Before-after mean comparison 
with comparison group; 
Treatment group: clinics 
received incentives; 
Comparison group: clinics 
with no incentives 

Financial incentive for achieving group 
targets in preventive care; Cervical cancer 
screening, mammography, and pediatric 
immunization  

Physician 
level 

No significant effect: no 
significant effect on 
performance of 
preventive care  

U.S. 
In 2002, 11 public 
community 
health centers in 
Houston/Harris County 
were provided 
performance  incentives 
on 3 quality indicators in 
preventive care  

2002 

6 clinics as 
treatment 
group; 5 
clinics as 
comparison 
group 

Chung et al. 
2010 

Observational 
Before-after mean and trend 
comparison; 
No comparison group 
 
 

Bonus payment to physicians: based on 
individual physicians’ performance on 15 
ambulatory quality measures, with a 
composite 
score 

Physician 
level 

No significant effect: no 
evident effect of 
physician-specific 
incentives 

U.S. 
In 2007, all primary care 
physicians at Palo Alto 
Medical Clinic (PAMC), 
California participated in 
the physician incentive 
program. 

2007 179 
physicians 

Boland et al. 
2010 

Observational 
Before-after mean comparison; 
No comparison group 
 

Bonus payments were to be made if the 
radiologists met goals. 
 
Three radiologist report turnaround times 
(RTAT) 
Components 

Provider 
individual 
level 

Positive effect: 
significant decrease in 
turnaround time after the 
program 

U.S.  
Massachusetts 
General (MGPO) 
Physicians Organization 
at the Massachusetts 
General Hospital (MGH) 
initiated a hospital wide 
department specific 
radiologist PFP initiative. 

July 
2006–March 
2009 

81 
radiologists, 
11 
subspecialty 
divisions 
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Lester et al. 
2010 

Observational 
Before-after trend comparison; 
No comparison group 
 

Financial incentive related to quality 
indicator; 
 
Screening for cervical cancer, control of 
hypertension, diabetes control, and 
screening for diabetic retinopathy 

Medical 
facilities 

Positive effect: upward 
trend when incentives 
were in place and 
downward trend when 
incentives were 
removed. 

U.S. (and U.K.) 
Four of original financial 
incentives removed for 
35 outpatient facilities 
owned and operated by 
Kaiser Permanente 
Northern California. 

1999-2007 
35 outpatient 
medical 
facilities 

Mullen et al. 
2010 

Observational  
Before-after regression 
analysis with control (DID) 
Treatment group: provider 
groups contracted with 
PacifiCare Health systems in 
California; 
Control group: provider groups 
in the Pacific Northwest 

Bonus in Quality Incentive Program,  
 
Another annual bonus program by the 
Integrated Healthcare Association (IHA), 
bonus based on cervical cancer screening, 
mammography, 
Haemoglobin A1c test, asthma medication 

Provider 
group 

Partial effect: improved 
only in cervical cancer 
screening, not improved 
in mammography, 
haemoglobin A1c test, 
asthma medication 

U.S.  
A large network HMO, 
PacifiCare Health 
System introduced 
Quality Incentive 
Program to contracted 
medical groups in 
California in March 
2002; 
One year later, 
PacifiCare with five 
other big health plans 
introduced another larger 
P4P program by the 
Integrated Healthcare 
Association (IHA). 

2002-2004 

Treatment 
groups size 
(77-186) 
medical 
groups; 
Control group 
size: (7-32) 
medical 
groups 
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3.A2 Appendix: All Data Sources  

Table 3.A2 Data Sources and Main Relevant Variables 
 

Data Source Relevant information 
Ontario Health Insurance 
Program (OHIP) physician 
claims data  

Claim records to calculate the services provided by 
physicians; 
Basic provider information; 
Basic patient information; 
Fee paid/billed; 
Patient encrypted health number as linking variable; 
Provider encrypted number as linking variable 

Corporate Provider Database 
(CPDB) data 

Physician demographic variables; 
Physician practice variables; 
Physician PCR group participation, effective dates; 
Provider encrypted number as linking variable 

Client Agency Program 
Enrollment (CAPE) data 

Patient member status; 
Patient roster dates; 
Patient encrypted health number as linking variable; 
Provider encrypted number as linking variable 

Registered Persons Database 
(RPDB) data 

Demographics of registered persons; 
Postal code of residence; 
Patient encrypted health number as linking variable 
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3.A3 Appendix: Assigning Patients to Primary Care 

Physicians' Practices 

The Hutchison methodology (Hutchison, Hurley, Birch, Lomas, & Stratford-Devai, 1997) was 
implemented for all FPs in the province, not just those in the analysis sample. This ensured that an 
individual was assigned to an FP as called for by the algorithm, regardless of whether the FP was 
included in the analysis (if we focused only on the analysis sample, we would have falsely 
assigned some patients to sample physicians when the individual’s real family physician was not 
included in the sample). A FP’s practice population is defined as:  
• All persons for whom the physician billed OHIP for at least one visit (see below for how a 

visit was defined) during the previous fiscal year; and 
• All additional patients for whom the physician billed OHIP for at least one visit in each of the 

two preceding fiscal years. 
• Patients who met these criteria for more than one physician were assigned to the physician 

who billed for the largest number of visits in the most recent year.   
• When an equal number of visits were made to more than one physician in the most recent year, 

assignment is made to the made to the physician who billed for the most recent visit.  
A service is defined as a FP visit if: 
The attending physician is a FP and the fee code is one of the following 74 visit codes from the 
Ontario Schedule of Benefits 
Fee 
Schedule 
Code 

Description 

A001A Minor assessment 
A003A General assessment 
A004A General re-assessment 
A005A Consultation 
A006A Repeat consultation 
A007A Intermediate assessment or well baby care 
A008A Mini assessment 
A110A Periodic oculo-visual assessment, aged 19 years and below 
A112A Periodic oculo-visual assessment, aged 65 years and above 
A115A A major eye examination 
A888A Emergency department equivalent – Partial assessment 
A901A House call assessment – First patient seen 
A902A House call assessment – Pronouncement of death in the home 
A903A Pre-dental/operative general assessment (maximum of 2 per 12-month period)  
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Fee 
Schedule 
Code 

Description 

A905A Limited consultation 
A933A On-call admission assessment 
A945A Special palliative care consultation 
E070A 
E071A 

Geriatric Geriatric Age Premium: Gen. Practice - Geriatic Gen. Assess. Premium - 75 or Older 

E075A 
Geriatric general assessment premium – patient aged 75 or older (maximum 1 per 12 month 
period) 

E077A Identification of patient for a Major Eye Examination 

G212A 
Diagnostic and Therapeutic Procedure – Hyposensitisation, including assessment and 
supervision – When sole reason for visit 

G271A 
Diagnostic and Therapeutic Procedure – Cardiovascular – Anticoagulant supervision – 
long-term, telephone advice  

G365A Diagnostic and Therapeutic Procedure – Papanicolaou Smear – periodic 

G372A 
Diagnostic and Therapeutic Procedure – Intramuscular, subcutaneous or intradermal – With 
visit (each injection) 

G373A 
Diagnostic and Therapeutic Procedure – Intramuscular, subcutaneous or intradermal – Sole 
reason (first injection) 

G538A Active immunization – Injection of unspecified agent – with visit (each injection) 
G539A Active immunization – Injection of unspecified agent – sole reason (first injection) 
G590A Active Immunization – Injection of influenza agent – With visit 
G591A Active Immunization – Injection of influenza agent – Sole reason 
K004A Family psychotherapy – 2 or more family members in attendance at the same time 
K005A Primary mental health care - Individual care – Per half hour 
K006A Hypnotherapy – Individual care – Per half hour 
K007A Psychotherapy – Individual care – Per half hour 
K010A Psychotherapy – Additional units per member (maximum 6 units per patient per day) 

K011A 
Hypnotherapy – Group – for induction and training for hypnosis (maximum 8 people), per 
member, per half hour 

K012A Psychotherapy, Group – Per member of a group of 4, first 12 units per day 
K013A Counselling – Individual care – Per half hour 
K017A Annual health or annual physical examination – Child after second birthday 
K019A Psychotherapy, Group – Per member of a group of 2, first 12 units per day 
K020A Psychotherapy, Group – Per member of a group of 3, first 12 units per day 
K022A HIV Primary Care – Individual care per half hour 
K023A Palliative care support – Individual care per half hour 
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Fee 
Schedule 
Code 

Description 

K024A Psychotherapy, Group – Per member of a group of 5, first 12 units per day 
K025A Psychotherapy, Group – Per member of a group of 6 to 12, first 12 units per day 

K026A 
Family Practice & Practice in General - Certification of medical eligibility for Ontario Hepatitis 
C Assistance Program  

K027A 
Family Practice & Practice in General  – Certification of medical eligibility for Ontario 
Hepatitis C Assistance Program (OHCAP) 

K028A Family Practice & Practice in General – Sexually transmitted disease management 
K030A Family Practice & Practice in General – Diabetic management assessment 

K031A 
Health Protection and Promotion Act – Physician Report – Completion of Physician Report in 
accordance with Section 22.1 of the Health Protection and Promotion Act. 

K033A Counselling – Individual care – Additional units per patient per provider per 12-month period 
K040A Group counselling – 2 or more persons 
K041A Group counseling – 2 or more persons – Additional units 
K070A Home care application – Application 

K071A 
Home care supervision – Acute Home Care Supervision (maximum 1 every 2 weeks for the 
first 12 weeks following admission to home care program). 

K072A 
Home care supervision – Chronic Home Care Supervision (maximum 1 per month commencing 
in the 13th week following admission to the home care program). 

K623A 
Certification of mental illness – Form 1 – Application for psychiatric assessment in accordance 
with the Mental Health Act – includes necessary history, examination, notification of the 
patient, family and relevant authorities and completion of form. 

P004A Obstetrics, prenatal care – Minor prenatal assessment 

W001A 
Non-emergency long-term care in-patient services – Subsequent visits – Chronic care or 
convalescent hospital – additional subsequent visits (maximum 4 per patient per month) 

W002A 
Non-emergency long-term care in-patient services – Subsequent visits – Chronic care or 
convalescent hospital – first 4 subsequent visits per patient per month 

W003A 
Non-emergency long-term care in-patient services – Subsequent visits – Nursing home or home 
for the aged – first 2 subsequent visits per patient per month 

W004A 
Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient 
Services – General re-assessment of patient in nursing home 

W008A 
Non-emergency long-term care in-patient services – Subsequent visits – Nursing home or home 
for the aged – additional subsequent visits (maximum 2 per patient per month) 

W102A 
Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient 
Services – Admission assessment – Type 1 
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Fee 
Schedule 
Code 

Description 

W104A 
Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient 
Services – Admission assessment – Type 2 

W105A 
Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient 
Services – Consultation 

W106A 
Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient 
Services – Repeat Consultation 

W109A 
Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient 
Services – Admission assessment – Annual physical examination 

W121A 
Non-emergency long-term care in-patient services – Subsequent visits – Nursing home or home 
for the aged – Additional visits due to intercurrent illness 

W107A 
Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient 
Services, Admission assessment – Type 3 

W777A 
Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient 
Services – Intermediate assessment - Pronouncement of death 

W872A 
Non-emergency long-term care in-patient services – Subsequent visits – Nursing home or home 
for the aged – Palliative care 

W882A 
Non-emergency long-term care in-patient services – Subsequent visits – Chronic care or 
convalescent hospital – Palliative care 

W903A 
Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient 
Services – Pre-dental/pre-operative general assessment (maximum of 2 per 12-month period) 
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3.A4 Appendix: Independent Variable Specification 

Table 3.A3 Variable Names and Descriptions 
Variable Name Variable Description 

treatment Treatment dummy indicating whether the GP was eligible for the financial incentive on that date. 

post Pre- & post- dummy indicating whether it is post-intervention period 

treated Treated & untreated dummy indicating whether the this physician was entitled to collect bonus/special payment 

    ffsd 

 

 

 

 

PCR dummies indicating the physician was affiliated with the model on that date 

            

            

      

doc_age Age of physician in years on March 31 2002 

doc_ageg1 - 

 

Physician age-- four categories: doc_age1: physician age < 45; doc_age2: 45 ≤ physician age < 50; doc_age3: 

           doc_male Physician sex: 1 if male; 0 if female 

cmaca 

 

Practice locationS:  metropolitan area influence measured by Metropolitan Influence Zone (five categories: 0 if 

         riotype 

 

Practice locationS: urban/rural level measured by RIO score (Rurality Index of Ontario) 

                yrslicyr Years since licensing year as of March 31 2008 

lnbsbill Log of billings: log of total value (fee approved) of claims submitted in 1998-99 

workdays Days of working: total number of days billed in this fiscal year 

sum_visit Number of visits: total # of patient visits in this year 

sum_visitg1 - 

 

Total # of patient visits in this year: four categories. sum_visitg1: < 5,000; sum_visitg2: 5,000 ≤ x < 7,500; 

         visitpd Number of patient visits per working day: the number of visits divided by number of days worked in this year 

sum_pt Practice size: number of assigned patients seen per year 

sum_ptg1 - 

 

Practice size: number of assigned patients seen per year,  four categories 

                  meanage Average practice age: average age of eligible patient population on each snapshot date  

fmpercent Proportion of females in the practice: proportion of female patients as of eligible patient population on each 

  clpercent Proportion of children patients: Proportion of the eligible patients that are under 2 years of age 

elpercent Proportion of elderly patients: Proportion of the eligible patients that are over 65 years of age 

year Year fixed effects:10 dummy variables for each snapshot year from March 31 1999 to March 2008 

cdname Geographical fixed effects: 49 dummy variables defined by Census Division codes 
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Conclusion 
 

This thesis has empirically investigated a range of important questions related to 

the economics of health and health care. Health is an important form of human 

capital that influences social and economic success over the life cycle. Health 

development during pre-adulthood is critical for future health, educational and 

economic outcomes over the lifespan. Two of the thesis chapters explored the 

effects of important factors such as family socio-economic status, environmental 

characteristics and early life-time events in determining the health development 

process and the dynamics of health during the period of childhood to early 

adulthood. The first chapter focused on the roles of family socio-economic 

conditions and neighbourhood environments in determining the child physical 

health development, and the second chapter explored the effects of family 

socio-economic conditions and childhood stressful life-events on the distribution 

of youth depression, which is one of the most common mental health conditions 

during adolescence. The third chapter of the thesis focused on another important 

theme in health economics-- physician behaviours, and investigated whether and 
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how a certain type of financial incentives--- pay-for-performance payments--- 

could motivate physician behaviours of service provisions to improve the quality 

of health care. 

 Each thesis chapter is a self-contained piece of research, and each makes 

contributions to the current literature in these areas of health economics. Both the 

first and the second chapters provide results that shed light on the understanding 

of health human capital development during pre-adulthood, and also provide 

important implications for the design of public policies that aim to improve health 

outcomes of young people. The first chapter contributes to the child health 

literature as few studies in the child health literature have been focused on 

modeling the evolution process of health outcomes from childhood to adolescence, 

particularly in Canada. Moreover, because this paper used information on both 

family social economic status (SES) and neighbourhood level characteristics in 

the dynamic panel data framework, it contributes to the health dynamics literature 

by examining the impact of contextual factors. 

 The results from the dynamic models indicate strong positive state 

dependence of child health over time, and the persistence level differs 

systematically across different neighbourhood status, including average household 

income, education, and lone-parents status. Results also indicate that it is the 
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long-term neighbourhood or environmental conditions, rather than short-term 

variation in conditions, that are contributing to the differences in child health 

transitions. The predictions from the analyses based on long-term neighbourhood 

status indicate that children living in poorer neighbourhoods and in 

neighbourhoods with lower education levels tend to experience poor health status 

for longer periods, while children tend to experience multiple health drops living 

in poorer neighbourhoods, in neighbourhoods with less educated people, in 

neighbourhoods with more families headed by lone-parents and in 

neighbourhoods with more families living in rental accommodations. These 

results highlight the importance of targeting the social support programs or social 

policies to the children who live in these types of disadvantaged communities.  

 The second chapter examined the roles of family SES, early childhood 

life-events and unobserved heterogeneity in explaining the distribution of 

depression among adolescents and young adults. It also explicitly modeled the 

depression dynamics and quantifies the persistence of depression from 

adolescence to early adulthood. One contribution of the chapter is that it tackled 

the methodological issues in modeling the distribution and the dynamics of 

depression outcomes. First, this chapter employed a conditional quantile 

regression framework to explore potential heterogeneity in the effects of these 
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factors across different quantiles of the depression score. Compared with 

conditional mean estimation models, which have been widely used in this 

literature, this approach allows the examination of the differential effects of the 

factors of interest at different parts of the youth depression distribution, therefore 

providing a more complete view of the links between these factors and youth 

depression. Using a conditional quantile approach also provided an opportunity to 

explore the source of discrepancies found in the existing empirical literature. 

Another methodological contribution of this chapter is that, in addition to standard 

dynamic quantile regression models, it employed a newly developed instrumental 

variable quantile regression for dynamic panel with fixed effects model to 

examine the dynamics of depression.  

 The results from the static models are in line with the majority of the 

literature, which highlights the important roles of gender, race, birth order, 

maternal drinking and smoking behaviour during pregnancy, and a set of family 

SES factors including maternal education and family poverty status. More 

importantly, the results reveal the asymmetry of the link between stressful life 

events and youth depression, which is masked by conditional mean estimator. 

This might explain why some studies observe the adverse effect of stressful life 

events on youth depression while others do not. Specifically, different types of 
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life-events have different roles across different quantiles of the depression score: 

the incidence of family problems (family member loss or parental divorce) during 

childhood plays a more important role at the higher end of the depression 

distribution, while the incidence of emotional trauma during childhood plays a 

more important role at the lower end. The family SES-youth depression gradient 

varies substantially across different quantiles of the depression distribution: 

maternal education, maternal unemployment duration and family poverty status 

are more important at the higher ends of the depression distribution, and are 

statistically insignificant at the lowest quantile of the depression distribution. 

These results provides important policy implications of devoting resources to 

individuals with the most severe level of depression and employing policies that 

aim to improve these specific family SES conditions for them. The results from 

the dynamic models show the importance of taking into account individual 

heterogeneity when examining the dynamics of youth depression. The pooled 

model suggests that there is a strong positive state dependence of youth 

depression across all quantiles of the CES-D distribution, and the magnitude of 

the state dependence estimate is larger at higher ends of the depression 

distribution, indicating a higher persistence level for the individuals who have 

more severe depressive symptoms. However, results from the instrumental 
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variable with fixed effects model deliver a different message: the pure state 

dependence of youth depression is very low and the observed positive association 

between previous depression and current depression is mainly due to unobserved 

individual heterogeneity. 

 The first two thesis chapters provide some important messages about the 

dynamics of health during childhood and adolescence. First, it is important to 

account for unobserved individual heterogeneity, and to disentangle pure state 

dependence from unobserved heterogeneity when modeling health dynamics 

during this period. In both papers, the perceived state dependence in health is 

substantially attributable to unobserved individual heterogeneity. Second, while 

child physical health exhibits a certain degree of persistence over time conditional 

on individual heterogeneity, indicating the permanent nature of physical health 

accumulation, adolescent depression appears to be mean-revert (again conditional 

on individual heterogeneity). Third, health production in pre-adulthood is largely 

associated with contextual effects that are at both the family and community 

levels. Both papers stressed the important roles of family social economic factors, 

particularly the mother’s role (e.g. maternal education and maternal employment) 

in the process of child health capital formation.   

 The third thesis chapter exploited a natural experiment in the province of 
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Ontario, Canada to identify empirically the impact of pay-for-performance (P4P) 

incentives on the provision of targeted primary care services. The main 

contribution of this study is that it provides direct policy implications related to 

the employment of P4P incentives to improve health care quality, which is 

extensively employed and strongly advocated in recent years by health plans and 

governments in many countries. The overall small physician responses to the 

introduction of P4P incentives in Ontario indicate the rather low power of using 

these incentives to motivate high quality care. Several lessons can be learned from 

this study. First, since the cost of complying may vary substantially among 

different types of procedures and services, tailoring the absolute size of financial 

incentives for different targeted services according to the relative costs of 

complying may provide a more cost-effective solution. Second, the findings 

suggest that there is only limited scope for using P4P incentives to increase the 

provision of targeted services, and the employment of P4P incentives is only 

effective when the targeted performance or tasks are strongly linked to 

professional standards of high quality care. Therefore, future implementations of 

P4P incentives could be restricted only to these services. Finally, the P4P 

incentives should be redesigned so that the target measures are more closely 

related to real standards of high quality care. For example, financial incentives can 
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be linked to quality indicators that aim to increase access to health care, or to 

those representative of evidence-based health care. 

 The third chapter also contributes to the literature on empirical examination 

of physician response to the pay-for-performance incentives, because it exploited 

the natural experiment of the primary care reform in Ontario, which provides a 

good setting for this type of study. The timing of the reforms allows the 

employment of a difference-in-differences approach to control for potential 

sources of selection bias and confounding. Another advantage of this study is that 

it used a unique administrative data set that provides rich information for the 

investigation of physician service provisions.  

 This thesis reveals some important areas for future research and extensions. 

Two of the thesis chapters underscored the impact of family-level environmental 

factors. One direction for future studies is to attempt to better identify the causal 

effect of these factors. Identifying the causal effects of family SES faces common 

empirical challenges due to potential reverse causation and omitted variables that 

may be correlated with both family SES and child health outcomes. Therefore, 

future studies should employ good instruments that generate exogenous variation 

in the family SES factors to study the causal effects, and to explicitly examine the 

mechanisms through which these family attributes lead to heterogeneous child 
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health outcomes. Another direction for future studies is to study the dynamic 

features of the health accumulation process during pre-adulthood. The thesis 

indicates the importance of accounting for the dynamic aspect of child health. 

Moreover, the recent skill formation literature has established a life-cycle 

investment framework to study the formulation of cognitive and non-cognitive 

skills, which also reveals the dynamic feature of the human capital accumulation 

process. The literature documents the “dynamic complementarities” and 

“self-productivity” features of the cognitive and non-cognitive skills, and 

indicates that these features may as well exist for child health. Therefore, more 

research can be done to examine these features in the child health accumulation 

process using longitudinal data sets and advanced dynamic panel data models. 

 On the other hand, the third thesis chapter delivered a general message about 

physician behaviour: physicians do not automatically respond to 

performance-based financial incentives as expected. Although principal-agent 

theory suggests the potential of employing P4P incentives to motivate physicians 

to provide high-quality care, physician responses to such incentives are not easily 

predicted. The heterogeneity of physician responses found in the study suggests 

that physician behaviours may be constrained by a complex set of objectives that 

we do not directly observe. Therefore, more refined positive analyses on 
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physician labour supply and service provision behaviours are warranted to inform 

future implementation of incentive schemes or public policies to elicit desired 

physician behaviours. 
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Abstract



This thesis focuses on two important areas of health economics: health dynamics during pre-adulthood, and physician behaviour. Understanding the health development process of young people is of great importance for improving life-time well-being. The first two essays seek to explore the important factors that determine the health production process during the period of pre-adulthood. On the other hand, a better understanding of the behaviour of physicians, who are among the most important suppliers of health care, is of great importance for the design of social policies that aim to improve health of the population. The third chapter then turns the focus to physician labour and service provision behaviours.

	The first chapter examines the impact of family social economic status (SES) and neighbourhood environment on the dynamics of child physical health development. It examines the distribution of health outcomes and health transitions and explores the determinants of these distributions by estimating the contributions of family SES, neighbourhood status, unobserved heterogeneity and pure state dependence.

	The second chapter extends the research on health development in pre-adulthood by examining the roles of family SES, early childhood life-events, unobserved heterogeneity and pure state dependence in explaining the distribution of depression among adolescents and young adults. It also explicitly models the depression dynamics and quantifies both the mobility and persistence of this type of mental health problem from adolescence to early adulthood.

	The third chapter examines whether and how pay-for-performance (P4P) payments can motivate physician service provision to improve the quality of health care. It exploits a natural experiment in the province of Ontario, Canada to identify empirically the impact of P4P incentives on the provision of targeted primary care services, and whether physicians’ responses differ by age, practice size and baseline compliance level. 
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This thesis uses advanced micro-econometric techniques to investigate empirically a range of questions related to both health and health care. The research focuses on two important areas of health economics: health dynamics during pre-adulthood, and physician behaviour. The thesis consists of three essays. The first essay examines the impact of family social economic status (SES) and neighbourhood environment on the dynamics of child physical health development. The second essay examines the impact of family socio-economic conditions, stressful life-events and unobserved heterogeneity on the distribution and the dynamics of depression from adolescence to early adulthood. The third evaluates the impact of pay-for-performance incentive payments on the provision of health care by physicians.

The first two essays investigate health dynamics during childhood and adolescence. Health is an important form of human capital that influences social and economic success over the life cycle. Health development during the transition period of childhood to young adulthood is particularly important because initial adult health stock and attitudes towards health-promoting or risky behaviours are largely formed during this period (Heckman 2007). Moreover, evidence documents that pre-adult health is positively correlated with a spectrum of health, educational and economic achievements over the lifespan (Case et al. 2005; Grossman 2000). Health may also play an important role in the intergenerational transmission of economic status (Currie 2009). Therefore, understanding the health development and the health production process of young people is of great importance for improving life-time well-being.

	The classic model of the demand for health by Grossman describes the dynamic optimization problem of intertemporal utility maximization which leads to optimal lifetime paths of health capital and gross investment in health in each period (Grossman 1972; Grossman 2000). This model features the dynamic nature of the health production process. People experience persistently good or persistently poor health for two types of reasons: poor health can be inherently long-lasting and a cumulative history of health problems may have a direct effect on current health; disparities in factors like socioeconomic conditions may have long-lasting effects that influence health in multiple periods (Jones et al. 2006). Two of the thesis chapters seek to explore the important factors that determine the health development process and the dynamics of health during the period of childhood to early adulthood, and attempt to identify systematic differences in health persistence across subgroups of children and adolescents with heterogeneous family background or environmental characteristics. One chapter focuses on the roles of family socio-economic conditions and neighbourhood environments in determining the child physical health development, and the other explores the effects of family socio-economic conditions and childhood life experience on one important aspect of youth mental health conditions-- depressive symptoms.  

	The first chapter uses data from the Canadian National Longitudinal Survey of Children and Youth (NLSCY) to investigate whether and why physical health outcomes exhibit persistence during the period from childhood to adolescence. On both efficiency and equity grounds, it is important to quantify the persistence of health over time and to identify systematic differences in persistence across different subgroups of the population. This chapter examines the distribution of health outcomes and health transitions using extensive descriptive analysis, and explores the determinants of these distributions by estimating the contributions of family SES, unobserved heterogeneity and pure state dependence while allowing for heterogeneity of state dependence parameters across categories of neighbourhood status. 

	The results of the dynamic models indicate a strong persistence of child physical health over time, and that certain community characteristics such as lower neighbourhood income, lower neighbourhood education level and higher proportion of lone-parents within a neighbourhood, contribute significantly to higher persistent levels of ill health over time. Moreover, the positive effect of “permanent” household income on child health is stronger in richer neighbourhoods and also more educated neighbourhoods, while the positive effect of “permanent” household income on child health is weaker in neighbourhoods with fewer lone-parent families and also in neighbourhoods with fewer families living in rental accommodations. The chapter contributes to both the health dynamics literature and to the child health literature in two ways. First, few studies in the child health literature have been focused on modeling the evolution process of health outcomes from childhood to adolescence, particularly in Canada. Second, as this paper uses information on both family social economic status (SES) and neighbourhood level characteristics in a dynamic panel data framework, it contributes by examining the impact of contextual factors in the health dynamics literature. This paper has been published in the Journal of Health Economics (Contoyannis and Li 2011).

	The second chapter extends the research on health development in pre-adulthood by examining, within both static and dynamic frameworks, the roles of family SES, early childhood life-events, unobserved heterogeneity and pure state dependence in explaining the distribution of depression among adolescents and young adults. Depression is one of the most common health problems in adolescence (Asarnow et al. 2009), and depression during this period often persists into adulthood and leads to adverse long-term outcomes (Colman et al. 2007; McLeod and Kaiser 2004). However, only a small number of empirical studies have examined the relationship between family or individual SES and depression among adolescents or young adults, and the results from these empirical studies are mixed. The first goal of this chapter is to examine the roles of family SES, early childhood life-events, and unobserved heterogeneity in explaining the distribution of depression among adolescents and young adults using the US data on the children of the US National Longitudinal Survey of Youth 79 (NLSY79). Furthermore, this chapter explicitly models the depression dynamics and quantifies both the mobility and persistence of this type of mental health problem from adolescence to early adulthood, an issue that has not been addressed in other studies.	

	This study employs a conditional quantile regression framework. This is important because the factors of interest may not only affect the location of the conditional distribution of youth depression, but also affect the scale or other aspect of the distributional shape. If the underlying mechanism that links these factors with youth depression does differ at different parts of the depression distribution, using a conditional mean estimator will neglect this aspect and provide quite different policy implications. A methodological contribution of this chapter to the empirical health dynamics literature is that in addition to standard dynamic quantile regression models, it employs a newly-developed instrumental variable quantile regression for dynamic panel with fixed effects model to examine the dynamics of depression. This estimator not only allows us to control for individual-specific heterogeneity via fixed effects in the dynamic panel data framework, but also effectively reduces the dynamic bias generated by conventional dynamic fixed-effects estimation of the quantile regression models.

	Results from the static conditional quantile estimation models reveal the asymmetry of the link between stressful life events and youth depression, and indicate the differential effects of family SES on youth depression at different parts of the depression distribution. Results from the dynamic models suggest the importance of taking into account individual heterogeneity when examining the dynamics of youth depression. The results from the final instrumental variable with fixed effects model indicate that the pure state dependence of youth depression is very low and the observed positive association between previous depression and current depression is mainly due to unobserved individual heterogeneity.

	One important determinant of the health production process is the consumption of health care. The Grossman model indicates that the demand for health care is a derived demand for health and is decided as part of the optimal choice over the gross investment in health stock over the life cycle (Grossman 1972; Grossman 2000). In a world full of asymmetric information, externalities and uncertainty, health care resource allocation via perfectly competitive markets leads to outcomes far from the Pareto optimum (Arrow 1963). Therefore, non-market institutions and public policies should step in to correct for market failures and to guide resource allocations for the improvement of social welfare (Hurley 2000). Given that the utilization of health care is largely determined by supplier behaviour, a better understanding of the behaviour of physicians, who are among the most important suppliers of health care, is of great importance for the design of social policies that aim to improve health of the population. Physicians’ labour and service supply behaviours share some common features with workers in other industries, but are also distinguished by a greater influence of professional standards and ethical concerns. In such a context, it is critical to conduct positive analysis that helps us to understand how contractual or institutional arrangements will affect their labour supply and service provision behaviours and facilitate the efficient and equitable allocation of health care resources. The third chapter of this thesis then turns the focus to physician labour and service provision behaviours.  

	The third chapter examines whether and how a certain type of financial incentives--- pay-for-performance payments --- can motivate physician service provision to improve the quality of health care. Explicit financial incentives, especially pay-for-performance (P4P) incentives, have been extensively employed in recent years by health plans and governments in an attempt to improve the quality of health care services. Classic principal-agent theory and incentive-contract theory suggest that performance-based contracting can induce agents to improve performance when payment is based on achieving pre-specified performance targets. However, using P4P programs to motivate health care providers’ behaviour is controversial in reality. Theoretical predictions on physician responses to P4P incentives are ambiguous; there are still relatively few empirical studies that provide convincing evidence of how performance incentives influence physician delivery of targeted services. This chapter exploits a natural experiment in the province of Ontario, Canada to identify empirically the impact of P4P incentives on the provision of targeted primary care services, and whether physicians’ responses differ by age, practice size and baseline compliance level. 

	The study uses administrative data that cover the full population of the province of Ontario and nearly all the services provided by practicing primary care physicians in Ontario. Different sources of administrative data are linked together to construct the individual-level data set of service provisions for physicians who were affected by the incentives (those work in the primary care reform models) and physicians that were not affected by the incentives (those work mainly in traditional fee-for-service practice) in both pre- and post- intervention periods. The study employs a difference-in-differences approach that controls for both selection on observables and selection on unobservables that may cause estimation bias in the identification. A set of robustness checks and sensitivity analyses are also implemented to control for potential confounding from other attributes of the primary care reform models, and from the other contemporary initiatives that could also influence the level of health care utilization during the study period.

	The results indicate that, while all responses are of modest size, physicians responded to some of the financial incentives but not others. In general, the results confirm the empirical literature, which indicates little effect of employing P4P incentives to improve the quality of health care. The differential responses appear related to the cost of responding and the strength of the evidence linking a service with high-quality care, as well as the degree of complementarities between the P4P incentives and other institutional attributes of the practice models. Overall, the results provide a cautionary message regarding the effectiveness of pay-for-performance schemes for increasing quality of care. 

	A common element across all three chapters is the application of advanced econometric techniques to help identify underlying causal relationships in areas of health economics where this has been a great challenge. In health economics, the prevalence of latent variables, unobserved heterogeneity and nonlinear dependent variables creates additional difficulties in the identification of causal relations. This thesis attempts to tackle various methodological issues in the identification strategies, and to select econometric tools that are well-suited for the data and for the estimation challenges encountered. The first two papers deal with the nonlinearity of the dependent variables by using latent variable models and count data models, and exploit longitudinal data sets to disentangle the pure state dependence from confounding by unobserved heterogeneity using a set of random effects and fixed effects models. The third paper exploits the exogenous variation in the primary variable of interest (the "treatment") generated by a quasi-experiment, and deals with the non-random selection and confounding problems by using a series of difference-in-differences models that gradually relax the exogeneity assumptions and by using multiple treatment or comparison groups.      
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Health development during the period of childhood to adolescence is important because, for most individuals, initial health in adulthood and attitudes towards health promoting or risky behaviors are largely formed during this transition period (Heckman 2007). Furthermore, evidence documents that pre-adult health is positively correlated with achievement over the lifespan (see e.g. Case et al 2005). While the association of child/youth health and economic, institutional and environmental factors has been examined by various studies within a static framework, few studies have focused explicitly on health dynamics from childhood to adolescence. On both efficiency and equity grounds, it is important to quantify both the mobility and persistence of health over time and to identify systematic differences in mobility across subgroups. Knowing the systematic differences in the dynamics of health across different subgroups helps to disentangle how different factors determine the health transition from childhood to adolescence within a population. Furthermore, if we observe that reductions in health status are more permanent than transitory in nature for particular groups, we may be more concerned about this than cross-sectional variation in health; more efficient improvement of average health status of the whole population can be made possible if social support programs are targeted at individuals who are more likely to have multiple periods of ill-health and equity objectives likely require us to be more concerned about children who suffer prolonged ill health. 

	This study draws on two streams of health outcomes research. The first stream focuses on the association of child/youth health and economic, institutional and contextual factors. A positive relationship between high family SES and good child health status has been recorded in various studies. Using cross-sectional data sets of U.S children, Case et al. (2002) pointed out children’s health is positively related to household income and the income-health gradient has deepened as children age. They also investigated the extent to which the gradient can be explained by other characteristics of children and parents, including child health at birth, parental health, genetic ties, health insurance and maternal labor supply. Following Case et al. (2002), Currie and Stabile (2003) used the Canadian NLSCY to confirm the deepening gradient, and to test two hypotheses of the underlying mechanisms that cause the deepening gradient. They concluded that the mechanism of the deepening gradient is not that children with poorer health lack the resources to respond to health shocks, but they are subject to more shocks. Curtis et al. (2001) explored data from the Ontario Child Health Study (OCHS) to estimate the association between child health and both low-income and family status. They find that child health is much more strongly (and negatively) related to low-average-income than to low-current income, while lone-mother status is negatively associated with child outcomes. Contoyannis and Dooley (2010) examined the relationship between childhood health problems and various young adult outcomes and the role that health status plays in the intergenerational correlation of economic outcomes using the Ontario Child Health Study (OCHS). Specifically, they examined the association between parental socio-economic status and the prevalence of a childhood chronic condition, a functional limitation, or a conduct or emotional disorder and reported for each case an income effect that is modest in size. They also found that parental health is strongly related to childhood health outcomes, but the effect of family income on child health is not mainly a proxy for parental health. Another two studies have provided evidence of the health-SES gradients among adolescents (Graeme Fort et al. 1994, Chris Power and Sharon Matthews 1997). The above examples largely identified the potential SES factors that are correlated with and may contribute to the health of children and adolescents. However, it is worth mentioning that few of these studies are implemented in a panel data framework and dealt with individual unobserved heterogeneity. The only study we are aware of which involves the transition of health outcomes from childhood to adolescence is Currie and Stabile (2003). In order to test one of the two hypotheses in explaining the deepening SES-health gradient recorded by Case et al. (2002), they investigated whether low-SES children deal with bad “health shocks” as effectively as high-SES children by examining if the negative impacts of previous chronic conditions onset differ by family SES. While their results are in line with ours in the sense that poor health status in the previous period has persistent negative effects on current child health, the study did not focus on how state dependence systematically determine the dynamics of child health over time and how state dependence of child health differ across neighborhood types as in our study. In their study, only two periods of data are used and the onset of chronic conditions in the first period are controlled as the “health shocks” for health state in the second period; while in our study all six cycles are used and self-assessed health status in the previous period is controlled for in modeling current self-assessed health status. 

	The positive association between SES and health is difficult to untangle for adults, due to the likelihood of a reverse causal relationship. Although the channel that runs directly from health to income can be eliminated for the case of children, possible unobserved factors that can affect child health outcomes and are also correlated with family SES make identification of a causal relationship difficult. Dooley and Stewart (2004) used data from the Canadian NLSCY and cautiously estimated the size of the effect of income on child’s cognitive outcomes by attempting to separate out the variation in outcomes caused by potential unobserved heterogeneity and that caused by regressors. They implemented four empirical strategies using panel data and reported a smaller income effect on child outcomes than from conventional estimates which are obtained from weighted least squares regressions with pooled data. This difference in estimates reveals the benefit of exploiting a panel data structure when unobserved individual heterogeneity contributes substantially to child outcomes. 

	Other studies have focused on the social contextual influences on child outcomes. Boyle et al. (2007) used multilevel models to examine longitudinal associations between contextual influences (neighborhood and family) and educational attainment in a cohort of 2,355 children. The results showed that while 33.64% of the variation in individual level educational attainment can be explained by their model, 14.53% of the variation is attributable to neighborhood and family-level variables versus 10.94% to child-level variables. Several other studies have provided consistent evidence that neighborhood or community level socioeconomic advantage is positively associated with better child outcomes (Brooks-Gunn, Duncan, Klebanov and Sealand 1993; Garner and Raudenbush 1991). Leventhal and Brooks-Gunn (2000) provide a comprehensive review of research on the effects of neighborhood residence on child and adolescent well-being. By summarizing the existing evidence of neighborhood effects on child and youth outcomes, they conclude that high SES is of great importance for school readiness and achievement while low SES and residential instability are determinants of poor behavioral/emotional outcomes. Therefore, social contextual or environmental characteristics should be considered as other important factors related to child and youth health. 

	The second stream of studies on health outcomes focuses on modeling adult health distributions in a dynamic framework. Studies have addressed the question of why some adults experience persistently good or bad health. The persistence could be explained by pure state dependence, particular individual socio-economic characteristics, or environmental characteristics (Jones, Rice and Contoyannis 2006). Some empirical health dynamics studies have examined the relative contributions of pure state dependence and unobserved heterogeneity, and the conditional effect of socio-economic status in explaining observed health status variation (Contoyannis, Jones and Rice 2004a, Contoyannis, Jones and Rice 2004b), while other empirical health dynamics studies have provided evidence of associations between observed health persistence and SES positions. In particular using the British Household Panel Survey (BHPS), Hauck and Rice (2004) found evidence of substantial mental health mobility and that the extent of mobility varies across SES categories with greatest persistence in lower income groups and less educated individuals. In a different framework, Buckley et al. (2004) examined the influence of SES position on transition probabilities from good health to poor health for older Canadians. The results showed that the probability of remaining in good health is higher in the highest quartile of income and education, which also indicated a positive association between good health and SES. 

	Our study aims to contribute in the following ways. Firstly, this study contributes to the health dynamics and child health literature. As discussed above few studies have been focused on modeling the evolution process of health outcomes from childhood to adolescence, particularly in Canada.  Secondly, as this paper uses information on both family SES positions and neighborhood level characteristics into the dynamic panel data framework, it contributes by examining the impact of contextual factors in the health dynamics literature. 

	This paper proceeds as follows. Section 2 describes the data set we used for the study and presents some descriptive analysis of the data. Section 3 introduces the theoretical rationale and empirical framework of the study. In section 4, the regression results are reported and analysed while in section 5 some conclusions are provided.
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[bookmark: _Toc298427153]As this study considers both the effects of family SES positions and neighbourhood characteristics on child health dynamics, two data sets are explored in our study. The first data set is the Canadian National Longitudinal Survey of Children and Youth (NLSCY) cycles 1 to 6, which contains rich information on child outcomes and family SES positions. The second data set is the Census profile data of Canada 1996 and 2001, which contains information on neighborhood characteristics. We construct and use the following four sets of variables throughout this study: 1) child general physical health outcome measures, e.g. Self-Assessed Health (SAH) of the child reported by the Person Most Knowledgeable(PMK) about this child; 2) family socio-economic variables, e.g. total household income, parental education, family structure (family size, whether the child is living with two parents) etc.; 3) Other variables for the child and the parents such as age, whether the PMK is the biological parent of the child and maternal age at birth of the child; 4) neighborhood level variables, indicating the “affluence” status and “socioeconomic disadvantage” status of the neighborhoods, e.g. mean household income, percentage of population with university degree, etc. 
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The National Longitudinal Survey of Children and Youth (NLSCY) is the main data source used in this study to examine the contribution of individual and family level variables in determining health transitions. The NLSCY is a survey “designed to collect detailed information every two years about the factors influencing a child’s cognitive, emotional and physical development and to monitor the impact of these factors over time” (NLSCY user guide). With the main purpose of following up a group of children over time, the survey began to collect information with one large cohort of 0-11 year- olds in 1994, and followed up every two years till 2004 (Cycle 6). All the available waves so far (from Cycle 1 to Cycle 6) are used in this study. 

	As stated in the NLSCY User’s Guide, the NLSCY is divided into four components: the household component, adult component, child component, and youth component. The household component is used to determine the relationship between all household members. It also identifies the person most knowledgeable (PMK) about the child in the household. The PMK provides the information for all selected children in the household and then gives information about himself/herself and his/her spouse/partner. A child component was created for each selected child between 0 and 17 years of age. The PMK about children and youth answered the child component questions. The child component provides information on the child demographic information and child health measures. But the only sections of the Child Questionnaire asked about youth aged 16 and 17 are the Aspirations and Expectations section, Custody and the Socio-Demographics section. Therefore, the relevant child health information is available in this component only for children aged 15 and younger. We could find health measures for the children/youth aged 16 and older in the Youth Questionnaire, as the youth component is used for selected respondents aged 16 to 21 years old. However, the respondent of the Youth Questionnaire answer questions about themselves so we suspect that the reporting would be systematically different from the responses from the PMKs. An adult component was created for the PMK and his/her spouse or partner, if the selected child is 17 years old or younger. This component collects information for the PMK and the spouse of the PMK about their age, education, income, labor force participation and health condition etc. From this information, the family structure and parental characteristics with potential impacts on child’s health development are extracted. 

[bookmark: BIB28]	With respect to child health, the variable of general health assessed by the PMK is used in the analysis. The survey question requires the respondent to rank the child’s health as excellent, very good, good, fair or poor. This measure falls into the category of a subjective measure of self-assessed health (SAH) which provides ordinal rankings of the respondents’ perceived health status. Although the reliability of this subjective measure of health has been questioned by some literature (see Crossley and Kennedy 2002), the child health measure is confined to this variable in our study for the following reasons. Firstly, measures of self-assessed health are commonly used in the literature and have generally been found to be powerful predictors of mortality (see Idler and Kasl 1995; Idler and Benyamini1997; Burström and Fredlund 2001), and to be good predictors of subsequent use of medical care (see van Doorslaer et al. 2000, 2002). Also, since SAH has been consistently defined across different datasets based on which most empirical studies are conducted, using the same measure makes our results more comparable to the others. The study from Crossley and Kennedy (2002) has provided evidence that this measure suffers from the non-random measurement error in terms of reporting, and the perceptions of the respondents’ own health systematically vary by age and some socioeconomic status. However, our study is limited by the availability of other suitable measures of health[footnoteRef:3]. Other concerns about this measure are related to the reporting heterogeneity in the ordered responses which may invalidate group comparisons and measures of health inequality (Lindeboom and van Doorslaer 2004; Murray et. al 2001). More objective measures of health are suggested and methods to overcome this problem are discussed in this literature (see discussion in Contoyannis, Jones and Rice 2004b).  [3:  The McMaster Health Utility Index Mark 3 (HUI3) is often deemed a more objective measure of general health but this measure is only available for children aged 4 or 5 years old in the NLSCY. Other existing measures of self-reported chronic conditions in NLSCY do not provide us a global measure of general health of children. It is worth noting that even the self-reported objective measures of health on the incidence of chronic conditions are criticized for the significant measurement error. Details see Michael Baker, Mark Stabile and Catherine Deri 2004. ] 


	In order to investigate the relationship between family SES and child health outcomes we use the total household income in the past 12 months and a set of variables for parental educational achievements. Case et al. 2002 found that while there still exists a large and significant correlation between income and child’s health, the addition of parental education levels to the regression controls had a substantial impact on the estimated income coefficients (reducing the magnitude of the positive correlation). This suggests that household income and parental education are two important factors in determining the child’s health and they affect child’s health through different pathways. In the NLSCY, information about educational attainment, labor force participation etc. are collected for the PMK and the spouse of PMK, but the PMK and the spouse of PMK are not necessarily the biological parents of the child. They can be step parents, adopting parents or even unrelated persons. This brings in complexity in interpretation because mother’s education may influence child health through both her childcare skills after birth and the health of the child at birth, while a PMK who is not the mother will likely exert a much larger influence(relative to the birth mother) on child health through childcare. Moreover, mother’s education and father’s education level are expected to have different impacts on child’s health in that, in most cases, it is the mother who takes care of the child and their behavior would shape child’s health to a larger extent, especially for the children at younger ages. Therefore, we separate mother’s education from father’s education level. In this study, mother’s education was obtained from the PMK’s (or the spouse of PMK) education level if PMK (or the spouse of PMK) is the biological mother of the child. Otherwise, female caregiver education was obtained from the closest female figure in the household (defining the biological mother as the closest female figure overall), i.e. it was obtained from the information of the PMK (or the spouse of PMK) if PMK (or the spouse of PMK) is female but not the biological mother of the child. If there is no education information for the closest adult female figure in the household, female caregiver education was set to missing. The variable for male caregiver education was derived in the same way. In order to capture the difference between the effects of education for a biological mother and another female figure, a dummy indicating the PMK (or spouse of the PMK) is the biological mother of the child is included in the regression and interacted with mother’s education level. Also, a dummy indicating PMK is female is included in the regression to account for the response “bias” by gender. Other than the main SES variables, family structure characteristics have a potential impact on child health. A variable for family size indicating the total number of persons living in the household and a dummy variable indicating whether or not a child lives with both parents are included in the regression too[footnoteRef:4]. Table 1 in the Appendix A lists the definitions of the main variables we used in this study.  [4:  For the same reasons, we discriminate between the scenario of “child living with both biological parents” and the scenario of “child living with both parental figures but not the biological parents” and included both variables in our analyses. ] 


	To explore the relationship between neighborhood characteristics and child health dynamics, we split our sample by a set of neighborhood level variables indicating the “affluence” status and “socioeconomic disadvantage” status of the neighborhood the child resides in. In our study, “neighborhood” is defined by census tract (CT) boundaries within all census metropolitan areas (CMAs) and part of census agglomerations (CAs) where a CT boundary exists, while by Enumeration Area (EA) or dissemination areas (DAs) boundaries within more rural areas where a CT boundary does not exist. Census tracts (CTs) are small geographic units representing urban or rural neighborhood-like communities within all CMAs and CAs with an urban core population of 50,000 or more at the previous census. In most CTs, there are 2,500-8,000 people living within them (Statistics Canada, 1992). An EA is the smallest level of geographical aggregation used by Statistics Canada: it contains at least 375 dwellings in urban areas and 125 dwellings in rural areas. To attach neighborhood information to every child in each cycle, we firstly matched the neighborhoods identities within NLSCY and Census profile data through Enumeration Area (EA) or Dissemination Area (DA) code which exist in both data sets. Since the neighborhoods are mostly defined by CT boundaries, we then used the Geography Tape File (GTF) to map from EA/DA boundaries to CT boundaries when CT boundaries are used to define neighborhoods. At the end, the neighborhood variables aggregated at the CT boundary level are used for the neighborhoods defined by CTs; while the neighborhood variables aggregated at the EA or DA boundary level are used for the neighborhoods defined by EAs or DA s. In our study, the “affluence” status of the neighborhoods is measured by two variables: average household income and the percentage of the adult population with university or college degrees; while the “socioeconomic disadvantage” status of the neighborhoods is measured by another two variables: percentage of families headed by lone parents and the percentage of families living in rental accommodations. These specific concepts of community characteristics have been established and used in studies examining the neighborhood influence on educational attainment of children (Boyle et al. 2007). Since we are using a longitudinal cohort and the respondents might have moved from one neighborhood to another across cycles, we mapped the respondents into neighborhoods for each cycle based on the most up-to-date available census profile data at that time. In other words, the neighborhood characteristics are drawn from the census profile data 1996 for the first four cycles of NLSCY, while these values are drawn from the census profile data 2001 for the last two cycles of NLSCY. 



[bookmark: _Toc298776299][bookmark: _Toc298776940]1.2.2 Data description

As we focus on the longitudinal transition of the child health distribution over time, our study employs data on the original longitudinal cohort in NLSCY over six waves. There is considerable attrition in the longitudinal cohort of the NLSCY. According to the NLSCY Cycle 7 User Guide, by cycle 6, “the cumulative, longitudinal response rate for children in the original cohort was 57.6%”[footnoteRef:5]. Because of the sample attrition, around 11,000 children aged 10 to 21 years old from the original longitudinal cohort remained in the sample. Several sample selection criteria have been used for the investigation of family SES and child health dynamics association in our study. Firstly, we only included children aged 0-15 (including age 15) in all cycles. As discussed earlier, in the NLSCY the self-assessed general health (SAH) status is reported in the Child Questionnaire by the Person Most Knowledgeable (PMK) about the child for children aged 0 to 15; while this health measure is reported in the Youth Questionnaire by the youth themselves for children aged 16 and older. The PMK is an adult figure, usually the mother/father of the child. We believe the response from the PMKs and the response from the children themselves are systematically different so we excluded the children aged 16 and older. This leads to a reduction of our study sample to 6,611 children. Secondly, we only included children who had information with respect to all of our main variables listed in Table 1 in Appendix A in all six cycles. In other words, only a balanced panel sample is used for both descriptive and regression analysis. This leads to a further reduction of the study sample to 3,752 children. Thirdly, we excluded children with obvious errors in their data, e.g. we excluded children who had multiple gender values across cycles. We ended up with 22,398 observations for 3,733 children with 6 time periods as our study sample. For the subgroup analysis with different neighbourhood status, we then only included children with complete information with respect to the four neighbourhood variables in all six cycles. This leads to a further reduction of sample to 21,726 observations for 3,621 children with 6 time periods[footnoteRef:6].        [5:  In order to adjust for total non-response, the NLSCY employs weighting procedures to produce two longitudinal (funnel and non-funnel) weights at each cycle. Specifically, these weights are calculated by taking the child’s design weight and making adjustments for survey non-response and post-stratification to ensure that the final survey weights sum to known counts of children by age, sex and province (See the NLSCY User’s Guide in references) for the attrition rate and the weighting procedure which attempts to adjust for total non-response). Accordingly, we applied the funnel weights to our final sample in the descriptive analysis because funnel weights are assigned to children who have responded at every cycle.]  [6:  We lost 112 children from our analyses for neighborhood effects on child health dynamics because a) some of the EA or DA codes are missing from the NLSCY; or b) some of the EA or DA codes of our NLSCY sample cannot be found in the Census profile data; or c) at least one of the four neighborhood variables are missing values in the corresponding Census profile data.] 


1.2.2.1 The study sample

Child SAH

Originally the health status variable is a categorical variable with 5 ranks. However, we regrouped this variable in the descriptive analysis by merging the fair health group and poor health group because of the constraint imposed by the data confidentiality requirement from Statistics Canada[footnoteRef:7]. After the merge, the number of observations in the fair/poor health group is big enough for data disclosure. Figure 1 (see all figures in Appendix A) shows the health dynamics of children over 6 cycles. The proportion of children in excellent health was decreasing and the proportion of children in very good health was increasing slightly between cycles 1 and 3. Between cycles 4 and 6 there does not appear to be a discernible trend in the proportions reporting excellent and very good health. In all cycles there are only a very small proportion of children reported as in fair or poor health with no apparent trend in this proportion or for the proportion in good health.  [7:  Statistics Canada’s data confidentiality restriction requires that—“Data users must not release or publish any estimate that would allow the identification of a specific respondent or reveal any individual’s responses. For this reason, estimates (for example, the cells in a cross-tabulation) should have at least five contributing respondents” (NLSCY cycle 7 User’s Guide). As only a small proportion of children in our sample reported poor health in all cycles, we had to regroup the two categories of “poor” and “fair” health together to reach the minimum cell size.] 


	Figure 2 displays the distribution of child’s health status pooled over 6 cycles by household income categories. From the figure, it can be seen that children’s health status is better in households with higher incomes than those in households with lower incomes. As we move from low income group to high income groups, the proportion of children in excellent health increases while the proportion of children in fair or poor health decreases. 

	Figures 3 displays the distribution of child’s health status pooled over 6 cycles, by mother’s education attainment. The figure shows very similar patterns of child health variation as to household income level. The proportion of children with excellent health increases and the proportion of children with fair or poor health decreases as we move up from lower maternal education level to higher maternal education level. The pattern can be observed as well in the distribution of child’s health by father’s education attainment.

State Dependence

	State dependence in health has been explored by the literature on health dynamics (e.g Contoyannis et al. 2004) and it is expected to explain a substantial proportion of health variation. Without conditioning on other variables, the degree of mobility/persistence of health outcomes can be assessed descriptively by the probability distribution conditioned on the previous health distribution. Figure 4 shows the distribution of child’s health status in cycle 2 by the previous health status in cycle 1. It can be seen from the figure that given the child was in excellent health in cycle 1, the probability of transiting from excellent health to fair or poor health is very close to zero and the probability of staying in excellent health is very high. Similarly, for the children who had fair or poor health in cycle 1, the probability of transiting from fair or poor health to excellent health is very low while the probability of staying fair or poor health is high. In general, this figure shows that children are much more likely to stay in their health status of origin than moving away from it. The same pattern can be seen for all the cycles from a transition matrix in Table 1. The elements of the table can be interpreted as the conditional probabilities under a Markov model. The table shows that conditioning on being in excellent or very good health states, children are much more likely to stay within the states than moving away from them in the current period; while conditioning on being in good health or lower than good health, children are more likely to move one level up in the current period. It indicates that the persistence mainly operates around the state of excellent health and very good health while the health status is pretty mobile around the states of good and fair/poor health.  

Family SES and other variables

	In order to examine the association between family SES characteristics and child health dynamics, we compared the means of the family SES variables across a set of child health transition scenarios. Tables 2 and 3 present the means for the main family SES and other demographic variables for the study sample and for a set of interesting sub-samples by health transition patterns. Column 1 in Table 2 lists the mean values for the whole balanced sample. The second column shows the average characteristics for the children who had excellent or very good health for all 6 cycles and the third column shows the average characteristics for the children who always had less than good health. Column 4 presents the mean values for the children who had a single transition from excellent or very good health to worse health status without recovering to the original health status, while column 5 shows the mean of variables for the children who had a single transition from less than good health to better health and stayed healthy since then. From the comparison between the second and third columns, it can be seen that children who were always in excellent or very good health tend to be living in a smaller household and be brought up in a richer family than the children who were always in good or less than good health. Also, mother’s age at the birth of the child is lower for the children with excellent health or very good health than for the children with good or less than good health. Surprisingly, there is no systematic difference in the parents’ education level for these subgroups. No specific pattern is found comparing the subgroup of children who had a single transition from excellent to very good health and did not recover and the subgroup of children who had a single transition from good to poor health, except that household income and parents’ education level are slightly higher for the first subgroup than for the second subgroup. 

	In Table 3, we show the mean values of these variables for the subsample of children who had few health drops[footnoteRef:8] versus the subsample of children who had multiple drops, and for the subsample of children whose health drop lasted for only 1 cycle versus the subsample of children whose health drop lasted for multiple periods. Columns 1-4 show the mean values for the groups of children who had 0, 1, 2, 3 or 4 drops during our study period, respectively. Children with lower household income and lower parental education tend to experience multiple health drops relative to the children with higher family SES. This observation is in line with the result from the study by Currie and Stabile (2003) which indicates that children brought up in families with lower SES are subject to more health shocks than the children with higher family SES. Columns 5-8 show the mean values for the groups of children who had 1 drop and this drop lasted for only 1cycle, for 2 cycles, for 3 cycles and for 4 cycles. A slight negative association is discernable from the comparison among these neighborhood subsamples, with children who experienced short health drops are brought up in families with slightly higher income. The basic descriptive statistics shows a negative association between family SES and the number of health shocks the children experienced while a much weaker negative association exists between the family SES variables and the persistence of health shocks. [8:  A “health drop” here is defined as a decrease of SAH from any health status (e.g. excellent to fair or very good to poor). The decrease could be 1 category or more.] 


[bookmark: _Toc298427154]1.2.2.2 Sub-samples by long-term neighbourhood status

State Dependence

Another goal of this study is to identify which neighbourhood characteristics contribute to the persistence of poor health states. To examine the heterogeneity of the state dependence across neighbourhood characteristics, we divide the study sample into four subgroups for each of the four neighbourhood variables and constructed the transition matrices for each subgroup[footnoteRef:9]. When we split the sample into subgroups, we divide them into quartiles based on the simple average of a neighborhood variable across 6 cycles. This allows us to include both movers and stayers in our study sample and does not restrict classification according to the neighborhood variable at an arbitrary period of time for all individuals (e.g cycle 1). We can see some general patterns over a set of transition matrices presented in Table 4. The first panel of Table 4 shows the transition matrices for neighborhoods with lowest, second lowest, middle and highest levels of average household income, respectively. It shows that the less than good health state is more persistent in lower income neighborhoods than in higher income neighborhoods. In particular, in the highest income neighborhoods children with less than good health in the last period are most likely to move up one rank, while in the lowest income neighborhoods they are most likely to continue to have less than good health. The second panel shows the transition matrices for neighborhoods with less educated people and for neighborhoods with more educated people. Being in the less than good health state is more persistent in neighborhoods with less educated people than in neighborhoods with more educated people. The third panel presents the transition matrices for neighborhoods with larger proportions of families headed by lone-parents and for neighborhoods with smaller proportions of families head by lone-parents. The last panel shows the transition matrices for neighborhoods with larger proportions of families living in rental accommodations with smaller proportions of families living in rental accommodations. The similar pattern in these four panels indicates that, without conditioning on any other family-level variables, the persistence level of ill health is different across neighborhoods with different socio-economic conditions. In particular, the ill health state is more mobile in neighborhoods with higher income, in neighborhoods with more educated people, in neighborhoods with fewer families headed by lone-parents and in neighborhoods with fewer families living in rental accommodations. [9:  Here we regrouped the five ranks into three ranks because of the confidentiality restriction from Statistics Canada noted above. We combined poor, fair and good health into a category of “equal or less than good health” so that for all cross-tabs the cell size is greater than 5. Accordingly, we have only three categories of health status for the descriptive statistics in the subgroup analysis: excellent, very good and equal or less than good health.  ] 




[bookmark: _Toc298427155][bookmark: _Toc298776300][bookmark: _Toc298776941]1.3 Empirical Methods

A widely used economic model (Currie 2000) for child health determination will be followed in this study. In the standard model, parents are assumed to maximize an inter-temporal utility function, which trades off child’s health stock and their consumption of other goods and leisure, subject to a series of budget and time constraints. The solution to the maximization problem gives the demand function for child health stock. Unfortunately we do not know the health production function which makes it impossible to specify the complete structural model and, in any case, it is difficult to estimate convincingly. Therefore, an alternative representation is used instead in which child health outcomes depend on a set of family SES factors (mainly family income, family structure), child characteristics, parental characteristics and some initial conditions such as maternal age at birth. 

	Empirically, this study will examine the effects on child health outcomes of SES position, neighbourhood characteristics, pure state dependence and unobserved heterogeneity. Taking into account neighbourhood characteristics is expected to reduce estimates of unobserved heterogeneity. State dependence will be taken into account by controlling for the lag of the health status of the child, while unobserved heterogeneity will be controlled for by using random effects models. Previous empirical studies have been implemented using either pooled approaches or dynamic nonlinear panel data approach with random effects (Contoyannis et al. 2004a, b, Hauck and Rice 2004). This is because, with a nonlinear fixed effect model, the MLE estimator is not consistent in a panel setting with small T (# of time periods) and large N (# of individuals), due to the incidental parameters problem from estimating the fixed effects. 

	As in most of the micro-level panel data cases, our data is a short panel of large cross-sections (large N but small T). Econometricians have attempted to find fixed-T consistent estimators in modelling discrete choices with individual effects but, in general, fixed-T consistent estimators for nonlinear panel models are not available for most models with unobserved heterogeneity treated as fixed effects. As in static models, there is a trade-off between choosing fixed and random effects approaches for the dynamic nonlinear panel data models we consider in this study, in the sense that achieving fixed-T identification with a less restricted conditional distribution of individual effects usually requires a more restrictive specification of the conditional distribution for y given variables of interest and individual effects (e.g. logit type). 

	Fixed effects models are more robust without imposing restrictions on the conditional distribution of individual effects but it suffers from the incidental parameter problem. There are no general solutions for nonlinear models with fixed effects, and in some cases, although a specific solution is available, it is not root-N-consistent. For example a dynamic logit fixed T- consistent estimator is available but it converges slowly and does not allow for time dummies. (see Honore and Tamer 2006). 

	Arellano (2003) pointed out that there are random effects models that achieve fixed T consistency subject to a particular specification of the form of the dependence between the explanatory variables and the effects, but they rely on strong and untestable auxiliary assumptions. For example, the random effects dynamic nonlinear panel data approach advocated by Woodridge (2005), which is one of the approaches we implement in our study, can generate consistent estimators only when the specified distribution of the individual effects is correct. Even though fixed T consistency is achievable for less restrictive random effects specifications, identification is often out of reach (see Honore and Tamer 2006). 
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[bookmark: _Toc298776301][bookmark: _Toc298776942]1.3.1 Baseline dynamic panel ordered probit model without individual effects 

A basic approach to estimating the effect of family SES variables in explaining the health transition is to estimate a dynamic panel model without dealing with individual specific effects at all. We denote this the pooled model. The regression model can be simply specified as below:



  (i=1,…, N; t=2, …, T) ,      (1)













where  is the latent variable of health outcome, is a vector of indicators for the child’s health status in the previous period,  is a set of observed family SES variables.  is a time and individual-specific error term which is assumed to be normally distributed and uncorrelated across individuals and waves. The latent variable relates to the observed health outcome  as follows:





 if  ,   (2)



where .
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[bookmark: _Toc298776302][bookmark: _Toc298776943]1.3.2 Dynamic panel ordered probit model with random effects 

The empirical specification incorporating the family SES effect and unobserved heterogeneity can be written as:



  (i=1, …, N; t=2, …, T) ,      (3)









where  is an individual-specific and time-invariant random component, and the idiosyncratic component  is assumed to be uncorrelated with . The latent variable  specification is the same as in 3.1.1. 

	This study follows the approach of Wooldridge (Wooldridge 2005), Contoyannis et al. (2004b) which attempts to deal with the initial conditions problem in non-linear dynamic random effects models; the individual specific effect is specified as the following:



              ,                    (4)





where  is the average over the sample period of the observations on the time-varying exogenous variables and is assumed to be normally distributed. When the error process is not serially independent and the initial observations are not the true initial outcome of the process thus are not exogenous in nature, treating the lagged dependent variables as exogenous leads to inconsistent estimators in non-linear dynamic random effects models.  Equation 4) deals with this initial conditions problem by directly modeling the distribution of the unobserved effect as a function of the initial value and any exogenous explanatory variables. However, as discussed earlier, since this approach specifies a complete model for the unobserved effects, the consistency of the estimator can be sensitive to misspecification of this distribution.
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[bookmark: _Toc298776304][bookmark: _Toc298776945][bookmark: _Toc298427159]1.4.1 Family SES and child health distribution 

We explore the determinants of child health distributions by estimating the contributions of family SES, unobserved heterogeneity and state dependence with the dynamic panel data models described in the previous section. Table 5 presents the coefficient estimates for the ordered probit models based on pooled and random effects specifications. Column 1 and 2 shows the estimates of coefficients and standard errors with the pooled ordered probit model, while column 3 and 4 show the estimates of coefficients and standard errors with the random effects model with the specification suggested by Wooldridge (2005). The pooled ordered probit models allow for serial correlation in the errors by using a robust estimator of the covariance matrix. Several patterns can be seen from the comparison of the models. Firstly, there is a gradient in the effect of previous health on current health. The reference group here is the group reporting very good health (the second highest rank of health state). For both of the models, previous health is highly statistically significant and the magnitude of the coefficient is not trivial. Secondly, the child’s health status does improve as family SES position increases, shown by the significant and positive coefficients on the household income variable and positive gradients on parental education level. In order to capture the differential effects of maternal education on child health through biological and other pre and postnatal effects, the interaction terms of maternal education with the dummy indicating whether the PMK is the biological mother of the child are included in the regressions. It can be seen from column 3 and column 4 that after controlling for the within-individual average of current household income and the within-individual average of parental education level, and with adjustments for unobserved heterogeneity in the estimation procedure, the original current household income variable and parental education variables are not as large and some are no longer statistically significant. This result is in line with the interpretation of regarding the mean income as a measure of long-term or ‘permanent’ income while regarding current income as a measure of transitory income shocks (Contoyannis et al. 2004 a, b). It shows that the long-term household income, other than the transitory income, is important for the child’s health status. Other statistically significant variables are child age, and age of mother at birth of child, and family size. Thirdly, the improvement in the log-likelihood from the pooled model to the random-effects model indicates that allowing for unobserved heterogeneity can improve the goodness-of-fit of the model. Moreover, it can be seen from the ICC value in the random-effects model that about 31% of the latent error variance is attributable to unobserved heterogeneity. 

	As the estimated coefficients for the pooled models are not directly comparable to the ones for the random effects models, we calculated the average partial effects (APEs) on the probability of reporting excellent health. Following the approach of Wooldridge (Wooldridge 2005), Contoyannis et al. (2004b), we calculated the average partial effects (APEs) by computing the partial effect at the observed values of the regressors for each observation and averaging the estimates over all the observations[footnoteRef:10]. The results are presented in Table 6. The random-effects model results indicate that, relative to the children who reported very good health in the previous period, the children who reported excellent health in the previous period are more likely to stay in excellent health in the current period by 9.12 percentage points, while the children who reported good health, fair health and poor health previously are less likely to report excellent health in the current period by 7.23 percentage points, by 13.57 percentage points and by 27.12 percentage points, respectively.  [10:  As usual, the partial effects are obtained by taking the derivative of the ordered probit probabilities with respect to the variable in question for continuous regressors; while for discrete regressors, they are obtained by taking differences. Wooldridge (2005) shows that computing the partial effect at the observed values of the regressors for each observation and averaging the estimates over the observations provides a consistent estimate of the APE.] 


	An “empirical” transition matrix of reporting each health status given the previous health status is constructed based on the estimates of the random effects model and reported in Table 7. The way we construct the empirical transition matrix is as follows. First, the probabilities of reporting each health state are predicted and generated for each observation based on the estimated parameters. Second, all the observations are pooled together and grouped by the previous health status. For each of these groups, the means of the predicted probabilities of reporting each health status are calculated and these constitute the point estimates of the transitional probabilities. This transition matrix is comparable to Table 1 except that it shows the predicted transitional probabilities conditional on all the family-level control variables. The elements on the diagonal of Table 7 are smaller than the ones of Table 1. This highlights the importance of family-level characteristics and unobserved individual effects in explaining the persistence of child health status over time.



[bookmark: _Toc298427160][bookmark: _Toc298776305][bookmark: _Toc298776946]1.4.2 Neighbourhood characteristics and child health transitions

1.4.2.1 Long-term neighbourhood characteristics and child health transitions

As in the descriptive analyses, we divide the study sample into quartiles based on the simple average across 6 cycles of each of the four neighborhood variables: average household income of the neighbourhood, the proportion of the population with a college degree, the proportion of families headed by lone-parents and the proportion of households living in rental accommodation. Since these measures are essentially the within-means of neighbourhood characteristics for each child, they can be interpreted as the long-term neighbourhood environment rather than the temporary neighbourhood characteristics. For each neighbourhood subsample, we estimated a pooled ordered probit model and random effect ordered probit model with the specification suggested by Wooldridge (2005). The corresponding average partial effects (APEs) of reporting excellent health status for the random effects specification are presented in Part A of Table 8a, 8b, 8c and 8d for each of the four neighbourhood characteristics. The gradient of pure state dependence is observable across all neighbourhood subsamples. “Permanent” household income has significant positive effects on reporting excellent health for all the subgroups, but the magnitudes of the effects indicate different interaction patterns between “permanent” household income and different neighbourhood characteristics. For example, the positive effect of “permanent” household income on child health is stronger in richer neighbourhoods and also more educated neighbourhoods. This shows the average household income level and education level of neighbourhood are positive moderators of a “permanent” family income effect. On the contrary, the positive effect of “permanent” household income on child health is weaker in neighbourhoods with less lone-parents families and also in neighbourhoods with less families living in rental accommodations. Maternal education has significant positive effects on reporting excellent health for most of the subgroups, while the neighbourhood characteristics have negative moderating effects on the effect of maternal education.  Maternal education plays a more important role in the most disadvantaged neighbourhoods relative to better neighbourhoods. No discernable pattern can be found for the effect of paternal education on child health distributions. 

	To illustrate that living in different types of neighborhood leads to significantly different health dynamics in the long term, we conducted a one-to-one comparison on the average partial effects (APE) of each health lag term across all neighborhood quartiles, and we implemented a simple test that examines whether each pair of the APE estimates are significantly different. The test-statistic and the p-values are presented in Part B of Table 8a, 8b, 8c and 8d for each of the four neighbourhood characteristics. The results from the tests confirm that the persistence level differs systematically across different neighborhood status except for neighborhood living arrangements. 

	A set of empirical transition matrices of reporting each health status given the previous health status for different types of neighbourhoods are constructed based on the estimates of the random effects model and reported in Table 9. These transition matrices are comparable to the ones in the descriptive analysis except that they are the predicted probabilities conditional on all the control variables. In the table, previous health status is presented in rows while current health status is presented in columns. Like the transition matrices in the descriptive analysis, the low health state is more persistent in neighborhoods with lower income, in neighborhoods with less educated people and in neighborhoods with more families headed by lone-parents than in neighborhoods with better conditions. Nonetheless, there is no discernable pattern across neighborhoods with different living arrangements defined by the proportion of families living in rental accommodations. It indicates that controlling for family level characteristics neighborhood income, neighborhood education and neighborhood lone-parents status remain important in explaining the heterogeneity of persistence levels of ill-health over time. 

	In order to show the magnitude of the difference in the transition probabilities across different neighborhood quartiles, we constructed 95% confidence intervals for each estimate of the transition probabilities for all empirical transition matrices in Table 9. The point estimates and the 95% confidence intervals of the transitional probabilities[footnoteRef:11] are presented by figure 5 to figure 8 for each of the four neighborhood characteristics. These figures illustrate which neighborhood characteristics contribute to the difference in the dynamics and to what extent the transition probabilities differ across quartiles by these neighborhood characteristics. From the figures, we see that the difference in health transitions across quartiles of neighborhood income is most obvious. Five out of the nine transitions of health status have systematically different transitional probabilities across neighborhood income quartiles. Differences in health transitions are also discernable across quartiles of neighborhood education and quartiles of neighborhood lone-parents status, but in only three out of the nine transitions. No difference in health transitions is observed across quartiles of neighborhood living arrangements. Overall, the transitional probability of being in “less than good health” and stuck in this poor health status in the next period is systematically lower in richer neighborhoods, neighborhoods with more educated people and in neighborhoods with fewer families headed by lone-parents. The transitional probability of being in excellent health and staying in excellent health in the next period is systematically higher in richer neighborhoods, neighborhoods with more educated people and in neighborhoods with fewer families headed by lone-parents.  [11:  There are 9 types of transitions in our case here: transition from “<=Good health” to “<=Good health”, transition from “<=Good health” to “Very Good health”, transition from “<=Good health” to “Excellent health”, transition from “Very Good health” to “<=Good health”, transition from “Very Good health” to “Very Good health”, transition from “Very Good health” to “Excellent health”, transition from “Excellent health” to “<=Good health”, transition from “Excellent health” to “Very Good health” and transition from “Excellent health” to “Excellent health”.] 


	Furthermore, we calculated the predicted probabilities of trajectories of some specific health transition scenarios[footnoteRef:12] based on these transition matrices. Figure 9 shows the predicted probabilities of health drops lasting for only 1 period versus health drops lasting for multiple periods across different neighbourhoods. The first panel compares the probabilities across neighbourhoods with different levels of average household income. The second, third and fourth panel compares the probabilities across neighbourhoods with different proportions of highly-educated people, across neighbourhoods with different proportions of lone-parents families and across neighbourhoods with different proportions of families living in rental accommodations. Figure 10 shows the predicted probabilities of children having 0 drop, 1 drop, 2 drops, 3 or 4 drops during 6 cycles across different neighbourhoods. It is observable that children tend to experience multiple health drops living in poorer neighborhoods, in neighborhoods with less educated people, in neighborhoods with more families headed by lone-parents and in neighborhoods with more families living in rental accommodations.  [12:  These health transition scenarios correspond to the ones listed in table 2 and table 3.] 


	To test if there is any effect of current neighborhood characteristics on child health dynamics, we also estimated the same pooled ordered probit and random effects ordered probit models with our full sample on an alternative specification which includes interaction terms between the health lags and the concurrent neighborhood variables[footnoteRef:13]. The regression results show that the gradient in the estimated effect of previous health on current health (estimated coefficients of the health lag dummies) are still clear and significant, while most of the estimated coefficients of the interaction terms are insignificant. In order to test the hypotheses that (at least some) current neighborhood characteristics do affect the transition dynamics of child health, we conducted a Wald test on the joint significance of each set of the interaction terms, e.g. interactions terms between health lag dummies, initial health status and the neighborhood income quartiles. The results from the Wald tests indicate that current neighborhood characteristics in general do not moderate the transition dynamics in a significant way, except for neighborhood living arrangement condition. In summary, the regression results from this model indicate that the concurrent neighborhood characteristics do not have a significant impact on child health transitions, or that the impact (if there is indeed an impact) couldn’t be detected by the random-effects model using our study sample. Given that our previous subgroup analyses by different quartiles of average neighborhood characteristics had different persistence level in health dynamics, we conclude that it is the long-term neighborhood/environmental conditions (other than concurrent conditions) that are contributing to the difference in the child health transition. [13:  We constructed the interaction terms for our random effect model as follows. For each neighborhood characteristic (i.e. income, education, lone-parents status and living arrangement) the neighborhood quartiles are now constructed according to the quartile the child was in during each cycle. The four sets of neighborhood quartile dummies (4*3=12 more regressors in total) are included in the regression along with the interactions with the health lag dummies (3*3*4= 36 more regressors), plus the interactions with the initial health state dummies (3*3*4= 36 more regressors). So in this regression, we are using the full sample instead of the subsamples while estimating 84 additional parameters in the model.] 


1.4.2.2 Neighbourhood transition paths and child health

One might argue that not only the average environment characteristics for the children could affect the transitions of child health but also particular types of change in the environment over time could lead to very different dynamics. To explore the potential effects of the change in the environment on the dynamics of child health, we conducted subgroup analyses based on different “transition paths” of neighborhood characteristics[footnoteRef:14]. At first we assigned the neighborhood quartile of each of the four neighborhood variables in every cycle to each child. As a result, every child has a sequence of environmental positions over 6 cycles. Then we group the sample based on the direction of these “transition paths”: moving to better neighborhoods over time (“climbing-up” pattern), moving to worse neighborhoods over time (“sliding-down” pattern), moving to better neighborhoods at one time then moving to worse neighborhoods at another (“bouncing” pattern), or staying in the same type of neighborhood over time[footnoteRef:15]. Using these neighborhood subsamples, we estimated the pooled ordered probit model and random effects ordered probit model and again compared the estimated state dependence parameters to examine if there is any different dynamics across different transition paths of environment.  [14:  A criticism of using simple averages of neighborhood variables to divide the sample is that it might not capture the effect of neighborhood changes on the dynamics of child health if there are a lot of changes in the environment over time for the children and these changes lead to different dynamics. Now we looked further into the “transition paths” of neighborhood and examine if we could test this hypothesis. This test is feasible because there is sufficient variation in terms of the neighborhood changes in our sample: around 43% of the children in our sample stayed within the same neighborhood income quartile over 6 cycles, about 36% of the children moved once from one quartile to another, while about 21% of them moved twice or more across different neighborhood income quartiles. These percentage figures are similar in terms of the movement across other neighborhood characteristics.]  [15:  Because there are too many different “transition paths” over the six cycles according to the way we sliced our sample, (e.g. being in the highest income quartile for the first 3 cycles while moving to the second lowest quartile for the next 3 cycles), we were not able to estimate our random effects model on each subsample (due to sample size restrictions). ] 


	With the subgroup of children who stayed in the same neighborhood quartile over time, we split them into four subgroups by quartiles of neighborhood status they stayed in over six cycles and again constructed the empirical transition matrices among these four groups. Table 10 presents the empirical transition matrices by quartiles of neighborhood characteristics among these children who didn’t change their neighborhood status over six cycles. Similar to the pattern showed in Table 9, the low health state is more persistent in neighborhoods with lower income, in neighborhoods with less educated people and in neighborhoods with more families headed by lone-parents than in neighborhoods with better conditions, while no discernable pattern is found across neighborhoods with different living arrangements. The fact that the same pattern is preserved among the “stayers” indicates the results are robust to different study samples. 

	Table 11 presents the empirical transition matrices by neighborhood transition patterns. In general, all the transitional probabilities are very similar across different neighborhood transition patterns, indicating that there is no significant impact of neighborhood transition patterns on the dynamics of child health.



[bookmark: _Toc298776306][bookmark: _Toc298776947][bookmark: _Toc298427161]1.5 Conclusion

We explored the relative contributions of family SES, unobserved heterogeneity and state dependence in determining child health distributions. From the descriptive analysis, the positive correlation between SES and child health can be seen: children in household with higher income and more educated parents tend to be healthier in general. The results from the regression analysis indicate that the child’s health status does improve as family SES position increases with household income having a large and positive effect on child health. However, after adding in the mean household income into the regression, the current household income is no longer statistically significant and the coefficient of mean household income shows a positive impact of long-term income on child health. The same pattern is found for parental education. Positive state dependence of child health is observed from the results in all dynamic models. The coefficients of health lags indicate persistence in health from childhood to adolescence. Using Wooldridge’s random effects specification, unobserved heterogeneity explained approximately 31% of the latent error variance. 

	We also examined the potential effects of neighborhood contextual factors on the dynamics of child health by estimating the dynamic panel data models allowing for heterogeneity of state dependence parameters across categories of neighborhood status. The regression results from the subgroup analyses indicate that the positive effect of “permanent” household income on child health is stronger in richer neighbourhoods and also more educated neighbourhoods, while the positive effect of “permanent” household income on child health is weaker in neighbourhoods with fewer lone-parents families and also in neighbourhoods with fewer families living in rental accommodations. Taken together, this may highlight one of the important mechanisms through which neighbourhood contextual factors can influence child outcomes-- collective efficacy serves as a key neighborhood process likely to impact on developmental health (Sampson, Raudenbush and Earls 1997). In other words, the social exchanges of residents in richer neighborhoods and more educated neighborhoods could lead to a more efficient process which magnifies the protective effect of family income in the production of child health. The persistence level differs systematically across different neighborhood status except for neighborhood living arrangements. Specifically, the poor health status is more persistent in neighborhoods with lower income, in neighborhoods with less educated people and in neighborhoods with more families headed by lone-parents than in neighborhoods with better conditions. Results from alternative models indicate that it is the long-term neighborhood or environmental conditions, other than temporal conditions that are contributing to the difference in the child health transition. Furthermore, transition patterns of neighborhood characteristics do not explain the variability of child health dynamics over time. Accordingly, the predictions from the analyses based on long-term neighborhood status indicate that children living in poorer neighborhoods and in neighborhoods with lower education level tend to experience poor health status for longer after a transition to it, while children tend to experience multiple health drops living in poorer neighborhoods, in neighborhoods with less educated people, in neighborhoods with more families headed by lone-parents and in neighborhoods with more families living in rental accommodations. 

	Our study suffers from several limitations. First, our estimation results may suffer from potential bias generated by partial non-response of the NLSCY, as we are only using a balanced-sample in our study.  Children are dropped from our study when some of the family-level SES measures are missing from the data. Second, the four variables we chose as measures of neighborhood characteristics might not be sufficiently comprehensive to capture the contextual factors that are important in determining the dynamics of child health. Besides neighborhood “status” indicators, characteristics representing the “capacity” and the “process” of neighborhoods are also identified as important contextual factors in child health development (Leventhal and Brooks-Gunn 2000; Sampson, Morenoff and Gannon-Rowley 2002). Our study could be extended to examine the effect of more neighborhood characteristics including the quality of institutional resources and public infrastructure in the neighborhoods and neighborhood collective efficacy. Third, the random effects model we employed in our analyses can generate consistent estimators only when the specified distribution of the individual effects is correct. Fixed effects estimation is more robust than random effects estimation as it avoids the initial conditions problem and the specification of the relationship between the individual effects and regressors in the model, although it suffers from the incidental parameter problem. There are no general solutions for nonlinear models with fixed effects, and in some cases, although a specific solution is available, it is not root-N-consistent. A literature has been specifically focused on bias-adjusted methods of estimation of nonlinear panel data models with fixed effects. One future extension of our study is to employ a Modified Maximum Likelihood Estimation (MMLE) approach that reduces the order of the score bias from O(T-1) to O(T-2) regardless of the existence of an information orthogonal re-parameterization (Carro 2007) to provide more robust empirical results.
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		Fair/Poor

		Good

		Very Good  

		Excellent



		

		

		t 

		t 

		t 

		t 



		Fair/Poor 

		t-1 

		0.250

		0.411

		0.199

		0.140



		Good  

		t-1 

		0.043

		0.355

		0.378

		0.224



		Very Good  

		t-1 

		0.010

		0.124

		0.460

		0.405



		Excellent  

		t-1 

		0.005

		0.042

		0.219

		0.735
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		(1)

		(2)

		(3)

		(4)

		(5)



		Variables

		Whole balanced sample

		Always in excellent or very good health

		Always less than good health

		Single transition from excellent or very good health to worse health



		Single transition from less than good health to better health



		

		N=22,398

		N=14,676

		N=120

		N=15,870

		N=1,416



		child age

		7.480

		7.429

		7.039

		7.477

		7.429



		child gender

		0.492

		0.483

		0.422

		0.478

		0.582



		family size

		4.512

		4.538

		5.570

		4.525

		4.502



		mother’s age at birth of child

		29.346

		29.626

		31.842

		29.534

		29.055



		household income

		71,125.0

		75,395.8

		49,355.5

		73,833.9

		70,115.0



		schoolm1

		0.092

		0.070

		0.099

		0.074

		0.116



		schoolm2

		0.220

		0.209

		0.088

		0.219

		0.185



		schoolm3

		0.212

		0.212

		0.307

		0.211

		0.254



		schoolm4

		0.475

		0.509

		0.507

		0.495

		0.445



		schoolf1

		0.131

		0.113

		0.139

		0.118

		0.163



		schoolf2

		0.216

		0.210

		0.157

		0.217

		0.239



		schoolf3

		0.189

		0.187

		0.324

		0.186

		0.205



		schoolf4

		0.464

		0.491

		0.381

		0.480

		0.394



		PMK not mother

		0.074

		0.079

		NA

		0.079

		0.062



		PMK female

		0.928

		0.922

		NA

		0.923

		0.952



		Living w/ both biological parents

		0.988

		0.991

		NA

		0.990

		0.994





1. schoolm1, schoolm2, schoolm3 and schoolm4 are the percentages of female caregivers whose highest education is less than secondary, equal to secondary school graduation, some post-secondary and college or university degree, respectively. 

2. schoolf1, schoolf2, schoolf3 and schoolf4 are the percentages of male caregivers whose highest education is less than secondary, equal to secondary school graduation, some post-secondary and college or university degree, respectively.

3. NA=Not available due to Statistics Canada Research Data Centre restrictions[footnoteRef:16]. [16:  According to Statistics Canada Research Data Center (RDC) program guidelines, with the NLSCY only statistics based on greater than 5 observations can be released outside of RDCs.] 
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Table 1.3: Mean of family SES and other variables

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)

		(7)

		(8)



		Variables

		Had 0 drop

		Had 1 drop

		Had 2 drops

		Had 3 or 4 drops

		Had 1 drop & duration =1 cycle

		Had 1 drop & duration =2 cycles

		Had 1 drop & duration =3 cycles

		Had 1 drop & duration =4 cycles





		

		N=6,480

		N=9,768

		N=5,370

		N=780

		N=3,888

		N=1,248

		N=522

		N=174



		child age

		7.532

		7.442

		7.467

		7.628

		7.300

		7.385

		7.069

		7.155



		child gender

		0.477

		0.493

		0.501

		0.543

		0.550

		0.492

		0.428

		0.530



		family size

		4.601

		4.462

		4.473

		4.656

		4.496

		4.383

		4.326

		4.455



		mother’s age at birth of child

		29.656

		29.355

		29.027

		28.777

		29.262

		29.170

		30.575

		31.351



		household income

		81,648.8

		69,959.0

		61,824.1

		59,616.4

		71,718.5

		68,052.7

		66,493.1

		67,001.3



		schoolm1

		0.058

		0.095

		0.118

		0.185

		0.078

		0.077

		0.052

		0.254



		schoolm2

		0.196

		0.217

		0.254

		0.221

		0.186

		0.193

		0.181

		0.247



		schoolm3

		0.225

		0.211

		0.198

		0.212

		0.214

		0.210

		0.300

		0.159



		schoolm4

		0.520

		0.477

		0.430

		0.382

		0.523

		0.520

		0.467

		0.340



		schoolf1

		0.094

		0.127

		0.173

		0.213

		0.124

		0.110

		0.087

		0.254



		schoolf2

		0.206

		0.218

		0.234

		0.152

		0.193

		0.250

		0.169

		0.180



		schoolf3

		0.179

		0.205

		0.172

		0.187

		0.199

		0.211

		0.282

		0.137



		schoolf4

		0.521

		0.450

		0.421

		0.448

		0.484

		0.428

		0.462

		0.429



		PMK not mother

		0.085

		0.069

		0.072

		0.059

		0.070

		0.048

		0.060

		0.043



		PMK female

		0.921

		0.931

		0.928

		0.941

		0.930

		0.953

		0.940

		0.957



		Living w/ both biological parents

		0.990

		0.995

		0.978

		0.965

		0.996

		0.986

		NA

		NA
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		By quartiles of mean household income of neighbourhood



		Lowest income

		Second lowest income

		Middle income

		Highest income



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.470

		0.363

		0.166

		<=Good

		0.455

		0.309

		0.236

		<=Good

		0.481

		0.285

		0.234

		<=Good

		0.322

		0.459

		0.220



		Very good

		0.133

		0.469

		0.398

		Very good

		0.133

		0.486

		0.381

		Very good

		0.149

		0.453

		0.398

		Very good

		0.127

		0.443

		0.430



		Excellent

		0.064

		0.278

		0.658

		Excellent

		0.050

		0.229

		0.721

		Excellent

		0.053

		0.236

		0.711

		Excellent

		0.034

		0.176

		0.790



		By quartiles of proportion of population with university degree in neighbourhood



		Lowest % with college degree

		Second lowest %

		Second highest %

		Highest % with college degree



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.480

		0.317

		0.202

		<=Good

		0.419

		0.349

		0.232

		<=Good

		0.455

		0.330

		0.216

		<=Good

		0.346

		0.443

		0.212



		Very good

		0.148

		0.454

		0.398

		Very good

		0.160

		0.413

		0.427

		Very good

		0.126

		0.462

		0.412

		Very good

		0.118

		0.494

		0.388



		Excellent

		0.058

		0.237

		0.705

		Excellent

		0.057

		0.240

		0.703

		Excellent

		0.042

		0.232

		0.726

		Excellent

		0.039

		0.184

		0.777



		By quartiles of proportion of families headed by lone-parents in neighborhood



		Highest % with lone-parents

		Second highest %

		Second lowest %

		Lowest % with lone-parents



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.503

		0.304

		0.193

		<=Good

		0.395

		0.377

		0.229

		<=Good

		0.392

		0.385

		0.223

		<=Good

		0.365

		0.402

		0.233



		Very good

		0.149

		0.466

		0.386

		Very good

		0.133

		0.443

		0.424

		Very good

		0.102

		0.469

		0.428

		Very good

		0.157

		0.462

		0.381



		Excellent

		0.061

		0.270

		0.669

		Excellent

		0.046

		0.196

		0.758

		Excellent

		0.039

		0.198

		0.763

		Excellent

		0.040

		0.207

		0.753



		By quartiles of proportion of families living in rental accommodations in neighborhood



		Highest % with rental accommodations

		Second highest %

		Second lowest %

		Lowest % with rental accommodations



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.469

		0.323

		0.208

		<=Good

		0.441

		0.364

		0.196

		<=Good

		0.408

		0.350

		0.242

		<=Good

		0.356

		0.423

		0.221



		Very good

		0.134

		0.477

		0.389

		Very good

		0.148

		0.420

		0.431

		Very good

		0.135

		0.458

		0.408

		Very good

		0.121

		0.483

		0.396



		Excellent

		0.058

		0.242

		0.700

		Excellent

		0.039

		0.215

		0.746

		Excellent

		0.046

		0.208

		0.746

		Excellent

		0.042

		0.199

		0.759
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		(1)

		(2)

		(3)

		(4)



		

		Pooled model, without correlated effects specifications

		Random effects, with correlated effects specifications



		hlthc(t-1)poor

		-1.9473

		(0.2692)

		-0.9073

		(0.2619)



		hlthc(t-1)fair

		-1.1681

		(0.0941)

		-0.4432

		(0.0913)



		hlthc(t-1)good

		-0.5473

		(0.0328)

		-0.2361

		(0.0357)



		hlthc(t-1)excellent

		0.7523

		(0.0218)

		0.2963

		(0.0266)



		child age

		-0.0054

		(0.0028)

		-0.0030

		(0.0040)



		child gender

		-0.0415

		(0.0195)

		-0.0492

		(0.0291)



		family size

		0.0292

		(0.0099)

		-0.0345

		(0.0270)



		mbirthage

		-0.0077

		(0.0023)

		-0.0159

		(0.0035)



		ln(hh income)

		0.1718

		(0.0208)

		0.0247

		(0.0353)



		mother school2

		0.1349

		(0.0376)

		0.1035

		(0.0550)



		mother school3

		0.1694

		(0.0392)

		0.0904

		(0.0655)



		mother school4

		0.2255

		(0.0372)

		0.1250

		(0.0725)



		father school2

		0.0676

		(0.0323)

		0.0146

		(0.0457)



		father school3

		0.0578

		(0.0343)

		-0.0441

		(0.0568)



		father school4

		0.0697

		(0.0312)

		-0.0823

		(0.0634)



		PMK not mother

		-0.5410

		(0.3185)

		-0.4902

		(0.7221)



		mother school2*PMKnm

		-0.2598

		(0.1695)

		-0.3210

		(0.1838)



		mother school3*PMKnm

		-0.1644

		(0.1578)

		-0.1568

		(0.1889)



		mother school4*PMKnm

		-0.1654

		(0.1526)

		-0.1943

		(0.1793)



		PMK female

		-0.8001

		(0.2860)

		-0.8622

		(0.7040)



		living w/ two parents

		-0.4325

		(0.4166)

		-0.8516

		(0.5761)



		living w/ biological parents

		0.0900

		(0.0775)

		0.2713

		(0.1732)



		hlthc(1)poor

		

		

		-1.3039

		(0.3356)



		hlthc(1)fair

		

		

		-0.6808

		(0.1385)



		hlthc(1)good

		

		

		-0.2170

		(0.0555)



		hlthc(1)excellent

		

		

		0.5028

		(0.0359)



		mln(hh income)

		

		

		0.3091

		(0.0534)



		magec

		

		

		0.0006

		(0.0096)



		mfsize

		

		

		0.0955

		(0.0324)



		mschoolm

		

		

		0.0635

		(0.0293)



		mschoolf

		

		

		0.0601

		(0.0262)



		mpmknm

		

		

		0.7509

		(1.5483)



		mpmkfe

		

		

		0.8813

		(1.4943)



		mtwopar

		

		

		1.6287

		(2.0270)



		mlwbiopa

		

		

		-0.3432

		(0.2486)



		msmxmpm

		

		

		-0.0181

		(0.1244)



		cut1

		-2.5054

		(0.5444)

		0.6633

		(2.4564)



		cut2

		-1.5663

		(0.5372)

		1.7581

		(2.4554)



		cut3

		-0.3577

		(0.5351)

		3.1712

		(2.4552)



		cut4

		0.8338

		(0.5351)

		4.5678

		(2.4554)



		ICC

		

		

		0.3064

		(0.0135)



		Log likelihood

		-16164.3

		-15748.5





1. Standard errors are reported in parentheses. These are robust to cluster effects for the pooled specification. 



2. ICC is the intra-class correlation coefficient, 
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		(1)

		(2)

		(3)

		(4)



		

		Pooled model, without correlated effects specifications



		Random effects, with correlated effects specifications





		hlthc(t-1)poor

		-0.4671

		(0.0952)

		-0.2712

		(0.0340)



		hlthc(t-1)fair

		-0.2099

		(0.0268)

		-0.1357

		(0.0128)



		hlthc(t-1)good

		-0.0635

		(0.0055)

		-0.0723

		(0.0065)



		hlthc(t-1)excellent

		0.0652

		(0.0015)

		0.0912

		(0.0074)



		child age

		-0.0005

		(0.0002)

		-0.0009

		(0.0001)



		child gender

		-0.0037

		(0.0018)

		-0.0148

		(0.0015)



		family size

		0.0026

		(0.0009)

		-0.0104

		(0.0011)



		mbirthage

		0.0000

		(0.0002)

		-0.0048

		(0.0005)



		ln(hh income)

		0.0011

		(0.0018)

		0.0074

		(0.0008)



		mother school2

		0.0114

		(0.0029)

		0.0309

		(0.0034)



		mother school3

		0.0141

		(0.0029)

		0.0270

		(0.0029)



		mother school4

		0.0198

		(0.0028)

		0.0377

		(0.0037)



		father school2

		0.0058

		(0.0027)

		0.0044

		(0.0005)



		father school3

		0.0050

		(0.0028)

		-0.0133

		(0.0014)



		father school4

		0.0061

		(0.0026)

		-0.0246

		(0.0027)



		PMK not mother

		-0.0668

		(0.0528)

		-0.1488

		(0.0161)



		mother school2*PMKnm

		-0.0274

		(0.0210)

		-0.0980

		(0.0095)



		mother school3*PMKnm

		-0.0163

		(0.0174)

		-0.0476

		(0.0047)



		mother school4*PMKnm

		-0.0163

		(0.0168)

		-0.0590

		(0.0059)



		PMK female

		-0.0448

		(0.0274)

		-0.2278

		(0.0419)



		living w/ two parents

		-0.0283

		(0.0369)

		-0.2229

		(0.0413)



		living w/ biological parents

		0.0085

		(0.0069)

		0.0827

		(0.0080)



		hlthc(1)poor

		

		

		-0.3708

		(0.0579)



		hlthc(1)fair

		

		

		-0.2075

		(0.0207)



		hlthc(1)good

		

		

		-0.0664

		(0.0061)



		hlthc(1)excellent

		

		

		0.1575

		(0.0103)



		mln(hh income)

		

		

		0.0928

		(0.0097)



		magec

		

		

		0.0002

		(0.0000)



		mfsize

		

		

		0.0287

		(0.0030)



		mschoolm

		

		

		0.0191

		(0.0020)



		mschoolf

		

		

		0.0180

		(0.0019)



		mpmknm

		

		

		0.2254

		(0.0236)



		mpmkfe

		

		

		0.2646

		(0.0277)



		mtwopar

		

		

		0.4890

		(0.0511)



		mlwbiopa

		

		

		-0.1030

		(0.0108)



		msmxmpm

		

		

		-0.0054

		(0.0006)





1. Standard errors are reported in parentheses.
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		Fair/Poor

		Good

		Very Good  

		Excellent



		

		

		t 

		t 

		t 

		t 



		Fair/Poor 

		t-1 

		0.089

		0.289

		0.391

		0.231



		Good  

		t-1 

		0.030

		0.191

		0.409

		0.369



		Very Good  

		t-1 

		0.013

		0.121

		0.368

		0.498



		Excellent  

		t-1 

		0.004

		0.058

		0.274

		0.664
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		(1)

		(2)

		(3)

		(4)

		(5)

		(6)

		(7)

		(8)



		Part A: APE and standard errors by quartiles of mean household income of neighbourhood



		

		Lowest income

		Second lowest income

		Middle income

		Highest income



		hlthc(t-1)poor/fair

		-0.0959

		(0.0102)

		-0.1691

		(0.0166)

		-0.1528

		(0.0167)

		-0.1663

		(0.0155)



		hlthc(t-1)good

		-0.0446

		(0.0043)

		-0.0401

		(0.0040)

		-0.0961

		(0.0102)

		-0.1025

		(0.0106)



		hlthc(t-1)excellent

		0.0868

		(0.0071)

		0.1201

		(0.0090)

		0.0756

		(0.0077)

		0.0760

		(0.0087)



		child age

		-0.0011

		(0.0001)

		0.0007

		(0.0001)

		-0.0047

		(0.0006)

		0.0015

		(0.0002)



		child gender

		-0.0003

		(0.0000)

		-0.0046

		(0.0005)

		-0.0151

		(0.0018)

		-0.0322

		(0.0045)



		family size

		-0.0147

		(0.0015)

		0.0108

		(0.0011)

		-0.0093

		(0.0011)

		-0.0272

		(0.0038)



		mbirthage

		-0.0052

		(0.0005)

		-0.0068

		(0.0007)

		-0.0010

		(0.0001)

		-0.0062

		(0.0009)



		ln(hh income)

		0.0000

		(0.0000)

		-0.0177

		(0.0019)

		0.0380

		(0.0045)

		-0.0032

		(0.0004)



		lwbiopa

		0.0984

		(0.0108)

		0.1241

		(0.0127)

		-0.0363

		(0.0044)

		0.1159

		(0.0121)



		mother school2

		0.0165

		(0.0017)

		0.0388

		(0.0044)

		0.0477

		(0.0060)

		0.0124

		(0.0018)



		mother school3

		-0.0244

		(0.0025)

		0.0321

		(0.0036)

		0.0922

		(0.0120)

		-0.0101

		(0.0014)



		mother school4

		0.0021

		(0.0002)

		0.0725

		(0.0072)

		0.0744

		(0.0088)

		-0.0217

		(0.0032)



		father school2

		0.0052

		(0.0005)

		-0.0021

		(0.0002)

		-0.0152

		(0.0018)

		0.0249

		(0.0037)



		father school3

		-0.0068

		(0.0007)

		-0.0019

		(0.0002)

		-0.0659

		(0.0077)

		0.0263

		(0.0039)



		father school4

		-0.0376

		(0.0041)

		-0.0242

		(0.0026)

		-0.0723

		(0.0091)

		0.0346

		(0.0047)



		PMK not mother

		0.0660

		(0.0073)

		0.1729

		(0.0266)

		0.1180

		(0.0165)

		0.2410

		(0.0657)



		schoolm2*PMKnm

		0.0735

		(0.0082)

		-0.1995

		(0.0230)

		-0.1537

		(0.0180)

		-0.4098

		(0.0550)



		schoolm3*PMKnm

		0.1289

		(0.0162)

		-0.1567

		(0.0170)

		-0.1422

		(0.0169)

		-0.2237

		(0.0229)



		schoolm4*PMKnm

		-0.0243

		(0.0025)

		-0.1444

		(0.0159)

		-0.0695

		(0.0081)

		-0.2449

		(0.0287)



		hlthc(1)poor/fair

		-0.0686

		(0.0071)

		-0.2300

		(0.0236)

		-0.3884

		(0.0564)

		-0.2846

		(0.0261)



		hlthc(1)good

		-0.0914

		(0.0084)

		-0.0810

		(0.0077)

		-0.0547

		(0.0061)

		-0.0096

		(0.0013)



		hlthc(1)excellent

		0.1783

		(0.0109)

		0.1359

		(0.0098)

		0.1537

		(0.0133)

		0.1929

		(0.0148)



		mln(hh income)

		0.0558

		(0.0058)

		0.1109

		(0.0118)

		0.1057

		(0.0124)

		0.0962

		(0.0136)



		mlwbiopa

		-0.0726

		(0.0075)

		-0.1646

		(0.0175)

		-0.0211

		(0.0025)

		-0.0559

		(0.0079)



		magec

		0.0012

		(0.0001)

		0.0093

		(0.0010)

		-0.0010

		(0.0001)

		-0.0072

		(0.0010)



		mfsize

		0.0395

		(0.0041)

		0.0045

		(0.0005)

		0.0167

		(0.0020)

		0.0566

		(0.0080)



		mschoolm

		0.0434

		(0.0045)

		0.0014

		(0.0001)

		-0.0148

		(0.0017)

		0.0337

		(0.0047)



		mschoolf

		0.0336

		(0.0035)

		0.0218

		(0.0023)

		0.0187

		(0.0022)

		-0.0027

		(0.0004)



		mpmknm

		-0.3190

		(0.0331)

		-0.0608

		(0.0064)

		-0.0768

		(0.0090)

		0.4859

		(0.0685)



		msmxmpm

		0.0439

		(0.0046)

		-0.0005

		(0.0001)

		0.0291

		(0.0034)

		-0.1498

		(0.0211)



		Part B: Test of significance of difference in APE for the probability of reporting excellent health across quartiles of mean household income 



		

		

		

		Test-statistic

		p-value

		Test-statistic

		p-value

		Test-statistic

		p-value



		

		

		1st quartile vs. 2nd quartile

		1st quartile vs. 3rd quartile

		1st quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		3.768

		0.000

		2.906

		0.004

		3.795

		0.000



		hlthc(t-1)good

		

		

		-0.771

		0.441

		4.647

		0.000

		5.045

		0.000



		hlthc(t-1)excellent

		

		

		-2.911

		0.004

		1.067

		0.286

		0.961

		0.336



		

		

		

		

		2nd  quartile vs. 3rd quartile

		2nd  quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		

		

		-0.692

		0.489

		-0.125

		0.900



		hlthc(t-1)good

		

		

		

		

		5.118

		0.000

		5.503

		0.000



		hlthc(t-1)excellent

		

		

		

		

		3.771

		0.000

		3.533

		0.000



		

		

		

		

		

		3rd quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		

		

		

		

		0.589

		0.556



		hlthc(t-1)good

		

		

		

		

		

		

		0.434

		0.664



		hlthc(t-1)excellent

		

		

		

		

		

		

		-0.032

		0.975
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Table 1.8b: Average Partial effects for the probability of reporting excellent health by neighbourhood status, random effects model-- by quartiles of proportion of population with university degree in neighbourhood

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)

		(7)

		(8)



		Part A: APE and standard errors by quartiles of proportion of population with university degree in neighbourhood



		

		Lowest % w/ degree

		Second lowest %

		Second highest %

		Highest % w/ degree



		hlthc(t-1)poor/fair

		-0.1604

		(0.0159)

		-0.0679

		(0.0065)

		-0.2589

		(0.0333)

		-0.1238

		(0.0139)



		hlthc(t-1)good

		-0.0634

		(0.0058)

		-0.0455

		(0.0043)

		-0.0979

		(0.0108)

		-0.0786

		(0.0092)



		hlthc(t-1)excellent

		0.0824

		(0.0067)

		0.0873

		(0.0072)

		0.0914

		(0.0095)

		0.1053

		(0.0114)



		child age

		-0.0027

		(0.0003)

		-0.0041

		(0.0004)

		0.0004

		(0.0001)

		0.0026

		(0.0004)



		child gender

		0.0129

		(0.0013)

		-0.0106

		(0.0011)

		-0.0336

		(0.0043)

		-0.0217

		(0.0031)



		family size

		-0.0028

		(0.0003)

		-0.0053

		(0.0005)

		-0.0350

		(0.0046)

		0.0078

		(0.0011)



		mbirthage

		-0.0044

		(0.0004)

		-0.0048

		(0.0005)

		-0.0034

		(0.0004)

		-0.0080

		(0.0011)



		ln(hh income)

		-0.0120

		(0.0012)

		0.0133

		(0.0014)

		0.0251

		(0.0033)

		-0.0084

		(0.0012)



		lwbiopa

		0.0986

		(0.0100)

		-0.0207

		(0.0021)

		0.1320

		(0.0162)

		0.1288

		(0.0147)



		mother school2

		0.0203

		(0.0021)

		0.0539

		(0.0060)

		-0.0105

		(0.0013)

		0.0133

		(0.0019)



		mother school3

		0.0261

		(0.0027)

		0.0139

		(0.0014)

		0.0215

		(0.0029)

		-0.0046

		(0.0006)



		mother school4

		0.0116

		(0.0012)

		0.0877

		(0.0077)

		0.0015

		(0.0002)

		0.0004

		(0.0001)



		father school2

		0.0265

		(0.0028)

		0.0078

		(0.0008)

		-0.0448

		(0.0055)

		0.0361

		(0.0056)



		father school3

		0.0327

		(0.0034)

		-0.0302

		(0.0030)

		-0.0585

		(0.0075)

		0.0162

		(0.0024)



		father school4

		0.0096

		(0.0010)

		-0.0400

		(0.0043)

		-0.0807

		(0.0118)

		0.0024

		(0.0003)



		PMK not mother

		0.0937

		(0.0114)

		0.1481

		(0.0186)

		0.0562

		(0.0080)

		0.2771

		(0.0806)



		schoolm2*PMKnm

		0.0293

		(0.0031)

		-0.2124

		(0.0246)

		-0.0181

		(0.0023)

		-0.4087

		(0.0634)



		schoolm3*PMKnm

		-0.0741

		(0.0073)

		0.0228

		(0.0024)

		-0.1031

		(0.0125)

		-0.2557

		(0.0312)



		schoolm4*PMKnm

		-0.0770

		(0.0077)

		-0.0490

		(0.0050)

		0.0031

		(0.0004)

		-0.3333

		(0.0482)



		hlthc(1)poor/fair

		-0.2033

		(0.0210)

		-0.2106

		(0.0215)

		-0.2641

		(0.0342)

		-0.3071

		(0.0350)



		hlthc(1)good

		-0.0501

		(0.0047)

		-0.0940

		(0.0086)

		-0.0402

		(0.0049)

		-0.0672

		(0.0082)



		hlthc(1)excellent

		0.1839

		(0.0106)

		0.1112

		(0.0084)

		0.1685

		(0.0141)

		0.1695

		(0.0156)



		mln(hh income)

		0.0713

		(0.0073)

		0.0804

		(0.0082)

		0.0969

		(0.0126)

		0.1590

		(0.0228)



		mlwbiopa

		-0.1394

		(0.0142)

		0.0531

		(0.0054)

		-0.2257

		(0.0294)

		-0.1117

		(0.0160)



		magec

		0.0102

		(0.0010)

		0.0061

		(0.0006)

		-0.0020

		(0.0003)

		-0.0142

		(0.0020)



		mfsize

		0.0081

		(0.0008)

		0.0283

		(0.0029)

		0.0613

		(0.0080)

		0.0199

		(0.0028)



		mschoolm

		0.0388

		(0.0040)

		0.0083

		(0.0008)

		0.0112

		(0.0015)

		0.0016

		(0.0002)



		mschoolf

		-0.0006

		(0.0001)

		0.0261

		(0.0027)

		0.0385

		(0.0050)

		0.0155

		(0.0022)



		mpmknm

		-0.1856

		(0.0189)

		-0.3204

		(0.0325)

		0.2192

		(0.0286)

		0.2450

		(0.0351)



		msmxmpm

		0.0151

		(0.0015)

		0.0920

		(0.0093)

		-0.0639

		(0.0083)

		-0.0886

		(0.0127)



		Part B: Test of significance of difference in APE for prob. of excellent health across quartiles of proportion with university degree 



		

		

		

		Test-statistic

		p-value

		Test-statistic

		p-value

		Test-statistic

		p-value



		

		

		1st quartile vs. 2nd quartile

		1st quartile vs. 3rd quartile

		1st quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		-5.377

		0.000

		2.668

		0.008

		-1.734

		0.083



		hlthc(t-1)good

		

		

		-2.485

		0.013

		2.818

		0.005

		1.388

		0.165



		hlthc(t-1)excellent

		

		

		-0.499

		0.618

		-0.780

		0.435

		-1.737

		0.082



		

		

		

		

		2ndquartile vs. 3rd quartile

		2nd quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		

		

		5.628

		0.000

		3.642

		0.000



		hlthc(t-1)good

		

		

		

		

		4.523

		0.000

		3.250

		0.001



		hlthc(t-1)excellent

		

		

		

		

		-0.348

		0.728

		-1.338

		0.181



		

		

		

		

		

		3rd quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		

		

		

		

		-3.745

		0.000



		hlthc(t-1)good

		

		

		

		

		

		

		-1.364

		0.172



		hlthc(t-1)excellent

		

		

		

		

		

		

		-0.937

		0.349
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Table 1.8c: Average Partial effects for the probability of reporting excellent health by neighbourhood status, random effects model-- by quartiles of proportion of families headed by lone-parents in neighborhood

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)

		(7)

		(8)



		Part A: APE and standard errors by quartiles of proportion of families headed by lone-parents in neighborhood



		

		Highest %

		Second highest %

		Second lowest %

		Lowest %



		hlthc(t-1)poor/fair

		-0.1492

		(0.0160)

		-0.0537

		(0.0052)

		-0.2530

		(0.0286)

		-0.1464

		(0.0161)



		hlthc(t-1)good

		-0.0577

		(0.0052)

		-0.0645

		(0.0061)

		-0.1151

		(0.0130)

		-0.0503

		(0.0058)



		hlthc(t-1)excellent

		0.0964

		(0.0072)

		0.0696

		(0.0063)

		0.0693

		(0.0083)

		0.1263

		(0.0115)



		child age

		-0.0004

		(0.0000)

		-0.0018

		(0.0002)

		-0.0026

		(0.0004)

		0.0007

		(0.0001)



		child gender

		-0.0290

		(0.0027)

		0.0053

		(0.0006)

		-0.0140

		(0.0020)

		-0.0067

		(0.0009)



		family size

		0.0019

		(0.0002)

		-0.0058

		(0.0006)

		-0.0088

		(0.0013)

		-0.0249

		(0.0032)



		mbirthage

		-0.0061

		(0.0006)

		-0.0021

		(0.0002)

		-0.0047

		(0.0007)

		-0.0071

		(0.0009)



		ln(hh income)

		0.0042

		(0.0004)

		0.0291

		(0.0031)

		-0.0087

		(0.0012)

		-0.0008

		(0.0001)



		lwbiopa

		0.0448

		(0.0044)

		0.0677

		(0.0067)

		0.2354

		(0.0295)

		-0.2998

		(0.0860)



		mother school2

		0.0322

		(0.0031)

		0.0562

		(0.0067)

		0.0422

		(0.0066)

		-0.0086

		(0.0011)



		mother school3

		0.0212

		(0.0020)

		0.0532

		(0.0062)

		0.0536

		(0.0084)

		-0.0309

		(0.0039)



		mother school4

		0.0559

		(0.0050)

		0.0513

		(0.0052)

		0.0681

		(0.0093)

		-0.0382

		(0.0053)



		father school2

		0.0005

		(0.0001)

		0.0538

		(0.0061)

		-0.0153

		(0.0021)

		-0.0229

		(0.0029)



		father school3

		-0.0234

		(0.0022)

		0.0197

		(0.0022)

		-0.0204

		(0.0029)

		-0.0247

		(0.0031)



		father school4

		-0.0422

		(0.0042)

		0.0168

		(0.0018)

		-0.0295

		(0.0044)

		-0.0486

		(0.0068)



		PMK not mother

		0.0613

		(0.0058)

		0.2071

		(0.0360)

		0.1462

		(0.0278)

		0.0418

		(0.0058)



		schoolm2*PMKnm

		-0.0902

		(0.0094)

		-0.1818

		(0.0185)

		-0.2226

		(0.0273)

		0.0722

		(0.0110)



		schoolm3*PMKnm

		0.1015

		(0.0101)

		-0.2747

		(0.0336)

		0.0267

		(0.0040)

		-0.0122

		(0.0015)



		schoolm4*PMKnm

		-0.0309

		(0.0030)

		-0.1888

		(0.0213)

		-0.0848

		(0.0112)

		0.0497

		(0.0071)



		hlthc(1)poor/fair

		-0.2561

		(0.0335)

		-0.2882

		(0.0312)

		-0.2370

		(0.0252)

		-0.1693

		(0.0188)



		hlthc(1)good

		-0.1209

		(0.0108)

		-0.0014

		(0.0002)

		-0.0933

		(0.0112)

		-0.0172

		(0.0021)



		hlthc(1)excellent

		0.1205

		(0.0084)

		0.1790

		(0.0116)

		0.1498

		(0.0141)

		0.1999

		(0.0141)



		mln(hh income)

		0.0952

		(0.0090)

		0.0926

		(0.0099)

		0.0961

		(0.0138)

		0.0846

		(0.0110)



		mlwbiopa

		-0.0985

		(0.0093)

		-0.0065

		(0.0007)

		-0.2204

		(0.0317)

		0.2425

		(0.0314)



		magec

		-0.0066

		(0.0006)

		0.0074

		(0.0008)

		0.0037

		(0.0005)

		-0.0024

		(0.0003)



		mfsize

		0.0263

		(0.0025)

		0.0151

		(0.0016)

		0.0276

		(0.0040)

		0.0444

		(0.0057)



		mschoolm

		0.0045

		(0.0004)

		0.0101

		(0.0011)

		0.0022

		(0.0003)

		0.0486

		(0.0063)



		mschoolf

		0.0299

		(0.0028)

		-0.0056

		(0.0006)

		0.0271

		(0.0039)

		0.0308

		(0.0040)



		mpmknm

		0.1636

		(0.0155)

		-0.3126

		(0.0332)

		-0.0622

		(0.0089)

		-0.1976

		(0.0256)



		msmxmpm

		-0.0743

		(0.0070)

		0.0683

		(0.0073)

		0.0276

		(0.0040)

		0.0291

		(0.0038)



		Part B: Test of significance of difference in APE for prob. of excellent health across quartiles of proportion of lone-parent families



		

		

		

		Test-statistic

		p-value

		Test-statistic

		p-value

		Test-statistic

		p-value



		

		

		1st quartile vs. 2nd quartile

		1st quartile vs. 3rd quartile

		1st quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		-5.661

		0.000

		3.168

		0.002

		-0.122

		0.903



		hlthc(t-1)good

		

		

		0.844

		0.399

		4.112

		0.000

		-0.956

		0.339



		hlthc(t-1)excellent

		

		

		2.812

		0.005

		2.461

		0.014

		-2.206

		0.027



		

		

		

		

		2ndquartile vs. 3rd quartile

		2nd quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		

		

		6.864

		0.000

		5.494

		0.000



		hlthc(t-1)good

		

		

		

		

		3.542

		0.000

		-1.688

		0.091



		hlthc(t-1)excellent

		

		

		

		

		0.028

		0.978

		-4.325

		0.000



		

		

		

		

		

		3rd quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		

		

		

		

		-3.252

		0.001



		hlthc(t-1)good

		

		

		

		

		

		

		-4.565

		0.000



		hlthc(t-1)excellent

		

		

		

		

		

		

		-4.008

		0.000
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Table 1.8d: Average Partial effects for the probability of reporting excellent health by neighbourhood status, random effects model-- by quartiles of proportion of families living in rental accommodations in neighborhood

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)

		(7)

		(8)



		Part A: APE and standard errors by quartiles of proportion of families living in rental accommodations in neighborhood



		

		Highest % with rental

		Second highest %

		Second lowest %

		Lowest % with rental



		hlthc(t-1)poor/fair

		-0.0928

		(0.0080)

		-0.1679

		(0.0184)

		-0.1819

		(0.0220)

		-0.1588

		(0.0157)



		hlthc(t-1)good

		-0.0529

		(0.0044)

		-0.0982

		(0.0100)

		-0.0626

		(0.0081)

		-0.0626

		(0.0062)



		hlthc(t-1)excellent

		0.0938

		(0.0066)

		0.0889

		(0.0084)

		0.0917

		(0.0108)

		0.0755

		(0.0070)



		child age

		0.0015

		(0.0001)

		-0.0006

		(0.0001)

		-0.0055

		(0.0008)

		0.0009

		(0.0001)



		child gender

		-0.0108

		(0.0010)

		-0.0093

		(0.0011)

		-0.0150

		(0.0022)

		-0.0160

		(0.0018)



		family size

		0.0127

		(0.0012)

		0.0018

		(0.0002)

		-0.0348

		(0.0051)

		-0.0210

		(0.0024)



		mbirthage

		-0.0052

		(0.0005)

		-0.0004

		(0.0000)

		-0.0119

		(0.0018)

		-0.0029

		(0.0003)



		ln(hh income)

		-0.0102

		(0.0009)

		0.0062

		(0.0007)

		0.0190

		(0.0028)

		0.0015

		(0.0002)



		lwbiopa

		0.0416

		(0.0037)

		0.1000

		(0.0114)

		0.0715

		(0.0096)

		-0.1688

		(0.0305)



		mother school2

		0.0474

		(0.0047)

		0.0512

		(0.0067)

		0.0379

		(0.0060)

		-0.0141

		(0.0016)



		mother school3

		0.0458

		(0.0045)

		0.0652

		(0.0085)

		0.0377

		(0.0059)

		-0.0453

		(0.0049)



		mother school4

		0.1020

		(0.0088)

		0.0501

		(0.0057)

		0.0501

		(0.0072)

		-0.0595

		(0.0078)



		father school2

		0.0246

		(0.0023)

		0.0123

		(0.0015)

		-0.0274

		(0.0039)

		-0.0046

		(0.0005)



		father school3

		0.0046

		(0.0004)

		-0.0126

		(0.0015)

		-0.0703

		(0.0099)

		0.0085

		(0.0010)



		father school4

		-0.0183

		(0.0017)

		0.0041

		(0.0005)

		-0.1001

		(0.0170)

		-0.0115

		(0.0013)



		PMK not mother

		0.1665

		(0.0216)

		0.2067

		(0.0367)

		0.0022

		(0.0003)

		0.0518

		(0.0065)



		schoolm2*PMKnm

		-0.1561

		(0.0152)

		-0.2032

		(0.0254)

		-0.0039

		(0.0006)

		-0.0685

		(0.0070)



		schoolm3*PMKnm

		-0.0425

		(0.0038)

		-0.3142

		(0.0475)

		0.1783

		(0.0394)

		-0.0470

		(0.0050)



		schoolm4*PMKnm

		-0.1330

		(0.0130)

		-0.2019

		(0.0268)

		0.1096

		(0.0204)

		-0.0236

		(0.0026)



		hlthc(1)poor/fair

		-0.2950

		(0.0339)

		-0.2549

		(0.0295)

		-0.2752

		(0.0362)

		-0.1293

		(0.0122)



		hlthc(1)good

		-0.0923

		(0.0075)

		-0.1039

		(0.0107)

		-0.0728

		(0.0094)

		0.0154

		(0.0018)



		hlthc(1)excellent

		0.1289

		(0.0082)

		0.1130

		(0.0100)

		0.1745

		(0.0162)

		0.2264

		(0.0125)



		mln(hh income)

		0.1165

		(0.0106)

		0.1282

		(0.0154)

		0.0995

		(0.0147)

		0.0707

		(0.0080)



		mlwbiopa

		-0.0825

		(0.0075)

		-0.0980

		(0.0117)

		-0.0827

		(0.0122)

		0.0541

		(0.0062)



		magec

		-0.0102

		(0.0009)

		0.0064

		(0.0008)

		0.0033

		(0.0005)

		0.0002

		(0.0000)



		mfsize

		0.0013

		(0.0001)

		0.0122

		(0.0015)

		0.0741

		(0.0110)

		0.0296

		(0.0034)



		mschoolm

		-0.0209

		(0.0019)

		0.0097

		(0.0012)

		0.0083

		(0.0012)

		0.0617

		(0.0070)



		mschoolf

		0.0252

		(0.0023)

		0.0040

		(0.0005)

		0.0519

		(0.0077)

		0.0178

		(0.0020)



		mpmknm

		-0.1853

		(0.0169)

		-0.2155

		(0.0258)

		0.1825

		(0.0270)

		-0.0139

		(0.0016)



		msmxmpm

		0.0272

		(0.0025)

		0.0681

		(0.0082)

		-0.1249

		(0.0185)

		0.0139

		(0.0016)



		Part B: Test of significance of difference in APE for prob. of excellent health across quartiles of % of families living in rental accommodations



		

		

		

		Test-statistic

		p-value

		Test-statistic

		p-value

		Test-statistic

		p-value



		

		

		1st quartile vs. 2nd quartile

		1st quartile vs. 3rd quartile

		1st quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		3.752

		0.000

		3.804

		0.000

		3.756

		0.000



		hlthc(t-1)good

		

		

		4.155

		0.000

		1.049

		0.294

		1.276

		0.202



		hlthc(t-1)excellent

		

		

		0.460

		0.646

		0.168

		0.866

		1.903

		0.057



		

		

		

		

		2ndquartile vs. 3rd quartile

		2nd quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		

		

		0.487

		0.626

		-0.376

		0.707



		hlthc(t-1)good

		

		

		

		

		-2.762

		0.006

		-3.033

		0.002



		hlthc(t-1)excellent

		

		

		

		

		-0.204

		0.838

		1.221

		0.222



		

		

		

		

		

		3rd quartile vs. 4th quartile



		hlthc(t-1)poor/fair

		

		

		

		

		

		

		-0.852

		0.394



		hlthc(t-1)good

		

		

		

		

		

		

		-0.003

		0.998



		hlthc(t-1)excellent

		

		

		

		

		

		

		1.258

		0.208
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		By quartiles of mean household income of neighbourhood



		Lowest income

		Second lowest income

		Middle income

		Highest income



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.251

		0.416

		0.333

		<=Good

		0.226

		0.420

		0.354

		<=Good

		0.272

		0.389

		0.340

		<=Good

		0.207

		0.401

		0.392



		Very good

		0.153

		0.386

		0.462

		Very good

		0.139

		0.390

		0.471

		Very good

		0.133

		0.355

		0.512

		Very good

		0.110

		0.340

		0.549



		Excellent

		0.075

		0.300

		0.625

		Excellent

		0.058

		0.281

		0.660

		Excellent

		0.067

		0.275

		0.657

		Excellent

		0.046

		0.237

		0.717



		By quartiles of proportion of population with university degree in neighbourhood



		Lowest % with college degree

		Second lowest %

		Second highest %

		Highest % with college degree



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.252

		0.409

		0.339

		<=Good

		0.246

		0.387

		0.367

		<=Good

		0.255

		0.423

		0.322

		<=Good

		0.207

		0.420

		0.372



		Very good

		0.143

		0.373

		0.484

		Very good

		0.156

		0.359

		0.485

		Very good

		0.128

		0.380

		0.492

		Very good

		0.112

		0.369

		0.519



		Excellent

		0.069

		0.283

		0.648

		Excellent

		0.083

		0.286

		0.631

		Excellent

		0.053

		0.271

		0.676

		Excellent

		0.042

		0.249

		0.709



		By quartiles of proportion of families headed by lone-parents in neighborhood



		Highest % with lone-parents

		Second highest %

		Second lowest %

		Lowest % with lone-parents



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.268

		0.398

		0.333

		<=Good

		0.215

		0.400

		0.385

		<=Good

		0.254

		0.411

		0.336

		<=Good

		0.227

		0.427

		0.346



		Very good

		0.156

		0.374

		0.470

		Very good

		0.132

		0.365

		0.503

		Very good

		0.109

		0.347

		0.543

		Very good

		0.140

		0.393

		0.467



		Excellent

		0.082

		0.298

		0.620

		Excellent

		0.066

		0.282

		0.652

		Excellent

		0.050

		0.250

		0.700

		Excellent

		0.048

		0.262

		0.690



		By quartiles of proportion of families living in rental accommodations in neighborhood



		Highest % with rental accommodations

		Second highest %

		Second lowest %

		Lowest % with rental accommodations



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.233

		0.393

		0.374

		<=Good

		0.265

		0.406

		0.329

		<=Good

		0.248

		0.423

		0.329

		<=Good

		0.221

		0.413

		0.367



		Very good

		0.146

		0.365

		0.490

		Very good

		0.129

		0.362

		0.508

		Very good

		0.127

		0.375

		0.498

		Very good

		0.138

		0.376

		0.486



		Excellent

		0.074

		0.284

		0.642

		Excellent

		0.063

		0.275

		0.662

		Excellent

		0.051

		0.261

		0.688

		Excellent

		0.057

		0.270

		0.673










[bookmark: _Toc298777373][bookmark: _Toc298777745][bookmark: _Toc299027019][bookmark: _Toc299027492][bookmark: _Toc299027933][bookmark: _Toc299028775]Table 1.10: Transition matrices by neighbourhood status for empirical model—stayers across six cycles

  

		By quartiles of mean household income of neighbourhood



		Lowest income

		Second lowest income

		Middle income

		Highest income



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.252

		0.433

		0.315

		<=Good

		0.248

		0.436

		0.316

		<=Good

		0.289

		0.386

		0.325

		<=Good

		0.203

		0.412

		0.385



		Very good

		0.152

		0.403

		0.445

		Very good

		0.157

		0.411

		0.432

		Very good

		0.110

		0.343

		0.546

		Very good

		0.115

		0.360

		0.525



		Excellent

		0.074

		0.316

		0.610

		Excellent

		0.058

		0.286

		0.656

		Excellent

		0.067

		0.285

		0.648

		Excellent

		0.039

		0.230

		0.731



		By quartiles of proportion of population with university degree in neighbourhood



		Lowest % with college degree

		Second lowest %

		Second highest %

		Highest % with college degree



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.271

		0.410

		0.319

		<=Good

		0.264

		0.390

		0.347

		<=Good

		0.229

		0.426

		0.344

		<=Good

		0.194

		0.415

		0.391



		Very good

		0.149

		0.376

		0.474

		Very good

		0.157

		0.355

		0.488

		Very good

		0.146

		0.398

		0.457

		Very good

		0.118

		0.386

		0.496



		Excellent

		0.068

		0.281

		0.651

		Excellent

		0.084

		0.287

		0.629

		Excellent

		0.053

		0.276

		0.671

		Excellent

		0.037

		0.244

		0.719



		By quartiles of proportion of families headed by lone-parents in neighborhood



		Highest % with lone-parents

		Second highest %

		Second lowest %

		Lowest % with lone-parents



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.301

		0.402

		0.297

		<=Good

		0.215

		0.377

		0.408

		<=Good

		0.255

		0.392

		0.352

		<=Good

		0.245

		0.442

		0.313



		Very good

		0.154

		0.382

		0.465

		Very good

		0.132

		0.348

		0.520

		Very good

		0.119

		0.373

		0.508

		Very good

		0.142

		0.397

		0.461



		Excellent

		0.086

		0.312

		0.601

		Excellent

		0.057

		0.255

		0.688

		Excellent

		0.036

		0.226

		0.738

		Excellent

		0.044

		0.257

		0.699



		By quartiles of proportion of families living in rental accommodations in neighborhood



		Highest % with rental accommodations

		Second highest %

		Second lowest %

		Lowest % with rental accommodations



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.241

		0.391

		0.369

		<=Good

		0.268

		0.379

		0.353

		<=Good

		0.287

		0.429

		0.284

		<=Good

		0.251

		0.423

		0.326



		Very good

		0.148

		0.368

		0.484

		Very good

		0.107

		0.317

		0.575

		Very good

		0.146

		0.390

		0.464

		Very good

		0.144

		0.397

		0.459



		Excellent

		0.069

		0.277

		0.654

		Excellent

		0.065

		0.260

		0.675

		Excellent

		0.047

		0.249

		0.704

		Excellent

		0.048

		0.267

		0.685
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		By transition patterns of neighbourhood mean household income



		No change

		Sliding-down pattern

		Climbing-up pattern

		Bouncing pattern



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.235

		0.417

		0.347

		<=Good

		0.231

		0.418

		0.352

		<=Good

		0.254

		0.394

		0.352

		<=Good

		0.252

		0.387

		0.362



		Very good

		0.133

		0.377

		0.490

		Very good

		0.131

		0.380

		0.489

		Very good

		0.147

		0.360

		0.492

		Very good

		0.132

		0.346

		0.522



		Excellent

		0.060

		0.279

		0.661

		Excellent

		0.052

		0.267

		0.681

		Excellent

		0.064

		0.261

		0.676

		Excellent

		0.072

		0.277

		0.651



		By transition patterns of neighbourhood education (proportion of population with university degree in neighbourhood)



		No change

		Sliding-down pattern

		Climbing-up pattern

		Bouncing pattern



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.231

		0.408

		0.361

		<=Good

		0.269

		0.397

		0.334

		<=Good

		0.229

		0.407

		0.365

		<=Good

		0.240

		0.412

		0.348



		Very good

		0.137

		0.376

		0.487

		Very good

		0.142

		0.360

		0.497

		Very good

		0.131

		0.358

		0.511

		Very good

		0.126

		0.375

		0.500



		Excellent

		0.058

		0.271

		0.670

		Excellent

		0.064

		0.267

		0.669

		Excellent

		0.063

		0.268

		0.669

		Excellent

		0.062

		0.288

		0.650



		By transition patterns of neighbourhood lone-parents status (proportion of families headed by lone-parents in neighborhood)



		No change

		Sliding-down pattern

		Climbing-up pattern

		Bouncing pattern



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.251

		0.401

		0.348

		<=Good

		0.232

		0.419

		0.349

		<=Good

		0.255

		0.409

		0.336

		<=Good

		0.232

		0.400

		0.368



		Very good

		0.136

		0.370

		0.494

		Very good

		0.134

		0.380

		0.486

		Very good

		0.138

		0.363

		0.499

		Very good

		0.131

		0.361

		0.509



		Excellent

		0.061

		0.273

		0.667

		Excellent

		0.059

		0.278

		0.663

		Excellent

		0.057

		0.256

		0.687

		Excellent

		0.068

		0.282

		0.650



		By transition patterns of neighbourhood living arrangements (proportion of families living in rental accommodations in neighborhood)



		No change

		Sliding-down pattern

		Climbing-up pattern

		Bouncing pattern



		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex

		

		<=Good

		Very good

		Ex



		<=Good

		0.241

		0.401

		0.357

		<=Good

		0.231

		0.411

		0.358

		<=Good

		0.255

		0.431

		0.314

		<=Good

		0.240

		0.388

		0.372



		Very good

		0.135

		0.367

		0.498

		Very good

		0.126

		0.370

		0.504

		Very good

		0.141

		0.391

		0.467

		Very good

		0.139

		0.350

		0.512



		Excellent

		0.061

		0.271

		0.668

		Excellent

		0.053

		0.268

		0.678

		Excellent

		0.060

		0.283

		0.657

		Excellent

		0.071

		0.271

		0.657
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Table 1.A1 Variable names and definitions

		Variable Name

		Definition



		hlthc

		Health status of child, 5 categories: excellent, very good, good, fair and poor; hlthc(t-1) refers to the health status in the previous period, e.g. hlthc(t-1)poor is a dummy indicating reported poor health in the last wave; hlthc(1) refers to the reported health status in the initial period, e.g. hlthc(1)good is a dummy indicating reported good health in the first wave.



		child age

		Age of child



		child gender

		Gender of child(Male=1) 



		family size

		Total number of persons living in the household



		mbirthage

		Age of mother at birth of the child



		hh income

		Total household income from all sources in the past 12 months; ln(hh income) is the log the household income. 



		mother school

		Female caregiver education, 1= less than secondary, 2=secondary school graduation, 

3=some post-secondary, 4=college or university degree



		father school

		Male caregiver education, 1= less than secondary, 2=secondary school graduation,

3=some post-secondary, 4=college or university degree



		PMK not mother

		Dummy indicating PMK is not the biological mother of the child



		mother school*PMKnm

		Interaction terms between mother education status (4 categories) and the dummy indicating PMK not the biological mother of child



		PMK female

		Dummy indicating PMK is female  



		living w/ two parents

		Dummy indicating child living with both parents (including biological parents or any other parental figures in the household)



		living w/ biological parents

		Dummy indicating child living with both biological parents



		area

		Province of residence



		mln(hh income)

		Mean of the log household income variable over the sample period—within individual mean of the ln(hh income) term 



		magec

		Mean of the child age variable over the sample period—within individual mean of child age



		mfize

		Mean of the family size variable over the sample period—within individual mean of family size



		mschoolm

		Mean of the female caregiver education variable over the sample period—within individual mean of mother’s education status



		mschoolf

		Mean of the male caregiver education variable over the sample period—within individual mean of father’s education status



		mpmknm

		Mean of the PMK not biological mother dummy variable over the sample period—within individual mean of the “PMK not mother” term 



		mpmkfe

		Mean of the female PMK dummy variable over the sample period—within individual mean of the “PMK female” term



		mtwopar

		Mean of the living with two parents dummy variable over the sample period—within individual mean of the “living w/ two parents” term



		mlwbiopa

		Mean of the dummy variable indicating child living with both biological parents over the sample period—within individual mean of the “living w/ biological parents” term



		msmxmpm

		Mean of the interactions term between mother’s education and the dummy indicating PMK not the biological mother over the sample period—within individual mean of the “schoolm*PMKnm” term
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Figure 1.A2: Health status by income class
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Figure 1.A3: Health status by mother's education
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Figure 1.A4: Health Status at cycle 2 by health status at cycle 1
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[bookmark: _Toc298508629][bookmark: _Toc299028635]Figure 1.A5 Predicted transitional probabilities based on random effects model by quartiles of neighborhood mean household income
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			Note: horizontal axis presents lowest income, second lowest, middle income and highest income neighbourhoods, respectively. Mean 				represents the point estimate of the transitional probability, the vertical line represents the 95% confidence interval of the point estimate.




[bookmark: _Toc298508630][bookmark: _Toc299028636]Figure 1.A6 Predicted transitional probabilities based on random effects model by quartiles of neighborhood education
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			Note: horizontal axis presents lowest %, second lowest %, second highest % and highest % with college degree in neighbourhoods, 					respectively. Mean represents the point estimate of the transitional probability, the vertical line represents the 95% confidence interval of the 			point estimate.




[bookmark: _Toc298508631][bookmark: _Toc299028637]Figure 1.A7 Predicted transitional probabilities based on random effects model by quartiles of neighborhood lone-parents status
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			Note: horizontal axis presents highest % with lone-parents, second highest %, second lowest % and lowest % with lone-parents in 					neighbourhoods, respectively. Mean represents the point estimate of the transitional probability, the vertical line represents the 95% 					confidence interval of 	the point estimate.




[bookmark: _Toc298508632][bookmark: _Toc299028638]Figure 1.A8 Predicted transitional probabilities based on random effects model by quartiles of neighborhood living arrangement
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			Note: horizontal axis presents highest %, second highest %, second lowest % and lowest % with rental accormodations in neighbourhoods, 			respectively. Mean represents the point estimate of the transitional probability, the vertical line represents the 95% confidence interval of the 			point estimate.




[bookmark: _Toc298508633][bookmark: _Toc299028639]Figure 1.A9 Predicted conditional probabilities of different child health scenarios based on random effects model—the duration of a health drop at any time within six cycles by long-term neighborhood status
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Note: the first panel represents the predicted conditional probabilities by quartiles of neighborhood average household income; the second panel represents the predicted conditional probabilities by quartiles of proportion of population with college degree in the neighborhood; the third panel represents the predicted conditional probabilities by quartiles of proportion of families headed by lone-parents in the neighborhood; the fourth panel represents the predicted conditional probabilities by quartiles of proportion of families living in rental accommodations in the neighborhood; respectively.




[bookmark: _Toc298508634][bookmark: _Toc299028640]Figure 1.A10 Predicted conditional probabilities of different child health scenarios based on random effects model—the number of health drops within six cycles by long-term neighborhood status
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Note: the first panel represents the predicted conditional probabilities by quartiles of neighborhood average household income; the second panel represents the predicted conditional probabilities by quartiles of proportion of population with college degree in the neighborhood; the third panel represents the predicted conditional probabilities by quartiles of proportion of families headed by lone-parents in the neighborhood; the fourth panel represents the predicted conditional probabilities by quartiles of proportion of families living in rental accommodations in the neighborhood; respectively.
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The critical role of child/adolescent physical health in subsequent health and economic outcomes is well established (Case et al. 2002; Case et al. 2005; Currie 2009).  Increasingly, the importance of child/adolescent mental health and behaviour problems is recognized and emphasized. One reason for this is the prevalence of child mental health problems. The MECA Study (Methodology for Epidemiology of Mental Disorders in Children and Adolescents) found that approximately one in five children and adolescents in the U.S. exhibit some impairment from a mental or behavioural disorder, 1.1 percent have significant functional impairments and 5 percent suffer extreme functional impairment (David Shaffer et al. 1996; U.S. DHHS 1999). A second reasons is that poor mental health conditions in childhood are related to various negative consequences on future outcomes such as health status, educational attainment and labour market outcomes (Case et al. 2005). As described in Heckman’s skill formation framework (Heckman 2007), health is a “capacity” that affects production of a wide range of future capacities. As Cunha and Heckman discuss, both “cognitive” ability and “non-cognitive” abilities such as perseverance, motivation, time preference and self-control have direct effects on wages, schooling, smoking, crime and many other aspects of social and economic life (Cunha and Heckman 2007; Heckman 2007). 

	Among all the mental health problems in the transition period of adolescence to early adulthood, depression is one of the most common (Asarnow et al. 2009). It has been estimated that 15% to 20% of youth suffer from depressive disorders by the age of 18 (Lewinsohn 2002). In the United States, 28.3% of high school students report periods of depression during the past year that interfered with usual activities and lasted at least for 2 weeks (Centers for Disease Control 2002). There is also an increasing recognition that the presence of depressive disorders often starts in the period of childhood and adolescence (Chang 2009), and depression during this transition period often persists into adulthood (Colman et al. 2007). Adolescents who experience depression often struggle with depression throughout their lives (Lewinsohn et al. 1999), and in many cases, early onset of depression predicts more severe depression during adulthood (Weissman et al. 1999). In the period of adolescence, depression is associated with poor health and behavioral outcomes (Saluja et al. 2004), lower achievement on tests and poorer peer relationships (Roeser et al. 1998). Moreover, depression in adolescence is associated with various adverse long-term outcomes, including poor academic performance and dropping out of high school(Kessler et al. 1995; McLeod and Kaiser 2004), lower economic status, poorer labour market outcomes at later ages (Gregg and Machin 2000; Fergusson et al. 2007), drug and alcohol abuse, and suicidal behaviors (Fergusson and Woodward 2002; Fergusson et al. 2007). Detection and effective treatment of early-onset major depressive disorders can be more important than for late-onset depressive symptoms. Greden (2001) documented that early-onset depression (before the age of 21 or 22) is associated with longer first episodes, higher rates of recurrence of major depression, higher overall rates of comorbid personality disorders, and longer hospitalizations. Berndt et al. (2000) found that early-onset depression can lead to reduced educational attainment and other human capital loss, particularly for women; a randomly selected 21-year-old woman with early-onset major depressive disorder in 1995 could expect future annual earnings that were 12%-18% lower than those of a randomly selected 21-year-old woman whose onset of major depressive disorder occurred after age 21 or not at all. Given the increasing prevalence and the negative consequences, it is of great importance to understand the evolving process of depression during the transition period of adolescence to young adulthood.

	The empirical literature has documented a link between socio-economic status and depression. Among adults, depression has been shown to be associated with income in a wide variety of settings (Bruce et al. 1991; Dohrenwend et al. 1992; Murphy et al. 1991). Using an instrumental variables approach, Ettner (1996) found evidence that the association between income and depressive symptoms is causal. Moreover, unemployment has been shown to lead to depression (Rice and Miller 1995; Hamilton et al. 1997). Zimmerman and Katon (2005) found that while income loses much of its relationship to depression when other variables are controlled, employment status and financial strain are more robust predictors of depression. 

	Literature in psychology points out that family socio-economic status can affect the outcome of depression among adolescents: low family SES can lead to depression in adolescence transmitted by parent-child interaction patterns while high family SES can serve as a protective factor that improves resilience in youth (see Lee and Eden 2009). There are  few empirical studies that attempt to examine the relationship between family or individual SES and depression in adolescents or young adults, and the results from these empirical studies are mixed and inconclusive. Graetz (1993) showed that there is an association between unemployment and depression among Australian young men and women. Using data from the National Longitudinal Study of Adolescent Health (Add Health), Goodman et al. (2003) examined the socioeconomic status (SES) gradient on adolescents’ mental health and found that the effect of income and education on depression were large. However, some empirical studies have found “no relationship” between depression among adolescents and socioeconomic status. Waschbusch et al. (2003) examined the relationship between depression and SES measured by the Hollingshead Four-Factor Index (Hollingshead 1975) in a sample of adolescents and found no association. In the examination of the trajectories of depressive symptoms among a sample of African-American youth aged 14 to 17, Repetto et al. (2004) found that depressive symptoms were not related to parental occupation. Using the National Longitudinal Study of Adolescent Health (AddHealth) data, Rushton et al. (2002) examined factors associated with persistent depressive symptoms among 13,568 adolescents who completed the initial survey in 1995 and were followed up 1 year later. They found that socioeconomic status did not predict persistent depressive symptoms. Other studies have attempted to draw causal inference on the SES-depression gradient among adolescents. The analysis of depression from Miech et al. (1999) found no support for either causation or selection processes, suggesting that SES and depression have little influence on each other before age 21. In the Great Smoky Mountains Study, Costello et al. (2003) examined the effect of family income on children's mental health by exploiting a natural experiment involving the opening of a casino on an Indian reservation. They found that family income (especially moving out of poverty) had a positive effect on the health conditions of conduct and oppositional disorders for the children, but there was no such effect on anxiety and depression. 

	Our study examines the roles of family SES, early childhood life-events, unobserved heterogeneity and pure state dependence in explaining the distribution of depression among adolescents and young adults using the US data on the children of the US National Longitudinal Survey of Youth 79 (NLSY79). We employ a conditional quantile regression framework to approach this important question. Compared with conditional mean estimation models, which have been dominantly used in this literature, this approach allows us to examine the differential effects of the factors of interest at different parts of the depression distribution, therefore providing us a more complete view of the links between these factors and youth depression. As described in the previous paragraph, some studies found statistically significant associations between family SES and youth depression while others found no such links. These discrepancies might be due to the asymmetry existing in the conditional distribution of youth depression in relation to these factors. If indeed the conditional distribution is asymmetric in nature and therefore the effects of these factors are important only at certain parts of the conditional distribution of youth depression, using a conditional mean fit may average out these effects. In addition, the conditional mean regression is often strongly affected by the behaviour of outliers in data. This non-robustness may be a potential reason for different sizes of the estimates across studies that are based on different data sets. Therefore, using a conditional quantile approach provides us with an opportunity to explore the source of discrepancies found in the existing empirical literature. To begin, we estimate a set of static conditional mean and conditional quantile models. By comparing the results from the conditional mean models with those from the conditional quantile estimation models, we attempt to investigate whether the effects of key family SES conditions and the effects of early childhood life-events vary across different quantiles. 

	In addition, our study explicitly models the depression dynamics from adolescence to early adulthood, an issue that has not been addressed in other studies. It is important to quantify both the mobility and persistence of this type of mental health problem over time because it helps to understand the health human capital accumulation process in the period of early life course and the protective effects of certain family SES factors in this accumulation process. Moreover, if pure state dependence of youth depression exhibits asymmetry across different quantiles of the depression distribution, this will generate policy implications that devote more resources to those with higher persistence of depression. Our study employs a newly-developed instrumental variable approach suggested by Galvao (2011) for the quantile regression dynamic panel model with fixed effects. This estimator not only allows us to control for individual-specific heterogeneity via fixed effects in the dynamic panel data framework, but also effectively reduces the dynamic bias generated by conventional dynamic fixed-effects estimation of the quantile regression models. 

	This paper proceeds as follows. Section 2 describes the data set we used for the study and presents some descriptive analysis of the data. Section 3 introduces the empirical methods of the study. In Section 4, the regression results are reported and analyzed. In Section 5 some conclusions are provided.
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This study uses data on the children of the US National Longitudinal Survey of Youth 79 (NLSY79). The NLSY79 child sample is an ongoing biennial panel survey that began in 1986 and which interviewed the children born to the female respondents of the 1979 cohorts of the NLSY. Data is currently available through the twelfth wave (2008 collection). The assessments measure cognitive ability, temperament, motor and social development, behavior problems, and self-competence of the children as well as the quality of their home environment (see NLSY79 Child &Young Adult Data Users Guide 2006 cycle[footnoteRef:17]). Starting in 1994, children who reach the age of 15 by the end of the survey year are no longer assessed but instead were given the young adults survey[footnoteRef:18] akin to that given to their mothers during late adolescence and into adulthood. This Young Adult questionnaire focuses on the transition to adulthood, with detailed questions on education, employment, training, health, family experiences, attitudes, interactions with family members, substance use, sexual activity, non-normative activities, computer use, health problems, and pro-social behaviors. As the children of the NLSY79 sample age, they continuously move into the Young Adult Interview. According to the 2006 NLSY79 Child and Young Adult data user’s guide, in 1994 a total of 7,089 children who were born to the original 6,283 NLSY79 female respondents were interviewed, and among these, 6,109 were under age 15 and 980 were 15 years or older. In 2006, a total of 7,816 children, including young adults, were interviewed. Of these, 1,972 were under age 15 and 5,844 were interviewed as young adults.  [17:  The most recent NLSY79 Child &Young Adult Data Users Guide is the 2006 version, but the data is available for use till the 2008 collection. ]  [18: As noted in the 2006 NLSY79 Child and Young Adult Data Users’ Guide, there are other restrictions in the sampling procedure: “In 1994 and 1996, the Young Adult sample included all children who were age 15 and over by December 31 of that year and who met the other selection criteria. Due to budgetary constraints, the Young Adult sample in 1998 was limited to youth through age 20 as of the interview date. In 2000 only, around 40% of the black and Hispanic oversample cases between the ages of 15 and 20 were not fielded for budgetary reasons.” ] 


	These older children or “young adults” constitute the main study sample in our analyses. From the Young Adult Survey, we constructed the repeated measures of depression of these older children and other relevant variables that are potential factors determining depression in young adulthood. Drawing on the extensive information in the Child Survey, we constructed variables representing important life-course characteristics of the young adults in the period of childhood. In addition, we constructed family-level variables by using the information contained in the main NLSY79 survey, which provides more information on the mothers of the young adults. Information from the Child Survey, the Young Adult Survey and the main NLSY79 survey can be linked by the unique identifiers of the child and the mother (seeTable A.1 in Appendix for a description of the dependent and independent variables we constructed from different sources and the corresponding questions in the survey).
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2.2.2.1  Variable Definitions

The outcome variable is a scale of depression-- the Center for Epidemiological Studies Depression Scale (CES-D) developed by Radloff (Radloff 1977). The CES-D has been used in a large body of studies on depression and has been shown to have very good validity and reliability in the general population and in a wide variety of specific ethnic and socioeconomic sub-populations (Beekman et al.1997; Prescott et al.1998; Thomas et al.2001; Weissman et al.1977). The full-version of CES-D includes 20 questions related to symptoms of depression. Examples of such questions include: “In the last week I felt that I couldn’t shake off the blues, even with help from my family and friends”, and “In the last week I felt that everything I did was an effort.” Responses are coded on a scale from 0 to 3, with 0 representing “rarely/none of the time” and 3 representing “most/all of the time”. Accordingly, the composite CES-D score ranges from 0 to 60. In the Young Adults Survey, the respondents completed a 7-item, reduced version of the CES-D questionnaire in all the cycles from 1994 to 2008. A set of seven questions was administered with skip patterns based on age and interview status. Specifically, the CES-D scale was administered to all eligible young adults in 1994 through1998, and 2004 through 2008. But in 2000, it was administered only to the eligible young adults who were not interviewed in 1998, and in 2002 it was administered only to the eligible young adults who were not interviewed in 2000. As in the full-version of CES-D questionnaire, the answers to these 7 questions were coded on a scale from 0 to 3 with 0 representing “rarely/none of the time” and 3 representing “most/all of the time”. Our study employs the 7-item composite CES-D score (ranging from 0 to 21) as our dependent variable in the analyses. From this point on, we use "the CES-D score" to represent the composite score of the 7-item questions. 

	In explaining the dynamics of youth depression our study focuses on family social-economic environment, prenatal or biological factors, child cognitive abilities, stressful life-events in childhood, and young adults’ own socio-economic status. A set of demographic variables for the young adults is constructed, including age, gender, race, birth order and marital status. Variables representing living environment are also included, such as, whether the youth lives in an urban or rural area, and whether the youth lives in a Standard Metropolitan Statistical Area (SMSA). We include a set of biological factors including age of mother at the birth of the child, mother’s drinking, smoking and substance use one year prior to the birth of the child. 

	In the psychology literature, experience of traumatic life-events has been identified as one of the most important risk factors associated with elevated risk of depression (Lee and Eden 2009). In the Child Survey, a question was asked about whether the child had a psychological consultation in the previous 12 months; if the answer is “Yes”, the respondent was asked the reason for the consultation. We use two variables to capture traumatic life experiences in the period of childhood: whether a child consulted a psychiatrist in the previous 12 months due to emotional trauma, molestation or abuse, and whether the child consulted a psychiatrist because of loss of parents/siblings or divorce of parents. Although we observe repeated measures of these two variables over multiple cycles, we constructed variables measuring the number of times in the past that a child consulted a psychiatrist because of these two problems. 

	To capture socio-economic factors we consider both the parental socio-economic variables and the young adults’ own SES because they may have different effects on the dynamics of depression during adolescence to young adulthood. We measured maternal education as the highest grade completed by the mother. We include measures of maternal employment status: the variables are defined as the number of weeks unemployed in the past calendar year and the number of weeks unemployed since the last interviewWe constructed a parental income measure as the total net family income in the family of the mother, which is included in the Main NLSY79 Survey. It worth noting that this variable will be missing if the young adult was living in the father’s or another relative’s household at the time of the Young Adult Interview.[footnoteRef:19] The only employment measures of the youth administered consistently in the Young Adults Interview relate to a young adult’s “significant job” defined as the last job lasting two weeks or more in the last year[footnoteRef:20].  [19:  Only since 2000 is there a question in the Young Adult Interview asking the total family income of the respondents, which refers to the income from all sources by all the family members. Because we don’t have such a measure for the previous cycles, we do not use this family income measure for our study.  ]  [20:  We also considered other family and youth SES factors, including highest grade completed by the father, paternal unemployment status, young adults’ own education variables such as year of school currently enrolled in, highest grade of regular school completed, and whether the respondent ever repeated or skipped grade, and young adults' own income. But due to a large proportion of missing values, these variables are dropped from our estimation analyses.   ] 


2.2.2.2 Sample Definition

The total sample of individuals who ever completed a Young Adult Survey during the survey years of 1994-2008 is 7,100.  We used several criteria to select our sample. First, we only kept the individuals in the Youth Survey who had at least one wave of observation of the CES-D score during the survey years of 1994-2008. Imposing this criterion excludes 20  individuals, reducing the available sample to 7,080 individuals. Second, we dropped the observations for which an individual was aged 26 or above in any wave of the Young Adults Interview, because the focus of our study is the dynamics of depression during adolescence to young adulthood. This leads to a further reduction of the sample to 7,035 individuals. Third, we dropped individuals with fewer than three consecutive waves of observation of the CES-D score, because we need to include the first lag of the CES-D score to estimate a dynamic model and the second lag of the dependent variable as the instrumental variable for the IV approach we employ for the conditional quantile estimation (details see section 3.2.6). After applying this criterion, we have 3,543 individuals with 11,558 observations in total as our study sample.
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In Table 1, we list the summary statistics of the variables we use for the estimation models across all individuals in our study sample and over all waves[footnoteRef:21]. As noted above, we only include observations for young adults under age 26. In this sample, the mean age of all of observations over time is around 19 years old and about half of the individuals are male. The CES-D depression score has a mean of 4.58 and a standard deviation of 3.68. There are a relatively large number of zero scores in the sample—about 11.2% of the observations have CES-D scores of zero, meaning no symptoms of depression. Figure 1 presents a histogram of the CES-D score for our full analytic sample. The distribution of the CES-D score has a long right tail, with more than 95% of the values under 12. (A more detailed breakdown of  the distribution of the CES-D score is presented in Table A.2 in the Appendix.)  [21:  In order to estimate the dynamic models with relatively more time periods, we decided to drop some of the variables with a large proportion of missing values from the estimations. Therefore, only a subset of the variables described in the previous section are included in for the descriptive statistics in Table 1 and for all the following regression analyses.    ] 


	In order to describe the transitions among different levels of depression, Table 2 presents the transition matrix for the CES-D score classified into five categories: score 0, score 1-3, score 4-6, score 7-11 and score 12 and above. The categories are chosen according to some typical values in the CES-D distribution (i.e., they are not based on clinical classifications). The rows of the transition matrix indicate the depression level in the previous period, while the columns indicate the depression level in the current period. The transition matrix shows that the majority of the transitions among different levels of depression appears on the diagonal or one cell off the diagonal. This indicates that persistence exists in the dynamics of depression for the young adults, and the most persistence is observed for those with  CES-D scores of 1-3 or 4-6, suggesting a potential benefit from using quantile regression models for depression dynamics. 
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At first, we estimate a series of static conditional mean and conditional quantile models to examine the roles of family SES, childhood stressful life-events, prenatal and biological factors in explaining the distribution of youth depression. We then use a series of dynamic conditional mean and conditional quantile models to examine the dynamics of depression during adolescence to young adulthood. The way we capture the dynamics is to control for the first lag of depression score, in addition to all the covariates in the static models. For simplicity we only describe the methodological issues and the empirical specifications for the dynamic models in the following discussion. The only difference in the specifications between static and dynamics models is that in static models the first lag of depression score is not controlled for as one of the regressors.  
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Our study employs an instrumental variable approach suggested in Galvao (2011) for a quantile regression dynamic panel model with fixed effects. The method is adapted based on the instrumental variables quantile regression method of Chernozhukov and Hansen (2005, 2006, 2008) along with lagged regressors as instruments. This estimator provides us several advantages for the analysis of depression dynamics. First, it is important to separate individual-specific heterogeneity from state dependence in the context of studying the persistence of health outcomes (see Contoyannis 2004a, 2004b); this estimator allows the control of individual-specific effects via fixed effects in the dynamic panel data framework. Second, exploring heterogeneous covariate effects within the quantile regression framework offers a more flexible approach than the classical Gaussian fixed- and random-effects estimators (Galvao 2011). In our context, we use this method to explore potential heterogeneity in the effects of factors of interest on the dynamics of depression across the quantiles. Third, the quantile regression model has a significant advantage over models based on the conditional mean, since it will be less sensitive to observations in the tail  of the underlying random variables, and consequently will be less sensitive to  outliers. This approach can provide robust estimates that do not rely on specific assumptions of the outcome distributions. Fourth, the IV-estimator reduces the estimation bias generated by the conventional fixed-effects estimation of the quantile regression. Galvao (2011) shows that under some mild regularity conditions (notably with T  ∞ as N ∞ and Nα /T  0, for some a>0), the estimator is consistent and asymptotically normal. More importantly, Monte Carlo experiments show that even in short panels this instrumental-variable estimator can substantially reduce the bias. As in most of the micro-level panel data cases, our data is a short panel of large cross-sections (large N and modest T). Therefore, this property is important in generating estimates of our dynamic model. 

	In a dynamic model for panel data with individual fixed effects, the τth conditional quantile function of the outcome variable of the tth observation on the ith individual yit can be represented as 

Q yit (τ|zi, yit-1, xit) = zi η + α(τ)yit-1+ x’it β(τ),     (1)

where yit is the outcome of interest, yit-1 is the lag of the variable of interest, xit are a set of exogenous variables, zi is an individual identifier, and η represents the Nx1 vector of individual specific effects. Since it is difficult to estimate a τ-dependent distributional individual effect in a short panel of large cross-sections (large N and modest T), Galvao (2011) restricts the estimates of the individual specific effects to be independent of τ across the quantiles and estimates the model for several quantiles simultaneously. In other words, only the effects of the covariates (yit-1, xit) are allowed to depend on the quantile τ of interest in the above model. Koenker (2004) introduced a general approach to the estimation of quantile regression fixed-effects models for panel data. Galvao (2011) applied this general approach to a dynamic panel model estimation, and proposed an estimator which solves



where as in Koenker and Bassett (1978), and  are the weights that control the relative influence of the K quantiles {τ1,…, τK} on the estimation of the  parameters. 

	The quantile regression fixed-effects estimator based on Equation (2) suffers from bias in the presence of lagged dependent variables as regressors. Using an analogous rationale for the construction of instruments as in Anderson and Hsiao (1981, 1982) and Arellano and Bond (1991), Galvao (2011) suggests that valid instruments that can be used to produce a consistent estimator for dynamic panel data models are available from inside the model. Specifically, because the lagged (or lagged differences of) regressors are correlated with the included regressors (lag of the dependent variable in our case) but are uncorrelated with the error term, they can be used as valid instruments. Following Chernozhukov and Hansen (2006, 2008), Galvao (2011) then proposed an IV estimator for the state dependence parameter. 

	The implementation of this quantile regression instrumental variables procedure requires minimizing the objective function 

(3)

where  is a dim()-vector of endogenous variables, zi identifies the individual fixed effects, xit is a vector of exogenous explanatory variables, ωit is a dim()-vector of instrumental variables such that dim() >=dim(). Specifically, the instrumental variables may include values of y lagged two periods or more and/or lags of the exogenous variable x which affect the determination of lagged y but are independent of u. The author then suggests using a numerical optimization function in R to implement this estimator, which minimizes the coefficient of the instrumental variable in the same problem as described above (Equation (2)). The intuition is that if the instrument is valid, it is independent of the error term and should have a zero coefficient. 

	A further complication in our empirical model comes from the fact that the outcome variable is an ordered discrete response—the CES-D score. In this case, the above conditional quantile regression model (used for continuous outcome variables) may be problematic because the cumulative distribution function of the CES-D score is discontinuous with discrete jumps between flat sections, so the quantiles of this discrete variables are not unique[footnoteRef:22]. As noted by Machado and Santos Silva (2005), the main problem with estimating conditional quantiles for discrete responses(e.g. count data) stems from the conjunction of a non-differentiable sample objective function with a discrete dependent variable. To extend the conditional quantile regression to count data, Machado and Santos Silva (2005) proposed an approach which adds artificial smoothness to the data using a form of “jittering process”. Specifically, the artificial smoothing is achieved by adding uniformly distributed noise to the count variable. This way they construct a continuous variable with conditional quantiles that have a one-to-one relationship with the conditional quantiles of the original counts. Then this artificially constructed continuous variable is used as the base for inference. Machado and Santos Silva (2005) show that this approach of smoothing allows inference to be performed using standard quantile regression techniques. However, a problem of this approach is that it introduces extra noise to the quantile regression estimators. To reduce the effect of this unnecessary noise, the parameters of the model are estimated multiple times using independent draws from the uniform distribution, and the multiple estimated coefficients and confidence intervals are averaged over the jittered replications. We followed their implementation of the jittering process, and then estimated the above instrumental variable with fixed-effects model with the jittered data.  [22:  By convention, the lower boundary of the interval defines the quantile in such a case in most of the current literature.] 
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We examine the level of state dependence of the CES-D score and the inter-temporal roles of family SES, childhood stressful life-events, prenatal and biological factors in explaining the distribution of youth depression using both the conditional mean and conditional quantile estimation models. The empirical specifications of these dynamic panel data models are described in the sub-sections below[footnoteRef:23].   [23:  The empirical specifications for the static models are the same with those for the dynamic models except that the term of yit-1 is not included on the right-hand side of the equations.  ] 


2.3.2.1 Pooled dynamic conditional mean estimation models 

For a conditional mean estimation without considering individual heterogeneity, we consider the following specification:



where yit is the CES-D score, yit-1 is the first lag of the CES-D score, xit is a vector of explanatory variables, including youth demographic characteristics, childhood life-events, prenatal or biological factors, and family SES characteristics. First, we estimate a pooled linear model (treating the CES-D score as a continuous variable) as a baseline regression model. To account for the ordered discrete nature of the CES-D score, we then estimate the conditional mean of the dependent variable with a pooled Poisson model. It is worth noting that for the Poisson estimation the conditional mean is not as specified in equation (4), but follows the standard parameterization of E(y|x)=exp(x'β).   

2.3.2.2 Dynamic conditional mean models with individual-specific effects

To separate state dependence from unobserved individual heterogeneity, we consider the conditional mean estimation including individual-specific effects with the following specification:



where η denote the individual fixed effects. Again we estimate both linear and Poisson specifications of the model: we first estimate the linear random-effects and fixed-effects models, and then estimate the Poisson model with random-effects and fixed-effects specifications[footnoteRef:24].  [24:  Again for the Poisson estimation the conditional mean is not as specified in equation (5), but follows the standard parameterization of E(y|x)=exp(x'β).] 


2.3.2.3 Dynamic panel conditional quantile estimation model without fixed effects

As a baseline for conditional quantile estimation, we consider a dynamic model for the τth conditional quantile function of the outcome variable with the following specification:



where yit is the CES-D score, yit-1is the first lag of the CES-D score, xit is vector of explanatory variables, including youth demographic characteristics, childhood life-events, prenatal or biological factors, and family SES characteristics. The parameter α captures the state dependence level of the CES-D score. It should be noted that all the parameters α and β in this model are allowed to depend on the quantile τ of interest.

2.3.2.4 Dynamic panel quantile estimation with jittering but without fixed effects

As noted above, the regular conditional quantile estimation for continuous data may be problematic in our context because our dependent variable is ordered and discrete.  Following Machado and Santos Silva (2005), we first add randomness to our dependent variable by “jittering” the CES-D score, and then apply the jittered sample to the dynamic conditional quantile estimation. Specifically, we replace the discrete CES-D score yit with a continuous variable Jit= h(yit), where h(.) is a smooth continuous transformation. The transformation used is 

Jit= yit +u,     (7)

where u~ U(0, 1) is a random draw from the uniform distribution on (0, 1)[footnoteRef:25]. To allow for the exponentiation for our outcome variable (as for count data), the conditional quantile of QJ(τ|X) is specified to be  [25:  We use a random draw from the uniform distribution, following Machado and Santos Silva (2005).] 




where X represents the design matrix in the specification of yit considered in (6). The additional term τ appears in the equation because QJ (τ|X) is bounded from below by τ. To estimate the parameters of a quantile model in the usual linear form, a log transformation is applied so that ln(J- τ) is modeled, with the adjustment that if J- τ <0, then ln(ε) is used, where ε is a small positive number[footnoteRef:26]. To reduce the effect of noise due to jittering, the parameters of the model need to be estimated multiple times based on multiple jittered replications. In our study, we chose 500 jittering replications to derive the estimates for the quantile regression models[footnoteRef:27].   [26:  The log transformation with the adjustment is justified by the property that quantiles are equivariant to monotonic transformation and the property that quantiles above the censoring point are not affected by censoring from below (details see Cameron and Trivedi (2009)).  ]  [27:  We experimented with the number of jittering replications, including 50, 100, 500 and 1,000 jittered samples. We chose 500 jittered samples because increasing from 500 to 1000, the estimation results do not change much (the difference is only to the 3rd decimal place) but the calculation time almost doubles.      ] 


2.3.2.5 Dynamic panel quantile estimation model with fixed effects

To account for potential unobserved individual heterogeneity, we consider a dynamic panel quantile regression with individual fixed-effects:



where zi identifies the individual fixed effects. The estimation of the above model is implemented by a regularization method developed by Koenker (2004). Because the asymptotic inference is problematic with this estimator, we use bootstrap techniques to derive numerically the standard errors and confidence intervals for this model.

2.3.2.6 Dynamic panel instrumental variable quantile regression with fixed effects

As noted above, the instrumental variable approach suggested by Galvao (2011) can reduce estimation bias in the above dynamic panel quantile regression with fixed effects. Specifically, the estimates of the parameters are derived to minimize the objective function described by Equation (3). In our study, we use the values of CES-D score lagged two periods as our instrument. 

	It should be noted that the asymptotic variance-covariance matrix of the above quantile regression estimator depends on the density of the error term and is not easy to compute. One option is to estimate the variance-covariance matrix directly using nonparametric techniques. However, because this estimation of the variance-covariance matrix is computationally intensive and not easily attainable, we follow the bootstrap inference approach that is used extensively for quantile regressions to derive numerically the standard errors and confidence intervals for this estimator. Specifically, we construct the bootstrap samples by resampling only from the cross-sectional units (individual persons in our case) with replacement, because Monte Carlo simulations on bootstrap inference for quantile regression for panel data suggest that cross-sectional bootstrapping has the best performance among the three different procedures of bootstrap in this context (Galvao and Montes-Rojas 2009; Kato, Galvao and Montes-Rojas 2010). We used 499 bootstrap replications with a pair-wise resampling technique to construct the empirical distribution of the estimator and construct the bootstrap standard errors. We also used a percentile bootstrap procedure to construct 95% confidence intervals for the parameters of interest.

2.3.2.7 Dynamic panel instrumental variable quantile regression with jittering and fixed effects

To account for the problems arising with quantile regression with count data as the dependent variable, we apply the above instrumental variable approach to a jittered sample. We use the same process to construct the jittered samples as for the dynamic panel quantile estimation described in Section 3.2.4. We then estimate the above IV estimator with the artificially smoothed CES-D score as the dependent variable[footnoteRef:28]. Again we chose 500 jittering replications to derive the estimates for this IV approach quantile regression with fixed-effects model.  [28:  When we estimate the quantile models with jittering (as in Sections 3.2.4 and 3.2.7), we are estimating marginal effects for a different specification (conditional quantile is an exponential function of X) than when we are estimating the conditional quantiles assuming continuity (as in Sections 3.2.3, 3.2.5 and 3.2.6), where conditional quantile is specified as a linear function of X.] 


	Since the jittering process involves a non-linear transformation from the original CES-D score to a smoothed variable, the marginal effect (ME) estimates are different from the coefficient estimates. We use the marginal effects at the mean (MEM) convention to calculate the MEs. According to Equation (8), the MEs for any continuous regressor xj are estimated by , with all the regressors evaluated at their mean values. For any dummy variable xj, we calculate the MEs with respect to a change in this dummy variable from 0 to 1, using the difference of the corresponding predicted values: , where  represents the design matrix evaluated at 1 for this dummy variable xj and at the means for all the other regressors, while  represents the design matrix evaluated at 0 for this dummy variable xj and at the means for all the other regressors. 
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Table 3 presents results for the conditional mean estimation for the CES-D score based on the static linear panel data models. Columns (1) and (2) present marginal effects and standard errors for the pooled linear model; columns (3) and (4) present the results for the random-effects model; and columns (5) and (6) present the results for the fixed-effects model. Several patterns can be observed from the results. First, as indicated in the current literature on youth depression, demographic characteristics are important in explaining the variability of depression. Females and blacks are more susceptible to depression. Birth order seems important as well: those born later in the family are more likely to experience depression. Second, there is a statistically significant and large positive correlation between psychological health care utilization and the presence of depression. Surprisingly, the pooled model suggests that the incidence of family problem and emotional trauma are not statistically significant in explaining the variability of youth depression. This contradicts with the evidence in this literature indicating an adverse effect of early-life stressful life events on youth depression. But the results based on the random effects model show that, after taking into account the individual heterogeneity, both types of stressful life events (family member loss or emotional trauma) are significantly associated with higher CES-D scores in young adulthood,. Fourth, prenatal factors including the age of mother at birth of the child, maternal drinking and smoking behaviours are statistically significant in the model: the children who were born to younger mothers, and those born to mothers with drinking or smoking behaviours during pregnancy are likely to have higher depression scores. Lastly, among the set of family SES factors, maternal education and family poverty status are important in explaining the variability of youth depression: lower maternal education and living in poverty are associated with higher CES-D scores. On the other hand, maternal unemployment status and total family income are not associated with youth depression. 

	Table 4 summarizes the results for the pooled model, the random-effects model and the fixed-effects model using Poisson specifications. The reported standard errors for the random- and fixed- effects models are based on bootstrapping for 499 replications. The patterns found in the linear model regressions are preserved in the Poisson estimations. The sizes of the estimated marginal effects are also similar to those based on pooled model. This indicates that a linear specification is appropriate to model the conditional mean of the CES-D score with our data, although the CES-D score exhibits nonlinearity and discreteness as described by the descriptive statistics and the histogram of the CES-D scores. 
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Table 5 presents the static conditional quantile estimation results for the pooled model. Columns (1) and (2) list the marginal effects and the standard errors for the estimation of the 0.25 conditional quantile of the CSE-D score; Columns (3) and (4) list the results for the estimation of the 0.5 conditional quantile of the CSE-D score; Columns (5) and (6) present the results for the estimation of the 0.75 conditional quantile of the CSE-D score. The signs of the estimated marginal effects are consistent with those based on the pooled conditional mean estimation model, except for the two geographical variables flagging youth living in urban area and youth living in SMSAs. But these two variables are statistically insignificant in both models, so reversed signs is not indicative of differential directions of the effects. The magnitudes of the marginal effects in general vary across different quantiles and for some of the variables a clear gradient is observed. First, gender difference of youth depression is larger at the higher end of the depression distribution. Second, the positive association between emotional problem consultation or drug use for behaviour problem and youth depression is stronger at the higher end of the distribution. Third, prenatal and biological factors have different roles at different points of the depression distribution. The positive link between higher depression score and maternal drinking and smoking behaviours is stronger at the higher ends of the CES-D score distribution; as a matter of fact, maternal drinking behaviour is not statistically significant at the lowest quantile of the CES-D distribution. The link between higher depression score and younger maternal age at the birth of child is stronger at the higher ends of the distribution. Interestingly, stressful life-events during childhood are statistically significant only at some of the quantiles and different types of events play different roles across quantiles. The incidence of family problems during childhood, i.e. parents divorce or family member loss, plays a more important role at the higher ends of the CES-D distribution, while the incidence of emotional trauma during childhood, i.e. abuse or molestation, seem only to contribute to the variability of depression for the individuals who have relatively low-severity depression. This reveals the asymmetry of the link between early-life events and youth depression. Studies based on conditional mean estimation may neglect this aspect of the link thus provide very different implications. Finally, the roles of family SES characteristics differ across different quantiles of the CES-D distribution. The link between higher depression and lower family SES, i.e. lower maternal education and family being in poverty, is stronger at the higher ends of the distribution, highlighting the critical role of these three factors for individuals who have more severe  depression levels. 

	Table 6 summarizes the conditional quantile estimation results for the pooled model without individual-specific effects based on the jittered sample. Again the marginal effects and the standard errors are presented separately for the 25th quantile, the 50th quantile and the 75th quantile of the CSE-D score. The estimates presented in the table are based on 500 jittering replications. The general patterns observed in the previous estimation are mostly preserved in this model. However, additional insight can be obtained from the results based on this model. In addition to maternal education and family poverty status, estimates also indicate the non-trivial role of maternal unemployment. The variable "maternal number of weeks unemployed in the last year" becomes statistically significant at the highest quantile of the CES-D distribution. Moreover, the results show a clearer family SES-youth depression gradient: the associations between lower youth depression and higher maternal education and maternal unemployment is stronger at the higher ends of the CES-D distribution. This reveals an asymmetric nature of the family SES-youth depression link, and again stresses the more important roles of family SES factors for the individuals who experience more severe levels of depression. The additional insight we obtain from the results based on jittered sample illustrate the advantage of using the smoothing technique proposed by Machado and Santos Silva (2005) to model the conditional quantiles of count data. Since standard inference methods are asymptotically valid for this model, estimates based on jittered sample provide us with a more accurate view of the family SES and youth depression associations. 
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Table 7 summarizes the conditional mean estimation for the CES-D score based on the linear dynamic panel data model. Columns (1) and (2) present marginal effects and standard errors for the pooled linear model; columns (3) and (4) present the results for the random-effects model; and columns (5) and (6) present the results for the fixed-effects model. The estimated marginal effect of the first lag of CES-D score captures the pure state dependence of youth depression conditional on all the other covariates we have discussed in the static models. Both the pooled and the random-effects models indicate a strong positive state dependence of depression during adolescence to early adulthood: the CES-D score in the current period is positively correlated with that in the previous period. However, the state dependence estimate based on the fixed-effects model is statistically significant and negative, suggesting that the positive correlation between the previous depression score and the current depression score disappears after controlling for the unobserved individual heterogeneity. The intuition may be that conditional on all the other variables, the variation in depression scores is mainly mean-deviation after taking into account the individual fixed effects according to the conditional mean estimation model. It is worth noting that the magnitude of the estimated persistence level based on the fixed effects model is surprisingly large, but this estimate is subject to dynamic bias and thus needs to be interpreted with caution. The intra-class correlation coefficient (ICC) estimate suggests that about 21.2% of the error variance is attributable to unobserved heterogeneity in the random-effects model, while about 70.5% of the error variance is due to the unobserved individual heterogeneity in the fixed-effects model. 

	Several patterns are observed about the inter-temporal effects of other covariates on youth depression. First, the signs of the marginal effects are the same with those from the static models. This indicates that the associations between the factors of interest and youth depression in the long run are preserved in the transitional process. The dynamic model results are in line with the static models in the following ways. The pooled model and random-effects model results indicate that youth depression varies substantially across different demographic characteristics: females and blacks are more likely to experience depression; the youth who were born later in the family are more likely to be depressed. There is a positive correlation between psychological health care utilization and the presence of depression. Young adults who utilize consultations for emotional or behaviour problems, and who take prescription drugs to control their activity level, tend to have higher depression scores. Family SES characteristics including maternal education and family poverty status, are important in explaining youth depression: higher maternal education is associated with lower depression scores; adolescents who are brought up in a low-income family or a deprived family are more likely to be depressed. Second, the magnitudes of the marginal effects in the dynamic models are in general smaller than those in the static models based on pooled and random-effects specifications. In fact, the prenatal factors become statistically insignificant in the dynamic models. This makes sense because the results from the dynamic model only capture the inter-temporal effects of these factors conditional on the previous depression. The only exception is with the incidence of family events: the estimates from the dynamic models become statistically significant and are slightly larger than those from the static models.  According to both the pooled and the random-effect models, the incidence of emotional trauma and the incidence of family problems or loss of family members during the period of childhood are important in explaining the dynamics of depression during adolescence to early adulthood. Emotional trauma, molestation and abuse during childhood have a more serious adverse effect than family problems like divorce of parents or loss of family members.  Lastly, the fixed effects model results highlight the important roles of maternal unemployment and youth living in an SMSA in explaining the dynamics of youth depression. While maternal unemployment status is found statistically insignificant in the static models, longer duration of maternal unemployment is associated with higher depression scores based on the dynamic fixed effects model. Also, youth living in an SMSA is now found to be associated with higher youth depression. 

	To account for the ordered discrete nature of the CES-D score, we estimate the conditional mean of the dependent variable using a Poisson specification. Table 8 lists the results from the pooled model, the random-effects model and the fixed-effects model, respectively. The reported standard errors for the random- and fixed- effects models are based on bootstrapping for 499 replications. The patterns found in the above linear dynamic models are preserved in the Poisson estimations with some exceptions. First, the estimated state dependence level is substantially different in the linear and the Poisson specifications. With a Poisson specification, the state dependence became negative but not statistically significant in the random-effects model, and the estimate in the fixed effects model is still negative but becomes closer to zero. Second, the positive association between the psychological health care utilization and the presence of depression became statistically insignificant in the fixed-effects model. Third, the link between biological factors or prenatal factors and depression became statistically significant: older maternal age at the birth of child is associated with slightly lower CES-D scores; the incidence of maternal drinking and smoking behaviour during pregnancy is associated with higher CES-D scores. Since the CES-D score exhibits common features of count data, the estimates based on Poisson specification are more reliable than those from the linear specifications. 
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Table 9 presents the dynamic conditional quantile estimation results for the pooled model without individual-specific effects. Columns (1) and (2) list the marginal effects and the standard errors for the estimation of the 0.25 conditional quantile of the CSE-D score; Columns (3) and (4) list the results for the estimation of the 0.5 conditional quantile of the CSE-D score; Columns (5) and (6) present the results for the estimation of the 0.75 conditional quantile of the CSE-D score. The dynamics of depression differs across different quantiles of the CES-D score in a number of ways. First, the pure state dependence of youth depression differs at different parts of the CES-D distribution. Since a higher CES-D score indicates a more severe depression symptom, the difference among the marginal effects of the CES-D lag across different quantiles suggests that the positive state dependence is stronger for the individuals with more severe symptoms of depression. In other words, it is more difficult for the young adults with worse depression to recover. Second, the inter-temporal effects of some covariates vary across different quantiles of youth depression. Consistent with the results in the static models, gender difference of youth depression is bigger at the higher end of the depression distribution, while racial difference in depression is smaller at the higher end of the distribution. According to the dynamic model, stressful life-events during childhood play a more important role at the lower end of the CES-D score. The adverse effects of family problems or family member loss, and of emotional trauma during childhood seem only to contribute to the dynamics of depression for the individuals who have relatively low severity level of depression. This pattern is different from the one based on the static models, which suggests that the incidence of family problem during childhood plays a more important role at the higher ends of the CES-D distribution. Maternal smoking behaviour only adversely affects the individuals who have low severity of depression. This pattern is again different from the one observed in the static models. Finally, the roles of family SES characteristics differ across different quantiles of the CES-D score. The protective effect of higher maternal education is more significant and important for individuals who have more severe problems of depression. Compared with the results from the static models, the dynamic model results highlight the important role of total family income rather than the family poverty status in the dynamics of youth depression. According to the dynamic model, the inter-temporal effect of family poverty status is statistically insignificant while the total family income is statistically significant at the highest quantile of the CES-D distribution. 

	In order to illustrate the differences in the marginal effects across different quantiles, we present the above estimates via a graphical display of coefficients and the respective confidence intervals in Figure 2. In the figure, each separate graph presents the estimated coefficients and the 95% confidence intervals for each regressor. In each graph, the horizontal dashed lines are the pooled OLS estimates of the point estimate and the 95% confidence interval (corresponding to estimates presented in columns 1 and 2 in Table 7). The green solid lines and the shaded areas represent the quantile regression estimates of the coefficient and the 95% confidence intervals. The first graph clearly shows that the state dependence level of depression varies dramatically at different quantiles of the CES-D score distribution: the persistence level of depression increases from the lower quantiles to higher quantiles. This pattern is not captured by the pooled mean estimation model. The confidence intervals of the quantile regressions widen at the upper quantiles, indicating that the estimates at the upper quantiles are less precise than those at the lower quantiles. 

	Table 10 presents the conditional quantile estimation results for the pooled model without individual-specific effects based on the jittered sample. The estimates presented in the table are based on 500 jittering replications. The general patterns observed in the previous estimation, which treats the CES-D score as continuous data, are preserved in the estimation based on artificially smoothed CES-D score. It is still observed that the estimated persistence level is stronger at the higher ends of the CES-D distribution. However, the magnitudes of the estimates based on jittered sample are slightly smaller. 

	Table 11 summarizes the results for the conditional quantile estimation with individual fixed effects. Since now the individual fixed effects are added, only time-varying regressors are included in the estimation. The reported standard errors are based on 499 bootstrap replications. As in the conditional mean estimation with individual fixed effects models (as shown in Table 7 and Table 8), the estimated marginal effects on the lag of depression score are statistically significant and negative across all three quantiles. Given that the state dependence estimates from the conditional quantile models without individual fixed effects are statistically significant and positive, this again suggests that conditional on all the other variables, the variation in depression scores is mainly mean-deviation after taking into account the individual fixed effects. The absolute value of the estimated state dependence decreases at higher quantiles of the CES-D score distribution. This might indicate that there is a lower level of mean reversion for the group of individuals at higher ends of the CES-D score distribution. It is worth noting that these estimates of state dependence suffer from the dynamic bias in the dynamic quantile regression model described in the methods section. So it is still difficult to infer too much about the true state dependence level of youth depression from these estimates. Compare to the pooled dynamic quantile regression model results, some different patterns are observed. First, the consultations for emotional problems and the use of drugs for behaviour problems are still positively associated with higher CES-D scores, but less statistically significant after controlling for individual fixed effects. Having a job is positively associated with higher depression scores. Interestingly, after controlling for the individual fixed effects, maternal unemployment duration becomes statistically significant at the higher ends of the CES-D distribution; while maternal education becomes statistically insignificant.  The positive link between poverty status and higher youth depression scores is observed across all the quantiles but remains statistically insignificant as in the previous conditional quantile estimation models without individual fixed effects. 

	Table 12 presents the results for the instrumental variable conditional quantile estimation with individual fixed effects. The estimation is based on the original CES-D score without the jittering process. The reported standard errors are based on 499 bootstrap replications. After instrumenting the first lag of CES-D score, the estimates for the persistence level change dramatically across all the quantiles. The estimated state dependence parameter becomes statistically insignificant across all quantiles and the magnitudes of the estimates are substantially reduced, becoming much closer to zero. Since the IV estimator can reduce the dynamic bias of the state dependence parameter, these estimates should be more reliable than those from the model without instrumenting. The fact that the estimates are statistically insignificant and close to zero indicates that the persistence level of youth depression is very small at all parts of the CES-D distribution. The association between the previous CES-D score and the current CES-D score is merely mean deviation around the within-individual means after taking into account the unobserved individual heterogeneity. It is worth noting that after instrumenting the first lag of CES-D score with the second lag of the CES-D score, we lost a wave of observations. This, in conjunction with the use of instrumental variables, increases the standard errors dramatically: the bootstrapped standard errors are at least twice those based on individual fixed effects without instrumenting (as in Table 11). Accordingly, only a few factors remain statistically significant in this model. The estimated marginal effect of a youth having a job now becomes statistically significant and negative. Higher maternal education and higher family income are still negatively associated with higher depression scores, but both factors become statistically insignificant. It is surprising that in this model, the estimated marginal effect of family poverty status on depression scores becomes negative, which is counter-intuitive. 

	Table 13 presents the results for the instrumental variable conditional quantile estimation with individual fixed effects based on the jittered sample. The point estimates of the marginal effects are based on 500 jittering replications. The reported standard errors are based on 499 bootstrap replications. Consistent with the conditional quantile estimation with fixed effects but without instrumenting (as in Table 11), the estimated state dependence parameter is statistically insignificant across all the quantiles. The magnitude of the estimates is much smaller based on the jittered sample. This is consistent with the above conclusion that the state dependence of youth depression is rather mobile in nature at all parts of the distribution when unobserved individual heterogeneity is taken into account. Again, because we have fewer time periods to estimate the model, only a few factors remain statistically significant in this model. The patterns with regard to the effect of the other variables are similar with those observed in the IV estimator without the jittering process (as in Table 12).



[bookmark: _Toc298776323][bookmark: _Toc298776964]2.5 Conclusions

Our study examines the roles of family SES, early childhood life-events, unobserved heterogeneity and pure state dependence in explaining the distribution of depression among adolescents and young adults. We employ a conditional quantile regression framework to address this question and to explore potential heterogeneity in the effects of these factors across different quantiles of the depression score. This is important because these factors of interest may not only affect the location of the conditional distribution of youth depression, but also affect the scale or other aspect of the distributional shape. If the underlying mechanism that links these factors with youth depression does differ at different parts of the depression distribution, using a conditional mean estimation will neglect this aspect and provide quite different policy implications. Using the US data on the children of the NLSY79 cohort, we first estimated a set of static conditional mean models. The results are in line with the majority of the literature, which highlights the important roles of gender, race, birth order, maternal drinking and smoking behaviour during pregnancy, and a set of family SES factors including maternal education and family poverty status. However, the pooled conditional mean estimation model results suggest that there is no statistically significant effect of stressful life-events including the incidence of family problem and emotional trauma during childhood. This contradicts the studies that document the adverse effect of these events. We then estimated a set of static conditional quantile regression models. Our results reveal the asymmetry of the link between stressful life events and youth depression. The pooled conditional quantile estimation model results show that the stressful life events appears statistically significant for some of the quantiles but not for the others. The asymmetric behaviour of the links is masked by the conditional mean estimation. This might explain why some studies observe the adverse effect of stressful life events on youth depression while others do not. Furthermore, our conditional quantile regression results provide us with more insights about the differential effects of various factors at different parts of the depression distribution. For example, different types of life-events have different roles across different quantiles of the depression score: the incidence of family problems (family member loss or parental divorce) during childhood plays a more important role at the higher ends of the depression distribution, while the incidence of emotional trauma during childhood plays a more important role at the lower ends. Moreover, the family SES-youth depression gradient observed in the conditional mean estimation models varies substantially across different quantiles of the depression distribution. Specifically, maternal education, maternal unemployment duration and family poverty status are more important at the higher ends of the depression distribution, and are statistically insignificant at the lowest quantile of the depression distribution. This highlights the importance of devoting resources to the individuals with the most severe levels of depression and employing policies that aim to improve these specific family SES conditions for them. 

	Our study also explicitly models the dynamics of depression during adolescence to early adulthood. We estimate the persistence level of youth depression and examine the inter-temporal roles of family SES, early childhood life-events, and unobserved heterogeneity in explaining the dynamics of youth depression. A methodological contribution of our study is that in addition to standard dynamic quantile regression models, we employ a newly-developed instrumental variable quantile regression for dynamic panel with fixed-effects model to address this research question. The dynamic conditional quantile regression models revealed the importance of  taking into account individual heterogeneity when examining the dynamics of youth depression. The results from the pooled model indicate that there is a strong positive state dependence of youth depression across all quantiles of the CES-D distribution. Also, the magnitude of the state dependence estimate is larger at higher ends of the depression distribution, indicating a higher persistence level for the individuals who have more severe depressive symptoms. In other words, the individuals at higher ends of the CES-D distribution are less likely to recover from depression. This raises our concern towards individuals who experience more severe depression symptoms. However, after taking into account the individual fixed effects, the persistence level of youth depression becomes very close to zero across all the quantiles according to our estimates based on the instrumental variable with fixed effects model. This delivers a different message about the dynamics of depression during adolescence to early adulthood: the pure state dependence of youth depression is very low and the observed positive association between previous depression and current depression is mainly due to unobserved individual heterogeneity. Furthermore, the estimates from the quantile regression models show the differential inter-temporal effects of stressful life events and family SES factors across the different quantiles of depression distribution. The incidence of family problems or family member loss, and the incidence of emotional trauma during childhood are more important for the individuals who have relatively lower severity level of depression. The family SES-youth depression gradient is steeper at the higher ends of the depression distribution. 

	By estimating the static conditional mean and conditional quantile models, we examined the relative contributions of a set of important factors in explaining the variability of youth depression. Our results provide a more complete view of the important roles of stressful life events and family SES factors, and a potential explanation for the differences in the existing evidence. Our dynamic models attempt to examine the state dependence of youth depression and the inter-temporal roles of the same set of factors. The IV estimation with fixed effects model could provide us with a bias-corrected estimate of the pure state dependence parameter taking account of the unobserved heterogeneity. The results indicate that youth depression is rather mobile or transitory in nature. Unfortunately, the short panel of the data led to considerable imprecision for the estimates obtained via the IV quantile regression with fixed effects model. In future studies, the results can be improved if additional waves of data become available for the estimation of dynamic IV models. 
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Table 2.1: Descriptive statistics of variables used for estimation (N= 3,543 individuals)

		Variables

		Mean

		Std. dev.

		Median



		Youth CES-D depression score

		4.576

		3.679

		4



		Youth CES-D=0

		11.20%

		

		



		Youth age

		19.071

		2.933

		19



		Youth Sex (Male)

		49.03%

		

		



		Youth race: Hispanic

		23.59%

		

		



		Youth race: Black

		36.14%

		

		



		Youth race: Non-Hispanic, non-black

		40.28%

		

		



		Birth order of youth: First

		42.91%

		

		



		Birth order of youth: Second

		34.02%

		

		



		Birth order of youth: Third

		15.89%

		

		



		Birth order of youth: Fourth and above

		7.18%

		

		



		Youth live in urban area (0-1)

		0.777

		0.417

		1



		Youth live in SMSA (0-1)

		0.869

		0.337

		1



		Youth has a CPS job[footnoteRef:29] (0-1) [29: A CPS job is a job type within the classification used in the Current Population Survey (CPS).] 


		0.720

		0.449

		1



		Youth emotional problem in last year (0-1)

		0.069

		0.253

		0



		Youth prescription drug for behavior problem (0-1)

		0.037

		0.189

		0



		Incidence of child psychiatrist visits (in all survey years)for:



		            Emotional trauma, molestation, abuse

		0.021

		0.183

		0



		            Loss of parents/siblings, divorce

		0.056

		0.270

		0



		Age of mother at birth of child

		23.675

		3.565

		24



		Mother drinking alcohol during pregnancy (0-1)

		0.421

		0.494

		0



		Mother smoking during pregnancy (0-1)

		0.312

		0.464

		0



		Highest grade completed by mother date

		12.544

		2.560

		12



		Maternal # of weeks unemployed in past calendar year

		2.146

		8.316

		0



		Maternal # of weeks unemployed since last interview

		4.115

		16.770

		0



		Total annual parental income (in mother’s family)

		56,309.81

		59,576.68

		42,000



		Poverty status of family in past calendar year (0-1)

		0.224

		0.417

		0.224





Note: only the variables used for model estimation are included in the table. 
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		0

		1-3

		4-6

		7-11

		12-21

		Total



		0

		26.47

		43.08

		20.16

		8.64

		1.66

		100



		1-3

		13.51

		43.54

		28.56

		12.07

		2.33

		100



		4-6

		7.41

		33.48

		34.79

		20.97

		3.34

		100



		7-11

		4.35

		20.96

		32.50

		30.65

		11.54

		100



		12-21

		3.93

		16.16

		20.52

		35.15

		24.24

		100



		Total

		11.00

		34.87

		29.62

		18.98

		5.53

		100





Note: the cells represent the unconditional transition probabilities in percentages.  The bold cell shows the biggest cell in each row.




[bookmark: _Toc298777377][bookmark: _Toc298777749][bookmark: _Toc299027023][bookmark: _Toc299027496][bookmark: _Toc299027937][bookmark: _Toc299028779]Table 2.3: Static conditional mean estimation for CES-D score—Linear model

 

		[bookmark: OLE_LINK1]

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)



		

		Pooled linear model

		Linear model, random-effects specification



		Linear model, fixed-effects specification



		

		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.





		Youth Gender: male

		-0.8111***

		0.0993

		-0.8327***

		0.0992

		

		



		Race: black

		0.4271***

		0.1394

		0.4704***

		0.1380

		

		



		Race: non-Hispanic & non-black

		0.0626

		0.1379

		0.0540

		0.1405

		

		



		Birth order

		0.1978***

		0.0555

		0.1972***

		0.0547

		

		



		Emotional problem consultation last year

		1.9760***

		0.2143

		1.4452***

		0.1600

		0.5903***

		0.1895



		Drug use for behavior problem last year

		1.6478***

		0.2865

		1.2840***

		0.2187

		0.4596

		0.2808



		Youth has a CPS job

		0.3899***

		0.0957

		0.3981***

		0.0874

		0.3915***

		0.1039



		Incidence of family problem during childhood

		0.2960

		0.2047

		0.3368*

		0.1859

		

		



		Incidence of emotional trauma during childhood

		0.4788

		0.3174

		0.5495**

		0.2680

		

		



		Age of mother at birth of child

		-0.0529***

		0.0165

		-0.0512***

		0.0160

		

		



		Mother drinking during pregnancy

		0.1874*

		0.1100

		0.1800*

		0.1065

		

		



		Mother smoking during pregnancy

		0.2987**

		0.1202

		0.3572***

		0.1143

		

		



		Youth living in urban

		0.0414

		0.1179

		0.0279

		0.1106

		0.0705

		0.1516



		Youth living in SMSA

		0.0488

		0.1462

		0.0992

		0.1375

		0.2231

		0.1996



		Maternal highest grade completed

		-0.0408*

		0.0235

		-0.0366*

		0.0219

		-0.0671

		0.0563



		Maternal # of weeks unemployed last year

		0.0013

		0.0095

		0.0039

		0.0074

		0.0087

		0.0089



		Maternal # of weeks unemployed since last interview

		0.0024

		0.0050

		0.0004

		0.0037

		-0.0035

		0.0043



		Maternal total family income

		-7.13E-07

		8.90E-07

		-6.13E-07

		8.30E-07

		-2.54E-07

		1.19E-06



		Maternal family poverty status

		0.2562*

		0.1324

		0.2141*

		0.1168

		0.0561

		0.1639



		Maternal family low-income level

		-1.31E-05

		1.01E-05

		-1.21E-05

		8.97E-06

		3.71E-06

		1.54E-05



		Constant

		5.6418***

		0.4790

		5.5241***

		0.4498

		4.7604***

		0.7740



		sigma_u

		

		1.9904

		2.9511



		sigma_e

		

		2.9218

		2.9218



		ICC (rho)

		

		0.3170

		0.5050





1. The reported standard errors are robust to cluster effects for the pooled specification.

2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes statistical significance at 10% level.

3. ICC is the intra-class correlation coefficient, (σu2/ (1+ σu2)).

4. The time-invariant regressors are automatically dropped from the fixed-effects model.
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		(1)

		(2)

		(3)

		(4)

		(5)

		(6)



		

		Pooled model



		Poisson model, random-effects specification



		Poisson model, fixed-effects specification





		

		Marg. Eff.



		St. Err.

 

		Marg. Eff.



		St. Err.

 

		Marg. Eff.



		St. Err.

 



		Youth Gender: male

		-0.8015***

		0.0978

		-0.8071***

		0.0996

		

		



		Race: black

		0.4208***

		0.1416

		0.4902***

		0.1357

		

		



		Race: non-Hispanic & non-black

		0.0657

		0.1412

		0.0463

		0.1466

		

		



		Birth order

		0.1872***

		0.0515

		0.1909***

		0.0499

		

		



		Emotional problem consultation last year

		1.8308***

		0.2056

		0.8579***

		0.1613

		0.0979**

		0.0397



		Drug use for behavior problem last year

		1.4158***

		0.2604

		0.7477***

		0.2306

		0.0680

		0.0606



		Youth has a CPS job

		0.3901***

		0.0933

		0.4091***

		0.0917

		0.0850***

		0.0283



		Incidence of family problem during childhood

		0.2624

		0.1713

		0.3590**

		0.1767

		

		



		Incidence of emotional trauma during childhood

		0.3402

		0.2159

		0.4918**

		0.2344

		

		



		Age of mother at birth of child

		-0.0511***

		0.0161

		-0.0517***

		0.0166

		

		



		Mother drinking during pregnancy

		0.1789*

		0.1081

		0.1637

		0.1086

		

		



		Mother smoking during pregnancy

		0.2849**

		0.1160

		0.3884***

		0.1146

		

		



		Youth living in urban

		0.0351

		0.1178

		0.0313

		0.1197

		0.0128

		0.0321



		Youth living in SMSA

		0.0477

		0.1440

		0.1370

		0.1328

		0.0500

		0.0428



		Maternal highest grade completed

		-0.0423*

		0.0235

		-0.0394*

		0.0230

		-0.0149

		0.0097



		Maternal # of weeks unemployed last year

		0.0012

		0.0076

		0.0053

		0.0072

		0.0015

		0.0017



		Maternal # of weeks unemployed since last interview

		0.0019

		0.0037

		-0.0011

		0.0033

		-0.0005

		0.0008



		Maternal total family income

		-8.81E-07

		0.00E+00

		-6.07E-07

		0.00E+00

		-5.00E-08

		0.00E+00



		Maternal family poverty status

		0.2280*

		0.1260

		0.1514

		0.1243

		0.0135

		0.0364



		Maternal family low-income level

		-1.30E-05

		1.00E-05

		-8.20E-06

		1.00E-05

		9.67E-07

		0.00E+00





1. For the pooled specification, the reported standard errors are robust to cluster effects; for the random-effects and fixed-effects models, the reported standard errors are based on bootstrapping for 499 replications.

2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes statistical significance at 10% level.

3. The time-invariant regressors are automatically dropped from the fixed-effects model. 




[bookmark: _Toc298777379][bookmark: _Toc298777751][bookmark: _Toc299027025][bookmark: _Toc299027498][bookmark: _Toc299027939][bookmark: _Toc299028781]Table 2.5: Static conditional quantile estimation without individual-specific effects: No jittering process (CES-D score as a continuous variable)

 

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)



		

		0.25 Quantile regression



		0.50 Quantile regression



		0.75 Quantile regression





		

		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.





		Youth Gender: male

		-0.3182***

		0.0653

		-0.6506***

		0.0851

		-1.2216***

		0.1348



		Race: black

		0.3396***

		0.0915

		0.4071***

		0.1190

		0.3005

		0.1890



		Race: non-Hispanic & non-black

		0.0220

		0.0932

		0.1411

		0.1219

		0.0236

		0.1935



		Birth order

		0.1582***

		0.0361

		0.1190**

		0.0471

		0.2972***

		0.0747



		Emotional problem consultation last year

		1.2602***

		0.1379

		1.6442***

		0.1784

		2.4537***

		0.2826



		Drug use for behavior problem last year

		1.1644***

		0.1802

		1.6988***

		0.2347

		2.4194***

		0.3725



		Youth has a CPS job

		0.3788***

		0.0746

		0.2974***

		0.0975

		0.5237***

		0.1544



		Incidence of family problem during childhood

		0.0426

		0.1209

		0.2788*

		0.1600

		0.5207**

		0.2520



		Incidence of emotional trauma during childhood

		0.4406***

		0.1692

		0.4987**

		0.2260

		0.3139

		0.3571



		Age of mother at birth of child

		-0.0245**

		0.0108

		-0.0487***

		0.0141

		-0.1028***

		0.0222



		Mother drinking during pregnancy

		0.0619

		0.0703

		0.2079**

		0.0912

		0.4028***

		0.1455



		Mother smoking during pregnancy

		0.2200***

		0.0759

		0.2136**

		0.0983

		0.4004**

		0.1564



		Youth living in urban

		-0.0373

		0.0882

		0.0585

		0.1148

		0.2459

		0.1828



		Youth living in SMSA

		0.0520

		0.1077

		-0.0239

		0.1403

		-0.1712

		0.2223



		Maternal highest grade completed

		-0.0184

		0.0150

		-0.0375*

		0.0199

		-0.0414

		0.0317



		Maternal # of weeks unemployed last year

		0.0003

		0.0052

		0.0042

		0.0079

		0.0121

		0.0134



		Maternal # of weeks unemployed since last interview

		0.0008

		0.0022

		0.0024

		0.0038

		-0.0038

		0.0067



		Maternal total family income

		-7.98E-07

		6.16E-07

		-7.11E-07

		8.35E-07

		-1.61E-06

		1.38E-06



		Maternal family poverty status

		0.0561

		0.0918

		0.2208*

		0.1199

		0.2150

		0.1901



		Maternal family low-income level

		-5.91E-06

		6.32E-06

		-2.38E-05***

		8.59E-06

		-3.15E-05**

		1.41E-05



		Constant

		2.1959***

		0.3138

		5.1982***

		0.4117

		8.9224***

		0.6625





1. The reported standard errors are robust to cluster effects for the pooled specification.

2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes statistical significance at 10% level.




[bookmark: _Toc298777380][bookmark: _Toc298777752][bookmark: _Toc299027026][bookmark: _Toc299027499][bookmark: _Toc299027940][bookmark: _Toc299028782]Table 2.6: Static conditional quantile estimation without individual-specific effects: With jittering process (CES-D score as a discrete variable)

 

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)



		

		0.25 Quantile regression



		0.50 Quantile regression

		0.75 Quantile regression





		

		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.





		Youth Gender: male

		-0.3720***

		0.0753

		-0.6722***

		0.0807

		-1.1764***

		0.1260



		Race: black

		0.3618***

		0.1071

		0.4055***

		0.1157

		0.3001*

		0.1760



		Race: non-Hispanic & non-black

		0.0586

		0.1137

		0.1449

		0.1121

		0.0213

		0.1783



		Birth order

		0.1585***

		0.0322

		0.1179**

		0.0464

		0.2604***

		0.0676



		Emotional problem consultation last year

		1.2638***

		0.1592

		1.5567***

		0.1997

		2.2617***

		0.2972



		Drug use for behavior problem last year

		0.9631***

		0.2227

		1.6202***

		0.2440

		2.0252***

		0.2963



		Youth has a CPS job

		0.3736***

		0.0825

		0.3297***

		0.0919

		0.4916***

		0.1314



		Incidence of family problem during childhood

		0.0493

		0.1786

		0.2630*

		0.1441

		0.4805

		0.3014



		Incidence of emotional trauma during childhood

		0.3783**

		0.1651

		0.3915**

		0.1658

		0.2368

		0.3996



		Age of mother at birth of child

		-0.0213*

		0.0129

		-0.0498***

		0.0134

		-0.1000***

		0.0205



		Mother drinking during pregnancy

		0.0439

		0.0810

		0.1883**

		0.0874

		0.3895***

		0.1337



		Mother smoking during pregnancy

		0.1826**

		0.0873

		0.2354**

		0.0963

		0.3997***

		0.1446



		Youth living in urban

		-0.0357

		0.1074

		0.0381

		0.1122

		0.2494

		0.1597



		Youth living in SMSA

		0.0077

		0.1300

		-0.0036

		0.1329

		-0.1626

		0.1922



		Maternal highest grade completed

		-0.0142

		0.0161

		-0.0337*

		0.0178

		-0.0581*

		0.0317



		Maternal # of weeks unemployed last year

		0.0020

		0.0054

		0.0029

		0.0055

		0.0099*

		0.0060



		Maternal # of weeks unemployed since last interview

		0.0004

		0.0018

		0.0021

		0.0020

		-0.0033

		0.0024



		Maternal total family income

		-1.18E-06

		9.44E-07

		-1.09E-06

		9.55E-07

		-1.52E-06

		1.23E-06



		Maternal family poverty status

		0.0906

		0.1043

		0.2016*

		0.1224

		0.1679

		0.1624



		Maternal family low-income level

		-4.48E-06

		6.61E-06

		-1.96E-05**

		8.77E-06

		-2.96E-05**

		1.22E-05





1. All the estimates are based on 500 jittering replications.

2. The marginal effects are calculated based on the jittered sample.

3. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes statistical significance at 10% level.




[bookmark: _Toc298777381][bookmark: _Toc298777753][bookmark: _Toc299027027][bookmark: _Toc299027500][bookmark: _Toc299027941][bookmark: _Toc299028783]Table 2.7: Dynamic conditional mean estimation for CES-D score—Linear model

 

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)



		

		Pooled linear model



		Linear model, random-effects specification



		Linear model, fixed-effects specification



		

		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.





		CESDlag (t-1)

		0.3419***

		0.0151

		0.2351***

		0.0127

		-0.3702***

		0.0175



		Youth Gender: male

		-0.4876***

		0.0871

		-0.5914***

		0.1010

		

		



		Race: black

		0.4068***

		0.1214

		0.4522***

		0.1397

		

		



		Race: non-Hispanic & non-black

		0.1570

		0.1217

		0.1648

		0.1429

		

		



		Birth order

		0.1221**

		0.0479

		0.1472***

		0.0552

		

		



		Emotional problem consultation last year

		1.3490***

		0.2352

		1.3328***

		0.1926

		0.5496**

		0.2384



		Drug use for behavior problem last year

		0.8686***

		0.3082

		0.9559***

		0.2688

		0.6339*

		0.3667



		Youth has a CPS job

		0.1097

		0.1162

		0.1489

		0.1187

		0.3674**

		0.1511



		Incidence of family problem during childhood

		0.3036*

		0.1596

		0.3594*

		0.1886

		

		



		Incidence of emotional trauma during childhood

		0.5318**

		0.2613

		0.5861**

		0.2719

		

		



		Age of mother at birth of child

		-0.0150

		0.0145

		-0.0253

		0.0164

		

		



		Mother drinking during pregnancy

		0.1574

		0.0961

		0.1738

		0.1074

		

		



		Mother smoking during pregnancy

		0.1641

		0.1054

		0.2224*

		0.1160

		

		



		Youth living in urban

		0.0477

		0.1205

		0.0645

		0.1258

		0.2192

		0.1827



		Youth living in SMSA

		0.1005

		0.1578

		0.1386

		0.1730

		0.6721**

		0.3149



		Maternal highest grade completed

		-0.0439**

		0.0208

		-0.0447*

		0.0229

		-0.0361

		0.0646



		Maternal # of weeks unemployed last year

		0.0092

		0.0158

		0.0133

		0.0153

		0.0448**

		0.0185



		Maternal # of weeks unemployed since last interview

		-0.0071

		0.0091

		-0.0086

		0.0089

		-0.0210*

		0.0109



		Maternal total family income

		-7.15E-07

		7.71E-07

		-7.34E-07

		8.84E-07

		-7.83E-08

		1.37E-06



		Maternal family poverty status

		0.2519**

		0.1262

		0.2736**

		0.1315

		0.1887

		0.2123



		Maternal family low-income level

		-7.49E-06

		9.01E-06

		-6.55E-06

		9.39E-06

		3.09E-05*

		1.83E-05



		Constant

		3.3863***

		0.4437

		3.9800***

		0.4792

		5.0001***

		0.9255



		sigma_u

		

		1.3643

		4.0594



		sigma_e

		

		2.6285

		2.6285



		ICC (rho)

		

		0.2122

		0.7046





1. The reported standard errors are robust to cluster effects for the pooled specification.

2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes statistical significance at 10% level.

3. ICC is the intra-class correlation coefficient, (σu2/ (1+ σu2)).

4. The time-invariant regressors are automatically dropped from the fixed-effects model.




[bookmark: _Toc298777382][bookmark: _Toc298777754][bookmark: _Toc299027028][bookmark: _Toc299027501][bookmark: _Toc299027942][bookmark: _Toc299028784]Table 2.8: Dynamic conditional mean estimation for CES-D score—Poisson model



		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)



		

		Pooled model



		Poisson model, random-effects specification



		Poisson model, fixed-effects specification





		

		Marg. Eff.



		St. Err.

 

		Marg. Eff.



		St. Err.

 

		Marg. Eff.



		St. Err.

 



		CESDlag (t-1)

		0.2746***

		0.0106

		-0.0019

		0.0181

		-0.0743***

		0.0197



		Youth Gender: male

		-0.4608***

		0.0868

		-0.8055***

		0.1158

		

		



		Race: black

		0.3947***

		0.1225

		0.5430***

		0.1596

		

		



		Race: non-Hispanic & non-black

		0.1618

		0.1256

		0.1609

		0.1622

		

		



		Birth order

		0.1106***

		0.0432

		0.1935***

		0.0575

		

		



		Emotional problem consultation last year

		1.1171***

		0.2100

		0.9528***

		0.2161

		0.1056

		0.0694



		Drug use for behavior problem last year

		0.5518**

		0.2476

		0.8209***

		0.3006

		0.1615

		0.1071



		Youth has a CPS job

		0.1291

		0.1115

		0.2455*

		0.1321

		0.1210**

		0.0555



		Incidence of family problem during childhood

		0.2406*

		0.1267

		0.4390**

		0.1749

		

		



		Incidence of emotional trauma during childhood

		0.3599**

		0.1710

		0.5850**

		0.2655

		

		



		Age of mother at birth of child

		-0.0156

		0.0140

		-0.0477***

		0.0178

		

		



		Mother drinking during pregnancy

		0.1523*

		0.0923

		0.2049*

		0.1205

		

		



		Mother smoking during pregnancy

		0.1373

		0.0987

		0.3708***

		0.1379

		

		



		Youth living in urban

		0.0625

		0.1188

		0.1197

		0.1321

		0.0479

		0.0487



		Youth living in SMSA

		0.0578

		0.1533

		0.2319

		0.1738

		0.2289**

		0.1122



		Maternal highest grade completed

		-0.0449**

		0.0204

		-0.0449

		0.0284

		0.0019

		0.0222



		Maternal # of weeks unemployed last year

		0.0060

		0.0141

		0.0217

		0.0153

		0.0117**

		0.0059



		Maternal # of weeks unemployed since last interview

		-0.0054

		0.0082

		-0.0121

		0.0092

		-0.0055*

		0.0033



		Maternal total family income

		-8.25E-07

		0.0000

		-8.95E-07

		0.00E+00

		-4.86E-08

		0.00E+00



		Maternal family poverty status

		0.2048*

		0.1165

		0.2687*

		0.1441

		0.0542

		0.0627



		Maternal family low-income level

		-8.63E-06

		1.00E-05

		-1.69E-06

		1.00E-05

		7.97E-06

		1.00E-05





1. For the pooled specification, the reported standard errors are robust to cluster effects; for the random-effects and fixed-effects models, the reported standard errors are based on bootstrapping for 499 replications.

2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes statistical significance at 10% level.

3. The time-invariant regressors are automatically dropped from the fixed-effects model. 




[bookmark: _Toc298777383][bookmark: _Toc298777755][bookmark: _Toc299027029][bookmark: _Toc299027502][bookmark: _Toc299027943][bookmark: _Toc299028785]Table 2.9: Dynamic conditional quantile estimation without individual-specific effects: No jittering process (CES-D score as a continuous variable)

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)



		

		0.25 Quantile regression



		0.50 Quantile regression



		0.75 Quantile regression





		

		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.





		CESDlag (t-1)

		0.2738***

		0.0137

		0.3624***

		0.0118

		0.4574***

		0.0182



		Youth Gender: male

		-0.1361

		0.0944

		-0.3730***

		0.0865

		-0.8038***

		0.1344



		Race: black

		0.4054***

		0.1315

		0.4239***

		0.1197

		0.2996

		0.1850



		Race: non-Hispanic & non-black

		0.1445

		0.1330

		0.1984

		0.1228

		0.1294

		0.1898



		Birth order

		0.0878*

		0.0514

		0.0083

		0.0470

		0.1866**

		0.0734



		Emotional problem consultation last year

		0.9384***

		0.2015

		1.1797***

		0.1834

		1.5569***

		0.2867



		Drug use for behavior problem last year

		0.7001**

		0.2775

		0.8675***

		0.2518

		0.7315*

		0.3941



		Youth has a CPS job

		0.3127**

		0.1227

		0.0615

		0.1123

		0.1558

		0.1743



		Incidence of family problem during childhood

		0.3993**

		0.1780

		0.1643

		0.1621

		0.1625

		0.2443



		Incidence of emotional trauma during childhood

		0.5257**

		0.2474

		0.5626**

		0.2312

		0.2182

		0.3438



		Age of mother at birth of child

		-0.0002

		0.0154

		-0.0024

		0.0141

		-0.0320

		0.0218



		Mother drinking during pregnancy

		-0.1685*

		0.1005

		0.0778

		0.0919

		0.4264***

		0.1442



		Mother smoking during pregnancy

		0.2811***

		0.1077

		0.1464

		0.0993

		0.0959

		0.1547



		Youth living in urban

		0.1056

		0.1289

		-0.0900

		0.1164

		0.2128

		0.1815



		Youth living in SMSA

		-0.0511

		0.1734

		-0.0474

		0.1567

		-0.1494

		0.2433



		Maternal highest grade completed

		-0.0140

		0.0225

		-0.0519***

		0.0200

		-0.0647**

		0.0306



		Maternal # of weeks unemployed last year

		-0.0098

		0.0156

		0.0152

		0.0147

		-0.0030

		0.0250



		Maternal # of weeks unemployed since last interview

		0.0009

		0.0091

		-0.0076

		0.0086

		-0.0010

		0.0144



		Maternal total family income

		-6.48E-07

		8.47E-07

		-9.79E-07

		8.00E-07

		-2.20E-06*

		1.26E-06



		Maternal family poverty status

		0.1152

		0.1306

		0.1535

		0.1200

		0.1489

		0.1852



		Maternal family low-income level

		5.41E-06

		8.99E-06

		-1.63E-05*

		8.36E-06

		-2.14E-05

		1.31E-05



		Constant

		0.3915

		0.4583

		3.2626***

		0.4225

		5.6848***

		0.6648





1. The reported standard errors are robust to cluster effects for the pooled specification.

2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes statistical significance at 10% level.




[bookmark: _Toc298777384][bookmark: _Toc298777756][bookmark: _Toc299027030][bookmark: _Toc299027503][bookmark: _Toc299027944][bookmark: _Toc299028786]Table 2.10: Dynamic conditional quantile estimation without individual-specific effects: With jittering process (CES-D score as a discrete variable) 

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)



		

		0.25 Quantile regression



		0.50 Quantile regression



		0.75 Quantile regression





		

		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.





		CESDlag (t-1)

		0.2091***

		0.0129

		0.2986***

		0.0119

		0.3869***

		0.0167



		Youth Gender: male

		-0.1495

		0.0993

		-0.3716***

		0.0918

		-0.7518***

		0.1344



		Race: black

		0.4458***

		0.1487

		0.4968***

		0.1243

		0.3055

		0.2015



		Race: non-Hispanic & non-black

		0.2136

		0.1483

		0.2808**

		0.1296

		0.1034

		0.1981



		Birth order

		0.0871*

		0.0502

		0.0244

		0.0483

		0.2026**

		0.0812



		Emotional problem consultation last year

		0.7691***

		0.2559

		1.0770***

		0.2149

		1.2845***

		0.4128



		Drug use for behavior problem last year

		0.3921

		0.2714

		0.5800**

		0.2479

		0.5835

		0.3697



		Youth has a CPS job

		0.2964**

		0.1223

		0.1024

		0.1119

		0.1464

		0.1898



		Incidence of family problem during childhood

		0.2289

		0.1617

		0.1358

		0.1374

		0.0764

		0.1812



		Incidence of emotional trauma during childhood

		0.3074

		0.2056

		0.4599***

		0.1621

		0.2415

		0.6581



		Age of mother at birth of child

		0.0023

		0.0147

		-0.0080

		0.0148

		-0.0399*

		0.0242



		Mother drinking during pregnancy

		-0.1272

		0.1033

		0.0843

		0.1000

		0.4588***

		0.1385



		Mother smoking during pregnancy

		0.2064*

		0.1116

		0.1128

		0.1063

		0.0750

		0.1529



		Youth living in urban

		0.0920

		0.1353

		-0.0801

		0.1344

		0.1929

		0.1581



		Youth living in SMSA

		-0.0470

		0.1678

		-0.0130

		0.1877

		-0.2189

		0.2296



		Maternal highest grade completed

		-0.0119

		0.0209

		-0.0491**

		0.0222

		-0.0638*

		0.0333



		Maternal # of weeks unemployed last year

		-0.0036

		0.0174

		0.0079

		0.0188

		0.0042

		0.0291



		Maternal # of weeks unemployed since last interview

		-0.0024

		0.0094

		-0.0049

		0.0122

		-0.0040

		0.0159



		Maternal total family income

		-1.30E-06

		8.96E-07

		-1.04E-06

		7.40E-07

		-2.11E-06

		1.29E-06



		Maternal family poverty status

		0.0704

		0.1261

		0.1850

		0.1279

		0.1626

		0.1747



		Maternal family low-income level

		3.44E-06

		7.53E-06

		-1.86E-05**

		8.20E-06

		-2.50E-05**

		1.24E-05





1. All the estimates are based on 500 jittering replications.

2. The marginal effects are calculated based on the jittered sample.

3. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes statistical significance at 10% level.




[bookmark: _Toc298777385][bookmark: _Toc298777757][bookmark: _Toc299027031][bookmark: _Toc299027504][bookmark: _Toc299027945][bookmark: _Toc299028787]Table 2.11: Dynamic conditional quantile estimation with individual fixed effects: No jittering process (CES-D score as a continuous variable) ----- Koenker 2004 method

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)



		

		0.25 Quantile regression



		0.50 Quantile regression



		0.75 Quantile regression





		

		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.





		CESDlag (t-1)

		-0.4611***

		0.0256

		-0.3607***

		0.0241

		-0.2828***

		0.0252



		Youth Gender: male

		

		

		

		

		

		



		Race: black

		

		

		

		

		

		



		Race: non-Hispanic & non-black

		

		

		

		

		

		



		Birth order

		

		

		

		

		

		



		Emotional problem consultation last year

		0.3223

		0.2587

		0.3341

		0.2532

		0.6160*

		0.3430



		Drug use for behavior problem last year

		0.6855**

		0.3424

		0.4930

		0.3588

		0.0041

		0.4393



		Youth has a CPS job

		0.2074

		0.1528

		0.1817

		0.1520

		0.2543*

		0.1502



		Incidence of family problem during childhood

		

		

		

		

		

		



		Incidence of emotional trauma during childhood

		

		

		

		

		

		



		Age of mother at birth of child

		

		

		

		

		

		



		Mother drinking during pregnancy

		

		

		

		

		

		



		Mother smoking during pregnancy

		

		

		

		

		

		



		Youth living in urban

		0.0369

		0.1951

		0.1174

		0.1822

		0.2625

		0.1748



		Youth living in SMSA

		0.0763

		0.3289

		0.2095

		0.3671

		0.2170

		0.3277



		Maternal highest grade completed

		-0.0320

		0.0634

		-0.0187

		0.0641

		-0.0219

		0.0652



		Maternal # of weeks unemployed last year

		0.0029

		0.0189

		0.0261

		0.0196

		0.0551***

		0.0203



		Maternal # of weeks unemployed since last interview

		-0.0040

		0.0101

		-0.0126

		0.0100

		-0.0227**

		0.0115



		Maternal total family income

		-1.08E-06

		1.46E-06

		-2.84E-07

		1.49E-06

		-2.97E-07

		1.49E-06



		Maternal family poverty status

		0.1269

		0.2285

		0.2021

		0.2196

		0.1948

		0.2249



		Maternal family low-income level

		2.05E-05

		1.81E-05

		1.62E-05

		1.70E-05

		3.23E-05*

		1.86E-05





1. The reported standard errors are based on 499 bootstrapping replications.

2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes statistical significance at 10% level.

3. The time-invariant regressors are dropped from the fixed-effects model.




[bookmark: _Toc298777386][bookmark: _Toc298777758][bookmark: _Toc299027032][bookmark: _Toc299027505][bookmark: _Toc299027946][bookmark: _Toc299028788]Table 2.12: Dynamic conditional quantile estimation: instrumental variable approach with individual fixed effects: No jittering process (CES-D score as a continuous variable) ----- Galvao 2011 method

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)



		

		0.25 Quantile regression



		0.50 Quantile regression



		0.75 Quantile regression





		

		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.





		CESDlag (t-1)

		-0.1444

		0.1818

		-0.0058

		0.1596

		0.0813

		0.1521



		Youth Gender: male

		

		

		

		

		

		



		Race: black

		

		

		

		

		

		



		Race: non-Hispanic & non-black

		

		

		

		

		

		



		Birth order

		

		

		

		

		

		



		Emotional problem consultation last year

		0.9881

		0.6561

		0.9914

		0.6450

		0.9797

		0.6417



		Drug use for behavior problem last year

		-0.0989

		1.4006

		-0.3526

		1.4256

		-0.5013

		1.3997



		Youth has a CPS job

		-1.0800**

		0.4911

		-1.0722**

		0.4855

		-1.0796**

		0.4831



		Incidence of family problem during childhood

		

		

		

		

		

		



		Incidence of emotional trauma during childhood

		

		

		

		

		

		



		Age of mother at birth of child

		

		

		

		

		

		



		Mother drinking during pregnancy

		

		

		

		

		

		



		Mother smoking during pregnancy

		

		

		

		

		

		



		Youth living in urban

		0.1312

		0.5345

		0.0998

		0.5406

		0.0897

		0.5437



		Youth living in SMSA

		-0.7634

		0.7966

		-0.7868

		0.7928

		-0.7936

		0.7987



		Maternal highest grade completed

		-0.0086

		0.1631

		-0.0135

		0.1625

		-0.0157

		0.1629



		Maternal # of weeks unemployed last year

		-0.0011

		0.0478

		0.0035

		0.0477

		0.0065

		0.0479



		Maternal # of weeks unemployed since last interview

		0.0020

		0.0268

		-0.0018

		0.0266

		-0.0044

		0.0266



		Maternal total family income

		-2.30E-06

		3.45E-06

		-2.12E-06

		3.48E-06

		-1.96E-06

		3.46E-06



		Maternal family poverty status

		-1.2136**

		0.5922

		-1.2488**

		0.5909

		-1.2683**

		0.5897



		Maternal family low-income level

		-1.07E-05

		3.76E-05

		-5.21E-06

		3.74E-05

		-2.80E-06

		3.76E-05



		

		

		

		

		

		

		



		Instrumental variable: CESD lag (t-2)

		0.0353

		0.0593

		0.0009

		0.0602

		-0.0205

		0.0676





1. The reported standard errors are based on 499 bootstrapping replications.

2. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes statistical significance at 10% level.

3. The time-invariant regressors are dropped from the fixed-effects model.




[bookmark: _Toc298777387][bookmark: _Toc298777759][bookmark: _Toc299027033][bookmark: _Toc299027506][bookmark: _Toc299027947][bookmark: _Toc299028789]Table 2.13: Dynamic conditional quantile estimation: instrumental variable approach with individual fixed effects: With jittering process (CES-D score as a discrete variable) ----- Galvao 2011 method with jittered sample

		

		(1)

		(2)

		(3)

		(4)

		(5)

		(6)



		

		0.25 Quantile regression



		0.50 Quantile regression



		0.75 Quantile regression





		

		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.



		Marg. Eff.



		St. Err.





		CESDlag (t-1)

		-0.0193

		0.0432

		-0.0140

		0.0343

		-0.0137

		0.0368



		Youth Gender: male

		

		

		

		

		

		



		Race: black

		

		

		

		

		

		



		Race: non-Hispanic & non-black

		

		

		

		

		

		



		Birth order

		

		

		

		

		

		



		Emotional problem consultation last year

		0.3725

		0.2520

		0.2951

		0.1942

		0.3036

		0.1964



		Drug use for behavior problem last year

		-0.1371

		0.5386

		-0.1179

		0.5717

		-0.1203

		0.6386



		Youth has a CPS job

		-0.5308*

		0.2906

		-0.4038*

		0.2317

		-0.3894

		0.2438



		Incidence of family problem during childhood

		

		

		

		

		

		



		Incidence of emotional trauma during childhood

		

		

		

		

		

		



		Age of mother at birth of child

		

		

		

		

		

		



		Mother drinking during pregnancy

		

		

		

		

		

		



		Mother smoking during pregnancy

		

		

		

		

		

		



		Youth living in urban

		0.1016

		0.2243

		0.0691

		0.1728

		0.0624

		0.1653



		Youth living in SMSA

		-0.4018

		0.5442

		-0.3044

		0.3773

		-0.3130

		0.4109



		Maternal highest grade completed

		0.0043

		0.0812

		0.0019

		0.0622

		0.0001

		0.0612



		Maternal # of weeks unemployed last year

		0.0102

		0.0215

		0.0077

		0.0165

		0.0071

		0.0167



		Maternal # of weeks unemployed since last interview

		-0.0053

		0.0127

		-0.0039

		0.0098

		-0.0034

		0.0099



		Maternal total family income

		-1.17E-06

		1.18E-06

		-9.20E-07

		9.03E-07

		-9.67E-07

		9.17E-07



		Maternal family poverty status

		-0.4497**

		0.2086

		-0.3409**

		0.1606

		-0.3381**

		0.1642



		Maternal family low-income level

		-3.59E-06

		1.64E-05

		-2.72E-06

		1.25E-05

		-2.74E-06

		1.22E-05



		

		

		

		

		

		

		



		Instrumental variable: CESD lag (t-2)

		-0.0009

		0.0065

		-0.0006

		0.0048

		-0.0002

		0.0046





1. The point estimates of the marginal effects are based on 500 jittering replications.  

2. The reported standard errors are based on 499 bootstrapping replications.

3. *** denotes statistical significance at 1% level, ** denotes statistical significance at 5% level, * denotes statistical significance at 10% level. 

4. The time-invariant regressors are dropped from the fixed-effects model.
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Figure 2.1: Histogram of youth CES-D depression score
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[bookmark: _Toc298508636][bookmark: _Toc299028642]Figure 2.2: Dynamic quantile regression pooled estimates of marginal effects and 95% confidence intervals by quantiles
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[bookmark: _Toc298508637][bookmark: _Toc299028643]Figure 2.2: Dynamic quantile regression pooled estimates of marginal effects and 95% confidence intervals by quantiles (Continued)
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Table 2.A.1 Variable definition and corresponding survey questions

		Type of variable/ area of interests

		Variable definition

		Corresponding questions and coding in the survey



		Dependent variables

		youth CES-D scale-- main dependent variable; a 7-item scale  

		CESD - POOR APPETITE;                                     

CESD - TROUBLE KEEPING MIND ON TASKS;  

CESD - DEPRESSED;                                              

CESD - EVERYTHING TOOK EXTRA EFFORT; 

CESD - RESTLESS SLEEP;                                    

CESD - SAD;                                                            

CESD - COULD NOT GET GOING                              

0 Rarely, None of the time, 1 Day;
1 Some, A little of the time, 1-2 days;
2 Occasionally, Moderate Amt. of the time, 3-4 days; 

3 Most, All of the time, 5-7 days



		Independent variables: depression at childhood

		History--child depression scale-- depression at childhood age; a 9-item scale

		DEPRESSION - HOW OFTEN CHILD FEELS SAD AND BLUE;                                                 DEPRESSION - HOW OFTEN CHILD FEELS NERVOUS, TENSE, OR ON EDGE;                         

DEPRESSION - HOW OFTEN CHILD FEELS HAPPY;                                                          DEPRESSION - HOW OFTEN CHILD FEELS BORED;                                                      DEPRESSION - HOW OFTEN CHILD FEELS LONELY;                                                    DEPRESSION - HOW OFTEN CHILD FEELS TIRED OR WORN OUT;                                       

DEPRESSION - HOW OFTEN CHILD FEELS EXCITED ABOUT SOMETHING;          

DEPRESSION - HOW OFTEN CHILD FEELS TOO BUSY TO GET EVERYTHING;                

DEPRESSION - HOW OFTEN CHILD FEELS PRESSURED BY MOM OR DAD                                

1 Often;  2 Sometimes;  3 Hardly ever



		Independent variables: youth demographics

		Gender-- sex of youth

		1=male, 2=female



		

		Age-- age of youth at assessment date

		AGE OF YOUNG ADULT (IN YEARS) AT DATE OF INTERVIEW



		

		Race of youth

		1=Hispanic, 2=Black, 3=non-hispanic non-black



		

		Birth order of youth

		Birth order of child, range 1 to 11



		

		Youth marital status

		CURRENT MARITAL STATUS



		Independent variables: home environment/ living area

		History-- Child living with parents in the household

		Child usual residence-- living in a household with parents.

1 IN HOUSEHOLD OF MOTHER

2 WITH FATHER

3 WITH OTHER RELATIVE(S)

4 WITH FOSTER CARE

5 WITH ADOPTIVE PARENT(S)

6 IN LONG TERM CARE INSTITUTION

7 AWAY AT SCHOOL

8 DECEASED

9 PART TIME W/ MOTHER, PART TIME W/ FATHER

10 PART TIME W/ MOTHER, PART TIME W/ OTHER

11 OTHER



		

		Youth live in residence own unit/ parental household/other

		TYPE OF RESIDENCE R LIVES IN-- 

11 OWN DWELLING UNIT

19 RESPONDENT IN PARENTS' HOUSEHOLD (BOTH PARENTS PRESENT)

20 RESPONDENT IN MOTHER'S HOUSEHOLD

21 RESPONDENT IN FATHER'S HOUSEHOLD

22 RESPONDENT IN OTHER RELATIVE'S HOUSEHOLD

15 CONVENT, MONASTERY, OTHER RELIGIOUS INSTITUTE

13 OFF-BASE MILITARY FAMILY HOUSING

12 ON-BASE MILITARY FAMILY HOUSING

16 OTHER INDIVIDUAL QUARTERS (SPECIFY)



		

		Youth live in rural/urban

		IS CURRENT RESIDENCE URBAN OR RURAL?



		

		Youth live in SMSA

		IS CURRENT RESIDENCE IN SMSA?



		Independent variables: cognitive/non-cognitive abilities

		History—

Child Cognitive abilities—PIAT Math score

		PIAT MATH: TOTAL RAW SCORE

PIAT MATH: TOTAL STANDARD SCORE

PIAT MATH: TOTAL PERCENTILE SCORE

(this instrument is administered for the age range of 5-14 years old)



		

		History—

Child Cognitive abilities—PIAT Reading recognition score

		PIAT READING RECOGNITION : TOTAL RAW SCORE

PIAT READING RECOGNITION : TOTAL STANDARD SCORE

PIAT READING RECOGNITION : TOTAL PERCENTILE SCORE

(this instrument is administered for the age range of 5-14 years old)



		

		History—

Child Cognitive abilities—PIAT Reading comprehension score

		PIAT READING COMPREHENSION: TOTAL RAW SCORE

PIAT READING COMPREHENSION: TOTAL STANDARD SCORE

PIAT READING COMPREHENSION: TOTAL PERCENTILE SCORE

(this instrument is administered for the age range of 5-14 years old)



		

		History—

Child Cognitive abilities—PPVT (PEABODY PICTURE VOCABULARY TEST) score

		PEABODY PICTURE VOCABULARY TEST: TOTAL RAW SCORE 

PEABODY PICTURE VOCABULARY TEST: TOTAL STANDARD SCORE

PEABODY PICTURE VOCABULARY TEST: TOTAL PERCENTILE SCORE

(this instrument is administered for the age range of 4-5, and again for the range of 10-11 years old)



		Independent variables: stressful life events

		History—

Child Emotional disturbance

		CHILD HAS SERIOUS EMOTIONAL DISTURBANCE

(available for 1986-2000 direct variable, 2002-2008 loops of questions)

Any health condition/limitation? What is her health condition/ limitation?

One choice is--SERIOUS EMOTIONAL DISTURBANCE



		

		History—

Child PSYCH PROBLEM-EMOTIONAL TRAUMA, MOLESTATION, ABUSE

		(Available for 1988-2008)

During the past 12 months has the respondent seen a psychiatrist, because of –

EMOTIONAL TRAUMA, MOLESTATION, ABUSE



		

		History—

Child PSYCH PROBLEM- FAMILY PROBLEMS OR LOSS

		(Available for 1988-2008)

During the past 12 months has the respondent seen a psychiatrist, because of –

FAMILY PROBLEMS OR LOSS (loss of parents/siblings, divorce)



		Independent variables: health care utilization

		History—

Child psychologist consultation in last year

		During the past 12 months has the respondent seen a psychiatrist, 
psychologist, or counselor about any behavioral, emotional, or mental problem?     1 YES, 0 NO



		

		Youth emotional problem consultation in last year

		During the last 12 months, have you received any help for an emotional, behavioral, or family problem?



		

		Youth prescription drug use for behavior problem in last year

		Do you regularly take any medicine or prescription drugs to help control your activity level or behavior?



		Independent variables: Parental level- SES

		Maternal education-- Highest grade completed

		(Included in the Child Interview)

HIGHEST GRADE COMPLETED BY MOTHER AS OF DATE OF INTERVIEW                                                  



		

		Maternal education-- mother currently enrolled in school

		(Included in the Child Interview)

MOTHER CURRENTLY ATTENDING OR ENROLLED IN REGULAR SCHOOL?           1 YES, 0 NO



		

		Maternal employment status

		Constructed from the NLSY79 main survey

NUMBER OF WEEKS UNEMPLOYED SINCE LAST INTERVIEW

(1994-2008)



		

		Maternal employment status

		Constructed from the NLSY79 main survey

NUMBER OF WEEKS UNEMPLOYED IN PAST CALENDAR YEAR (1994-2008)



		

		Maternal employment status

		Constructed from the NLSY79 main survey

EMPLOYMENT STATUS (only available for 1994-1998 and 2006)



		

		Paternal education

		Included in the Youth Interview

What is the HIGHEST GRADE ever COMPLETED BY your FATHER? (1994-2008)



		

		Paternal employment status

		Included in the Youth Interview

DID FATHER WORK FOR PAY ALL OF last year, PART, OR NOT AT ALL?



		

		Paternal employment status

		Included in the Youth Interview

OCCUPATION OF LONGEST JOB OF FATHER IN 1993 (1970 CENSUS 3 DIGIT)



		

		family income in the family (of mother’s)

		Constructed from the NLSY79 main survey

TOTAL NET FAMILY INCOME IN PAST CALENDAR YEAR-- income from all sources from the respondent and the spouse



		

		financial difficulties in the family (of mother’s)

		Constructed from the NLSY79 main survey

Family poverty status in past calendar year



		

		low-income level in the family (of mother’s)

		Constructed from the NLSY79 main survey

Family poverty level in past calendar year



		Independent variables: 

Youth-SES

(NOTE: these variables are relevant when youth is “emancipated”)

		Status of youth—emancipated or not (question starting from 2000)

		IS R UNEMANCIPATED, AS DEFINED IN Q15-1B?

([flag indicating that R is under 18, living with at least one parent, not 

married, not living with a partner, and has no children]=1)



		

		Youth education

		YEAR OF SCHOOL/GRADE R IS CURRENTLY ENROLLED IN



		

		Youth education

		HAS R EVER REPEATED A GRADE?



		

		Youth education

		HAS R EVER SKIPPED AHEAD A GRADE?



		

		Youth education

		HIGHEST GRADE OF REGULAR SCHOOL R HAS COMPLETED



		

		Youth employment status

		R HAS A CPS JOB?



		

		Youth last job

		EVER WORKED PART-TIME OR FULL-TIME AT JOB LASTING TWO CONSECUTIVE WEEKS OR MORE



		

		Youth last job—industry

		BUSINESS OR INDUSTRY AT LAST JOB LASTING TWO WEEKS OR MORE (2000 CENSUS 3 DIGIT)



		

		Youth last job—occupation categories

		OCCUPATION AT LAST JOB LASTING TWO WEEKS OR MORE (2000 CENSUS 3 DIGIT)



		

		Youth income—own income

		TOTAL INCOME FROM MILITARY SERVICE in the last year

TOTAL INCOME FROM WAGES AND SALARY in the last year

TOTAL INCOME FROM FARM OR BUSINESS in the last year

-- Need to sum up



		

		Youth income—income from spouse/partner (if relevant)

		TOTAL INCOME of spouse/partner FROM MILITARY SERVICE in the last year

TOTAL INCOME of spouse/partner FROM WAGES AND SALARY in the last year

TOTAL INCOME of spouse/partner FROM FARM OR BUSINESS in the last year

-- Need to sum up



		

		Youth income—total income of youth and spouse from other income sources of social security

		THE TOTAL AMOUNT R/SPOUSE/PARTNER RECEIVED FROM THESE OTHER BENEFITS in the last year 

What was the total amount of these (other) veterans benefits, worker's 

compensation, disability payments, or payments from Social Security [R or R's spouse or partner] received during



		Independent variables: Medical/biological factors

		age of mother at birth of child

		Age of Mother at birth of child, 8 categories



		

		mother drinking alcohol during 1 year before birth

		MOTHER DRINK ALCOHOL DURING 12 MONTHS BEFORE BIRTH OF CHILD?   1 YES, 0 NO



		

		frequency of alcohol use during pregnancy 

		FREQUENCY OF ALCOHOL USE BY MOTHER DURING PREGNANCY -- 0 NEVER, 1 LESS THAN ONCE A MONTH,   2 ABOUT ONCE A MONTH,  3 3 OR 4 DAYS A MONTH, 4 1 OR 2 DAYS A WEEK,   5 3 OR 4 DAYS A WEEK,   6 NEARLY EVERY DAY,   7 EVERY DAY



		

		mother smoking during 1 year before birth

		MOTHER SMOKE DURING 12 MONTHS BEFORE BIRTH OF CHILD?



		

		# of cigarettes smoked during pregnancy 

		# OF CIGARETTES SMOKED BY MOTHER DURING PREGNANCY-- 0 DID NOT SMOKE, 1 LESS THAN 1 PACK A DAY, 2 1 OR MORE BUT LESS THAN 2, 3 2 OR MORE PACKS A DAY



		

		Substance (marijuana/hashish/cocaine) use during 1 year before birth

		MOTHER USE MARIJUANA/HASHISH DURING 12 MONTHS BEFORE BIRTH OF CHILD?    Or 

MOTHER USE COCAINE DURING 12 MONTHS BEFORE BIRTH OF CHILD?



		

		frequency of Substance (marijuana/hashish/cocaine) use during pregnancy

		FREQUENCY OF MARIJUANA/HASHISH USE BY MOTHER DURING PREGNANCY Or 

FREQUENCY OF COCAINE USE BY MOTHER DURING PREGNANCY



		Instrumental variables:

SES of grandparents



		Mother/stepmother (of mother’s)—work status

		(only in 1979 survey of NLSY79 main survey)

DID MOTHER/STEPMOTHER WORK FOR PAY ALL OF 1978, PART, OR NOT AT ALL?



		

		Mother/stepmother (of mother’s)—occupation class

		OCCUPATION OF LONGEST JOB IN 1978, R'S MOTHER/STEPMOTHER (CENSUS 3 DIGIT)



		

		Mother/stepmother (of mother’s)—work status

		DID MOTHER/STEPMOTHER WORK > 35 HOURS PER WEEK IN 1978?



		

		Mother/stepmother (of mother’s)—education

		HIGHEST GRADE COMPLETED BY R'S MOTHER



		

		Father/stepfather (of mother’s)—work status

		DID FATHER/STEPFATHER WORK FOR PAY ALL OF 1978, PART, OR NOT AT ALL?



		

		Father/stepfather (of mother’s)—occupation class

		OCCUPATION OF LONGEST JOB IN 1978, R'S FATHER/STEPFATHER (CENSUS 3 DIGIT)



		

		Father/stepfather (of mother’s)—work status

		DID FATHER/STEPFATHER WORK > 35 HOURS PER WEEK IN 1978?



		

		Father/stepfather (of mother’s)—education

		HIGHEST GRADE COMPLETED BY R'S FATHER



		

		Adult female figure (in the household of mother’s)—work for pay

		DID ADULT MALE PRESENT IN HOUSEHOLD AT AGE 14 WORK FOR PAY?



		

		Adult female figure (in the household of mother’s)—occupation class

		OCCUPATION OF ADULT MALE PRESENT IN HOUSEHOLD AT AGE 14 (CENSUS 3 DIGIT)



		

		Adult male figure (in the household of mother’s)—work for pay

		DID ADULT MALE PRESENT IN HOUSEHOLD AT AGE 14 WORK FOR PAY?



		

		Adult male figure (in the household of mother’s)—occupation class

		OCCUPATION OF ADULT MALE PRESENT IN HOUSEHOLD AT AGE 14 (CENSUS 3 DIGIT)



		

		Mother’s family income (at her young adulthood)

		(Available 1979-1986)

TOTAL NET FAMILY INCOME IN PAST CALENDAR YEAR (TRUNC)



		

		Mother’s family income (at her young adulthood)—low income status

		(Only available in 1980, 1981, 1983, 1984, 1985, 1986)

IS TOTAL NET FAMILY INCOME ABOVE OR BELOW THIS LEVEL?










[bookmark: _Toc298776325][bookmark: _Toc298776966]2.A 2 Appendix: Tabulation of the CES-D score

Table 2.A.2 Tabulation of the CES-D score

		CES-D score

		Freq.

		Percent

		Cum.



		0

		1,295

		11.2

		11.2



		1

		983

		8.5

		19.71



		2

		1,352

		11.7

		31.41



		3

		1,794

		15.52

		46.93



		4

		1,293

		11.19

		58.12



		5

		1,089

		9.42

		67.54



		6

		920

		7.96

		75.5



		7

		710

		6.14

		81.64



		8

		537

		4.65

		86.29



		9

		417

		3.61

		89.89



		10

		296

		2.56

		92.46



		11

		227

		1.96

		94.42



		12

		174

		1.51

		95.92



		13

		140

		1.21

		97.14



		14

		86

		0.74

		97.88



		15

		84

		0.73

		98.61



		16

		54

		0.47

		99.07



		17

		39

		0.34

		99.41



		18

		24

		0.21

		99.62



		19

		16

		0.14

		99.76



		20

		15

		0.13

		99.89



		21

		13

		0.11

		100



		Total

		11,558

		100

		












[bookmark: _Toc298776326][bookmark: _Toc298776967]Chapter 3                              Physician Response to Pay-for-performance – Evidence from a Natural Experiment



[bookmark: _Toc298776327][bookmark: _Toc298776968]3.1 Introduction

Explicit financial incentives, especially pay-for-performance (P4P) incentives, have been extensively employed and strongly advocated in recent years by health plans and governments in an attempt to improve the quality of health care services. Pay-for-performance is now a concept that is embraced by a lot of policy makers and is deemed to be a critical component of health care reforms. A typical P4P program offers financial rewards to health care providers for meeting pre-established targets for the provision of specific health care services. These explicit financial incentives, which are used within different compensation schemes, aim to motivate health care providers to provide high-quality care.

A variety of P4P programs have been established in several countries. In the United States, as of 2005 at least 100 nationwide P4P initiatives had been sponsored by health plans, employer coalitions and the Centers for Medicare and Medicaid Services (CMS) (Baker and Carter 2005). Initially, most of the P4P programs were targeted at primary care physicians affiliated with Health Maintenance Organizations (HMO). Since 2004 there has been significant expansion of P4P programs to specialists and hospitals, which use more sophisticated measures for performance assessment (Rosenthal and Dudley 2007, Baker 2004, Baker and Carter 2005).  In the United Kingdom, the British National Health Service (NHS) introduced a pay-for-performance contract for family practitioners in 2004 which linked physician income to performance with respect to 146 quality indicators relating to clinical care for 10 chronic diseases, the organization of care and patient experience (Doran et al. 2006). P4P incentive programs have also been used in Canada, Australia, Haiti and other nations (Frolich et al. 2007).  

The rationale for employing P4P incentives to induce desired physician behaviour comes primarily from principal-agent theory and incentive-contract theory. The classic principal-agent and incentive contract theories analyze how pay-for-performance can be used to elicit desired behaviours from individuals in the presence of information asymmetry. The analysis focuses particularly on how the ability to elicit desired behaviour is constrained by the noisiness of the performance measures, the extent to which the performance is easily monitored, the ability of agents to handle risk, and the extent to which the desired behaviour consists of multiple tasks (Prendergast 1999; Baker 1992; Hart and Holmstrom 1987; Milgrom and Roberts 1992; Stiglitz 1974). The take-away message from these theories is that performance-based contracting can induce agents to improve performance when payment is based on achieving pre-specified performance targets.

	In reality though, using P4P programs to motivate health care providers’ behaviour is controversial. Advocates believe that P4P can fix many of the long-standing deficiencies in the health care system, especially the failure to deliver appropriate and evidence-based care to all patient populations. Years of reforms to general payment mechanisms have had little impact on reducing the deficiencies in health care delivery. This has led to the gradual employment of explicit P4P incentives to link financial gains and losses to quality indicators (Maynard 2008). The belief is that, by making payments at least partly contingent on indicators of high-quality care, P4P programs will induce providers to improve health care quality (Rosenthal and Frank 2006). However, critics argue that P4P programs are not as effective as commonly claimed and often create unintended consequences. Some argue that P4P programs can be very costly because payment used to induce even marginal improvements in quality is often expensive (Christianson et al. 2008; Lewis 2009). Others argue that P4P will induce gaming behaviour by physicians such as strategic coding of patient diagnoses, patient selection and patients-exception reporting (Hutchison 2008; Shen 2003; Richards 2009; Doran et al. 2008; Gravelle et al. 2010). Finally, some P4P programs create unintended consequences such as provider focus on the clinical outcomes subject to incentives to the neglect of other aspects of care (Rosenthal and Frank 2006; Mullen et al. 2010). 

	 Theoretical predictions on physician responses to P4P incentives are ambiguous. Health economists generally model physicians as utility-maximizing service providers who choose their optimal level and mix of services to trade off among income, leisure and other consumption goods (McGuire and Pauly 1991; McGuire 2000). Physician responses to the price increase of the targeted services, generated by individual P4P incentives, are ambiguous because income and substitution effects work in opposite directions. Furthermore, there is no consensus about the specific form of physicians’ utility functions. Besides financial objectives, non-pecuniary factors including medical ethics, professional autonomy and social status, and altruistic concerns about patient outcomes are also argued to influence physician utilities (Scott 2001; Eisenberg 1985; Eisenberg 1986). As a result, physicians are less likely to respond to financial incentives when a falling marginal utility of income renders income less attractive in relation to other objectives (McGuire 2000). Moreover, P4P incentives in health care are often embedded within complex compensation systems and provider organizations (Conrad and Christianson 2004; Frolich et al. 2007), where physicians face different incentives from multiple payers and operate in highly regulated settings.  The effect of P4P incentives can thus be mitigated by other simultaneous incentives. Therefore, how physicians would respond to P4P incentives remains an empirical issue.       

	Empirical studies providing convincing evidence of how performance incentives influence physician delivery of targeted services are scarce. Studies based on Randomized Controlled Trials (RCTs) have limited generalizability due to the small scale of the experiments.  Although the number of observational studies is growing, these empirical studies often suffer from poor study-design. Furthermore, the findings from the existing empirical studies are mixed and inconclusive. Most of them find partial effects of P4P incentives in the sense that physicians respond to some of the incentives but not the others; for the subset of incentives which did improve performance, the magnitude of the improvement is modest. A few studies find consistent positive effects but others find no effect. We will discuss these studies, and others, in more detail in the following section. 

	This study exploits a natural experiment in the province of Ontario, Canada to   identify empirically the impact of pay-for-performance (P4P) incentives on the provision of targeted primary care services. The P4P scheme rewards family physicians (FPs) and general practitioners (GPs) when they achieve targeted levels of service provision[footnoteRef:30]. Primary care reform in Ontario provides a good setting that allows us to employ a difference-in-differences approach to control for potential sources of bias when identifying the effect of P4P incentives on physician behaviour. The policy intervention exposed some, but not all, of the GPs in Ontario to P4P incentives. Therefore, the GPs who were not eligible for the P4P incentives constitute a natural comparison group for our study design. Also, the timing of the P4P implementation allows us to mitigate perfect confounding of other attributes of primary care reform interventions with P4P. The majority of the GPs were exposed to P4P incentives sometime after they participated in the primary care reforms. Using this group of GPs as the treatment group in a difference-in-differences with individual fixed effects method allows us to disentangle the impact of P4P incentives from the effect induced by other policy changes.   [30:  For ease of exposition, for the rest of the paper I will refer to both FPs and GPs as “GPs”.] 


We exploit an administrative data source which covers the full population of the province of Ontario and nearly all GPs. The administrative databases include detailed information on services provided that constitutes over 98% of all physician activity. By linking different sources of administrative databases, we can observe the group of physicians who were affected by the incentives and the group of physicians that were not affected by the incentives in both pre- and post- intervention periods. The population-based nature of this data provides us with a large sample size, while the rich content of the data allows us to address a variety of potential biases that are caused by “selection on observables” and to partially control for potential biases that are caused by “selection on unobservables”. 

Furthermore, the universal public insurance and single-payer system in Canada provides an extra advantage for identifying the P4P incentive effects.  In multiple-payer settings, such as the U.S., as Robinson notes (Robinson 2001), comprehension and compliance to any payment mechanism will be undermined when physicians face different incentives from multiple insurers or organizations. Therefore, the estimates of the P4P incentives from the US studies are expected to be biased towards zero. In Ontario, however, physicians face only a single payer.

	This study also examines the heterogeneity of the P4P incentive effects across different physician types and different practice characteristics. We expect that the impact of P4P incentives is heterogeneous because both the benefit of responding to P4P incentives and the cost of responding likely differ across physicians, services and practices. We compare the incentive effects across physician age, across practices that differ in patient population size, and across practices with different baseline levels of service provision.  
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A large body of empirical studies has examined the effect of financial incentives on physician behaviour. There is considerable evidence that physicians respond to the incentives embedded in different payment schemes (McGuire and Pauly 1991; McGuire 2000; Hurley et al. 1990; Yip 1998; Nguyen and Derrick 1997; Hickson et al. 1987; Krasnik et al. 1990; Scott and Shiell 1997). There is less evidence on physician responses to explicit financial incentives in the form of targeted performance payments intended to guide specific behaviours. 

This study focuses on the effect of pay-for-performance incentives on the behaviour of physicians so we focus the review on thirty studies identified by several recent survey papers (Rosenthal and Frank 2006; Christianson et al. 2008; Petersen et al. 2006; Town et al. 2005; Armour et al. 2001) and by our own search of the literature for papers that pertain to physician responses to P4P incentives (See Appendix 1 for the identified empirical studies).  Among the thirty studies, eight of them are based on RCTs and twenty-two are based on observational studies. 

	The RCTs examine the effects of alternative forms of performance incentives on the provision of targeted services by physicians, such as bonus, bonus based on capitation payment, and bonus with performance feedback. In most RCTs, the incentives are mostly targeted on preventive care services, including influenza immunizations, mammograms, Pap smear, colorectal screening and pediatric immunization. The sample sizes are generally small.

	The results from the RCTs are mixed. Three studies (Grady et al. 1997; Hillman et al. 1998; Hillman et al. 1999) did not detect any significant effect of P4P bonus rewards or bonus rewards combined with performance feedback on physician compliance with cancer screening, pediatric immunization and mammography referrals. Two studies (Fairbrother et al. 1999; Fairbrother et al. 2001) found that a bonus or bonus with performance feedback incentives increased documented coverage levels for childhood immunization, but the measured increase was primarily due to better documentation not better immunization practices. A study of bonus payments for smoking cessation clinics (Roski et al. 2003) found a significant improvement in documentation of patient smoking status and in providing advice to quit, but no effect on quitting rates. The other two RCTs showed a significantly positive effect of using bonus payments at the practice or the clinic level: Kouides et al. (1998) showed that a bonus payment for influenza immunization increased rates by 7 percent; Lawrence et al. (2008) found that the clinics with P4P payments had higher levels of referral rates on tobacco quitline services than the clinics without payments. 

	RCTs are often deemed to be the “gold standard” for identifying the causal effects, but these RCTs often suffer from small sample size problems and cannot easily be generalized or extrapolated. All of these RCTs are based on small scale experiments involving fewer than a hundred physicians or practices. One study (Hillman et al. 1998) involved only 52 physician practices in total. As a result, the effect size might not be statistically identified due to lack of power. Moreover, the intervention studied by these RCTs can make it impossible to disentangle the pure P4P financial incentives effects from other quality management tools. Among these RCTs, two studies (Hillman et al. 1998; Hillman et al. 1999) bundled the bonus payment with performance feedback regarding compliance levels; one study (Grady et al. 1997) bundled financial rewards with the provision of education in the form of chart reminder stickers. 

  	The observational studies are mostly based on small to large scale pilot pay-for-quality programs or quality-improvement initiatives adopted by health plans in the U.S., U.K. and Taiwan. These programs generally covered a broader set of quality indicators than merely preventive care services, such as process and outcome measures for diabetic care, asthma and coronary heart disease and other chronic conditions

	Doran et al. (2006) evaluated the effect of the nationwide P4P program introduced by Britain’s National Health Service in 2004 for family practitioners. The program linked increases in income to performance with respect to 146 quality indicators covering clinical care for 10 chronic diseases, organization of care, and patient experience. The English family practices attained high levels of achievement meeting the quality indicators, as the median reported achievement was 83.4 percent in the first year of the P4P program (April 2004 through March 2005). But this study is based on cross-sectional analysis so it only established an association between high levels of reported achievement and the P4P contracting, not the real effect of the P4P incentives. As Campbell et al. (2007) noted, because a wide range of initiatives, including limited use of incentive programs, had been introduced in the U.K. since 1990, the high levels of quality attained after the 2004 contract might just reflect improvements that were already under way.

	Campbell et al. (2007; 2009) used a before-after design to examine the effect of the 2004 P4P contracting on the quality of care. Both studies measured quality indicators for three chronic conditions --- asthma, coronary heart disease, and type-2 diabetes --- for representative groups of general practitioners. Campbell et al. (2007) measured these quality indicators two times before the P4P contracting (1998 and 2003) and one time after the contracting (2005), and compared the quality score predicted by 1998-2003 trend against the observed quality score in 2005. The results indicate that the introduction of pay-for-performance was associated with a modest acceleration in improvement for two of these three conditions, diabetes and asthma. Campbell et al. (2009) assessed the same quality indicators at an additional time point of 2007, and extended the previous study by using an interrupted time series analysis. The study found that in 2005 the rate of improvement in quality increased for diabetes care and asthma but remained unchanged for coronary heart disease; by 2007, the rate of improvement for all three conditions had slowed down: as compared with the period before the pay-for-performance scheme was introduced, the improvement rate was unchanged for asthma or diabetes and was reduced for heart disease. Since P4P contracting is offered to all general practitioners in the U.K., neither study could include a plausible control group against which to compare changes in service provision following the introduction of the incentives. Other studies based on the same pay-for-performance scheme in the U.K. (Millett et al. 2007; Steel et al. 2007;Vaghela et al. 2009) examined the effect of P4P incentives on other quality indicators such as smoking cessation and hypertension outcomes, and found statistically significant increases in these quality indicators after the introduction of this P4P scheme. They suffer from the same problem of identification thus fail to provide reliable evidence as they employ only simple before-after analysis.    

Evidence of P4P incentives from the U.S. is rapidly growing. Most U.S. studies have been based on small-scale pilot P4P programs adopted by health plans in different states. These studies often suffer from poor study design: some of them only employed simple before-after mean comparison or trend comparison (Levin-Scherz et al. 2006; Young et al. 2007; Cutler et al. 2007; Pearson et al. 2008); others do not provide any counterfactual comparison group (Amundson et al. 2003; Mandel and Kotagal 2007; Chung et al. 2010; Boland et al. 2010; Lester et al. 2010; Coleman et al. 2007). Some of the programs were targeted at health plans or clinics instead of individual physicians, so the lack of individual-level data makes it difficult to draw inference on physician responses to P4P incentives (Felt-Lisk et al. 2007; Gavagan et al. 2010). Furthermore, results are often limited by the small size of these programs. For example, Beaulieu and Horrigan (2005) examined the effect of performance bonuses on the improvement of nine measures for diabetic care by using only 21 physicians as the treatment group. So it is difficult to draw reliable inference from these studies. 

The best evidence to date on the effects of P4P programs are from two observational studies in the U.S. drawn from the P4P initiatives introduced by a large network Health Managed Organization (HMO): PacifiCare Health Plan. The first study (Rosenthal et al. 2005) examined the effect of Quality Incentive Programs (QIP) provided by the PacifiCare Health Plan to medical groups in California in 2002 on physician delivery of cervical cancer screening, mammography and haemoglobin A1c tests. It used a difference-in-differences design by comparing provider groups in California which were affected by these incentives with provider groups in the Pacific Northwest which were unaffected by the incentives but also contracted with PacifiCare Health Plan.  It found that outcomes improved for cervical cancer screening, but did not improve for mammography and the haemoglobin A1c test. The second study (Mullen et al. 2009) built on the first paper and examined the effect of QIP incentives along with another larger P4P program by the Integrated Healthcare Association (IHA). It also concluded that the P4P incentive effects are mixed.  In line with the previous study, the analysis found evidence of a positive effect only for cervical cancer screening, but not for mammography, the haemoglobin A1c test and asthma medication.  Overall, the study concluded that the pay-for-performance scheme resulted in neither a major improvement in quality nor a notable disruption in care (which some hypothesized would be a negative side-effect).

The findings from these empirical studies suggest that the evidence of physician responses to P4P incentives is mixed and inconclusive. Physicians respond to some P4P incentives but not the others. In general, physicians’ response to these financial incentives is of modest size with no evidence of ultimate health improvements for the patients. 
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This study draws on primary care reform interventions in Ontario, Canada as a natural experiment of P4P incentive payments to address the following questions: 1) Does P4P stimulate the delivery of targeted health care services by GPs? 2) Are P4P incentive effects heterogeneous across physician and practice characteristics? Primary care reform in Ontario provided a set of performance-based incentives to some of the primary care physicians in Ontario but not to the others. This produces natural treatment and comparison groups by which to identify the effect of P4P incentives on physician behaviour. The ten-year study period (fiscal years 1998/1999-2007/2008) covers years prior to the provision of the performance-based incentives and those after the implementation. At the beginning of the study period in April 1998, all but a few hundred primary care physicians in Ontario were in the traditional fee-for-service practice; at the end of the study period, more than half of these GPs converted to one or more of the primary care reform models that included the P4P incentives.
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Over the last two decades, the province of Ontario, Canada has launched a series of primary care reform (PCR) models to improve the quality of primary health care. The PCR models are intended to improve quality by: 1) providing P4P incentives to stimulate the delivery of targeted health care services; 2) converting from traditional fee-for-service payment to a blended payment method; 3) integrating primary care physicians, nurses and other professionals into more collaborative, multidisciplinary teams (Wilson 2006). 

	The Ontario Ministry of Health and Long-Term Care (MOHLTC) introduced the different PCR models at different points of time for different purposes. This study focuses on four PCR models: the Family Health Network model (FHN), the Family Health Group model (FHG), the Comprehensive Care Model (CCM) and the Family Health Organization (FHO). The earliest model introduced among these four PCR models is the FHN, which existed as early as 2002, requires a group practice with at least 3 GPs, and is funded through a blended system of capitation for “core” services provided to rostered patients and fee-for-service for both non-rostered patients and for “non-core” services excluded from the basket of capitated services. FHGs were introduced in 2003, also required a group of 3 or more GPs but the basic payment scheme is an enhanced fee-for-service formula, which consists of the traditional fee-for-service payment for usual care, plus some capitation payments for comprehensive care services provided to rostered patients . The CCM model was introduced in 2005, can include only a solo GP, and is funded through fee-for-service. It is the most similar to traditional fee-for-service (FFS) practice. The FHO model was introduced in 2006, like FHNs, and FHGs requires a group of at least 3 GPs, and is funded through a blend of capitation payment and fee-for-service payment for non-rostered patients and for “non-core” services. FHOs and FHNs are similar in the funding scheme but different in size and rostering regulation. There is no size regulation in patient roster size for the FHO model, but for FHN practices the required minimum roster size is 2,400 patients for a group of 3 GPs while a financial penalty applies if the average roster size is greater than 2,400 patients/GP in the practice. Unlike traditional fee-for-service practice, all of the above four PCR models offer enrolment to their patients (optional for FHGs, required for FHNs, CCMs and FHOs), provide comprehensive care, and impose requirements on GPs to provide a minimum of after-hours care.
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Ontario initially introduced elements of pay-for-performance in primary care in 1999 to some small-scale pilot PCR models, and expanded it within primary care in 2004. The 2004 Physician Services Agreement included a large number of incentives targeting various aspects of the organization of PCR practices and the care delivered by physicians in those practices.  Further, as discussed below, the specific incentives and dates of eligibility differ across the various PCR models.

We focus on a set of P4P financial incentives for five preventive care services (referred to as the Service Enhancement Payments for Preventive Care): Pap smears, mammograms, flu shot for seniors, toddler immunizations, and colorectal cancer screening; and on special payments for services in six areas of care of particular interest to the MOHLTC: payments for obstetrical deliveries, hospital services, palliative care, office procedures, prenatal care, and home visits. Table 1 lists the details of the five performance-based incentives for preventive care services and the six special payments for designated sets of services.

3.3.2.1 P4P Incentives for Preventive Care

The P4P incentives for the five preventive care services include two components: a contact payment and the cumulative preventive care bonus payment. The contact payment rewards PCR practices for contacting patients to schedule an appointment to receive a targeted preventive service.  Specifically, the PCR practice receives a contact payment of 6.86 dollars for each eligible patient in the target population that it contacts and for which it provides the Ministry the required documentation. The cumulative preventive care bonus payment rewards PCR practices for achieving high rates of coverage for the targeted preventive services in the physician’s practice populations. 

	Physicians receive cumulative bonus payments for each service on March 31 of each year based on the proportion of its physicians’ eligible and rostered patients who received the targeted service over a specified period of time prior to March 31. Physicians receive a specified amount of money if the proportion reaches a pre-specified coverage threshold, and the payment grows as the proportion exceeds higher thresholds. For example, if 60% of a physician’s rostered female patients in the age of 35 to 69 received a Pap smear for cervical cancer screening during the previous 30 months as of March 31, a physician is rewarded 220 dollars. If 65% of the eligible patient population received a pap smear, a physician receives 440 dollars. The physician is compensated with 660 dollars, 1,320 dollars and 2,200 dollars for coverage rates of 70%, 75% and 80%, respectively. It should be noted that, the bonus payment is only based on the proportion of a physician’s rostered and eligible patients who received the service in the defined time period; the physician with whom the patient is rostered on March 31 need not have provided this service. For example, if a physician provided a Pap smear to a patient on February 1 and that patient changed physicians on March 1 and rostered with a new physician, the patient’s receipt of the Pap smear would count toward the second physician’s bonus calculation on March 31.

It should also be noted that, although the payment is based on the performance of individual physicians, whether the payment is made directly to the individual physician varies across the four PCR models. The payment is made to the physician’s PCR practice for GPs in a FHN; how the practice uses the funds received is determined by the practice[footnoteRef:31]. Physicians in FHGs, CCMs and FHOs receive the payment directly; it does not go to the PCR practice.  [31:  Beginning in 2006, if there is unanimous agreement among the physicians in a FHN practice, the practice could request that the payments be made directly to its individual physicians rather than the FHN. We have no information on the number of practices that have exercised this option. For ease of exposition, for all incentives we refer to “whether a physician receives a payment” even in those instances when the payment was made to the practice rather than the physician.] 


3.3.2.2 P4P Special Payments

The special payments are structured differently. In each case, a physician received a fixed payment if the targeted service was delivered to a minimum absolute level of service provision during the preceding fiscal year, where that minimum is defined in terms of number of services, dollar value of services, number of patients, or a combination of these factors. For each incentive there is also only a single threshold level:  if it is reached, the physician receives the special payment; if it is not reached, the physician does not receive the payment.  For example, if five or more obstetrical services[footnoteRef:32] were delivered to five or more patients in a fiscal year, a physician receives a fixed payment of 3,200 dollars (with an increase to 5,000 dollars since October 2007). Unlike the preventive care bonuses, the services had to be provided by the physician. Moreover, for all six designated services, the payments were made directly to the physician. [32:  Specific services eligible to count toward this special payment include: vaginal delivery, attendance at labor and delivery, Caesarean section, attendance at labor when patient transferred to another centre for delivery, etc. ] 




[bookmark: _Toc298776332][bookmark: _Toc298776973]3.3.3 Eligible Physicians

Not all GPs in Ontario were eligible for these financial incentives. In general, these financial incentives were offered only to physicians practicing in a PCR practice. Therefore, physicians who remained in fee-for-service practices were never eligible to receive these P4P incentives. Only physicians who converted from traditional fee-for-service to PCR models were eligible for some or all of the P4P incentives. Furthermore, eligibility of these P4P incentives differs by PCR models. As a result, physicians were eligible for a P4P incentive only after they converted to one of the PCR models and only after the P4P incentives were in effect for the specific PCR model they joined. During the study period of 1999-2008, the P4P incentives were provided at different time points to the four PCR models. Table 2 presents the eligibility timing for the 11 targeted services by PCR model types. 

As only some physicians in Ontario were entitled to these P4P incentives, this policy intervention serves as a natural experiment that we can exploit to identify the causal effect of P4P incentives. Since we can observe the practice activities of almost every GP in Ontario over 10 years (1999-2008) and because this period spans the introduction of P4P incentives implementation, we can assess the impact of P4P incentives within a difference-in-differences framework by comparing the responses of the GPs exposed to the P4P incentives  against those not exposed to the P4P incentives. 

Of course, the natural experiment formed by this intervention poses some difficulties for identification. First, physicians are not randomly assigned to the PCR models. This will lead to selection bias if we use simple difference-in-differences mean comparison on the responses from eligible GPs against ineligible GPs. Moreover, the PCR model practices are different from the traditional fee-for-service practice in various aspects. Table 3 lists the main differences among each of the four PCR models in the aspects of general payment scheme, practice composition, after-hour services and patient enrolment requirement. Traditional FFS GPs receive only FFS payments, while all PCR model GPs receive a blend of capitation payment and FFS payments, with different proportions of these two components. Unlike the traditional FFS practices, most of the PCR models require GPs to work in group practices (the only exception is CCMs that allow solo practices). Also PCR model GPs have to provide extended services, nurse-staffed telephone health advisory services and on-call services. Lastly, patient enrolment is required in these PCR models except for FHGs but not for FFS GPs. As a result, the identification of the P4P incentive effects may be confounded by differences between the traditional fee-for-service practices and the PCR model practices. 

In spite of these problems, the implementation of the performance-based incentives in Ontario still allows us to identify empirically the P4P incentive effects using several identification strategies to mitigate selection bias and control for confounding effects. As described in the methods section below, eligibility for the incentive payments is not perfectly confounded with joining a PCR: some GPs joined a PCR model before they became eligible for bonus payments (unaware that they would later become eligible for such payments). This enables us to distinguish the effects of the incentive payments from the effects of joining a new practice model. Furthermore, variation in general payment schemes and practice settings among the four PCR models themselves provides us an opportunity to disentangle the effect of P4P incentives from that of other primary care reform features.
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[bookmark: _Toc298776334][bookmark: _Toc298776975]3.4.1 Data Sources

The study draws primarily on four administrative databases of the Ontario Ministry of Health and Long-Term Care (MOHLTC), linked by patient encrypted health number and physician encrypted number. The OHIP Claims Database provided information on all OHIP-funded services received by each resident of Ontario for each month of the study period; the Registered Persons Database provided basic information on each OHIP beneficiary; the Corporate Provider Database provided basic information on each physician and his or her practice; the Client Agency Program Enrolment (CAPE) file provided information on the patient roster for each physician in a PCR practice. OHIP claims data allowed us to identify all services provided by every primary care physician in Ontario. The Client Agency Program Enrolment (CAPE) data allowed us to match every patient to a physician enrolled in a PCR practice, and to identify if this beneficiary should be counted towards the targeted population for each incentive payment. These data merged with the Registered Persons Database provided us with the characteristics of the patient population for each practice. The OHIP Claims Database allowed us to construct the yearly utilization rate of each of the targeted services for every physician. The Corporate Provider Database allowed us to identify if a GP was enrolled with any of the PCR models at any point in time during the study period. Together these four databases enabled us to construct for each primary care physician in the province of Ontario, a measure of their practice population each year and a record of all services received by those patients during the period of 1998/99 to 2007/08 fiscal years. (See Appendix 2 for all the data sources that we used and the information that we extracted from each source).
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The unit of this analysis is a physician. The analyses focus on community-based GPs that do not specialize in a subset of services. We used to following criteria to select the study sample: (1) include physicians who are GPs throughout the study period; (2) exclude part-time GPs who billed less than 30,000 dollars each year; (3) limit the study sample to GPs in an established practice, we only included physicians who had at least two consecutive years of practice before the study period; (4) include GPs for whom office-based consultations accounted for the majority of their activities; (5) exclude locums as they are not eligible for the bonuses; (6) exclude GPs affiliated with the PCR models for which we do not have sufficient data for the analyses; (7) exclude GPs who converted to FFS for more than one time during the study period for simplicity of the analyses. Table 4 documents how many physicians were excluded by the various criteria when they were applied in the order listed. After applying these criteria, we obtained a core sample of 2,185 GPs. 

	Since the eligibility scope and implementation dates for the 11 P4P incentives are different for the four PCR models, the composition and the final sample size of the treatment and control groups vary by the P4P incentives. Again for simplicity of the analysis, we dropped physicians whose “treatment” status “turned on” and “off” more than once during the study period[footnoteRef:33]. The compositions of control and treatment groups as well as the final sample sizes are presented in Table 5, divided into three subsets of targeted services.   [33:  This might be switching back and forth between FFS practice and a PCR model, or switching back and forth between a PCR model which was eligible for the incentives and another PCR model which was not yet eligible for the incentives. ] 
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3.4.3.1 Physician Responses

Physician responses were measured differently for the preventive care services and the designated services for special payments. Because each of the preventive care bonuses is defined with respect to the proportion of a GP’s practice population that has received a specified service as of March 31 each year, the outcome variable is defined as the rate of coverage for the relevant period each year for each preventive care service. For the special payments, the outcome variable is defined as the number of services provided or the number of individuals to whom the designated services had been provided. 

Analyzing the impact of the incentive payments requires that we identify each GP’s practice population on March 31 of each year. Therefore, we used the following steps to define the practice patient population for each GP. For each year we assigned all patients in the Ontario Health Insurance Program (OHIP) physician claims database to a GP and thereby defined a practice population for each GP on March 31 of each year of the study period. Different methods were used to define practice populations for physicians in FFS and physicians in a PCR. Physicians in traditional FFS practice do not roster patients. We defined the practice population for these physicians using the validated methodology developed in Hutchison et al. (1997). Specifically, a physician’s practice population is defined as: all individuals for whom the physician billed OHIP for at least one visit during the previous fiscal year; and all additional patients for whom the physician billed OHIP for at least one visit in each of the two preceding fiscal years. Patients who met these criteria for more than one physician were assigned to the physician who billed for the largest number of visits; if the number of visits was equal, assignment was based on the physician with the most recent visit (for details see Appendix 3). Physicians participating in PCR models have both rostered (the sizable majority) and non-rostered patients. In this case we define the practice population as the set of rostered patients (as indicated by the Ministry Client Agency Program Enrollment database) plus non-rostered patients as assigned by the Hutchison et al. algorithm. As a result, the majority of the OHIP beneficiaries were assigned to a physician for each year of the study period. 

After assigning the patients to each physician based on OHIP claims, we counted the number of patients in each physician’s practice who received a targeted service during the relevant period and constructed the dependent variables for the empirical analysis for each targeted service for each GP in each year. It should be noted that for the mammogram and senior flu shot bonuses, this study requires additional data because patients can receive these services at specialized clinics whose activity is not captured by the OHIP claims database. For the mammogram bonus, we were able to merge individual-level data on services used in these clinics[footnoteRef:34] and so capture all mammograms in the province. For the senior flu shot bonus, we were not able to do this, so our data exclude such service provisions. This has limited our ability to obtain an unbiased estimate of the P4P incentive effects for this service. We will return to and discuss this limitation in the methods section below. [34:  There is a provincial program —Ontario Breast Cancer Screening Program—from which patients can also receive mammograms but these activities were not included in the OHIP claims. Therefore, we integrated this part of data provided by Cancer Care Ontario (CCO) into our analysis for mammograms. Unfortunately, we couldn’t get any data on flu shots provided in the community flu shot clinics so our flu shot analysis suffers from this data limitation.] 


For the five preventive care bonuses, the dependent variable of each targeted service is defined, as of March 31 each year, as the proportion of a GP’s practice population that received the service in question during the relevant period prior to that March 31st. For PCR GPs, this variable is constructed using data from rostered patients only because the Ministry’s criterion for payment of the bonus is defined in reference to rostered patients only. We conduct a sensitivity analysis (see Section 6.1.3 below) using an alternate dependent variable that includes both the rostered and non-rostered patients for GPs in PCR models so to obtain a measure that is more consistent across traditional FFS and PCR physicians. A further complication with this dependent variable definition is that PCR physicians can bill a “tracking code” for patients who receive a flu shot at specialized clinics rather than the GP’s office, an option not available to FFS physicians.  We conduct sensitivity analyses regarding the use of such codes to define flu shot uptake among PCR practices to test the robustness of the findings to this potential problem. 

For the six special payments the dependent variable of each designated service is defined dichotomously, taking on the value of 1 if the physician’s service provision met the criteria for the special payment of interest, and 0 if it did not.

3.4.3.2 Independent Variables

As noted above, the Corporate Provider Database allowed us to identify if and when a GP joined a PCR practice during the study period. Based on this, we constructed a treated/control dummy indicating if a GP was ever eligible for the incentives during the study period, a pre- and post- dummy indicating if an observation was from a period before or after the implementation of P4P incentives, and a treatment dummy which is an interaction term between the above two dummies, taking on the value of 1 when a GP was eligible for the incentive during the time period in question. 

In addition, we included in the analyses a set of independent variables that represent both the supply-side and demand-side characteristics of service utilization. These include characteristics of a physician and the physician’s practice, and basic information of the physician’s patient population. Physician-specific characteristics are physician age, sex, years in practice, activity level measured by total value of claims submitted each year, and a set of work-load variables including days of work, number of patient visits and number of patient visits per working day. Practice-specific variables include: practice model (FFS, FHN, FHG, CCM and FHO), size of practice population, and a set of practice location characteristics measured by Metropolitan Influence Zone (MIZ) categories and the Rurality Index of Ontario (RIO). The MIZ categories indicate the degree of influence that metropolitan areas have on the geographic location of a practice; the RIO score indicates the degree of rurality of a practice location. We also control for a set of patient population characteristics, including the mean age of a physician’s patient population, and the proportion of female, infant and elderly patients in the practice. The detailed covariate definitions are listed in Appendix 4.   

3.4.3.3 Descriptive Statistics of Independent Variables 

Table 6 presents sample descriptive statistics at the pre-intervention baseline, defined as of March 31, 2003, disaggregated by the control group and the incentive group.[footnoteRef:35] The control group GPs differ at baseline from the incentive group GPs. First, incentive group GPs are younger and have fewer years of practice experience than control group GPs. This observed difference is not surprising because we expect that GPs whose complying costs are relatively smaller are more likely to participate in the PCR models. Younger GPs are more flexible in practice style thus more easily adapt to the specific rules of the PCR practice. Second, a higher proportion of incentive group GPs are female than control group GPs. This might be due to the fact that female GPs are more interested in, or better at, collaborative team production. Third, for all five bonuses and the special payment on palliative care, incentive group GPs worked more days and more intensively than the control group GPs before the intervention and they had larger practice sizes. But this pattern is reversed for the other five special payments on obstetrical deliveries, hospital services, office procedures, prenatal care and home visits. For the five bonuses and the special payment on palliative care, the patient population demographics are similar between incentive and control groups, except that the incentive group GPs have practices with slightly more female and infant patients. For the other five special payments, the incentive group GPs also have practices with slightly more female and infant patients, but they also have an older patient population. Finally, incentive group GPs are more homogenous (as indicated by smaller standard deviations) than control group GPs.   [35:  As noted above, the definition of the control groups differs slightly across some of the incentives, but the patterns are so similar across the cases that we have collapsed them into one table.] 
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As described above, the policy intervention in Ontario serves as a natural experiment that we can exploit to identify the causal effect of P4P incentives. The treatment of interest is a set of P4P incentives targeted on 11 specific health care services or sets of services. Specifically, this policy intervention conditions the eligibility of the P4P incentives on the PCR model-participation status. A simple difference-in-differences approach can provide us with an estimate of the P4P incentive effects by directly comparing the mean change across the PCR model GPs and the FFS GPs. However, voluntary participation generates non-random assignment of GPs to treatment, invalidating the simple difference-in-differences approach (Meyer 1995). In other words, we expect that the “treated” GPs are systematically different from the “non-treated” ones and these differences may contribute to the observed difference in the response of GPs to P4P incentives. Therefore, identification of the causal effect hinges on how well the selected comparison group represents the counterfactual of the treatment group, and on the extent to which we can mitigate selection bias.  

	As noted in the descriptive statistics above, GPs who join PCR models differ from those who stay in FFS at the pre-intervention baseline in a number of ways. For example, PCR GPs are younger and have fewer years of practice experience, and their workload is in general different from those in traditional fee-for-service. These differences in physician characteristics might cause estimation bias generated by both “selection on observables” and “selection on unobservables”. We discuss in Section 5.2.1 below the empirical strategies used to mitigate selection bias. 

One might also be concerned about possible confounding from other factors-- it is possible that some of the observed differences in response to P4P incentives between treatment groups and control groups are actually caused by other unobserved attributes pertaining to the PCR practice rather than the P4P incentives. For example, an important institutional difference between some PCR and FFS practices is that these PCR models are paid by a mixture of FFS and capitation instead of traditional FFS piece rates. One might expect that FFS physicians respond less to P4P bonuses related to preventive care services because the opportunity cost may be greater for FFS physicians than for physicians paid by capitation or salary in the sense that doing more preventive care may preclude the provision of other services that generate higher fees per unit time. Another type of confounding may arise if we are concerned about separate initiatives that influence the level of utilization of the services being analyzed. The potential sources of this type of confounding and the strategies we use to control for them are described in Section 5.2.2 below.
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3.5.2.1 Strategies to Mitigate Selection Bias

We employ several identification strategies to mitigate the selection bias that may be generated by both observable and unobservable physician characteristics. First, we control for important aspects of physician characteristics and practice characteristics that might be correlated with the self-selection process and are also important in determining the provision of the targeted services. The data allow us to control for physician characteristics including physician demographics, work experience, and work load measures; and practice characteristics including practice size, geographical location of the practice and patient population characteristics of the practice. 

	Second, to address selection bias generated by unobservable characteristics, we exploit the longitudinal nature of the data and employ a difference-in-differences approach with individual fixed effects. As noted above, GPs may self-select into PCR models through a process linked to unobserved physician characteristics. This type of selection bias can be reduced to the extent that the unobserved components that determine both the self-selection behaviour and the outcomes are physician-specific and time-invariant, and thereby can be differenced out by a difference-in-differences approach with individual fixed effects.

	A potential limitation of the above approach is the lack of control for unobserved temporal individual-specific components that affect the selection into the treatment and control groups (Blundell and Costa Dias 2000). This could be a problem if some GPs self-selected into PCR models because of temporary shocks that are directly related to the targeted health care services. However, this should not be an overriding concern in this study for the following reasons. First, participating in a PCR model is unlikely to depend on short-term changes that affect the utilization rates of the targeted services, such as a sudden demand-side change or an onset of other simultaneous policies that are targeted to these specific services. The monetary values of these P4P incentives constitute a very small proportion of the total income of GPs. So it is unlikely that any temporary changes related to the targeted services caused the conversion behaviour. This assumption is reinforced by the fact that only a very small proportion of GPs who converted from a FFS practice to PCR models switched back to FFS practice during the ten-year study period. Second, any unobserved temporary shocks that are correlated with PCR participation should not play a major role in determining the utilization of the specific services that are targeted by P4P incentives, because most of the treatment group GPs already converted a number of years prior to becoming eligible for the P4P incentives. Hence, the incentives are unlikely to be the underlying reason for conversion behaviour. 

3.5.2.2 Strategies to Control for Confounding Effects 

	We are concerned about potential confounding from a PCR-practice effect because PCR practices have features (beyond the P4P incentives) not found in traditional fee-for-service practices. We argue that this type of confounding can be controlled in the analyses in the following ways. First, the eligibility timing of the P4P incentives in the PCR models facilitates the reduction of this confounding. The policy intervention provided the P4P incentives to different PCR models in different time periods, but it created essentially three types of physicians groups: a non-incentive group, an incentive group 1 and an incentive group 2 (see Figure 1). The non-incentive group consists of the GPs who remain in FFS over the study period. Since they were never eligible for the incentives, they are used as the legitimate control group in the difference-in-differences design. Incentive group 1 consists of the GPs who joined a PCR model and simultaneously became eligible for the P4P incentives. This group of physicians can be used as part of the treatment group but this is problematic-- given that participation in PCR models is a voluntary process, the P4P incentive effect is perfectly confounded by the selection into the PCR model for this group of physicians. Incentive group 2 consists of GPs who joined a PCR model before the P4P incentives were introduced and who therefore became eligible for the P4P incentives only after they had participated for some time in a PCR model. This group of GPs pertains to the majority of physicians who were entitled with the incentives in this study. Using this group of physicians as the treatment group can mitigate the problem of confounding. Because these physicians chose to participate in PCR before (and with no expectation for future P4P incentives) the introduction of the P4P incentives, the incentive effect is not perfectly confounded by the other PCR-model features. Second, we use alternative treatment groups in the comparison to mitigate confounding from some specific PCR attributes. This approach is possible for this study since we can exploit the variation on several dimensions across different PCR models to conduct falsification tests on the effects of some specific confounders over the P4P incentive effects. For example, to rule out the possibility that the difference in the general payment scheme is causing the difference in responses, we restrict the treatment GPs to those PCR GPs who were also compensated mainly by fee-for-service and compare their behaviour with the FFS control group GPs. If we still observe a difference in responses, we can conclude that it is not likely that the general payment scheme is causing the observed P4P incentive effects. 

Our identification is complicated by potential confounding effects of separate initiatives that could influence the level of utilization of preventive care services during the study period. Potential confounding from such other initiatives is of greatest concern for senior flu shots, breast cancer screening and colorectal screening.  The province has invested heavily in its universal flu vaccination program since 2000, both in making the flu shot available through special clinics and in promoting the uptake of the flu shot. Flu shots obtained through a flu shot clinic rather than in the GP office are not recorded in the OHIP database.  Similarly, women can obtain a mammogram through the Ontario Breast Screening Program, which offers specialized clinics for mammograms.  Mammograms obtained through these clinics are also not recorded in the OHIP claims database, though, as noted above, we are able to capture such utilization by integrating data from Cancer Care Ontario, the provincial agency that oversees the breast screening program. Finally, beginning in 2004 Ontario launched a pilot program to encourage colorectal cancer screening, and in 2007 launched a population-based colorectal cancer screening program (“ColonCancerCheck”) in collaboration with Cancer Care Ontario. 

However, none of these initiatives are specific to patients in PCR practices: they offer services to all eligible Ontario residents.  Consequently, the inclusion of the fee-for-service control group controls for the general impact of these programs on the receipt of the respective services through GP offices as long as they affected provision equally for physicians in the control and treatment groups. A problem arises only if there is an interaction effect between these programs and treatment/control status. One concern for flu shots and mammograms is that physicians eligible for incentive payments may have differential incentives to encourage their patients to receive the service through the GP office (and captured by the OHIP database) rather than one of the specialized clinics (not captured by OHIP).  Because we capture all mammogram utilization (that included in OHIP and that from Cancer Care Ontario) this does not pose a problem for mammograms.  But for flu shots we do not capture shots provided in specialized clinics, and in the presence of a differential incentive, this omission would lead to an over-estimate of the effect of the incentive payment.  

Finally, the identification of the difference-in-differences with individual-fixed effects approach is based on the assumption of a parallel trend between treatment and control groups. In order to control for the different time trends across treatment and control groups, we use the difference-in-differences adjusting for differential trends approach as suggested by Bell, Blundell and Reenen (1999). This model relaxes the assumption of parallel trends between the control and treatment group GPs when these differential trends have different impacts on the outcome between the P4P system and the non-P4P system.
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We employ the following empirical approaches to evaluate the impact of the P4P incentives. 

3.5.3.1 Simple Difference-in-Differences with Pooled OLS 

The effect of each P4P incentive can be estimated by comparing the treatment and comparison group in the behaviour change before and after the exposure to the incentives.  Consider the model:



where  [image: ]is the utilization score of service j for physician i in fiscal year t; Xit is a set of covariates; Tt is a treatment dummy equal to 1 if this is post-period and 0 otherwise; Di[image: ] is a treatment dummy  equal to 1 if this physician is in the treatment group and 0 otherwise; Tt*Di [image: ]is the interaction term taking on a value of 1 if GP i was exposed to the P4P incentives at time t. The estimated coefficient of this term,  indicates the difference-in-differences (DID) P4P incentive effect. θtj [image: ]is a set of year dummies; µitj [image: ]is the idiosyncratic term. The above equation is estimated by a pooled linear or nonlinear panel data model. 

	In order to account for possible serial correlation of the dependent variable over time, we adjust the standard errors by clustering at the individual physician level in the above simple DID estimation and for all the DID models below. This would mitigate the over-rejection problem for DID estimates (see Bertrand, Duflo and Mullainathan 2004) when the inference of the regular t-statistic is based on unadjusted standard errors[footnoteRef:36].  [36:  We use the “cluster” option in STATA estimation commands to adjust for standard errors for intragroup correlation among observations over time for each physician. As Bertrand et al. noted (Bertrand, Duflo and Mullainathan 2004), this type of adjustment works well when the number of clusters is large (e.g. N is greater than 50). Our sample size (number of physicians) is sufficiently big for this adjustment to mitigate this problem. ] 


3.5.3.2 Difference-in-Differences with Individual Fixed Effects 

In order to control for fixed unobserved factors that could influence both selection into a PCR model and provision of the targeted services, we include a set of individual-specific fixed effects:



[image: ]where [image: ]is a set of physician dummies, and is the idiosyncratic term. The above equation is estimated by a fixed effects linear or nonlinear panel data model. 

3.5.3.3 Difference-in-Differences with Differential Trend Model

To relax the parallel trend assumption we use the difference-in-differences with differential trend model suggested by Bell, Blundell and Reenen (1999). This specification assumes that:



[image: ]where  captures the unobservables and the noise.  is an unobserved trend. If the P4P GPs and the non-P4P GPs have different trends, the impact of these trends is allowed to differ across the two groups, which is captured by  and[image: ] [footnoteRef:37]. This paper follows the regression operationalization of Wagstaff and Moreno-Serra (2009). Incorporating the assumption described in (3), we get the following model:   [37:  Note that P is the subscript for the “P4P” group trend; N is the subscript for the “Non-P4P” group trend.] 




which can be estimated by a fixed effects model including year dummies and year dummies interacted with the treatment dummy, i.e.



In the above model the impact of P4P incentives varies over time, but the average impact of P4P incentives can be estimated as:

Mean P4P impact = .     (6)[image: ]

Because the parallel trend assumption implies [image: ], this assumption can be tested by testing the nonlinear restriction:



Non-rejection of the hypothesis would suggest that  [image: ] and provide evidence in favour of the parallel trend assumption and the difference-in-differences with individual fixed effects model.

	It should be noted that we could only run a full set of regression analyses described above for the five bonuses, but not for the six special payments. As indicated by Table 5, because the eligibility scope and implementation dates for the 11 P4P incentives are different across the four PCR models, the composition and the final sample size of the treatment and control groups vary by the P4P incentives. Most of our P4P GPs became eligible for the five preventive care bonuses in 2006, except colorectal cancer screening, for which most of our P4P GPs became eligible in 2005. For the six special payments, most of the P4P GPs became eligible in 2005, 2006 and 2007, except for the palliative care special payments, for which most of the P4P GPs became eligible in 2003, 2004 and 2005. Accordingly, for the six special payments, we estimate the difference-in-differences models separately for three subsets of P4P GPs based on the year they became eligible for the payments. Moreover, as the five bonuses were provided to all four PCR models considered in the study while the six special payments were provided to only some of the PCR models (i.e. FHNs and FHOs), there are far fewer GPs constituting the treatment groups in the analysis for the six special payments than for the five cumulative bonuses. As a result, we could estimate the full set of difference-in-differences models and conduct the robustness checks and sensitivity analyses for the five bonuses, but could only estimate the simple pooled difference-in-differences model with the full sample for the six special payments. For the same reason, we could only conduct subgroup analyses for the five bonuses, but not for the six special payments.
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We can only document the extent to which GPs contacted patients to arrange the receipt of preventive services for the period after the identifying codes were introduced in the fee schedule. Table 7 presents the proportion of eligible physicians who submitted at least one claim for contacting a patient to arrange an appointment to deliver a preventive care service. Two things are noteworthy:  (1) the rate of uptake is relatively low — with the exception of a couple of years for the senior flu shot, less than 45% of eligible physicians submitted even a single claim; (2) and there is no noticeable upward trend — in fact, the proportion has been falling in recent years for 4 of the 5 services. Figure 2 presents the mean number of claims per eligible physician for each service. For all services except senior flu shots, the mean number of claims per eligible physician is fewer than 20; even for senior flu shots the mean exceeds 100 for only one year during this period.   Overall, there appears to have been little response to these contact incentive payments.

	The main outcome measures for this study are the utilization rates of the services that are targeted by the 11 P4P incentives. The unadjusted time paths of compliance levels of all the targeted services are shown in Figure 3 through Figure 13. The horizontal axis represents the years from March 31, 1999 to March 31, 2008. For the preventive care services, the vertical axis is the mean proportion of patients who received the targeted services. For the special payments the vertical axis is the proportion of physicians who achieved the targeted performance level. The lines represent the time trends for the control group, and for treatment groups defined in terms of the year when a GP first became eligible for the incentive. For example, incent2003 represents GPs who were first eligible during fiscal year 2002-2003. We can detect a specific pattern of change in trend to the introduction of the P4P incentives for Pap Smears, colorectal cancer screenings, and palliative care. For these services, compared to the control group, provision in the incentive groups started to increase and diverge at the time of exposure to the incentives. This suggests possible effects of the P4P incentive payments for these services. The trend for mammograms displays equivocal evidence. We could not detect any specific pattern in the trend for senior flu shots, toddler immunizations, obstetrical deliveries, hospital services, office procedures, prenatal care and home visits. For most of these 11 services, incentive group GPs started with higher baseline compliance levels so it is possible that a selection effect exists in the means of the compliance levels for treatment versus control groups. 
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3.6.2.1 Estimates for the Full Sample 

Table 8 presents the estimates of the P4P incentive effects for the five preventive care bonuses based on three difference-in-differences models for the full sample. Column (a) lists the baseline compliance level of each targeted service, which is defined as the average utilization rate of this service in 2003. Panels (b), (c) and (d) of Table 8 present the estimates of the P4P incentive effects based on a difference-in-differences with the pooled OLS model, a difference-in-differences with individual fixed effects model, and a difference-in-differences with differential trend model, respectively. The marginal effects estimates indicate the percentage change of the service provision due to the introduction of each bonus payment. In order to account for possible correlation of the observations over time for each physician, we calculated the robust standard errors by clustering by individual physician. The results based on a difference-in-differences with the fixed individual effects model show that the bonus payment had a statistically significant effect on the provision of senior flu shots, Pap Smears, mammograms and colorectal cancer screenings, while its effect on the provision of toddler immunizations is not statistically significant[footnoteRef:38]. The absolute level of increase in compliance is 2.8%, 4.1%, 1.8% and 8.5% for senior flu shots, Pap smears, mammograms and colorectal cancer screenings, respectively. It is notable that the marginal effect estimates based on a difference-in-differences with the pooled OLS model are similar to the above figures, except that the incentive effect estimates are not significantly different from zero for senior flu shots and mammograms in the pooled OLS model. The estimates based on a difference-in-differences with the differential trend model are consistent with those from the individual fixed effects model while indicating slightly larger effects for all five services.  [38:  As noted by Moulton (1986, 1990), and Donald and Lang (2007), in regression models with mixture of individual and grouped data, the failure to account for the presence of common group errors can generate estimated standard errors that are biased downward dramatically. Our DID estimates may suffer from this problem, under the assumption that physicians in the same practice may have correlated standard errors. Accordingly, adjusting the standard errors for clustering by practice (instead of clustering by individual physician) could correct for the over-rejection problem with our DID estimates. However, we have not done so because we could not properly identify physician practice for FFS GPs and CCM GPs. As a result, our current estimates overstate the statistical significance of the P4P incentive effects, and adjustment for clustering would weaken the evidence of an incentive effect.] 


Panel (e) of Table 8 presents the test statistic and the p-value from the nonlinear restriction test on the parallel-trend assumption as described in Equation (7). The results indicate that the null hypothesis of a common trend between the P4P GPs and non-P4P GPs is not rejected at the 5% level for senior flu shots, toddler immunizations and mammograms but is rejected for Pap smears and colorectal cancer screenings. Therefore, the parallel trend assumption is reasonable for senior flu shots, toddler immunizations and mammograms. For these services, the regression results from the difference-in-differences with fixed individual effects model are plausible, while we prefer the results from the differential trend model to the results from the difference-in-differences with fixed individual effects model for Pap smears and colorectal cancer screenings. Even though the parallel trend assumption does not hold for some services, the magnitude of the estimated incentive effects is similar across these two models. 

3.6.2.2 Robustness Checks with Alternative Samples

The above results may be subject to bias due to the confounding from other PCR model characteristics. As a robustness check we restrict the treatment group to PCR GPs who joined PCR practices before becoming eligible for P4P incentives. This robustness check is conducted only for the five preventive care bonuses. Panel (b) in Table 9 presents the estimated P4P incentive effects from a difference-in-differences with individual fixed effects model based on the sample of GPs who joined PCR practices before becoming eligible for the P4P incentives. Column (a) lists the baseline compliance level of each targeted service in 2003 for this sample. The regression results show that the estimated P4P incentive effects are robust to this refinement of the treatment group. Therefore, we conclude that the estimated P4P incentive effects are unlikely to be generated by other PCR practice characteristics. 

	We also used a falsification test to check whether the observed incentive effects are linked to the general payment scheme, which differs between most treatment and control physicians. As a second robustness check we restrict the treatment group to GPs working in PCR practices that are paid primarily by FFS. If we observe that the response of this subgroup of GPs is not significantly different from those in traditional FFS practices, we have evidence that compromises the estimated P4P incentive effects. Panel (d) of Table 9 presents the estimates of P4P incentive effects based on the sample of GPs in PCR models funded primarily by FFS. The results indicate that refining the treatment group in this way does not change the estimates of the incentive effects from those based on the full sample. This is consistent with the full sample estimation and first robustness check. Overall, the results from these two robustness checks indicate that the full-sample estimates do not suffer from the possible confounding of other PCR attributes.

3.6.2.3 Sensitivity Analyses on the Study Design

In order to test the sensitivity of the regression results, we conducted four sensitivity analyses to address limitations on the study design and assumptions. 

	As noted above, one complication with the current study design is that PCR physicians can bill a “tracking code” for patients who receive a flu shot at specialized clinics rather than the GP’s office, an option not available to FFS physicians. We conduct sensitivity analyses regarding the use of such codes to define flu shot uptake among PCR practices to test the sensitivity of the findings to this potential problem.  In the first sensitivity analysis, we redefined the dependent variables for the incentive payments by excluding the claims from the PCR physicians with these shadow-billed tracking Q-codes. This would give us a lower bound of the true estimates of the incentive effects. Table 10 presents the estimated marginal effects based on a difference-in-differences with individual fixed effects model for the full sample and the two alternative samples we used above. The results from this sensitivity analysis indicate that the base case estimates are robust to this change of definition in that the significance level of the incentive effects stays the same while the magnitude is slightly smaller (as we would expect). The basic conclusions from the main analysis therefore appear to hold. 

The second sensitivity analysis aims to test for the consistency of different methods we used to calculate the performance level for the FFS physicians and the PCR physicians. As discussed previously, the dependent variable could not be defined identically for the PCR and the FFS GPs: for PCR GPs, this variable is constructed using data from rostered patients only because the Ministry’s criterion for payment of the bonus is defined in reference to rostered patients only. Therefore, we added in the non-rostered patients for the PCR physicians in the calculation of the dependent variables and compared the performance level based on both rostered and non-rostered patients against that of the FFS physicians. Table 11 presents the estimated marginal effects for this sensitivity analysis based on a difference-in-differences with individual fixed effects model for the full sample and the two alternative samples we used above. The results show that the estimates are robust to this change in the dependent variable definition. The magnitude of the estimated incentive effect is slightly larger under the second sensitivity analysis. We interpret this as the selection effect introduced by our algorithm of assigning the patients—the non-rostered patients within a PCR physician’s patient population that are assigned by our algorithm are utilizers of the services thus are more likely to receive preventive care services from this physician.

One additional rule for the FHG and CCM physicians to receive the bonus payment is that they need to reach a minimum threshold of patient roster size. In the third sensitivity analysis, we estimate the incentive effects over only the subset of FHG and CCM physicians with rosters over the minimum threshold at the time of the bonus introduction. The results from this sensitivity analysis represent short-run responses as opposed to long-run responses represented by the base case results, because the patient roster size could be endogenized over time. Table 12 presents the estimated marginal effects for the third sensitivity analysis based on the difference-in-differences with individual fixed effects model for the full sample and the two alternative samples we used above. The results from this sensitivity analysis confirm the significance of the incentive effects and show a slightly larger response from the physicians who had already achieved the minimum roster size. 

At the beginning of the bonus payment introduction, physicians might be just starting to enroll patients into their practice or ramping up for the incentive payment. The calculated performance level might therefore be noisy in the sense that the targeted performance is based on the proportion of patients who received the services. In the fourth analysis we dropped the observation of transition year, i.e. the first year that the treatment group GPs became eligible for the bonuses, from the empirical analyses to remove the potential noise in the observed behaviour in the first period of transition. Table 13 presents the estimated marginal effects for this sensitivity analysis based on the difference-in-differences with individual fixed effects model for the full sample and the two alternative samples we used above.  The estimated marginal effects of incentives are not sensitive to this change and are slightly larger in size than the base case results.   
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Table 14 presents the P4P incentive effects for the six special payments from estimating the difference-in-differences with pooled logit model. Column (a) lists the baseline compliance level of each targeted service, which is defined as the proportion of GPs whose pattern of service provision in 2003 exceeded the special payment target level. We present the results separately for the subsets of GPs who became eligible for these incentives in 2005, 2006 and 2007[footnoteRef:39] in panel (b), (c) and (d) respectively. The marginal effect estimate indicates the absolute change in the proportion of physicians whose service provision is predicted to exceed the target level as a result of the special payments. There is no statistically significant incentive effect that is consistent over these three subsamples for any of these special payments[footnoteRef:40]. Overall, the results suggest little if any response to the special payments: all the estimates are small and not statistically different from zero. [39:  For the palliative care payment, the results are presented separately for the subsets of GPs who became eligible for the incentive since 2003, 2004 and 2005 instead. ]  [40:  Statistically significant results are found only for one subsample for office procedures and prenatal care. ] 
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There are reasons to expect that responses may differ by physician age, practice size, and baseline level of compliance.  To investigate this we conduct three sets of subgroup analyses and present the results in this section[footnoteRef:41]. The subgroup analyses are conducted only for the five bonuses due to the small sample sizes for the six special payments. [41:  A hypothesis that response is associated with the size of the group a GP works in cannot be tested with our data due to the missing information on group size for the control group GPs.     ] 


	The first panel of Table 15 presents the estimates from the difference-in-differences with individual fixed effects model for the subgroup analyses by physician age for the five preventive care bonuses. We see a clear age gradient for Pap smear, mammograms and colorectal cancer screenings whereby younger physicians respond more to the P4P bonuses than do older physicians. An age-gradient is not discernable for senior flu shots and toddler immunizations. For senior flu shots, we observe that only middle-age physicians responded to the incentives. This indicates the possibility that the relatively weak incentive effect from the whole sample analysis for senior flu shots is driven by the response of the middle-age physicians. We only detect a statistically significant incentive effect in the oldest age group for the toddler immunization bonus, but this effect is only weakly significant at the 10% level. 

	The second panel of Table 15 presents estimates by practice size.  Overall, the results indicate that physicians with larger practices tend to be more responsive to the P4P incentives. For the Pap smear incentive there is essentially no difference in the magnitude of the estimated effects across categories of practice size. For the mammogram and senior flu shot incentives, there is a statistically significant incentive effect only for the largest practices but no effect for small-size or mid-size practices. For colorectal cancer screenings, the pattern is clear that the incentive effect is larger for larger sized practices. 

	The third panel of Table 15 presents the difference-in-differences estimates for the subgroup analysis by baseline level of compliance. For three of the five preventive services, the response is greatest for those physicians with the lowest levels of baseline provision (senior flu shots and mammograms) or for physicians with the lowest and middle levels (colorectal cancer screenings)[footnoteRef:42]. This is consistent with the hypothetical pattern that physicians with lower baseline compliance levels tend to respond more, except for Pap smears in which physicians in the middle quartiles responded the most.  [42:  Note that for mammograms, the incentive effects for the middle-quartile and top quartile are about the same; while for colorectal cancer screenings, the incentive effects for the lowest quartile and the middle quartile are about the same. ] 




[bookmark: _Toc298776346][bookmark: _Toc298776987]3.7 Discussion and Conclusions

Our estimates of the incentive effects indicate that the cumulative preventive care bonus payments for Pap smears, mammograms, senior flu shots and colorectal cancer screenings have modestly improved the performances of GPs in the provision of these targeted services. The bonus on toddler immunizations and the special payments on obstetrical deliveries, hospital services, palliative care, office procedures, prenatal care and home visits, had no effect on the provision of these targeted services. Regression results are consistent and similar in magnitude across the series of difference-in-differences models that we use in sequence to partly control for “selection on observables” and “selection on unobservables”. The results from the robustness checks with alternative study samples suggest that it is unlikely that the baseline estimates are driven by confounding effects between P4P incentives and other features of PCR practices. The sensitivity analyses also indicate that the main regression results are robust to different definitions of dependent variables and alternative estimation samples, reassuring the validity of our study design.

	In general, our empirical results confirm the empirical literature, which indicates little effect of employing P4P incentives to improve the quality of health care. Among the eleven incentives we considered, seven of them did not result in significant improvement of service provision, while the other four only slightly increased the utilization of the targeted services. As noted above, because we could not adjust the standard errors for possible clustering on practice in estimating the difference-in-differences models, our current estimates overstate the statistical significance of the P4P incentive effects, reinforcing the general conclusion that these incentives are not very effective. Unlike evidence based on P4P programs in the U.S., our findings are derived from observations in a publicly funded single-payer system, so the effect of P4P incentives is not confounded by the institution of multiple payers. Moreover, we found that even for the incentives that generated responses, the magnitude of the response rates varies across targeted services, across physician characteristics and across practice settings. Specifically, physicians responded to the bonuses for preventive care services but not for special payments. Physician responses differ significantly across physician age and initial service provision level.      

	The differing physician responses to the preventive service bonuses and the special payments may be due to a number of factors. First, the costs of complying are different for these two sets of incentives. The preventive care services targeted by the five bonuses do not require special costs in provision and are within the expected competency of a GP. Some preventive care services can even be provided by non-physician staff. However, the services targeted by the six special payments often require a fixed cost. Services like obstetrical deliveries often incur some cost related to insurance premiums and require a commitment to be available for deliveries at all hours of the day. Also, providing services like hospital visits and home visits involves additional time costs and re-organization costs (i.e. re-organizing one’s schedule for visits). Therefore, relatively larger financial incentives are required to cover these costs and to induce desired behaviours by GPs. Second, providing preventive care is well documented to be effective and is well established as consistent with high-quality care, but services subject to special payments in Ontario have no strong link to quality of care. Lastly, the preventive care bonuses are complementary to other attributes of the PCR models while this is not true for the special payments. For example, unlike the physicians remaining in FFS practice, the physicians who participated in PCR models were eligible for financial support to adopt electronic medical record systems that can provide automatic reminders when a patient should receive regularly scheduled services. This feature generally does not apply to the provision of special services as it does to the provision of preventive care services.     

	The general take-away message from our empirical results is that physicians do not automatically respond to performance-based financial incentives as expected. Although principal-agent theory suggests the potential to employ P4P incentives to motivate physicians in providing high-quality care, physician responses to such incentives are not easily predicted. The heterogeneity of physician responses found in our study suggests that physician behaviours may be constrained by a complex set of objectives that we do not directly observe. Therefore, more refined positive analyses on physician health care delivery are warranted to inform future implementation of different and customized incentive schemes to elicit desired physician behaviours.   	Overall, our results deliver a cautionary message regarding the effectiveness of employing pay-for-performance to increase the quality of health care. The overall small physician responses to the introduction of P4P incentives in Ontario indicate the rather low power of using these incentives to motivate high quality care. One possible reason is that the absolute size of the financial incentives for these services in general is too small to generate the desired response from the physicians. After all, the income increase related to these incentives is only a small proportion relative to the total income for most of the GPs, so the increase of marginal utility related to this income increment likely works very marginally in a physician’s service provision decisions. Nonetheless, we would then expect that it will be even more costly to achieve the pre-specified improvement of service provision if we continue to employ the same incentive structure. As indicated in the recent literature on pay-for-performance, the P4P incentives need to be more carefully designed (Christianson et al. 2008; Epstein 2006; Hutchison 2008). As noted above, the cost of complying may vary substantially among different types of procedures and services. Therefore, tailoring the absolute size of financial incentives for different targeted services according to the relative costs of complying may provide a more cost-effective solution. Furthermore, our findings also suggest that there is only limited scope of using P4P incentives to increase the provision of targeted services. The employment of P4P incentives is only effective when the targeted performance or tasks are strongly linked to professional standards of high quality care. This is reflected in the fact that physicians tend to be more responsive to P4P incentives designed around the provision of preventive care services, which are unquestionably consistent with medical guidelines on providing high-quality care. Therefore, future implementations of P4P incentives could be restricted only to these services. Finally, the P4P incentives should be redesigned so that the target measures are more closely related to real standards of high quality care. For example, financial incentives can be linked to quality indicators that aim to increase access to health care, or to those representative of evidence-based health care. 

Further studies on performance payment incentives can be extended in several directions. Like much of the current literature on P4P, we could not obtain any patient health outcome measures, so we only rely on utilization rates or provision levels in our analyses. These measures may not be representative of the health care quality per se and patient health outcomes would be better indicators of quality. Therefore, it will be important to document the effect of P4P incentives on patient health outcomes if such data become available in the future. Moreover, it is interesting to test whether there is a “spill-over” effect of only rewarding the provision of a small subset of services. It is possible that physicians reallocate their time or other resources from the unrewarded services to the rewarded services to obtain more income. Finally, exploring other factors that might be complementary to P4P incentives will help us design better P4P programs for eliciting optimal behaviour among physicians.
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[bookmark: _Toc298508638][bookmark: _Toc299028644]Figure 3.1: Groups of Physicians with Different Timing in PCR Participation and P4P Incentive Exposure
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[bookmark: _Toc298508639][bookmark: _Toc299028645]Figure 3.2: Mean Number of Claims for Contact Incentive Payments per Eligible Physician
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[bookmark: _Toc298508640][bookmark: _Toc299028646]Figure 3.3: Share of Target Practice Population Receiving Targeted Service-- Senior Flu Shot

[image: ]









[bookmark: _Toc298508641][bookmark: _Toc299028647]Figure 3.4: Share of Target Practice Population Receiving Targeted Service-- Toddler Immunzation
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[bookmark: _Toc298508642][bookmark: _Toc299028648]Figure 3.5: Share of Target Practice Population Receiving Targeted Service -- Pap Smear
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[bookmark: _Toc298508643][bookmark: _Toc299028649]Figure 3.6: Share of Target Practice Population Receiving Targeted Service -- Mammogram
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[bookmark: _Toc298508644][bookmark: _Toc299028650]Figure 3.7: Share of Target Practice Population Receiving Targeted Service — Colorectal cancer screening
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[bookmark: _Toc299028651]Figure 3.8: Proportion of Physicians Achieving the Targeted Performance Level of Service — Obstetrical deliveries
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[bookmark: _Toc298508646][bookmark: _Toc299028652]Figure 3.9: Proportion of Physicians Achieving the Targeted Performance Level of Service — Hospital services
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[bookmark: _Toc299028653]Figure 3.10: Proportion of Physicians Achieving the Targeted Performance Level of Service — Palliative care
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[bookmark: _Toc298508648][bookmark: _Toc299028654]Figure 3.11: Proportion of Physicians Achieving the Targeted Performance Level of Service — Office procedures
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[bookmark: _Toc298508649][bookmark: _Toc299028655]Figure 3.12: Proportion of Physicians Achieving the Targeted Performance Level of Service — Prenatal care
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[bookmark: _Toc298508650][bookmark: _Toc299028656]Figure 3.13: Proportion of Physicians Achieving the Targeted Performance Level of Service — Home visits
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		#

		Financial incentive

		Eligibility condition

		Bonus Payment



		Preventive Care Service Enhancement Payments



		Contact Payment



		             -- payment of $6.86 for each documented contact for eligible patients to obtain the preventive service



		Cumulative Care Preventive Service Bonus



		1

		Seniors’ influenza immunizations

		Bonus payment based on the proportion of the physician’s eligible (aged 65 or more) and rostered patients on March 31 who received the flu shot in the previous flu season. 

		· $220 (60% of patients)

· $440 (65% of patients)

· $770 (70% of patients)

· $1,100 (75% of patients)

· $2,200 (80% of patients)



		2

		Pap smears

		Bonus payment based on the proportion of the physician’s eligible(females aged 35 to 69) and rostered patients on March 31 who received a Pap smear for cervical cancer screening during the last 30 months. 

		· $220 (60% of patients)

· $440 (65% of patients)

· $660 (70% of patients)

· $1,320 (75% of patients)

· $2,200 (80% of patients)



		3

		Mammograms

		Bonus payment based on the proportion of the physician’s eligible (females aged 50 to 69) and rostered patients on March 31 who received a mammogram for breast cancer screening during the last 30 months. 

		· $220 (55% of patients)

· $440 (60% of patients)

· $770 (65% of patients)

· $1,320 (70% of patients)

· $2,200 (75% of patients) 



		4

		Toddler immunizations

		Bonus payment based on the proportion of the physician’s eligible (children aged 30 to 42 months) and rostered patients on March 31 who received 5 immunizations by the age of 30 months. 

		· $440 (85% of patients)

· $1,100 (90% of patients)

· $2,200 (95% of patients)



		5

		Colorectal cancer screenings

		Bonus payment based on the proportion of the physician’s eligible (aged 50 to 74) and rostered patients on March 31 who was administered a colorectal screening test by Fecal Occult Blood Testing during the last 30 months. 

		· $220 (15% of patients)

· $440 (20% of patients)

· $1,100 (40% of patients)

· $2,200 (50% of patients)



		Annual Special Payments



		6

		Obstetrical deliveries

		Payment if 5 or more obstetrical services were delivered to 5 or more patients in a fiscal year. 

		$3,200 (increased to $5,000 in October 2007)



		7

		Hospital services

		Payment if hospital services provided to all patients total at least $2,000 in a fiscal year. 

		$5,000 (increased to $7,500 in April 2005 for those with a Rurality Index of Ontario score greater than 45)



		8

		Palliative care

		Payment if palliative care services are delivered to four or more patients in a fiscal year.

		$2,000



		9

		Office procedures

		Payment if office procedures provided to enrolled patients total at least $1,200 in a fiscal year. 

		$2,000



		10

		Prenatal care

		Payment if prenatal care services  are provided to five or more enrolled patients in a fiscal year.

		$2,000



		11

		Home visits

		Payment if 100 or more home visits are provided to enrolled patients in a fiscal year.

		$2,000










[bookmark: _Toc298777389][bookmark: _Toc298777761][bookmark: _Toc299027035][bookmark: _Toc299027508][bookmark: _Toc299027949][bookmark: _Toc299028791]Table 3.2: Eligibility for Preventive Care Bonuses and Special Payments



		

		

		

		2002

		2003

		2004

		2005

		2006

		2007

		2008



		Preventive Care Bonuses



		Senior Flu Immunization. Toddler Immunization, Pap Smear and Mammogram



		   FHN

		

		

		   April



		   FHG

		

		

		

		

		

		

		

		   April



		   CCM

		

		

		

		

		

		

		

		   April



		   FHO

		

		

		

		

		

		

		

		   April



		Colorectal Cancer Screening



		   FHN

		

		

		

		

		

		

		   April



		   FHG

		

		

		

		

		

		

		   April



		   CCM

		

		

		

		

		

		

		   April



		   FHO

		

		

		

		

		

		

		

		   April



		



		Special Payments



		Obstetrical Services, Hospital Services, Office Procedures, Prenatal Care and Home Visits



		   FHN

		

		

		   April



		   FHG

		

		

		- never eligible -



		   CCM

		

		

		- never eligible -



		   FHO

		

		

		

		

		

		

		 November



		Palliative Care



		   FHN

		

		

		   April



		   FHG

		

		

		

		   July



		   CCM

		

		

		- never eligible -



		   FHO

		

		

		

		

		

		

		 November



		Note: Date PCR models introduced: FHN: April 2002; FHG: July 2003; CCM: October 2005; FHO: November 2006.



















PhD Thesis - Jinhu Li                    McMaster University - Economics



[bookmark: _Toc298777390][bookmark: _Toc298777762][bookmark: _Toc299027036][bookmark: _Toc299027509][bookmark: _Toc299027950][bookmark: _Toc299028792]Table 3.3: Key Characteristics of Primary Care Models Included in This Study

		Model 

(Year Introduced)

		Size/Rostering

		Funding 



		Traditional 

Fee-for-service

(whole period)

		No size regulation

No rostering

		· Fee-for-service



		Family Health Network (2002)

		Physician:

· At least 3 GPs   

Rostering:

· Minimum total roster of 2400 for group of 3

· Financial penalty for average rosters > 2400 per GP

		Blended Capitation:

· Age-sex adjusted capitation for rostered patients for 57 core services (about 80% of gross income)

· 10% of FFS rate for core services to rostered patients

· Access Bonus: 20.65% of the base capitation payment less value of outside use by rostered patients

· Monthly comprehensive care capitation payments for formally rostered patients 

· 100% of FFS rate for core services to non-rostered patients up to $45,000 per physician

· 100% of FFS rate for excluded services to either rostered or non-rostered patients



		Family Health Group (2003)

		Physician:

· At least 3 GPs   

Rostering:

· Voluntary



		Blended fee-for-service:

· 100% FFS as usual

· 10% premium on FFS rate for specified comprehensive care services provided to rostered patients (Ministry-assigned and formally rostered)

· Comprehensive care premium 

· Monthly comprehensive care capitation payments for formally rostered patients

· Some premiums/ bonuses paid only for formally rostered patients



		Comprehensive Care Model (2005)

		Physician:

· Solo practice

Rostering

· Required

· No size regulation

		Blended fee-for-service:

· 100% FFS as usual

· Monthly comprehensive care capitation for rostered patients 



		Family Health Organization (2006)



		Physician:

· At least 3 GPs 

Rostering

· Required

· No size regulation

		Blended capitation:

· Capitation for core services to enrolled patients

· Access bonus: maximum of 18.59% of the base rate payment less outside use by rostered patients

· 100% FFS for excluded services to all patients and for non-enrolled patients

· Monthly comprehensive care capitation payments for formally rostered patients 

· 100% of FFS rate for core services to non-rostered patients up to $45,000 per physician

· 100% of FFS rate for excluded services to either rostered or non-rostered patients





Note:  Some of these elements were present for different periods for the different PCR model
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		Criterion

		Rationale

		Resulting Sample Size



		All Ontario physicians present in claims data at any point between April 1998 and March 2008 

		

		 37,422



		Exclude physicians not present in all 10 years of the study period

		Exclude physicians who began to practice later than April 1998 or who interrupted their practice or who left province during the study period

		- 21,415

= 16,007



		Exclude physicians whose specialty is not general/family practice during entire study perioda

		Only GPs are eligible for incentives; we exclude those billing as GP while attaining specialization

		- 8,533

= 7,474



		Exclude physicians who billed less than $30,000 annually

		Exclude part-time physicians

		- 1,304

= 6,170



		Exclude physicians without two consecutive years of practice before start of study (i.e., April 1996 to March 1998)

		Exclude new GPs who are newly establishing their practice at the start of the study period 

		- 3,835

= 2,335



		Exclude GPs for which billings for A001, A003, and A007 constitute less than 70% of activity, and GPs for which billings for A001, A003 and A007 constitute less than 50% of all activity and a single "non A-code" category constitutes over 15% of activityc

		Exclude GP specialists whose main activity is other than providing traditional family medicine visits and consultationsb

		 - 95

= 2,240



		Exclude locumsd

		Locums are not eligible for the incentivese

		 - 19

= 2,221



		Exclude GPs affiliated with the following primary care groups: RNPGA, HSO, PCN, SEAMO, GHC or ICHAf 

		Such GPs did not submit claims data or submitted only shadow billing claims; available data are insufficient for the analysis

		 - 32

= 2,189



		Exclude GPs who converted between FFS and PCR practices for more than one time during the study period

		Such GPs do not represent typical observations in service provision behaviour  

		  - 4

= 2,185





a A physician’s specialty was defined as the specialty under which the largest share of services were billed (based on the fee approved).  

b An additional criterion whereby a GP with more than 25% of billings for K-codes was classified as a GP psychotherapist was rendered superfluous by this 70% rule. 

c The following ophthalmology codes are treated as a “non A” category: A009A, A110A, A111A, A112A, A114A, A115A, A237A, A238A, A239A, A240A, E077A.

d Locums were identified using information on the Group Type in the Corporate Provider Database.  We were able to identify locums only imperfectly.

e GPs in walk-in-clinics do not regularly provide the services eligible for the financial incentives under study and should therefore be excluded from the analysis.  We considered excluding GPs with a high proportion of billings for code A888 (Emergency Department Equivalent – Partial Assessment); however, once all of the above criteria were applied, this criterion was redundant. 

f RNPGA: Rural and Northern Physician Group Agreement; HSO: Health Service Organization; PCN: Primary Care Network; SEAMO: Southeastern Ontario Medical Organization; GHC: Group Health Care; IHCA: Inner City Health Associates.
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		Preventive Care Incentives



		Senior Flu Shot, Toddler Immunization, Pap Smear, Mammogram



		Control Group

		· FFS 

		433 physicians



		Treatment Group

		· FHN starting from April 2002

· FHG starting from April 2007

· CCM starting from April 2007

· FHO starting from April 2007

		1,722 physicians



		Colorectal Cancer Screening



		Control Group

		· FFS 

		427 physicians



		Treatment Group

		· FHN starting from April 2006

· FHG starting from April 2006

· CCM starting from April 2006

· FHO starting from April 2007 

		1,730 physicians



		Special Payments



		Obstetrical Care, Hospital Services, Office Procedures, Prenatal Care, and Home Visits



		Control Group

		· FFS

· FHG

· CCM

		1,962 physicians



		Treatment Group

		· FHN starting from April 2002

· FHO starting from November 2006 

		218 physicians



		Palliative Care



		Control Group

		· FFS

· CCM

		560 physicians



		Treatment Group

		· FHN starting from April 2002

· FHG starting from July 2003

· FHO starting from November 2006 

		1,596 physicians
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Table 3.6. Descriptive Statistics in the Pre-intervention Period: Control and Incentive Groups

		 

		Control Group

		

		Incentive Group

		

		Equal Means

		Equal Variance



		

		Mean

		Median

		St. Dev

		

		Mean

		Median

		St. Dev

		

		p-value

		p-value



		

		

		

		

		

		

		

		

		

		

		



		Preventive Care Incentives for Senior Flu Shot, Toddler Immunization, Pap Smear, Mammogram, Colorectal Cancer Screening and Special Payment for Palliative Care 





		Physician Characteristics



		   Age

		54.0

		54.0

		10.8

		

		49.0

		49.0

		8.4

		

		0.000

		0.000



		   Female

		0.213

		-

		-

		

		0.270

		-

		-

		

		-

		-



		   Years Licensed

		22.1

		20.0

		11.6

		

		18.1

		16.0

		8.8

		

		0.000

		0.000



		Practice Characteristics



		   Size

		1,408

		1,345

		668

		

		1,605

		1,572

		573

		

		0.000

		0.000



		   Patient Age

		39.7

		39.3

		8.5

		

		38.6

		38.0

		6.2

		

		0.000

		0.000



		   Proportion Female

		0.528

		0.493

		0.121

		

		0.544

		0.506

		0.111

		

		0.000

		0.000



		   Proportion Infants

		0.016

		0.014

		0.014

		

		0.023

		0.021

		0.014

		

		0.000

		0.009



		   Proportion Elderly

		0.144

		0.119

		0.111

		

		0.135

		0.119

		0.079

		

		0.000

		0.000



		Workload



		   Annual Workdays

		250.6

		249.8

		44.2

		

		263.7

		261.8

		38.8

		

		0.000

		0.000



		   Annual Visits

		7,663.0

		7,337.8

		3,531.0

		

		8,466.2

		8,307.5

		3066.3

		

		0.000

		0.000



		   Visits/Workday 

		30.3

		29.1

		12.8

		

		31.9

		31.0

		10.2

		

		0.000

		0.000



		

		

		

		

		

		

		

		

		

		

		



		Special Payments for Obstetrical Care, Hospital Services, Office Procedures, Prenatal Care, and Home Visits 



		Physician Characteristics



		   Age

		50.2

		50.0

		9.3

		

		47.8

		47.0

		8.1

		

		0.000

		0.000



		   Female

		0.255

		-

		-

		

		0.284

		-

		-

		

		-

		-



		   Years Licensed

		19.1

		17.5

		9.6

		

		17.8

		15.0

		8.8

		

		0.000

		0.000



		Practice Characteristics



		   Size

		1,571

		1,526

		608

		

		1,497

		1,491

		478

		

		0.000

		0.000



		   Patient Age

		38.8

		38.2

		6.9

		

		39.1

		38.8

		5.3

		

		0.091

		0.000



		   Proportion Female

		0.538

		0.500

		0.114

		

		0.565

		0.528

		0.102

		

		0.000

		0.000



		   Proportion Infants

		0.021

		0.019

		0.014

		

		0.027

		0.025

		0.013

		

		0.000

		0.000



		   Proportion Elderly

		0.136

		0.117

		0.088

		

		0.151

		0.147

		0.069

		

		0.000

		0.000



		Workload



		   Annual Workdays

		260.8

		260.3

		40.4

		

		264.2

		261.8

		38.9

		

		0.000

		0.018



		   Annual Visits

		8,392

		8,209

		3,230

		

		7,424

		7,383

		2,415

		

		0.000

		0.000



		   Visits/Workday 

		31.9

		31.0

		10.9

		

		27.8

		27.8

		7.4

		

		0.000

		0.000





Notes: the null hypothesis of the t-tests on the equality of means is that the variable has the same mean for the treatment and control groups; the null hypothesis of the F-tests for the homogeneity of variances is that the variable has the same standard deviation for the treatment and control groups.
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		Pap Smear

		Mammogram

		Senior Flu Vaccine

		Toddler Immunization

		Colorectal Cancer Screening



		2003-04

		0.43

		0.30

		0.22

		0.17

		-



		2004-05

		0.28

		0.19

		0.62

		0.13

		-



		2005-06

		0.44

		0.36

		0.62

		0.06

		0.02



		2006-07

		0.37

		0.27

		0.47

		0.06

		0.18



		2007-08

		0.30

		0.25

		0.40

		0.04

		0.19







Note: Only physicians in FHNs were eligible from 2003-04 to 2005-06 for the contact incentive payments; FHN and FHO physicians were eligible for 2006-07 and 2007-08; FHGs and CCMs were never eligible during the study period; they became eligible April 1, 2008.  FFS physicians were never eligible and remain ineligible.
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		DID with pooled OLS model

		

		DID with physician-specific fixed effects model

		

		DID with differential trend model

		

		Specification test



		

		(a)

		

		(b)

		

		(c)

		

		(d)

		

		(e)



		

		Baseline Compliance in 2003

		

		Marginal Effect   (St. Error)

		Sample size:

# obs

(# GPs)

		R2

		

		Marginal Effect   (St. Error)

		Sample size:

# obs

(# GPs)

		R2

		

		Marginal Effect   (St. Error)

		Sample size:

# obs

(# GPs)

		R2

		

		Wald Test Statistics

		P-value



		Senior Flu Shot

		0.554

		

		0.013 (0.010)

		19,866

(2,029)

		0.371

		

		0.028*** (0.007)

		19,866

(2,029)

		0.470

		

		0.036***         (0.009)

		19,866  (2,029)

		0.469

		

		2.71

		0.100



		Toddler Immunization

		0.543

		

		-0.007       (0.013)

		16,826

(1,999)

		0.278

		

		0.011       (0.011)

		16,826

(1,999)

		0.356

		

		0.004         (0.014)

		16,826

(1,999)

		0.356

		

		0.66

		0.417



		Pap Smear

		0.589

		

		0.031*** (0.006)

		19,926

(2,029)

		0.433

		

		0.041*** (0.004)

		19,926

(2,029)

		0.115

		

		0.050*** (0.006)

		19,926

(2,029)

		0.115

		

		12.17

		0.001



		Mammogram

		0.646

		

		0.004 (0.007)

		19,888

(2,029)

		0.351

		

		0.018*** (0.005)

		19,888

(2,029)

		0.158

		

		0.022***   (0.006)

		19,888

(2,029)

		0.158

		

		1.44

		0.230



		Colorectal Cancer Screening

		0.150

		

		0.095*** (0.009)

		19,918

(2,027)

		0.217

		

		0.085*** (0.005)

		19,918

(2,027)

		0.373

		

		0.113***   (0.006)

		19,918

(2,027)

		0.379

		

		66.30

		0.000





*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical significance at the 10% level.
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		GPs who joined PCR before introduction of bonuses as treatment group

		

		

		

		GPs in PCR models funded primarily by fee-for-service as treatment group



		

		(a)

		

		(b)

		

		(c)

		

		(d)



		

		Baseline Compliance in 2003

		

		Marginal Effect   (St. Error)

		Sample size:

# obs

(# GPs)

		R2

		

		Baseline Compliance in 2003

		

		Marginal Effect   (St. Error)

		Sample size:

# obs

(# GPs)

		R2



		Senior Flu Shot

		0.561

		

		0.028***         (0.007)

		19,073  (1,948)

		0.468

		

		0.554

		

		0.024***         (0.007)

		18,550  (1,893)

		0.471



		Toddler Immunization

		0.548

		

		0.010         (0.011)

		16,162   (1,919)

		0.356

		

		0.543

		

		0.010         (0.011)

		15,669   (1,863)

		0.352



		Pap Smear

		0.591

		

		0.041***   (0.004)

		19,130   (1,948)

		0.117

		

		0.589

		

		0.040*** (0.004)

		18,607   (1,893)

		0.111



		Mammogram

		0.653

		

		0.017***   (0.005)

		19,093   (1,948)

		0.152

		

		0.646

		

		0.018***   (0.005)

		18,569   (1,893)

		0.163



		Colorectal Cancer Screening

		0.144

		

		0.079***   (0.006)

		13,158  (1,341)

		0.364

		

		0.150

		

		0.085***   (0.006)

		17,778   (1,808)

		0.355







*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical significance at the 10% level.
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		Full Sample

		

		GPs who joined PCR before introduction of bonuses

		

		GPs in PCR models funded primarily by FFS



		

		(a)

		

		(b)

		

		(c)

		

		(d)



		

		Baseline Compliance in 2003

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2



		Senior Flu Shot

		0.554

		

		0.013* (0.007)

		19,866

(2,029)

		0.469

		

		0.013*         (0.007)

		19,073  (1,948)

		0.468

		

		0.011         (0.007)

		18,550  (1,893)

		0.471



		Toddler Immunization

		0.543

		

		0.008       (0.011)

		16,826

(1,999)

		0.352

		

		0.007         (0.011)

		16,162   (1,919)

		0.352

		

		0.007         (0.011)

		15,669   (1,863)

		0.349



		Pap Smear

		0.589

		

		0.024*** (0.004)

		19,926

(2,029)

		0.084

		

		0.024***   (0.004)

		19,130   (1,948)

		0.085

		

		0.024*** (0.004)

		18,607   (1,893)

		0.084



		Mammogram

		0.653

		

		0.017*** (0.005)

		19,888

(2,029)

		0.162

		

		0.017***   (0.005)

		19,093  (1,948)

		0.156

		

		0.017***   (0.005)

		18,569   (1,893)

		0.167



		Colorectal Cancer Screening

		0.150

		

		0.068*** (0.005)

		19,918

(2,027)

		0.341

		

		0.061***   (0.005)

		13,158  (1,341)

		0.334

		

		0.067***   (0.006)

		17,778   (1,808)

		0.325







*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical significance at the 10% level. 
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		Full Sample

		

		GPs who joined PCR before introduction of bonuses

		

		GPs in PCR models funded primarily by FFS



		

		(a)

		

		(b)

		

		(c)

		

		(d)



		

		Baseline Compliance in 2003

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2



		Senior Flu Shot

		0.554

		

		0.043*** (0.006)

		20,207

(2,029)

		0.466

		

		0.044***         (0.007)

		19,398  (1,948)

		0.465

		

		0.041***         (0.007)

		18,847  (1,893)

		0.468



		Toddler Immunization

		0.543

		

		0.007       (0.010)

		17,416

(1,999)

		0.372

		

		0.006         (0.010)

		16,732   (1,919)

		0.372

		

		0.007         (0.010)

		16,200   (1,863)

		0.367



		Pap Smear

		0.589

		

		0.042*** (0.004)

		20,245

(2,029)

		0.099

		

		0.043***   (0.004)

		19,435   (1,948)

		0.102

		

		0.041*** (0.004)

		18,885   (1,893)

		0.094



		Mammogram

		0.646

		

		0.027*** (0.004)

		20,228

(2,029)

		0.150

		

		0.028***   (0.004)

		19,419   (1,948)

		0.147

		

		0.027***   (0.004)

		18,868   (1,893)

		0.153



		Colorectal Cancer Screening

		0.150

		

		0.089*** (0.005)

		20,217

(2,027)

		0.365

		

		0.085***   (0.005)

		13,364  (1,341)

		0.365

		

		0.089***   (0.005)

		18,029   (1,808)

		0.344







*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical significance at the 10% level.
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		Full Sample

		

		GPs who joined PCR before introduction of bonuses

		

		GPs in PCR models funded primarily by FFS



		

		(a)

		

		(b)

		

		(c)

		

		(d)



		

		Baseline Compliance in 2003

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2



		Senior Flu Shot

		0.560

		

		0.031*** (0.007)

		18,156

(1,843)

		0.469

		

		0.030***         (0.007)

		17,706  (1,798)

		0.469

		

		0.028***         (0.007)

		16,956  (1,720)

		0.471



		Toddler Immunization

		0.548

		

		0.010       (0.011)

		15,480

(1,814)

		0.370

		

		0.011         (0.011)

		15,094   (1,770)

		0.370

		

		0.009         (0.011)

		14,423   (1,691)

		0.366



		Pap Smear

		0.591

		

		0.043*** (0.004)

		18,212

(1,843)

		0.120

		

		0.043***   (0.004)

		17,762   (1,798)

		0.120

		

		0.043*** (0.004)

		17,010   (1,720)

		0.116



		Mammogram

		0.649

		

		0.029*** (0.005)

		18,179

(1,843)

		0.183

		

		0.028***   (0.005)

		17,729   (1,798)

		0.181

		

		0.029***   (0.005)

		16,977   (1,720)

		0.188



		Colorectal Cancer Screening

		0.154

		

		0.091*** (0.006)

		17,877

(1,806)

		0.380

		

		0.083***   (0.006)

		12,443  (1,262)

		0.367

		

		0.090***   (0.006)

		15,918   (1,607)

		0.363







*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical significance at the 10% level.




[bookmark: _Toc298777400][bookmark: _Toc298777772][bookmark: _Toc299027046][bookmark: _Toc299027519][bookmark: _Toc299027960][bookmark: _Toc299028802]Table 3.13: Sensitivity analysis 4: Preventive Care Bonuses, Estimated Marginal Effects, Difference-in-Differences Estimator with Physician-specific Fixed Effects—Dropping Transition Year/First Year of Incentive Exposure

		

		

		

		Full Sample

		

		GPs who joined PCR before introduction of bonuses

		

		GPs in PCR models funded primarily by FFS



		

		(a)

		

		(b)

		

		(c)

		

		(d)



		

		Baseline Compliance in 2003

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2

		

		Marginal Effect   (St. Error)

		Sample size:

 # obs 

(# GPs)

		R2



		Senior Flu Shot

		0.554

		

		0.037*** (0.009)

		18,329

(2,029)

		0.475

		

		0.036***         (0.009)

		17,607  (1,948)

		0.473

		

		0.033***         (0.009)

		17,136  (1,893)

		0.476



		Toddler Immunization

		0.543

		

		0.002       (0.015)

		15,365

(1,999)

		0.318

		

		0.001         (0.015)

		14,760   (1,919)

		0.318

		

		0.001         (0.015)

		14,328   (1,863)

		0.316



		Pap Smear

		0.589

		

		0.049*** (0.006)

		18,389

(2,029)

		0.106

		

		0.050***   (0.006)

		17,665   (1,948)

		0.107

		

		0.050*** (0.006)

		17,193   (1,893)

		0.102



		Mammogram

		0.646

		

		0.035*** (0.006)

		18,352

(2,029)

		0.173

		

		0.035***   (0.006)

		17,628   (1,948)

		0.169

		

		0.034***   (0.006)

		17,156   (1,893)

		0.177



		Colorectal Cancer Screening

		0.150

		

		0.111*** (0.006)

		18,381

(2,027)

		0.390

		

		0.105***   (0.007)

		12,259  (1,341)

		0.377

		

		0.112***   (0.007)

		16,457   (1,808)

		0.372







*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; * indicates statistical significance at the 10% level.
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Table 3.14: Main Results: Special Payments, Estimated Marginal Effects, Difference-in-Differences Estimator (No Physician-specific Fixed Effects)

		

		

		

		GPs Eligible for Special Payments in 2005

		

		GPs Eligible for Special Payments in 2006

		

		GPs Eligible for Special Payments in 2007



		

		(a)

		

		(b)

		

		(c)

		

		(d)



		

		Baseline Compliance in 2003

		

		Marginal Effect   (St. Error)

		Sample size:

# obs

(# GPs)

		PseudoR2

		

		Marginal Effect   (St. Error)

		Sample size:

# obs

(# GPs)

		Pseudo R2

		

		Marginal Effect   (St. Error)

		Sample size:

# obs

(# GPs)

		PseudoR2



		Obstetrical Services

		0.043

		

		-0.0004   (0.005)

		19,934  (1,998)

		0.302

		

		-0.004         (0.004)

		20,187  (2,025)

		0.308

		

		0.013         (0.024)

		20,196  (2,028)

		0.302



		Hospital Services

		0.272

		

		-0.013       (0.035)

		19,777  (1,985)

		0.481

		

		-0.005         (0.074)

		20,052  (2,012)

		0.482

		

		-0.019         (0.037)

		20,138  (2,021)

		0.482



		Office Procedures

		0.405

		

		0.006    (0.064)

		19,897  (1,995)

		0.167

		

		0.075    (0.127)

		20,175  (2,022)

		0.171

		

		-0.141***    (0.053)

		20,209  (2,026)

		0.165



		Prenatal Care

		0.544

		

		0.314***    (0.107)

		19,857  (1,991)

		0.295

		

		0.106    (0.070)

		20,109  (2,016)

		0.295

		

		0.184    (0.127)

		20,151  (2,020)

		0.294



		Home Visits

		0.045

		

		0.007    (0.007)

		18,814  (1,893)

		0.225

		

		0.003    (0.012)

		19,251  (1,934)

		0.230

		

		0.084    (0.078)

		19,557  (1,961)

		0.226



		

		

		

		GPs Eligible for Special Payments in 2003

		

		GPs Eligible for Special Payments in 2004

		

		GPs Eligible for Special Payments in 2005



		Palliative Care

		0.011

		

		0.009    (0.012)

		9,681  

(1,078)

		0.305

		

		0.004    (0.005)

		8,495       (946)

		0.347

		

		0.032    (0.031)

		9,928    (1,104)

		0.301







*** Indicates statistical significance at the 1% level.



[bookmark: _Toc298777402][bookmark: _Toc298777774][bookmark: _Toc299027048][bookmark: _Toc299027521][bookmark: _Toc299027962][bookmark: _Toc299028804]Table 3.15: Estimated Marginal Effects: Preventive Care Bonuses by Physician Age, Practice Size, and Baseline Level of Compliance, Difference-in-Differences Estimator with Physician-specific Fixed Effects



		

		By Age

		

		Practice Size

		

		Baseline Compliance

		



		

		GP Age

		Baseline  in 2003

		Marg. eff. (St Err)

		# obs.

(# GPs)

		R2

		Size

		Baseline in 2003

		Marg. eff. (St Err)

		# obs.(# GPs)

		R2

		Quartile

		Baseline in 2003

		Marg. eff. (St Err)

		# obs. (# GPs)

		R2



		Senior Flu Shot

		< 40



40-55



> 55

		0.549



0.577



0.537

		0.024  (0.022)  0.049***  (0.010)          -0.001 (0.010)

		2,320 (237)  10,508 (1,073) 7,038 (719)

		0.48



0.47



0.47

		< 1K



1K-1.5K



> 1.5K

		0.547



0.572



0.557

		0.025  (0.016)  0.017  (0.012)          0.031*** (0.010)

		3,270 (336) 5,935 (606) 10,661 (1,087)

		0.44



0.46



0.49

		Q1 (Lowest)



Q2 and Q3



Q4 (Highest)

		0.304



0.593



0.747

		0.036***  (0.014)  0.027***  (0.010)          0.020 (0.015)

		4,887 (503) 9,908 (1,009) 5,071 (517)

		0.42



0.51



0.49



		Toddler Immunization

		< 40



40-55



> 55

		0.527



0.577



0.503

		0.027  (0.026)         -0.010  (0.015)          0.037* (0.020)

		2,044 (234)  9,095 (1,065) 5,687 (700)

		0.56



0.39



0.26

		< 1K



1K-1.5K



> 1.5K

		0.496



0.560



0.552

		0.014  (0.034)         0.004  (0.021)          0.021 (0.014)

		2,402 (313) 5,042 (601) 9,382 (1,085)

		0.28



0.32



0.43

		Q1 (Lowest)



Q2 and Q3



Q4 (Highest)

		0.217



0.558



0.838

		0.026  (0.025)         0.012  (0.014)          0.015 (0.024)

		3,810 (455) 8,795 (1,023) 4,221 (521)

		0.40



0.44



0.30



		Pap Smear

		< 40



40-55



> 55

		0.620



0.612



0.549

		0.059***  (0.013)  0.053***  (0.006)          0.019*** (0.007)

		2,334 (237)  10,503 (1,069) 7,029 (717)

		0.20



0.14



0.09

		< 1K



1K-1.5K



> 1.5K

		0.630



0.617



0.564

		0.040***  (0.011)  0.038***  (0.007)          0.037*** (0.006)

		3,289 (335) 5,926 (604) 10,651 (1,084)

		0.10



0.12



0.14

		Q1 (Lowest)



Q2 and Q3



Q4 (Highest)

		0.374



0.594



0.800

		0.024**  (0.010)  0.050***  (0.006)          0.038*** (0.010)

		4,929 (503) 9,904 (1,009) 5,033 (511)

		0.18



0.13



0.14



		Mammogram

		< 40



40-55



> 55

		0.653



0.671



0.625

		0.045***  (0.016)  0.016**  (0.007)          0.014*** (0.007)

		2,322 (237)  10,532 (1,073) 7,034 (719)

		0.26



0.16



0.16

		< 1K



1K-1.5K



> 1.5K

		0.682



0.673



0.632

		0.017  (0.011)    -0.003  (0.008)          0.028*** (0.006)

		3,284 (336) 5,937 (606) 10,667 (1,087)

		0.11



0.20



0.19

		Q1 (Lowest)



Q2 and Q3



Q4 (Highest)

		0.438



0.672



0.829

		0.034***  (0.009)  0.018***  (0.006)          0.014 (0.010)

		5,031 (515) 9,873 (1,007) 4,984 (507)

		0.25



0.16



0.17



		Colorectal Cancer Screening

		< 40



40-55



> 55

		0.187



0.164



0.116

		0.147***  (0.019)  0.081***  (0.008)          0.067***  (0.008)

		2,197 (224)  10,744 (1,092) 6,977 (711)

		0.48



0.39



0.30

		< 1K



1K-1.5K



> 1.5K

		0.159



0.145



0.150

		0.068***  (0.015)  0.079***  (0.010)          0.090***  (0.007)

		3,243 (330) 6,059 (617) 10,616 (1,080)

		0.37



0.38



0.39

		Q1 (Lowest)



Q2 and Q3



Q4 (Highest)

		0.015



0.078



0.428

		0.091***  (0.007)  0.102***  (0.007)          0.071***  (0.015)

		4,918 (502) 9,938 (1,012) 5,062 (513)

		0.41



0.45



0.43





*** Indicates statistical significance at the 1% level; ** indicates statistical significance at the 5% level; and * indicates statistical significance at the 10% level.
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		Study

(Authors)

		Study design



		Incentives involved

(Form of incentives,

targeted services)

		Incentive level





		Results



		Context





		Intervention duration





		Sample size / scale of the experiment



		Grady et al. 1997

		RCT, random assignment

3 arms: 20 education and reward; 18 education; 23 control (61 practices in total) 

		Reward with education



Mammography referrals

		Physician

		No effect

		U.S.

61 primary care  practices in greater Dayton, Ohio and Springfield, Massachusetts



		6 months

		95 physicians in total



		Kouides et al. 1998

		RCT, non-random assignment

2 arms:  27 practices in treatment, 27 practices in control

		Bonus 



Influenza immunization rates



		Provider group

		Positive effect in immunization rate in a Medicare population

		U.S. 

For Medicare population 

		4 months

		62 physician in treatment, 82 in control



		Hillman et al. 1998

		RCT, random assignment

2 arms: 26 PC sites intervention; 26 PC sites control

		Bonus(based on the part of capitation payment)+ feedback regarding compliance with guidelines;



Cancer screening guidelines: mammography, breast cancer, pap smear, colorectal screening



		Provider group

		No effect in compliance scores

		U.S. 

Medicaid HMO (contract with numerous other health plans)





		18 months period

		52 primary care practices, relatively small sample 



		Hillman et al. 1999

		RCT, random assignment

3 arms: control, feedback of performance only, feedback+ bonus payment 

		Bonus(based on the part of capitation payment)+ feedback 



Pediatric immunization

		Provider group

		No effect in compliance scores

		U.S. 

Medicaid HMO (contract with numerous other health plans)





		18 months period

		53 pediatric practices, relatively small sample



		Fairbrother et al. 1999

		RCT, random assignment

4 arms: 15 doctors in control, 15 feedback, 15 feedback+ bonus, 15 enhanced FFS+ bonus  

		Bonus with performance feedback



Childhood immunization rate

		Physician level

		Partial effect: only feedback+bonus improved childhood immunization rate, but primarily achieved through better documentation

 

		U.S. 

A low-income urban population

		12 months

		60 physicians in total



		Fairbrother et al. 2001

		RCT, random assignment

3 arms: 24 bonus, 12 FFS, 21 control

		Bonus 



Pediatric immunizations

		Physician level 

		Partial effect:

significant increase in coverage levels, but the increase is primarily due to better documentation not to better immunizing practices



		U.S. 

A low-income urban population

		16 months

		57 physicians in total



		Roski et al. 2003

		RCT, random assignment

3 arms: 15 clinics control; 15 bonus; 10 bonus + computerized patient registry

		Bonus



Smoking cessation 

		Provider group

		Partial effect: improved in adherence to guidelines (documentation of smoking  status and providing advice to quit), but no effect in quitting rate 



		U.S.

		12 months

		40 clinics in total



		Amundson et al. 2003

		Observational 

Before-after analysis

No control group

		Bonus + performance feedback



Tobacco cessation 

		Provider group

		Positive effect

improve physician compliance with the tobacco treatment guideline







		U.S. 

HealthParterners system in Minneapolis

		3 years

		20 medical groups



		Beaulieu and Horrigan 2005

		Observational 

Before-after analysis with control group

Treatment group: 21 primary care doctors contracted with Independent Health in upstate New York;

Control group: provider groups in the Pacific Northwest



		Performance bonus + offered with diabetic registry and group discussion process



Process and outcome measures for diabetic care

		Physician level 

		Partial effect: patients treated by the doctors contracted with the program had improvement on 7 out of 9 measures



		U.S. 

New York.

		8 months

		21 physicians as treatment group



		Rosenthal et al. 2005

		Observational 

Before-after analysis with control

Treatment group: 163 provider groups contracted with PacifiCare Health systems in California;

Control group: 42 provider groups contracted with PacifiCare in the Pacific Northwest



		Bonus in Quality Incentive Program



Process measures: cervical cancer screening, mammography,

Haemoglobin A1c test





		Provider group

		Partial effect: improved only in cervical cancer screening, not improved in mammography, haemoglobin A1c test

		U.S. 

A large network HMO, PacifiCare Health System introduced Quality Incentive Program to contracted medical groups in California in March 2002



		10 months

		163medical groups eligible for the bonus 



		Doran et al. 2006

		Observational 

Cross-sectional regression,  Not Before-after analysis 

		Performance contracting: performance w.r.t. 146 quality indicator



		Physician level

		Positive effect: high levels of reported achievement 

		U.K.  Large scale, national level pay-for-performance contract in 2004

		1 year

		8,105 physicians



		Levin-Scherz et al. 2006

		Observational

Retrospective cohort study using before-after trend comparison

Treatment group: health plans participating in PCHI P4P contracts; Comparison group: national and Massachusetts State measures

		P4P contracts: bonus based on network performance compared to previously agreed targets



Adult diabetes and pediatric asthma HEDIS scores

		Network level

		Positive effect: improvement compared to state and national level

		U.S.

Beginning in 2001, a provider network Partners Community HealthCare, Inc (PCHI) and the health plans began P4P contracts with bonus payments.

		2001-2003

		18-75 health plans in PCHI as treatment group



		Campbell et al. 2007

		Observational 

Before-after analysis,

No comparison group

		Performance contracting:



Clinical indicators on coronary heart disease, asthma, type 2 diabetes

		Physician practices

		Partial effect: improved in asthma, type 2 diabetes measures.

Not improved in coronary heart disease measures



		U.K.  

Large scale, national level pay-for-performance scheme for family practice in 2004

		1998, 2003, 2005

		42 family practices, national representative 



		Millett et al. 2007

		Observational 

Before-after analysis,

No comparison group

		Performance contracting: smoking cessation among patients with diabetes



Proportion of patients with documented smoking cessation

advice, prevalence of smoking among patients with diabetes

		Physician practices

		Positive effect: increased the

provision of support for smokers with diabetes in primary

care settings

		U.K.  

Large scale, national level pay-for-performance scheme for family practice in 2004

		2003, 2005

		36 primary care practices



		Steel et al. 2007

		Observational 

Before-after analysis,

No comparison group

		Performance contracting: quality of care for two common chronic

conditions: asthma and hypertension



Six quality indicators referred to asthma and hypertension subject to incentive payments 

		Physician practices

		Positive effect: significant increase for the six indicators referred to asthma and hypertension linked to incentive payments

		U.K.  

Large scale, national level pay-for-performance scheme for family practice in 2004

		2003, 2005

		18 primary care practices



		Mandel and Kotagal 2007

		Observational 

Before-after mean comparison,

No control group

		Pay for performance coupled with additional improvement interventions related to the collaborative.



Flu shot percentage, controller

medication percentage for children with persistent asthma,

written self-management plan percentage.

		Primary care practices

		Positive effect:

The initiative resulted in substantive and sustainable improvement in all measures

		U.S.

The Physician-Hospital Organization (PHO) affiliated

with Cincinnati Children’s Hospital

Medical Center launched an asthma improvement

collaborative in October 2003

		2003-2006

		44 pediatric practices



		Felt-Lisk et al. 2007

		Observational

Before-after mean comparison with comparison group

Treatment group:   five Medicaid-focused health plans in California participating the LIRR Collaborative 

Comparison groups: national and state benchmarks, and two plans that were part of the collaborative but no incentives

		Bonus payments for improving the measure



A HEDIS measure for “well-baby visits” that

requires six visits by age fifteen months

		Health plans

		Partial effect: only small effect in some of the plans

		U.S

A collaborative P4P effort among seven Medicaid-focused

health plans in California during 2003–2005, known as the Local Initiative Rewarding

Results (LIRR) Collaborative Demonstration.





		2002 versus 2003–05

		7 health plans



		Young et al. 2007

		Observational

Retrospective cohort study using before-after trend comparison

Treatment group: physicians participating in the program; Comparison group: national and New York State RIPA scores

		Incentive program placing physicians at financial risk to receive rewards based on their performance relative to other physicians in the program.



4 diabetes performance measures

		Individual physician 

		Partial effect: modest effect provider adherence to quality standards for a single measure of diabetes care

		U.S.

A pay-for-performance program of the Rochester (New York) Individual Practice Association (RIPA) between 2000 and 2001.

		1999-2004

		334 primary care physicians



		Coleman et al. 2007

		Observational 

Before-after regression analysis

No comparison group

		Performance-based compensation 



HbA1c testing for diabetes care

in a low-income patient population

		Physician level

		Partial effects: dramatic improvements in rate of patients receiving recommended number of HbA1c tests; no effect on rate of physicians providing first HbA1c test, nor improvement in patient outcomes

		U.S.

A performance-based provider compensation program implemented in January

2004 at Access Community Health Network (ACCESS), a large system of federally qualified health centers (FQHCs) in Chicago.

		2002-2004

		46 physicians



		Cutler et al. 2007

		Observational

Before-after mean comparison with comparison group;

Treatment group: patients with diabetes who were followed by the P4P program (CDCM);

Comparison group: patients followed by routine care group

		P4P incentive payments



Percent of eligible patients received an LDL-C test and attained LDL-C

control

		Medical groups

		Positive effect:

Higher rates of performance in the P4P program 

		U.S.

Chronic disease care management (CDCM) program received by the Mercy Medical Group (MMG), which is a 160-provider, multispecialty

medical group and has participated in the California P4P initiative

		2003-2004

		165 patients in the incentive program, 1,694 patients as control



		Lawrence et al. 2008

		RCT, random assignment

2 arms: 24 clinics with P4P payments, 25 usual care clinics 

		Bonus payment intervention based on tobacco quitline referrals;

Rates of referrals 

		Clinics

		Positive effect: increased referrals rates compared to usual care clinics

		U.S.

A P4P program targeting clinician referral to statewide

quitline services in Minnesota.

		September 2005 to June 2006

		24 clinics as treatment, 25  clinics as control



		Pearson et al. 2008

		Observational

Before-after mean comparison with comparison group

Treatment group: physician groups that receive incentives

Groups

Comparison group: groups that were matched with incentivized groups on their baseline performance but that did not subsequently receive any incentive

		Multiple P4P programs introduced

into physician group contracts during 2001–2003 by the five major commercial health plans operating in Massachusetts;



13 Health Care Employer Data And Information Set (HEDIS) Measures

		Physician groups

		No significant effect: no distinguishable different trends among the treatment and the matched comparison group. 

		U.S.

Multiple P4P programs introduced into physician group contracts during 2001–2003 by the five major commercial health plans operating in Massachusetts.

		2001-2003

		154 physician groups in total 



		Campbell et al. 2009

		Observational

Before-after interrupted time-series analysis,

No control group

		Performance contracting:



Clinical indicators on coronary heart disease, asthma, type 2 diabetes

		Physician practices

		Partial effect: by 2005, improvement quality for asthma and diabetes but not for heart disease. By 2007, the rate of improvement

had slowed for all three conditions.

		U.K.  Large scale, national level pay-for-performance scheme for family practice in 2004

		1998, 2003, 2005, 2007

		42 family practices, national representative 



		Vaghela et al. 2009

		Observational 

Before-after analysis,

No comparison group

		Performance contracting



3 measures related to diabetes outcomes 

		Physician practices

		Positive effect: significant increase 

		U.K.  

Large scale, national level pay-for-performance scheme for family practice in 2004

		2004-2005, 2007-2008

		Around 8,423 practices



		Lee et al. 2010

		Observational

Before-after mean comparison with comparison group;

Treatment group: patients

with diabetes who were enrolled in the P4P program;

Comparison group: randomly sampled patients with diabetes who had never joined the P4P program

		Financial

Incentives for increasing comprehensive follow-up visits for diabetes care 



Number of essential exams/tests; numbers of diabetes-related physician visits and hospital admissions

		Physician level

		Positive effect: P4P program for diabetes was associated with a significant increase in regular follow-up visits and evidence-based services, and significantly lower hospitalization costs.

		Taiwan

A pay-for-performance

(P4P) program for diabetes care operated by the Bureau of National Health Insurance (NHI) in

Taiwan.

		2005-2006

		12,499 patients as intervention group; 26,172 patients as comparison group



		Gavagan et al. 2010

		Observational

Before-after mean comparison with comparison group;

Treatment group: clinics received incentives;

Comparison group: clinics with no incentives

		Financial incentive for achieving group targets in preventive care; Cervical cancer screening, mammography, and pediatric immunization 

		Physician level

		No significant effect: no significant effect on performance of preventive care 

		U.S.

In 2002, 11 public community

health centers in Houston/Harris County were provided performance  incentives on 3 quality indicators in preventive care 

		2002

		6 clinics as treatment group; 5 clinics as comparison group



		Chung et al. 2010

		Observational

Before-after mean and trend comparison;

No comparison group





		Bonus payment to physicians: based on individual physicians’ performance on 15 ambulatory quality measures, with a composite

score

		Physician level

		No significant effect: no evident effect of physician-specific incentives

		U.S.

In 2007, all primary care physicians at Palo Alto Medical Clinic (PAMC), California participated in the physician incentive program.

		2007

		179 physicians



		Boland et al. 2010

		Observational

Before-after mean comparison;

No comparison group



		Bonus payments were to be made if the radiologists met goals.



Three radiologist report turnaround times (RTAT)

Components

		Provider individual level

		Positive effect: significant decrease in turnaround time after the program

		U.S. 

Massachusetts

General (MGPO) Physicians Organization at the Massachusetts General Hospital (MGH) initiated a hospital wide department specific radiologist PFP initiative.

		July 2006–March 2009

		81 radiologists, 11 subspecialty divisions



		Lester et al. 2010

		Observational

Before-after trend comparison;

No comparison group



		Financial incentive related to quality indicator;



Screening for cervical cancer, control of hypertension, diabetes control, and screening for diabetic retinopathy

		Medical facilities

		Positive effect: upward trend when incentives were in place and downward trend when incentives were removed.

		U.S. (and U.K.)

Four of original financial incentives removed for 35 outpatient facilities owned and operated by Kaiser Permanente Northern California.

		1999-2007

		35 outpatient medical facilities



		Mullen et al. 2010

		Observational 

Before-after regression analysis with control (DID)

Treatment group: provider groups contracted with PacifiCare Health systems in California;

Control group: provider groups in the Pacific Northwest

		Bonus in Quality Incentive Program, 



Another annual bonus program by the Integrated Healthcare Association (IHA),

bonus based on cervical cancer screening, mammography,

Haemoglobin A1c test, asthma medication

		Provider group

		Partial effect: improved only in cervical cancer screening, not improved in mammography, haemoglobin A1c test, asthma medication

		U.S. 

A large network HMO, PacifiCare Health System introduced Quality Incentive Program to contracted medical groups in California in March 2002;

One year later, PacifiCare with five other big health plans introduced another larger P4P program by the Integrated Healthcare Association (IHA).

		2002-2004

		Treatment groups size (77-186) medical groups;

Control group size: (7-32) medical groups
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		Data Source

		Relevant information



		Ontario Health Insurance Program (OHIP) physician claims data 

		Claim records to calculate the services provided by physicians;

Basic provider information;

Basic patient information;

Fee paid/billed;

Patient encrypted health number as linking variable;

Provider encrypted number as linking variable



		Corporate Provider Database (CPDB) data

		Physician demographic variables;

Physician practice variables;

Physician PCR group participation, effective dates;

Provider encrypted number as linking variable



		Client Agency Program Enrollment (CAPE) data

		Patient member status;

Patient roster dates;

Patient encrypted health number as linking variable;

Provider encrypted number as linking variable



		Registered Persons Database (RPDB) data

		Demographics of registered persons;

Postal code of residence;

Patient encrypted health number as linking variable












[bookmark: _Toc298776349][bookmark: _Toc298776990]3.A3 Appendix: Assigning Patients to Primary Care Physicians' Practices

The Hutchison methodology (Hutchison, Hurley, Birch, Lomas, & Stratford-Devai, 1997) was implemented for all FPs in the province, not just those in the analysis sample. This ensured that an individual was assigned to an FP as called for by the algorithm, regardless of whether the FP was included in the analysis (if we focused only on the analysis sample, we would have falsely assigned some patients to sample physicians when the individual’s real family physician was not included in the sample). A FP’s practice population is defined as: 

· All persons for whom the physician billed OHIP for at least one visit (see below for how a visit was defined) during the previous fiscal year; and

· All additional patients for whom the physician billed OHIP for at least one visit in each of the two preceding fiscal years.

· Patients who met these criteria for more than one physician were assigned to the physician who billed for the largest number of visits in the most recent year.  

· When an equal number of visits were made to more than one physician in the most recent year, assignment is made to the made to the physician who billed for the most recent visit. 

A service is defined as a FP visit if:

The attending physician is a FP and the fee code is one of the following 74 visit codes from the Ontario Schedule of Benefits

		Fee Schedule Code

		Description



		A001A

		Minor assessment



		A003A

		General assessment



		A004A

		General re-assessment



		A005A

		Consultation



		A006A

		Repeat consultation



		A007A

		Intermediate assessment or well baby care



		A008A

		Mini assessment



		A110A

		Periodic oculo-visual assessment, aged 19 years and below



		A112A

		Periodic oculo-visual assessment, aged 65 years and above



		A115A

		A major eye examination



		A888A

		Emergency department equivalent – Partial assessment



		A901A

		House call assessment – First patient seen



		A902A

		House call assessment – Pronouncement of death in the home



		A903A

		Pre-dental/operative general assessment (maximum of 2 per 12-month period) 



		A905A

		Limited consultation



		A933A

		On-call admission assessment



		A945A

		Special palliative care consultation



		E070A

E071A

		Geriatric Geriatric Age Premium: Gen. Practice - Geriatic Gen. Assess. Premium - 75 or Older



		E075A

		Geriatric general assessment premium – patient aged 75 or older (maximum 1 per 12 month period)



		E077A

		Identification of patient for a Major Eye Examination



		G212A

		Diagnostic and Therapeutic Procedure – Hyposensitisation, including assessment and supervision – When sole reason for visit



		G271A

		Diagnostic and Therapeutic Procedure – Cardiovascular – Anticoagulant supervision – long-term, telephone advice 



		G365A

		Diagnostic and Therapeutic Procedure – Papanicolaou Smear – periodic



		G372A

		Diagnostic and Therapeutic Procedure – Intramuscular, subcutaneous or intradermal – With visit (each injection)



		G373A

		Diagnostic and Therapeutic Procedure – Intramuscular, subcutaneous or intradermal – Sole reason (first injection)



		G538A

		Active immunization – Injection of unspecified agent – with visit (each injection)



		G539A

		Active immunization – Injection of unspecified agent – sole reason (first injection)



		G590A

		Active Immunization – Injection of influenza agent – With visit



		G591A

		Active Immunization – Injection of influenza agent – Sole reason



		K004A

		Family psychotherapy – 2 or more family members in attendance at the same time



		K005A

		Primary mental health care - Individual care – Per half hour



		K006A

		Hypnotherapy – Individual care – Per half hour



		K007A

		Psychotherapy – Individual care – Per half hour



		K010A

		Psychotherapy – Additional units per member (maximum 6 units per patient per day)



		K011A

		Hypnotherapy – Group – for induction and training for hypnosis (maximum 8 people), per member, per half hour



		K012A

		Psychotherapy, Group – Per member of a group of 4, first 12 units per day



		K013A

		Counselling – Individual care – Per half hour



		K017A

		Annual health or annual physical examination – Child after second birthday



		K019A

		Psychotherapy, Group – Per member of a group of 2, first 12 units per day



		K020A

		Psychotherapy, Group – Per member of a group of 3, first 12 units per day



		K022A

		HIV Primary Care – Individual care per half hour



		K023A

		Palliative care support – Individual care per half hour



		K024A

		Psychotherapy, Group – Per member of a group of 5, first 12 units per day



		K025A

		Psychotherapy, Group – Per member of a group of 6 to 12, first 12 units per day



		K026A

		Family Practice & Practice in General - Certification of medical eligibility for Ontario Hepatitis C Assistance Program 



		K027A

		Family Practice & Practice in General  – Certification of medical eligibility for Ontario Hepatitis C Assistance Program (OHCAP)



		K028A

		Family Practice & Practice in General – Sexually transmitted disease management



		K030A

		Family Practice & Practice in General – Diabetic management assessment



		K031A

		Health Protection and Promotion Act – Physician Report – Completion of Physician Report in accordance with Section 22.1 of the Health Protection and Promotion Act.



		K033A

		Counselling – Individual care – Additional units per patient per provider per 12-month period



		K040A

		Group counselling – 2 or more persons



		K041A

		Group counseling – 2 or more persons – Additional units



		K070A

		Home care application – Application



		K071A

		Home care supervision – Acute Home Care Supervision (maximum 1 every 2 weeks for the first 12 weeks following admission to home care program).



		K072A

		Home care supervision – Chronic Home Care Supervision (maximum 1 per month commencing in the 13th week following admission to the home care program).



		K623A

		Certification of mental illness – Form 1 – Application for psychiatric assessment in accordance with the Mental Health Act – includes necessary history, examination, notification of the patient, family and relevant authorities and completion of form.



		P004A

		Obstetrics, prenatal care – Minor prenatal assessment



		W001A

		Non-emergency long-term care in-patient services – Subsequent visits – Chronic care or convalescent hospital – additional subsequent visits (maximum 4 per patient per month)



		W002A

		Non-emergency long-term care in-patient services – Subsequent visits – Chronic care or convalescent hospital – first 4 subsequent visits per patient per month



		W003A

		Non-emergency long-term care in-patient services – Subsequent visits – Nursing home or home for the aged – first 2 subsequent visits per patient per month



		W004A

		Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient Services – General re-assessment of patient in nursing home



		W008A

		Non-emergency long-term care in-patient services – Subsequent visits – Nursing home or home for the aged – additional subsequent visits (maximum 2 per patient per month)



		W102A

		Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient Services – Admission assessment – Type 1



		W104A

		Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient Services – Admission assessment – Type 2



		W105A

		Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient Services – Consultation



		W106A

		Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient Services – Repeat Consultation



		W109A

		Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient Services – Admission assessment – Annual physical examination



		W121A

		Non-emergency long-term care in-patient services – Subsequent visits – Nursing home or home for the aged – Additional visits due to intercurrent illness



		W107A

		Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient Services, Admission assessment – Type 3



		W777A

		Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient Services – Intermediate assessment - Pronouncement of death



		W872A

		Non-emergency long-term care in-patient services – Subsequent visits – Nursing home or home for the aged – Palliative care



		W882A

		Non-emergency long-term care in-patient services – Subsequent visits – Chronic care or convalescent hospital – Palliative care



		W903A

		Emergency or Out-Patient Department (OPD) & Non-Emergency Long-Term Care In-Patient Services – Pre-dental/pre-operative general assessment (maximum of 2 per 12-month period)
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		Variable Name

		Variable Description



		treatment

		Treatment dummy indicating whether the GP was eligible for the financial incentive on that date.



		post

		Pre- & post- dummy indicating whether it is post-intervention period



		treated

		Treated & untreated dummy indicating whether the this physician was entitled to collect bonus/special payment during out study period



		ffsd

fhgd

fhnd

ccmd

fhod

		PCR dummies indicating the physician was affiliated with the model on that date

ffsd: 1 if FFS, 0 otherwise; fhgd: 1 if FHG, 0 otherwise

fhnd: 1 if FHN, 0 otherwise; ccmd: 1 if CCM, 0 otherwise

fhod: 1 if FHO, 0 otherwise



		doc_age

		Age of physician in years on March 31 2002



		doc_ageg1 -

doc_ageg4

		Physician age-- four categories: doc_age1: physician age < 45; doc_age2: 45 ≤ physician age < 50; doc_age3: 50 ≤ physician age < 60; doc_age4: 60 ≤ physician age



		doc_male

		Physician sex: 1 if male; 0 if female



		cmaca



		Practice locationS:  metropolitan area influence measured by Metropolitan Influence Zone (five categories: 0 if CMA, 4 levels otherwise: strong, medium, weak, no influence)



		riotype



		Practice locationS: urban/rural level measured by RIO score (Rurality Index of Ontario)

riotype =0 if RIO score > 45; riotype =1 if RIO score ≤ 45  



		yrslicyr

		Years since licensing year as of March 31 2008



		lnbsbill

		Log of billings: log of total value (fee approved) of claims submitted in 1998-99



		workdays

		Days of working: total number of days billed in this fiscal year



		sum_visit

		Number of visits: total # of patient visits in this year



		sum_visitg1 -

sum_visitg4

		Total # of patient visits in this year: four categories. sum_visitg1: < 5,000; sum_visitg2: 5,000 ≤ x < 7,500; sum_visitg3: 7,500 ≤ x < 10,000; sum_visitg4: ≥ 10,000



		visitpd

		Number of patient visits per working day: the number of visits divided by number of days worked in this year



		sum_pt

		Practice size: number of assigned patients seen per year



		sum_ptg1 -

sum_ptg4

		Practice size: number of assigned patients seen per year,  four categories

sum_ptg1: < 1,000; sum_ptg2: 1,000 ≤ x < 1,500; sum_ptg3: 1,500 ≤ x < 2,000; sum_ptg4: ≥ 2,000



		meanage

		Average practice age: average age of eligible patient population on each snapshot date 



		fmpercent

		Proportion of females in the practice: proportion of female patients as of eligible patient population on each snapshot date



		clpercent

		Proportion of children patients: Proportion of the eligible patients that are under 2 years of age



		elpercent

		Proportion of elderly patients: Proportion of the eligible patients that are over 65 years of age



		year

		Year fixed effects:10 dummy variables for each snapshot year from March 31 1999 to March 2008



		cdname

		Geographical fixed effects: 49 dummy variables defined by Census Division codes
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This thesis has empirically investigated a range of important questions related to the economics of health and health care. Health is an important form of human capital that influences social and economic success over the life cycle. Health development during pre-adulthood is critical for future health, educational and economic outcomes over the lifespan. Two of the thesis chapters explored the effects of important factors such as family socio-economic status, environmental characteristics and early life-time events in determining the health development process and the dynamics of health during the period of childhood to early adulthood. The first chapter focused on the roles of family socio-economic conditions and neighbourhood environments in determining the child physical health development, and the second chapter explored the effects of family socio-economic conditions and childhood stressful life-events on the distribution of youth depression, which is one of the most common mental health conditions during adolescence. The third chapter of the thesis focused on another important theme in health economics-- physician behaviours, and investigated whether and how a certain type of financial incentives--- pay-for-performance payments--- could motivate physician behaviours of service provisions to improve the quality of health care.

	Each thesis chapter is a self-contained piece of research, and each makes contributions to the current literature in these areas of health economics. Both the first and the second chapters provide results that shed light on the understanding of health human capital development during pre-adulthood, and also provide important implications for the design of public policies that aim to improve health outcomes of young people. The first chapter contributes to the child health literature as few studies in the child health literature have been focused on modeling the evolution process of health outcomes from childhood to adolescence, particularly in Canada. Moreover, because this paper used information on both family social economic status (SES) and neighbourhood level characteristics in the dynamic panel data framework, it contributes to the health dynamics literature by examining the impact of contextual factors.

	The results from the dynamic models indicate strong positive state dependence of child health over time, and the persistence level differs systematically across different neighbourhood status, including average household income, education, and lone-parents status. Results also indicate that it is the long-term neighbourhood or environmental conditions, rather than short-term variation in conditions, that are contributing to the differences in child health transitions. The predictions from the analyses based on long-term neighbourhood status indicate that children living in poorer neighbourhoods and in neighbourhoods with lower education levels tend to experience poor health status for longer periods, while children tend to experience multiple health drops living in poorer neighbourhoods, in neighbourhoods with less educated people, in neighbourhoods with more families headed by lone-parents and in neighbourhoods with more families living in rental accommodations. These results highlight the importance of targeting the social support programs or social policies to the children who live in these types of disadvantaged communities. 

	The second chapter examined the roles of family SES, early childhood life-events and unobserved heterogeneity in explaining the distribution of depression among adolescents and young adults. It also explicitly modeled the depression dynamics and quantifies the persistence of depression from adolescence to early adulthood. One contribution of the chapter is that it tackled the methodological issues in modeling the distribution and the dynamics of depression outcomes. First, this chapter employed a conditional quantile regression framework to explore potential heterogeneity in the effects of these factors across different quantiles of the depression score. Compared with conditional mean estimation models, which have been widely used in this literature, this approach allows the examination of the differential effects of the factors of interest at different parts of the youth depression distribution, therefore providing a more complete view of the links between these factors and youth depression. Using a conditional quantile approach also provided an opportunity to explore the source of discrepancies found in the existing empirical literature. Another methodological contribution of this chapter is that, in addition to standard dynamic quantile regression models, it employed a newly developed instrumental variable quantile regression for dynamic panel with fixed effects model to examine the dynamics of depression. 

	The results from the static models are in line with the majority of the literature, which highlights the important roles of gender, race, birth order, maternal drinking and smoking behaviour during pregnancy, and a set of family SES factors including maternal education and family poverty status. More importantly, the results reveal the asymmetry of the link between stressful life events and youth depression, which is masked by conditional mean estimator. This might explain why some studies observe the adverse effect of stressful life events on youth depression while others do not. Specifically, different types of life-events have different roles across different quantiles of the depression score: the incidence of family problems (family member loss or parental divorce) during childhood plays a more important role at the higher end of the depression distribution, while the incidence of emotional trauma during childhood plays a more important role at the lower end. The family SES-youth depression gradient varies substantially across different quantiles of the depression distribution: maternal education, maternal unemployment duration and family poverty status are more important at the higher ends of the depression distribution, and are statistically insignificant at the lowest quantile of the depression distribution. These results provides important policy implications of devoting resources to individuals with the most severe level of depression and employing policies that aim to improve these specific family SES conditions for them. The results from the dynamic models show the importance of taking into account individual heterogeneity when examining the dynamics of youth depression. The pooled model suggests that there is a strong positive state dependence of youth depression across all quantiles of the CES-D distribution, and the magnitude of the state dependence estimate is larger at higher ends of the depression distribution, indicating a higher persistence level for the individuals who have more severe depressive symptoms. However, results from the instrumental variable with fixed effects model deliver a different message: the pure state dependence of youth depression is very low and the observed positive association between previous depression and current depression is mainly due to unobserved individual heterogeneity.

	The first two thesis chapters provide some important messages about the dynamics of health during childhood and adolescence. First, it is important to account for unobserved individual heterogeneity, and to disentangle pure state dependence from unobserved heterogeneity when modeling health dynamics during this period. In both papers, the perceived state dependence in health is substantially attributable to unobserved individual heterogeneity. Second, while child physical health exhibits a certain degree of persistence over time conditional on individual heterogeneity, indicating the permanent nature of physical health accumulation, adolescent depression appears to be mean-revert (again conditional on individual heterogeneity). Third, health production in pre-adulthood is largely associated with contextual effects that are at both the family and community levels. Both papers stressed the important roles of family social economic factors, particularly the mother’s role (e.g. maternal education and maternal employment) in the process of child health capital formation.  

	The third thesis chapter exploited a natural experiment in the province of Ontario, Canada to identify empirically the impact of pay-for-performance (P4P) incentives on the provision of targeted primary care services. The main contribution of this study is that it provides direct policy implications related to the employment of P4P incentives to improve health care quality, which is extensively employed and strongly advocated in recent years by health plans and governments in many countries. The overall small physician responses to the introduction of P4P incentives in Ontario indicate the rather low power of using these incentives to motivate high quality care. Several lessons can be learned from this study. First, since the cost of complying may vary substantially among different types of procedures and services, tailoring the absolute size of financial incentives for different targeted services according to the relative costs of complying may provide a more cost-effective solution. Second, the findings suggest that there is only limited scope for using P4P incentives to increase the provision of targeted services, and the employment of P4P incentives is only effective when the targeted performance or tasks are strongly linked to professional standards of high quality care. Therefore, future implementations of P4P incentives could be restricted only to these services. Finally, the P4P incentives should be redesigned so that the target measures are more closely related to real standards of high quality care. For example, financial incentives can be linked to quality indicators that aim to increase access to health care, or to those representative of evidence-based health care.

	The third chapter also contributes to the literature on empirical examination of physician response to the pay-for-performance incentives, because it exploited the natural experiment of the primary care reform in Ontario, which provides a good setting for this type of study. The timing of the reforms allows the employment of a difference-in-differences approach to control for potential sources of selection bias and confounding. Another advantage of this study is that it used a unique administrative data set that provides rich information for the investigation of physician service provisions. 

	This thesis reveals some important areas for future research and extensions. Two of the thesis chapters underscored the impact of family-level environmental factors. One direction for future studies is to attempt to better identify the causal effect of these factors. Identifying the causal effects of family SES faces common empirical challenges due to potential reverse causation and omitted variables that may be correlated with both family SES and child health outcomes. Therefore, future studies should employ good instruments that generate exogenous variation in the family SES factors to study the causal effects, and to explicitly examine the mechanisms through which these family attributes lead to heterogeneous child health outcomes. Another direction for future studies is to study the dynamic features of the health accumulation process during pre-adulthood. The thesis indicates the importance of accounting for the dynamic aspect of child health. Moreover, the recent skill formation literature has established a life-cycle investment framework to study the formulation of cognitive and non-cognitive skills, which also reveals the dynamic feature of the human capital accumulation process. The literature documents the “dynamic complementarities” and “self-productivity” features of the cognitive and non-cognitive skills, and indicates that these features may as well exist for child health. Therefore, more research can be done to examine these features in the child health accumulation process using longitudinal data sets and advanced dynamic panel data models.

	On the other hand, the third thesis chapter delivered a general message about physician behaviour: physicians do not automatically respond to performance-based financial incentives as expected. Although principal-agent theory suggests the potential of employing P4P incentives to motivate physicians to provide high-quality care, physician responses to such incentives are not easily predicted. The heterogeneity of physician responses found in the study suggests that physician behaviours may be constrained by a complex set of objectives that we do not directly observe. Therefore, more refined positive analyses on physician labour supply and service provision behaviours are warranted to inform future implementation of incentive schemes or public policies to elicit desired physician behaviours.
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