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ABSTRACT
Background
Integrated care programs are collaborations to improve health services delivery for
patients with multiple conditions.
Objectives
This thesis investigated three issues in evaluation of integrated care programs: (1)
quantifying integration for integrated care programs, (2) analyzing integrated care
programs with substantial non-compliance, and (3) assessing bias when evaluating
integrated care programs under different non-compliant scenarios.
Methods
Project 1: We developed a method to quantity integration through service providers’
perception and expectation. For each provider, four integration scores were calculated.
The properties of the scores were assessed.
Project 2: A randomized controlled trial (RCT) compared the Children’s Treatment
Network (CTN) with usual care on managing the children with complex conditions. To
handle non-compliance, we employed the intention-to-treat (ITT), as-treated (AT), per-
protocol (PP), and instrumental variable (IV) analyses. We also investigated propensity
score (PS) methods to control for potential confounding.
Project 3: Based on the CTN study, we simulated trials of different non-compliant
scenarios. We then compared the ITT, AT, PP, IV, and complier average casual effect
methods in analyzing the data. The results were compared by the bias of the estimate,

mean square error, and 95% coverage.



Results and conclusions

Project 1: We demonstrated the proposed method in measuring integration and some of
its properties. By bootstrapping analyses, we showed that the global integration score was
robust. Our method has extended existing measures of integration and possesses a good
extent of validity.

Project 2: The CTN intervention was not significantly different from usual care on
improving patients’ outcomes. The study highlighted some methodological challenges in
evaluating integrated care programs in a RCT setting.

Project 3: When an intervention had a moderate or large effect, the ITT analysis was
considerably biased under non-compliance and alternative analyses could provide
unbiased results. To minimize the bias, we make some recommendations for the choice of

analyses under different scenarios.
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PREFACE
This thesis is a “sandwich thesis”, which combines three individual projects prepared for
publication in peer-reviewed journals. The following are the contributions of Chenglin Ye
in all the papers included in this dissertation: conceiving the research ideas, developing
research questions, designing the studies, developing the analysis and simulation plans,
conducting all statistical analysis and simulations, producing all figures and tables,
writing the manuscripts, submitting the manuscripts, and responding to reviewers’
comments. My co-authors contributed to the acquisition of the datasets, provision of
clinical expertise, and critical revision of the manuscripts. The work in this thesis was
conducted between September 2010 and January 2014. The first and the second papers

have been published, and the third paper has been submitted to a peer-reviewed journal.
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CHAPTER 1

INTRODUCTION
In 2010, the total Canadian health care expenditures were approximately $191.6 billons
[1]. It is forecasted that six Canadian provinces will spend more than half of their total
revenues on health care by the year 2020 if the current trend continues [2]. The aging of
populations and growing prevalence of chronic conditions are two main factors
contributing to the escalating costs [3-5]. Patients with chronic illness or functional
disabilities consume most health services [6,7] since they often endure complex
conditions and each condition requires specific and continuous care. Traditional way of
delivering health services for those populations has been fragmented. For instance, a
patient with multiple conditions is referred to different specialists. Different practitioners
are responsible for the same patient but the services provided are disjointed without a
single plan to address what the patient needs overall. This fragmented approach creates
duplicative diagnosis and treatment for the patient and potentially delay the optimal
timing for appropriate care. Also, providing health services in a non-active and
discontinuous fashion will be inefficient in managing patients with complex needs and
further increase the burden of health care system. Under limited resources, developing a
way of delivering proactive, comprehensive, continuous, and patient-centered care to

address target patients’ multiple needs has emerged as a central topic.
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Over the last decade, integration has been advocated as a viable strategy for improving
the organization of health services. A prominent hypothesis is that integration of health
services will lead to higher quality of care at a lower cost and maintain or improve
patients’ health and satisfaction [8,9]. Integration is defined in a variety of contexts and
the majority of integration literature focuses on primary care, hospital care, or mental
health care [10,11]. In general, integrated care is “patients care that coordinated across
professionals, facilities, and support systems; continuous over time and between visits;
tailored to the patients’ needs and preferences; and based on shared responsibility

between patient and caregivers for optimizing health [12].”

Integrated care programs have been primarily evaluated by qualitative tools. Only a few
methods for quantifying the degree of integration exist. A systematic review [8] identified
18 quantitative measures of integration and each one had a different methodological
approach. However, none of those measures provided a single score of integration,
making it difficult to relate the degree of integration to patients’ outcomes. Despite
promising results, some randomized controlled trials (RCTs) designed to evaluate
integrated care programs failed to show significant effects on patients’ outcomes [13-15].
Those trials were largely limited by non-compliant rates and settings of the studies. Under
those limitations, the conclusion of a study might be sensitive to the choice of analysis

and the extent of bias incurred in estimating treatment effects was unclear.
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The objective of this thesis is to address some issues around evaluating integrated care
programs, through the lens of measurement development, sensitivity analyses and
simulations, and to provide some directions for future research. Three specific issues are
investigated: (1) the quantification of the degree of integration for an integrated service
network, (2) the sensitivity analysis of an integrated care program by different statistical
methods, and (3) the assessment of bias in estimating effects of integrated care programs

under different non-compliant scenarios.

Issue 1: Measuring integration of an integrated service network

Studies have shown that integrating local services improves patient outcomes, for
example, reducing functional decline in the elderly [16], preventing avoidable
hospitalization [17], and minimizing complications for diabetes patients [18]. Most
researchers support the view that coordinating available, necessary, and preferable

services to patients help achieve target outcomes more easily with less total costs [19].

However, the extent to which health services are integrated in a health service network is
often unknown and rarely measured. Without a proper measurement, integration efforts
can be hardly confirmed and monitored. There are two key limitations in the existing
measures [8]. Firstly, the existing measures generally do not distinguish service
providers’ perception of integration from their expectation. The goal of integration is to
coordinate health services to meet patients’ multiple needs by aligning different services

instead of merely pooling resources. Both perception and expectation among all service
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providers are essential in such alignment. Thus, by matching perception with expectation,
a measure of integration ideally will show how well a service provider is engaging at the
level that all other partners expected him to be. Secondly, the existing measures
commonly assume that a higher level of involvement means a better integration. This can
be misleading because a high level of input by a service provider is not necessarily an
agreed-upon level of involvement by other providers towards a common goal. A measure
of integration needs to reflect an agreement of involvement among all service providers.
Developing a measure that addresses those issues will contribute importantly to the

quantitative methods of measuring integration.

Issue 2: Analyzing the Children’s Treatment Network trial

Children with special health care needs (CSHCN) are those “who have or are at increased
risk for a chronic physical, developmental, behavioral, or emotional condition, and who
also require health and related services of a type of amount beyond that required by
children generally” [20]. In Canada, 13% - 18% of children are considered to have special
needs [21]. Two thirds of CSHCN are unable to get necessary treatments and more than
one third of their parents do not know where to look for help [22]. Since some CSHCN
requires specialized services that are not available locally, their parents have to repeatedly

travel outside the region to get those services for them.

In responding to the problems, the Children’s Treatment Network (CTN) model of care

was launched in 2006, which targeted the children with complex health needs in Simcoe
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County and York Region, Ontario Canada. The CTN coordinated local service providers
to provide a single point of service access and adopted a multidisciplinary team approach

to deliver comprehensive care to address target children’s multiple needs.

A RCT was conducted to compare the CTN integrated care with usual care from 2007 to
2009 [23]. The primary outcome was the improvement of children’s psychosocial
function at 2 years. The result did not show a significant effect of the CTN integrated care
and this finding was largely limited by a substantial non-compliant rate. About 52% of
the children in the intervention group only received parts of the CTN integrated care.
Suboptimal intervention fidelity at the early development stage partly contributed to the
non-compliance. However, it is unclear how robust the analysis was and how the result
would change if alternative methods of dealing with non-compliance were used. A
sensitivity analysis by employing different methods of handling non-compliance will

provide a better insight into the real effect of CTN integrated care.

Issue 3: Assessing the bias of estimates under different non-compliant scenarios
Patients’ non-compliance is a common problem in RCTs. Non-compliance undermines
randomization and the ‘fair’ comparison between treatment groups, potentially leading to
a biased estimate of treatment effect. While different analyses have been proposed to deal
with non-compliance, the extent of bias in estimated treatment effect is rarely studied.
The interpretation of an analysis also varies depending on the nature of non-compliance

and the objective of a study. In the context of RCTs evaluating integrated care programs,
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non-compliance may be a practical issue since those trials are generally conducted in real-

life settings and participants are much less restricted.

Intention-to-treat (ITT), as-treated (AT), and per-protocol (PP) analyses are commonly
used in analyzing non-compliant data. An ITT analysis is considered as the standard for
RCTs but it has been recommended to use different methods to analyze RCTs with
substantial non-compliance [24]. A literature review [25] randomly selected 100 RCTs
published in high impact journals in 2008. Out of 98 RCTs which reported non-
compliance, 46 employed variations of PP analyses in addition to an ITT analysis, 5
employed other types of analyses, and 47 did not implement some statistical method to
address non-compliance. Another class of methods to deal with non-compliance includes
instrumental variable (IV) and complier average causal effect (CACE) analyses [26-29].
Very few studies have compared those methods of analyzing non-compliant data by the
bias of the estimates, mean square error, and 95% coverage of the true value. Bang and
Davis [30] compared ITT, AT, PP, and IV methods. They showed that ITT and IV
analyses were biased in certain non-compliant cases but did not include CACE analysis in
the comparison. Also, the situation where there is no crossover between treatment groups
was not considered. That scenario is common when a new intervention is only accessible
to patients who were offered it. McNamee [31] also compared ITT, AT, PP, and IV
analyses and concluded that an ITT analysis was not always biased towards the null while
AT and PP analyses were generally biased. Sheng and Kim [32] investigated the effect of

non-compliance on ITT analysis of equivalence trials and showed that non-compliance
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did not always favor the null hypothesis, i.e. no difference between treatment groups.
Hertogh et al. [33] concluded that the IV method could give insight into confounding by
non-compliance in RCTs. In addition, different factors may characterize patients' non-
compliant behaviours. For example, non-compliers may always receive or reject a new
intervention regardless of their treatment assignment. Patients with certain characteristics
may also tend to comply more than the others. For some cases, patients may receive parts
of the intervention even they have not fully complied with it. A further investigation on
common analyses of non-compliance will contribute to the understanding on the bias of
estimated treatment effects and optimal choice of analyses under different non-compliant

scenarios.

Scope of the Chapters
This is a sandwich thesis of three papers. Each paper matches with one of the issues

described above. The papers are separated into three chapters beginning with Chapter 2.

Chapter 2 describes the issue of measuring integration. We developed a method to
calculate integration scores for each service provider of an integrated service network and
a global integration score of the whole network. The method was built on the Human
Service Integration Measure Scale developed by Browne et al. [10]. Each service provider
rated the perceived and expected level of partnership with every other service provider on
a 5-point ordinal scale. The ratings were sorted into four types: self-perceived, self-

expected, group-perceived, and group-expected ratings. Two matrices were developed to
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facilitate the calculations and the details are explained in Chapter 2. We quantified the
integration by calculating the agreement between: group-perceived and group-expected
ratings; self-perceived and group-expected ratings; group-perceived and self-expected
ratings; and self-perceived and self-expected ratings. The integration scores were reported
in percentage with 95% confidence interval. We also used a graphical display to
summarize the overall integration and calculated a global score. The sensitivity of the
global integration score was examined by bootstrapping methods. The proposed method
was then applied in measuring the degree of integration among service providers of the

CTN.

Chapter 3 describes with the sensitivity analysis of the CTN trial. We compared the ITT
with alternative approaches of analyzing the CTN data, including the AT, PP, and IV
methods. The AT analysis compared the children who received complete CTN integrated
care with the ones who received only parts or none of it. The PP analysis compared the
children who fully complied with their assigned treatment. We employed propensity score
(PS) methods to adjust for potential prognostic imbalance in the AT and PP analyses
since both analyses compromised original randomization. Four PS methods were used:
matching on PS, stratifying on PS, weighting on PS, and adjusting for PS as a covariate.
The IV analysis used the randomization allocation as the instrumental variable to estimate
the causal effect of CTN integrated care on target children’s outcome. We applied the
Delta method to calculate the standard error of the IV estimate. All results were reported

in estimated effect size (expressed as the mean difference between groups), 95%
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confidence interval, and p value. The estimates were compared by their magnitude,

precision, direction, and significance.

Chapter 4 describes the assessment of bias by applying different methods to analyze non-
compliant scenarios. We simulated hypothetical RCTs by using the key parameters
estimated from the CTN trial to mimic a similar study setting. Different non-compliant
scenarios were generated by varying three factors: the type of non-compliers, the
randomness of non-compliance, and the degree of non-compliance. In total, we generated
30 different non-compliant scenarios. We analyzed each of those scenarios by the ITT,
AT, PP, 1V, and CACE analyses and compared the results by the bias of the estimate,
mean square error, and 95% coverage of the true value. A sensitivity analysis was also
conducted to examine the impact of dichotomizing patients’ adherence to treatment. Two
cut-offs were investigated: 80% (i.e. a patient considered to have fully complied if he or

she had received 80% of all elements of the treatment) and 100%.

Chapter 5 summarizes the key findings of Chapters 2 to 4, and discusses the implications
and limitations of the thesis. The common goal of all three papers is to advance our
understanding on the statistical and methodological issues around the evaluation of
integrated care programs. Results of the individual projects will provide knowledge for

designing future studies to evaluate similar interventions.
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Abstract

Background: Integration involves the coordination of services provided by autonomous
agencies and improves the organization and delivery of multiple services for target
patients. Current measures generally do not distinguish between agencies’ perception and
expectation. We propose a method for quantifying the agencies’ service integration.
Using the data from the Children’s Treatment Network (CTN), we aimed to measure the
degree of integration for the CTN agencies in York and Simcoe.

Theory and Methods: We quantified the integration by the agreement between perceived
and expected levels of involvement and calculated four scores from different perspectives
for each agency. We used the average score to measure the global network integration
and examined the sensitivity of the global score.

Results: Most agencies’ integration scores were less than 65%. As measured by the
agreement between every other agency’s perception and expectation, the overall
integration of CTN in Simcoe and York was 44% (95% CI: 39% - 49%) and 52% (95%
CI: 48% - 56%), respectively. The sensitivity analysis showed that the global scores were
robust.

Conclusion: Our method extends existing measures of integration and possesses a good
extent of validity. We can also apply the method in monitoring improvement and linking
integration with other outcomes.

Keywords: integration measure, perception, expectation, collaboration agreement

16



PhD Thesis — C Ye; McMaster University
Health Research Methodology - Biostatistics Specialization

Background

Spending on healthcare in Canada continues to outpace government revenue and
economic growth [1]. In 2010, the total Canadian healthcare expenditures were
approximately $191.6 billion [2]. Fraser Institute, a Canadian think-tank, forecasts that if
the recent trend continues, six of 10 provincial governments will spend more than half of
total revenue on healthcare by the year 2020 [3]. Many factors contribute to escalating
healthcare costs that include: development of new drugs, availability of expensive health
services, and an increase in co-morbid chronic conditions in our aging populations [4-6].

The sustainability of the existing Canadian universal care system is a growing concern

[7].

In general, patients with chronic illness or functional limitations are the major consumers
of community health services [8,9]. For example, in addition to taking
psychopharmacologic drugs, patients with mental illness would need psychiatric
counseling, rehabilitative therapy, and other health and social services to help them and
their families. Usually, such primary care services are delivered by community health
centres—which are operated autonomously [10]. Patients often receive help for a single
problem at a time and endure duplicative processes to receive multiple services. With
limited resources, we can hardly meet the total needs of a population by providing health
services in an isolated and fragmented fashion. As a result, patients may experience

prolonged wait-times and courses of treatment.
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Over the last decade, integration has been advocated as a viable strategy for improving
the organization and delivery of health services. A majority of the literature on integrating
services discusses the integration of health services on primary care, hospital care, or
mental health care [8-11]. Often, the integration of health services is framed under the
notion of “continuity of care” [12]. A prominent hypothesis is that integration of health
services leads to higher quality of care at a lower cost and maintains or improves patients’
health and satisfaction [13,14]. In this paper, we adopt the definition introduced by
Browne et al. who define integration as the coordination of a comprehensive spectrum of
services (e.g., health, education, community and social services) provided by multiple
agencies [10]. We use providers and agencies interchangeably to represent the publicly

funded organizations that deliver community health services.

The integrated approach of delivering services has potential advantages. Patients will
receive comprehensive care and are likely to gain a much better outcome. Another
advantage is that service providers can improve their caseload by coordinating with other
providers and reducing duplication, and thus, better meet the overall needs of a
population. There are different ways to initiating integration within a community. One is
by legislative change such as the Health Action Zones in the United Kingdom whereby a
whole geographic area receives the total funding for public and health services. The
implementation of Local Health Integration Networks (LHINs) in Ontario, Canada is
another example where local region receives funds for acute, community, and long-term

care services. Regional health authorities develop service agreements with performance

18



PhD Thesis — C Ye; McMaster University
Health Research Methodology - Biostatistics Specialization

indicators. Savings are kept within the region and used for other priorities. The other
approach begins at a local level whereby agencies collaborate together to serve more
clients without increasing funding allocation. The local community develops own
collaboration in service delivery. The Children’s Treatment Network (CTN) in Ontario,
Canada is an example of the third approach, for serving the children with complex health

problems.

Studies have shown that integrating local services improves patient outcomes, such as
reducing functional decline in the elderly [15], preventing avoidable hospitalizations [16],
and minimizing the risk of developing diabetes-related complications [17]. One sentence
summarizes the current evidence: healthcare providers can achieve target outcomes more
easily with less investment by coordinating available, necessary, and preferable human
services to patients [18]. From a societal perspective, proactive and comprehensive
services are more effective and less expensive because giving people what they need in a
coordinated fashion results in a reduced use of other services [19]. The emphasis on
human services is the result of accumulating evidence that the factors (besides genetic
predisposition) determining health are social, environmental, educational, and personal in
nature. However, the extent to which those services are integrated for addressing patients’

health needs is often unknown and rarely measured.

Without quantifying the degree of integration, the effect of collaborative effort can be

hardly identified. Without measuring and monitoring the actual integration, it is difficult
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for network planners to make decisions and confirm successful implementation [20].
Thus, we need a valid method for measuring the degree to which a network has achieved
in integrating services. A recent systematic review [13] identified 18 quantitative
measures of integration. None of those measures separate agencies’ current perception of
involvement from their expectation. Since agencies would differ in the level of
involvement necessary to meet patients’ needs, a rational measure should reflect the
agreement between perceived and expected levels of involvement. In marketing,
researchers have used the gap between the expected performance and the perceived
experience as an objective measure of customer satisfaction [21]. Current measures
generally do not distinguish between agencies’ perception and expectation on integration
although separate measures offer an appropriate and reliable way to identify the ‘gap’ in
integration [22]. Browne et al. develop the Human Service Integration Measure (HSIM)
scale [10] that includes separate measures of observed and expected integrations. Another
key limitation in existing measures is the common assumption that a higher level of
involvement is always a better integration. A high level of input by an agency is not
necessarily an agreed-upon involvement by all agencies [10,13,23]. A measure of
integration needs to account for the expectations of all underlying agencies in their
pursuit of a common goal to improve patient outcomes [24-26]. In this paper, we
introduce a new method to measure the degree of service integration among agencies. Our
proposed method has unique strengths by: quantifying the gap between perceived and
expected levels of involvement within a network; creating a relational score by the

agreement among all agencies; measuring the integration from four different perspectives;
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and creating integration scores for individual agencies and global integration scores for
the entire network as a whole. In this paper, we use the words ‘perceived’, ‘observed’,
and ‘actual’ interchangeably to mean the current level of involvement perceived by
agencies. We use the words ‘expected’ or ‘optimal’ to mean the level of involvement
expected by agencies. Using the data from the Children’s Treatment Network (CTN), our
objectives are to: 1) measure the degree of integration among agencies of CTN; 2)
calculate global integration scores of CTN; and 3) assess the sensitivity of the global
integration score based on different approaches for estimating the global integration

Score.

Theory and Methods

Study design and study population

The data were drawn from a cross-sectional study that evaluated the integration of CTN
in 2006, one year after its inception. The study measured the degree of integration among

agencies of CTN in Simcoe and York separately.

In Simcoe County and York Region of Ontario, Canada, families with severely disabled
child(ren) had limited access to specialized treatments and had to travel outside their
region to receive services. They used services in a disjointed and self-directed manner and
often received suboptimal outcomes. In response to these problems, Simcoe County and
York Region launched the CTN in 2005. Targeting the children with complex health

problems, local service agencies in CTN collaborated together to deliver comprehensive
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therapeutic and psychosocial services to the children and their families. This innovative
and proactive model integrated existing service agencies — including health, recreational,
educational, social, mental health, and community resources (Wwww.ctn-simcoeyork.ca).
Each family served by CTN had a unique team of service providers for a long-term basis.
The interdisciplinary team provided a single point of contact, health assessment, service

coordination, and a comprehensive plan of care for the children.

Characteristics of the CTN agencies

At the time of measurement, there were 27 and 36 agencies in Simcoe and York,
respectively. The CTN represented health, educational, social, justice, recreational, and
cultural sectors. There were different types of agencies in each sector that included: early
years, Healthy Babies, adolescent support, rehabilitation, home care, social assistance,

child protection, mental health, recreation, leisure services, etc.

The Human Service Integration Measure Scale

To quantify the level of partnership involvement, we used the latest version of the Human
Service Integration Measure (HSIM) scale, a 5-point ordinal scale developed by Browne
et al. to validate their integration framework [10]. Representatives of agencies can fill out
the measures by web-form, phone, or in-person interview. An interviewer will ask each
agency to rate its current and expected levels of involvement with the other agencies

within the network. An example of the measure is provided in Figure 1. For agencies that
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have more than one representative, the interviewer will average the ratings from all

representatives and round it to the nearest integer.

Organizing the data for calculating integration

We have developed two square matrices to organize the responses of perceived
involvement and expected involvement, respectively. Each column in the matrix contains
an agency’s ratings on every other agency (i.e. self-ratings) and each row contains other
agencies’ ratings on the same agency (i.e. group-ratings). An illustrative example is
provided in Figure 2. In the matrix of perceived involvement, the first column contains
the level of involvement that Agency A has perceived with every other agency (e.g. 1, 1,
and 1) and the first row contains the level of involvement that other agencies have
perceived with Agency A (e.g. 2, 3 and 4). Similarly, in the matrix of expected
involvement, the first column contains the level of involvement that Agency A has
expected with every other agency (e.g. 1, 2, and 3) and the first row contains the level of
involvement that other agencies have expected with Agency A (e.g. 1, 1, and 1). The
ratings for other agencies are organized in the same way. Every agency has four types of
ratings, namely, self-perceived, self-expected, group-perceived, and group-expected

ratings.

Calculating the agency integration scores
We measured an agency’s integration score by the agreement between perceived and

expected involvements with other agencies and defined the agreement as the percentage
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of pairs of agreed perceived and expected ratings. Thus, our integration score was an
agreed-upon score on the level of involvement among agencies. For example, if there
were 80% of agencies whose group-perceived scores on Agency X were same as their
group-expected scores, then the corresponding degree of integration for Agency X would
be 80%. Our integration framework measured the agreement from four perspectives
shown in Figure 3, including the agreement between: the group-perceived and group-
expected involvements (P1), the self-perceived and group-expected involvements (P2),
the group-perceived and self-expected involvements (P3), and the self-perceived and self-

expected involvements (P4).

Calculating the global integration score

We estimated the global integration score of a network by the average integration score.
As shown in Figure 4, the graded area represented the global integration score of a
network based on scores from all the network agencies. The blank area on the diagram
indicates the gap in the degree of global network integration. The total area is the sum of
the graded and the blank areas of the diagram which equals 1 (i.e. 100% integration).
Essentially, the graded area represents the average integration score. We calculated
corresponding global integration score with 95% confidence interval (CI)) as the graded

area based on P1, P2, P3, and P4 integration scores.

Assessing the sensitivity of global integration score
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We conducted a sensitivity analysis by comparing with other methods for estimating the
global integration score: the weighted-average method and the bootstrap method. In the
weighted-average method, we attached a different weight (w) to each agency based on the
variance of its integration score. This method adjusted for the precision of an estimated
integration score. An agency with a more precise integration score contributed more to
the global score for the whole network. For the bootstrapping method, we used three
different bootstrap procedures: the standard, the balanced, and the Bayesian procedures.
Bootstrap is a common resampling method for improving estimation and confidence
intervals of an unknown parameter [27-29]. Different procedure requires a different
resampling algorithm and thus, estimates the sampling error differently. The standard
bootstrap can produce a bias-corrected estimate [29] that largely reduces the potential bias
arising in estimation. The balanced bootstrap is similar to the standard procedure but
bootstrap samples are balanced. Compared with the standard bootstrap, the balanced
bootstrap generally improves the efficiency of simulation [30]. The Bayesian bootstrap
uses a different algorithm and approximates a posterior distribution of the global score
instead of a sampling distribution [31]. For both the standard and balanced bootstrap
procedures, we computed the 95% bias-corrected and accelerated CI that adjusted both
bias and skewness in bootstrap sampling [28]. For the Bayesian bootstrap procedure, we
computed the 95% credibility interval (Crl) instead. The details of calculations and
procedures were provided in the Appendix. We performed all statistical analyses in the

software package R version 2.12.1.
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Results

The integration scores for agencies of CTN

We summarized the integration scores for CTN agencies in Table 1. For confidentiality,
we kept agencies anonymous and labeled them by Arabic numbers. The response rate was
89% in Simcoe and 64% in York. All agencies (i.e. both respondents and non-
respondents) received a P1 score. However, only respondents received P2, P3, and P4
scores because those calculations required the agencies’ ratings on other agencies. In
Simcoe, P1, P2, P3, and P4 integration scores varied from 25% to 82%, 4% to 83%, 13%
to 83%, and 4% to 96%, respectively. In York, P1, P2, P3, and P4 integration scores

varied from 27% to 73%, 27% to 81%, 9% to 82%, and 23% to 97%, respectively.

The global integration scores for the CTN

Global integration scores of CTN were summarized in Table 2. In Simcoe, P1, P2, P3,
and P4 global integration scores with 95% CI were 44% (39%, 49%), 43% (36%, 51%),
43% (35%, 52%), and 44% (32%, 55%), respectively. In York, they were 52% (48%,
56%), 54% (48%, 61%), 54% (45%, 63%), and 52% (43%, 61%), respectively. The

global integration of CTN in York was generally higher than that in Simcoe.

Assessing the global integration score
The global integration scores calculated by different approaches were similar. We
performed all bootstrap procedures by simulating 500, 1000, 5000, 10000, and 40000

bootstrap samples. Although, increasing the number of simulations reduced the random
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sampling error caused by the bootstrap procedure itself, the results only differed in the
third decimal place. Thus, we only reported the results by simulating 40000 bootstrap
samples. The weighted-average approach provided a slightly different estimate in some
cases and the narrowest 95% CI (Figures 5 and 6). Other researchers also reported a
narrower confidence interval when using a weighted approach [32]. Still, the 95% Cls
covered all scores by different methods. The only exception was the P4 global score
measuring the overall agreement between self-perceived and self-expected involvements
in York, where the weighted-average method provided a significantly larger estimate than
other methods. The global scores estimated by different bootstrap procedures were
identical to the standard one. This showed that the average integration score was a simple
and reliable estimate of the global score. The findings were consistent with the fact that a
sample mean was an unbiased estimate of the population mean. The 95% Cls in bootstrap
methods were slightly more precise. Overall, the sample mean was a robust estimate of

the global integration score.

Discussion

We have developed a method for quantifying the degree of integration for agencies in an
integrated service network. Using this method, mangers could identify the current gap in
service integration. We applied the method in measuring the CTN agencies. Non-
respondent agencies had lower P1 integration score, which indicated a poorer integration
as perceived and expected by the group. For some agencies, their scores (i.e. P1, P2, P3,

and P4 scores) varied largely across different perspectives of integration. As shown in
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Figures 7 and 8, the spider plots were helpful for examining the gap of integration by
different views. When an agency had 100% integration, the plot would show a complete
‘diamond’. Any defect on the ‘diamond’ would indicate imperfect integration from some
perspective. For example, in Simcoe, Agency 4 had much lower P1 and P2 scores than its
other scores: below 45% versus above 80%. This suggested that the level of involvement
perceived by all agencies including Agency 4 itself did not meet other agencies’
expectation. This was an indication that the group might have a wrong expectation on the
level of involvement required for Agency 4. Agency 14 had a much lower P2 score than
other scores: 55% versus above 80%. The level of involvement perceived by Agency 14
met its own expectation but not others. This was an indication that Agency 14 might have
an improper perception on the level of involvement it was contributing to the group.
Agencies 17 had much lower P1, P2, and P3 scores than its P4 score: below 62% versus
above 85%. This showed that the level of involvement perceived by Agency 17 only met
its own expectation but not others, and was different from others’ perception too. Agency
21 had much lower P1, P3, and P4 scores than its P2 score: below 59% versus above
82%. Although Agency 21’s perception on its current involvement met others’
expectation, it was different from what others had perceived. Our findings helped CTN
managers to diagnose deeper problems of integration and potential barriers in integrating
multiple services. By measuring the service integration over time, we could also evaluate
the improvement in agency working relationships and promote further dialogue in

achieving better integration.
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Our measurement had some limitations. First, we only focused on measuring the degree
of collaborative involvement in service integration. There were other types of integration
[33], e.g. the functional integration, which we did not measure. Second, the measurement
only captured the integration among the planning group. We acknowledged that
integration achieved at the planning table did not always reflect the degree of integration
in real practice, for example, among the frontline teams of workers. Third, there was
potential respondent bias because filling out the measure by representative(s) is subject to
proxy reporting bias. Representatives might not give the same information that others
from the same agency would give. Halo effect and end-aversion were two other potential
sources of bias in our results [34]. Finally, we were not able to evaluate the impact of

non-respondents on the results.

Integration models generally require some formal mechanism, such as networks or
committees of local agencies, to plan, organize, and deliver multiple services together.
There are many barriers to integration because current health, educational, social,
rehabilitative services, etc. are funded independently. Relationship, politics,
communication, process, structure, and conflict are common problems for the failure of
integration [35-38]. The gains from integration are often difficult to sustain and we need
a tool to measure them. Despite the limitations, our method provides a valid way to
conceptualize and quantify the service integration among agencies. During the time of
measurement, CTN was undergoing initial planning to link resources and support,

organize services, and create a new governance model. This partly explained the low
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degree of integration that CTN agencies had achieved. By quantifying the state of
integration, our measurement helped CTN agencies visualize their agreement in the
process of integration and generated important discussions for their next stage of
planning. The unique value of our tool is that it provides a relative score on the degree to
which the actual involvement agrees with the expected involvement. In this regard, our
method greatly extends the HSIM by bridging the perceived and the expected
integrations. Compared with the Ahgren & Axelsson’s method [23], our approach does
not adopt an assumption that higher levels of integration are better. Another difference
was that the Ahgren & Axelsson’s method uses specific criteria to define levels of
integration (e.g. referrals, guidelines, chains of care, network managers, and pooled
resources). Although this might be a more objective approach, the measure could not
distinguish the differences in the degree of involvement that should be present in a well-
functioning network. In addition, our method produces simple and reliable global
integration scores that quantify the integration of an entire network as a whole, which is
hardly addressed in the current literature. Our method possesses a good content relevance
and coverage on measuring integration by including: the spectrum of services, the number
of providers, the score of integration, and the perspective of agencies. Our method can
also differentiate the degree of integration between similar networks, as shown in case of

the CTN Simcoe and York.

We have used the Partnership Self-Assessment Tool [39, 40] to examine the association

between our integration scores and components of a collaborative process — synergy,
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leadership, efficiency, administration and management, resources, decision-making,
benefits, drawbacks, and satisfaction. Our results showed that synergy was strongly
associated with integration [41]. Other components including leadership, administration,
decision-making, and satisfaction were also associated with integration. The findings
demonstrated some extent of convergent validity because our integration measure was
related to other variables of the same construct to which it should be related [34]. In an
on-going analysis, we are examining the linkage between the degree of integration and
network capacity that includes the average wait-time and the caseload. For future studies,
we can apply the measurement in other similar service networks or in the same network
for continuous evaluation. By repeating the measurement, investigators can determine
integration patterns over time and examine the connection between integration and
network outcomes longitudinally. We have found a potential influence of provider team
integration on the quality of life of children with complex needs [42]. Future studies can
also examine the similar relationship between different patient outcomes and the degree

of integration using our measure.

Concluding Remarks

In this paper, we introduce a method for measuring the degree of integration for agencies
in an integrated service network. Using the method, we measured the integration of the
CTN agencies in Simcoe and York. In CTN Simcoe, agencies’ P1, P2, P3, and P4
integration scores varied from 25% to 82%, 4% to 83%, 13% to 83%, and 4% to 96%,

respectively. In CTN York, agencies’ P1, P2, P3, and P4 integration scores varied from
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27% to 73%, 27% to 81%, 9% to 82%, and 23% to 97%, respectively. Most agencies had
a score of less than 65%, a relatively low level of integration. The results revealed
existing problems in integrating CTN services. As measured by the agreement between
every other agency’s perception and expectation, the overall integration of CTN in
Simcoe and York was 44% (95% CI: 39% - 49%) and 52% (95% CI: 48% - 56%),
respectively. The sensitivity analysis showed that the average integration score was a
reliable and robust estimate of the global integration score. The measurement provided
timely information for decision-making and improving the integration of CTN. The key
implication is that every integrated service network needs a valid measurement to
evaluate whether or not the collaborative process has been implemented as planned.
Measuring the service integration should be the first step in this evaluation. However,
quantitative methods available for measuring integration have been scarce in the
literature. Our method greatly extends the existing measures of integration by quantifying
the agreement between agencies’ perceived and expected levels of involvement. Our
approach is unique such that we quantify the integration from four different perspectives
to identify deeper problems in integrating multiple services provided by autonomous
agencies. We showed that the proposed method possessed a good extent of validity and

could be applied in measuring other integrations in a similar setting.
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APPENDIX - Statistical Methods

Calculating the integration scores

The small letter » denotes the number of respondents. Since an agency does not rate it
itself, the number of respondents is the total number of agencies less 1 when there is no

non-respondent. The integration score X is calculated by

g = Zi“=1 Ij(perceved involvement=expected involvement)
- )
n

where I; is an indicator that returns 1 if the perceived involvement is equal to the expected
involvement and 0 otherwise for the iy, pair of ratings. Current perception of integration
can be either self- or group-perceived. Similarly, expectation can be either self- or group-
expected.

The variance of integration score is calculated by

R(1-%)

where X is the P1, P2, P3 or P4 score.

Calculating the global integration score

The standard method

The capital letter N denotes the total number of agencies within a network. The average
integration score estimates the global integration 8, given by

N =«
6= Yi=1 %
= ===,

where &; is the estimated P1, P2, P3, or P4 score of the i, agency.

The 95% confidence interval (CI) of a global integration score is calculated by
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~ s A s
(6-1.96 7,6 +1.96 %),

where s is the sample standard deviation of the integration scores.
The weighted-average method
The weighted global integration score is calculated by

Bueishted = X Kiwi
weighte Yhw;

where &; is the integration score of the i, agency and wy; is the inverse of variance of X;.

The 95% CI of the weighted global integration score is calculated by

~ 1 A 1
(6-1.96 /m,e +1.96 [=).

The bootstrap method

In the standard bootstrap, we randomly draw an integration score from all agencies with
replacement repeatedly to generate a bootstrap sample. We repeat that procedure to
generate a large number of & bootstrap samples. The choice of k often depends on the
computational power. In the balanced bootstrap, every integration score appears the same
number of times among bootstrap samples. In other words, each original integration score
is selected & times and allocated randomly in the & bootstrap samples. We achieve that by
creating k replicates of original sample and then randomly sampling without replacement
among those replicates to create k& equal bootstrap samples. We calculate the mean of

each bootstrap sample by

N b
By, = Zi=1 %

=12, ..k
) N
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where GAb] is the average integration score for the j,; bootstrap sample and )A(ib’s are the

integration scores selected in that bootstrap sample.

When £ is large enough (usually over 1000), aggregating the means of all bootstrap
samples constitutes a sampling distribution of the global score. The bias in estimating the
global score can be then approximated by

—_— Z]k=1§b- ~
Bias = - 1.9

0,- 6,
where By, is the expected global integration score from bootstrap samples and 8 is the

mean of the original sample.

The bias-adjusted bootstrap estimate of the global integration score is calculated by

~

0

)

—

Bias = 26-0,,.

bias-adjusted — 9~
The 95% bias-corrected and accelerated (BCa) confidence interval for the global
integration score is (m,, m,) where

%0-1.96

my = @ (ZO + 1-4(20-1.96)

) and m, = ® (20 + —Zo¥L96 )

The ®(-) is the standard normal cumulative function; a Z*“’ is the acceleration; and 2, is
the bias-correction. The method of calculating 3 and Z, empirically is provided in [28].
In the Bayesian bootstrap, each bootstrap sample generates a posterior probability for

each integration score in the original sample. We draw N -1 uniform random numbers

between 0 and 1, order them to be ¢;, ¢, ..., cy, and letcy, = 0 and ¢; = 1. We then

calculate the gaps g; = c;-c; ,,i =1, ...,N and attach g = (g, ..., gn) as the vector of

i-1/
probabilities to the original integration scores X;, ..., Xy for that bootstrap sample. We

repeat that procedure to create k bootstrap samples. Details of the procedure can be found
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in [31]. The posterior estimate of the average integration scores in each bootstrap sample
is calculated by,

@b,- =¥Ng&,i=12, ...k
The Bayesian bootstrap (BB) estimate of the global integration score can be calculated by
the average of all posterior estimates from bootstrap samples, i.e.

K &
~ Zj:l 9b]
BB K

The 95% credibility interval can be obtained from the empirical distribution of all

posterior estimates Gb]. ’S.
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Figure 1: The Human Service Integration Measure Scale

To what extent are you
involved with the following

To what extent should you
be involved with the

AGENCY/
services? following services?
Rating Scale 3]2-‘26)5 Do not rate your own service z};:t:; Rating Scale
0 = No awareness: 0 = No awareness:
Your agency is not aware of the Agency A Your agency should not be aware of
other service Agency B the other service
1= Awareness: Agency C 1= Awareness:
You have knowledge of the other Agency D You should have knowledge of the
service although no effort is taken to other service although no effort is
organize activities according to any Agency E taken to organize activities according
principles except those that conform A gency F to any principles except those that
to individual agency missions. conform to individual agency
Agency G missions.
2 = Communication:
You and the other service have an Agency H 2 = Communication:
active program of communication Agency I You and the other service should have
and information sharing. an active program of communication
Agency J and information sharing.

3 = Cooperation:
You and the other service each use
your knowledge of the other’s service
to guide and modify your own
service planning in order to obtain a
better set of links between services.

4 = Collaboration:
You and the other service jointly
plan the offering of service and
actively modify service activity
based on advice and input from
mutual discussions.

3 = Cooperation:
You and the other service should each
use your knowledge of the other’s
service to guide and modify your own
service planning in order to obtain a
better set of links between services.

4 = Collaboration:
You and the other service should
jointly plan the offering of service and
actively modify service activity based
on advice and input from mutual
discussions.
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Figure 2: An example for organizing the data

AGENCY A Perceived involvement — square matrix
Perceived Do not rate your own service Expected Agency A Agency B Agency C Agency D
X Agency A X
i Agency B i Agency A X 2 3 4
1 Agency C 2 Agency B 1 X 3 4
1 Agency D 3 Agency C 1 2 X 4
SGENGE > Agency D 1 2 3 X
Perceived Do not rate your own service Expected
2 Agency A 1 Expected involvement — square matrix
X Agency B X Agency A Agency B Agency C  Agency D
2 Agency C 2 A A X ] ] |
2 Agency D 3 Sy
AGENCY C Agency B 1 X 2 2
Perceived Do not rate your own service Expected Agency C 2 2 X 3
3 Agency A ! Agency D 3 3 3 X
3 Agency B 2
X Agency C X @
3 Agency D 3
- S GENGD - Self-perceived | Self-expected [ Group-perceived | Group-expected
Perceived Do not rate your own service Expected
4 Agency A 1 A 1 1 1 1 2 3 2 3 4 1 1 1
4 Agency B 2
B 2 2 2 1 2 3 1 3 4 1 2 3
4 Agency C
X Agency D X C 3 3 3 1 2 3 1 2 4 2 2 3
D 4 4 4 1 2 3 1 2 3 3 3 3
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Figure 3: The framework of measuring integration

Group
Expected

15t Measure (P1) 2" Measure (P2)

Integration
Measure

Self
Perceived

Group
Perceived

3 Measure (P3) 4t Measure (P4)

Self
Expected
Integration Score Agreement between... It measures...

Pl Group-perceived rating and The degree of agreement between an agency's involvement
group-expected rating perceived by others and its involvement expected by others.

P2 Self-perceived rating and The degree of agreement between an agency's self-perceived
group-expected rating involvement and its involvement expected by others.

P3 Group-perceived rating and The degree of agreement between an agency's involvement
self-expected rating perceived by others and the involvement expected itself.

P4 Self-perceived rating and The degree of agreement between an agency’s self-perceived
self-expected rating involvement and the involvement expected itself.
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Figure 4: An example of the global integration
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Figure 5: Global integration scores of CTN Simcoe
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Figure 6: Global integration scores of CTN York
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Figure 7: The spider plot for comparing the 4 integration scores for agencies in Simcoe
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Figure 8: The spider plot for comparing the 4 integration scores for agencies in York
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Table 1: Integration scores for the agencies of the Children's Treatment Network

Simcoe (n=27) York (n=36)

Service agency Pl P2 P3 P4 P1 P2 P3 P4

30% 39% 26% 12% 41% 62% 14% 24%
38% - - 68% 59% 59% 46%
43% 30% 35% 31% 35% - - -
43% 26% 83% 88% 41% 50% 27% 43%
39% 43% 26% 23% 52% - - -
61% 65% 35% 54% 68% 32% 64% 26%
35% 35% 65% 38% 52% - - -
25% - - - 61% - - -
25% - - - 64% 36% 45% 31%
48% 26% 48% 50% 73% 68% 82% 79%
39% 35% 22% 12% 57% - - -
43% 30% 43% 31% 59% 50% 64% 74%
26% 35% 22% 19% 64% 59% 68% 49%
82% 55% 82% 88% 50% 64% 59% 74%
57% 39% 65% 38% 43% - - -
52% 45% 41% 12% 43% - - -
26% 43% 61% 96% 68% 55% 82% 40%
48% 61% 43% 85% 55% 45% 73% 49%
48% 48% 57% 65% 64% - - -
48% 4% 57% 4% 41% 55% 50% 57%
48% 83% 13% 58% 32% 36% 9% 24%
48% 48% 52% 42% 36% 82% 41% 97%
43% 74% 13% 50% 41% 48% 62% 68%
52% 35% 39% 15% 43% - - -
52% 70% 22% 19% 59% 73% 45% 49%
48% 35% 30% 69% 62% 71% 52% 51%
39% 30% 57% 50% 27% - - -
57% - - -
55% 27% 50% 23%
43% - - -
36% 50% 27% 31%
68% 41% 82% 51%
73% 68% 77% 77%

T T T R T R T T R N R N B S O R N R R S N S R N R e e T e T
A RO PO 0O AR NRE DN, OO0 AN N DEWNN = ORI NDE W~

57% - - -
41% 41% 64% 66%
36 48% 76% 48% 69%

*Percentages were rounded up to integer; the agencies were listed in a consecutive order and the same number did not refer to
the same agency; CI = confidence interval.

P1= the degree of agreement between an agency’s involvement perceived by others and its involvement expected by others
P2= the degree of agreement between an agency’s self-perceived involvement and its involvement expected by others

P3= the degree of agreement between an agency’s involvement perceived by others and the involvement expected itself

P4= the degree of agreement between an agency’s self-perceived involvement and the involvement expected itself
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Table 2: Global integration scores estimated by different methods

Region Method P1 95% CI* P2 95% CI* P3 95% CI* P4 95% CI*
Sample mean 44% (39%,49%) 43% (36%,51%) 43% (35%, 52%) 44%  (32%, 55%)
Other methods

Weighted average ~ 44%  (40%, 48%) 38% (34%,42%) 41% (37%,45%) 45%  (42%, 48%)

SImeoe G ndard bootstrap  44% (3%, 49%) 43% (37%.50%) 43% (35%,51%) 44%  (33%, 55%)
Balanced bootstrap ~ 44%  (39%, 49%)  43%  (36%, 50%) 43% (35%, 51%) 44%  (33%, 55%)
Bayesian bootstrap ~ 44%  (40%, 49%) 43%  (37%,50%) 43% (36%, 51%) 44%  (34%, 55%)
Sample mean 52% (48%, 56%) 54% (4%, 61%) 54% (45%, 63%) 52% (43%, 61%)
Other methods

Vo Welghtedaverage  52% (4%, 56%) 55% (51%, 60%) 52% (48%,56%) 62%  (59%, 65%)

Standard bootstrap ~ 52%  (48%, 56%) 54%  (48%, 60%) 54% (46%, 62%) 52%  (44%, 60%)
Balanced bootstrap ~ 52%  (48%, 56%) 54%  (48%, 60%) 54% (46%, 62%) 52%  (44%, 60%)
Bayesian bootstrap  52%  (48%, 56%) 54%  (48%, 60%)  54% (46%, 62%) 52%  (44%, 60%)

*CI = confidence interval, a credibility interval was calculated instead in the Bayesian bootstrap method; n = number of respondents;
bootstrap estimates were obtained by simulating 40000 bootstrap samples.

P1=the degree of agreement between an agency’s involvement perceived by others and its involvement expected by others

P2=the degree of agreement between an agency’s self-perceived involvement and its involvement expected by others

P3=the degree of agreement between an agency’s involvement perceived by others and the involvement expected itself

P4= the degree of agreement between an agency’s self-perceived involvement and the involvement expected itself
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Abstract

Background: The value of integrated care through comprehensive, coordinated, and
family-centered services has been increasingly recognized for improving health outcomes
of children with special health care needs (CSHCN). In a randomized controlled trial
(RCT), the integrated care provided through the Children’s Treatment Network (CTN)
was compared with usual care on improving psychosocial health of the target CSHCN. In
this paper, we aimed to estimate the effect of the CTN care by conducting multiple
analyses to handle non-compliance in the trial.

Methods: The trial recruited the target children in Simcoe County and York Region,
Ontario Canada. Children were randomized to receive the CTN or usual care and were
followed for 2 years. The CTN group received integrated services through multiple
providers to address their specific needs while the usual care group continued to receive
care directed by their parents. The outcome was the change of psychosocial quality of life
(QOL) in 2 years. We conducted the intention-to-treat, as-treated, per-protocol, and
instrumental variable analyses to analyze the outcome..

Results: The trial randomized 445 children, with 229 in the intervention group and 216
in the control group. During follow-up, 52% of the children in the intervention group did
not receive complete CTN care for various reasons. At 2 years, we did not find significant
improvement in psychosocial QOL among the children receiving the CTN care compared
with usual care (intention-to-treat mean difference: 1.50, 95% confidence interval: -1.49,

4.50; p=0.32). Other methods of analysis yielded similar results.
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Conclusion: Although the effect of the CTN care was not significant, there was evidence
which showed the benefits of integrated care for CSHCN. More RCTs are needed to
demonstrate the magnitude of such effect. The CTN study highlights the key challenges
in RCTs to assess interventions of integrated care. It informs further RCTs of similar
evaluations.

Keywords: CSHCN, chronically ill, coordinated, family-centered care, RCT, non-

compliance.
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Introduction

The “children with special health care needs” (CSHCN) are those “who have or are
at increased risk for a chronic physical, developmental, behavioral, or emotional
condition, and who also require health and related services of a type or amount beyond
that required by children generally”.' In Canada, about 13% to 18% of children are
considered to have special needs.” These children usually have poor quality of life’
associated with emotional symptoms,’ psychological problems,” and health risk
behaviours.® Two thirds of parents with disabled child do not get necessary treatments for
their child and more than one third of them do not know where to look for help.” These
parents endure enormous financial and mental burdens due to their child’s illnesses.®
Since most CSHCN live at home, the parents have to quit their jobs, work fewer hours,
turn down a promotion, or compromise job performance’ for taking care of their child
with special needs. “Finding services, battling waitlists, travelling long distances, briefing
numerous professionals from different sectors on their child’s history, and coordinating
services from multiple agencies” are just part of their daily life.'” These parents
commonly describe continuing strain and chronic fatigue concerning their child’s well-
being'' and over 35% of them report high levels of emotional distress.'” Their families
are also affected by high divorce rates."

CSHCN are usually diverse in nature and need an individualized approach to address
their specialized and multiple needs.'* The value of continuous, comprehensive,
coordinated, and family-centered care'” has been widely recognized. Delivery of this new

care requires a more integrative approach than the traditional one through: collaboration
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with parents to decide case-specific goals; coordination of an individual team of service
providers; and provision of a single point of access to address families” multiple needs.
As an example, medical home'® in the United States is a new development on health care
delivery for the families with CSHCN. It has led to reduction in wait-time or unmet health
care needs for the target children;'” increased use of preventive care;'® decreased risk for

? and alleviation of family’s burdens.”” Adoption of those strategies in

comorbidities; !
Canadian system has been limited. There are examples of innovative interventions (for
example, the Chronic Care Model in British Columbia and the Family Health Network in
Ontario) but these interventions target adult patients."* Compared with adults, CSHCN
are affected by a larger number of uncommon conditions and demand more tailored
services and a more complex model of care.

In 2006, a new model of care for CSHCN and their families, the Children’s
Treatment Network (CTN), was launched in Simcoe County and York Region in Ontario
Canada. The CTN model of care is funded by the government and is based on the
collaboration of local service providers from different agencies and organizations. It
provides a single point of access and service navigation for the children. The CTN model
is unique such that it assigns a service coordinator and an individual team of health
service providers for each target family; develops a single plan of care; and uses an
electronic record system to share clinical information and assessment of the child. Some
services available to families through the CTN include developmentally appropriate

therapy, speech therapy, augmentative communication, in-home social support, behaviour

therapy, and early childhood educator (www.ctn-simcoeyork.ca). Before the launch of the
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CTN, parents in both communities had limited access to specialized treatments needed for
their children and had to travel outside of the region to get those services. Funded by the
Ministry of Children and Youth Services and the Ministry of Health and Long-term Care
In Ontario Canada, Thurston, Paul, and Browne et al.?! conducted a randomized
controlled trial to compare the integrated care interventional program organized through
the CTN versus usual care for managing children with multiple and complex health needs
in Simcoe County and York Region (trial registration in clinicaltrials.gov:
NCTO01379443). This CTN trial was subject to substantial non-compliance where about
52% of the children in the intervention group only received parts of the CTN integrated

care. Some analyses of the CTN were published previously.”>*

Objectives

The primary goal of the CTN trial was to assess the effect of CTN integrated care on
improving the psychosocial function of the target children in Simcoe County and York
Region. In this study, we compared the intention-to-treat (ITT) with alternative methods
to analyze the data. We also aimed to assess the sensitivity of the ITT analysis under

participants’ non-compliance to the CTN intervention.

Material and methods
We describe the CTN trial here by adopting the Consolidated Standards of Reporting
Trials (CONSORT) guideline.”* Using a parallel design, each eligible child was

randomized to the intervention or control group with a 1:1 allocation ratio.
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Participants

Participants were recruited from the Simcoe County and York Region in Ontario
Canada. The Simcoe York District Health Council® projected the total number of
children in both regions to be 390,498 in 2007. According to the national survey, 1% of
children were estimated to have severe disabilities and receive rehabilitation services.*®

Children (0 to 19 years old) were recruited if they had any of the following
conditions: cerebral palsy, brain injury, developmental difficulties, down syndrome, spina
bifida, autism, physical disability, developmental disability, pervasive developmental
disorder, and chronic medical conditions. Children who were receiving palliative care,
requiring emergency services, or living outside of the region at the time were excluded.
Non-English speaking families without an English translator were also excluded.

Potential children were identified through the Community Care Access Centres, the
school boards, and the Early Intervention Services agencies. Eligible families were
contacted by mail with an invitation package, which contained a study information letter,
parental consent and participant contact information form. A second mail-out was done to
families who did not respond to the initial mail-out. Only the children whose parents had
provided written informed consent could participate. Children were enrolled from May to

December 2007. A unique patient ID was created for each enrolled child.

Ethics
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There were no known harms or safety risks to the children and their families
involved in the trial. The research ethics board at Hamilton Health Sciences/McMaster

Health Sciences approved the study.

Intervention

Each child in the CTN group was assigned a service navigator who conducted a
comprehensive assessment to identify the child’s health conditions. A trained service
coordinator then followed up with the family. In working with the parents, an individual
team of service providers according to the child’s health and social needs was formed.
For example, a team of augmentative communication services consultant, early
interventionist, occupational therapist, physiotherapist, speech and language therapist, and
service coordinator was assembled for a child with cerebral palsy. This integrative team
together with family members developed a single plan of care for the child. The service
coordinator organized the delivery of services according to the plan. On a regular basis,
the team met with the family for on-going assessment and revision of the plan. All
assessments and clinical notes on the child were documented in an electronic record
system shared by all team members. Figure 1 shows the detailed components of the CTN
integrated care. Families in the control group continued to manage services for their child
in a self-directed manner. This group did not have access to the CTN integrated care;
however, they had access to all other service providers (including CTN partners) as they

requested.
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The fidelity to integrated child and family team care was evaluated by: 1) content in
the child and family team of providers (extent, scope, and agreement in collaboration); 2)
the quality of team functioning measured by the Partnership Functioning Scale;*’ and the
frequency and duration coverage of the prescribed services as outlined in the single plan

of care compared with providers’ entries on electronic record.

Outcome and variables

The outcome was the change of child’s psychosocial quality of life (QOL) in 24
months. Child’s psychosocial QOL was reported by parents using the short form Pediatric
Quality of Life (SF PedsQL).”® The psychosocial QOL was the sum of the emotional,
social, and school functions and was extrapolated to have a score from 0 (the worst QOL)
to 100 (the best QOL). Children’s age, gender, and admission diagnosis were collected.
The age, marital status, educational level, and family income of the parent who was the
most knowledgeable (PMK) about the child were recorded.
Parental distress score:
The Kessler scale (K10)* was used to measure PMK symptoms of depression anxiety.
Ten questions measured the feelings: sad, nervous, restless, hopeless, worthless,
everything was an effort, tired for no good reason, so nervous that nothing could calm
down, so restless and could not sit still, and depressed during the past month. PMK rated
each item on a five-point scale (1 — “all of the time” to 5 — “none of the time”). Scores
range from 10 (no symptom of distress) to 50 (severe distress).

Positive parenting score:
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The National Longitudinal Survey of Children and Youth (NLSCY) parenting scale was
used and 5 questions adapted from the Parent Practices Scale®® were used to measure
positive parenting behaviours (praise, play). PMK rated each item (e.g., “Do something
special with your child that he/she enjoys”) on a five-point scale (0 — “never” to 4 —
“many times each day”). Higher scores indicate more positive parenting behaviours.
Social support score:

An eight item shortened version of the Social Provisions Scale®' was used to measure the
level of social support that the PMK received in guidance, reliable alliance, and
attachment. PMK rated each item on a four-point scale (0 — “strongly disagree” to 3 —
“strongly agree”). Higher scores represent greater level of social support.

Family function score:

Thirteen items taken from the NLSCY population survey, based on a subscale of the
McMaster Assessment Device’”, were used to measure various aspects of family
functioning in problem solving, communication, roles, affective responsiveness, affective
involvement, and behaviour control. PMK rated each item on a four-point scale (0 —
“strongly agree” to 3 — “strongly disagree”). Scores of negatively oriented items (e.g.,
“We avoid discussing our fears or concerns”) were reversed so that higher scores

represent greater family dysfunction.

Sample size
Using a minimum clinically important difference of 10 on the target children’s

psychosocial QOL*® and an estimated standard deviation of 28 estimated from our pilot
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sample, the sample size was calculated to be 240 for a two-sided test with 5% alpha and
80% statistical power. To allow for 10 independent variables and an attrition rate of 20%,

the required sample size was 425.

Randomization

Using a parallel design, eligible children with parental consents were randomized to
intervention and control groups with a 1:1 allocation ratio. Children were stratified by
region (Simcoe/York), Community Care Access Centre (CCAC), and age (pre-
school/school). They were randomized within stratum by using a block size of 6. The
randomization list was generated by the Health and Social Service Utilization Research
Unit (HSSURU) at McMaster University (fhs.mcmaster.ca/slru). The allocation codes

were then sequentially linked to the patient IDs of enrolled children.

Blinding

Trained interviewers at HSSURU, who were blinded to group allocation, collected
data using a standardized questionnaire booklet containing questions of demographics and
outcome measures. The data collection was performed by telephone at baseline, 12, and
24 months. After enrollment, children were kept anonymously and were identified by
their patient IDs. Only the statistician responsible for randomization had access to the
allocation codes. The data analyst was blinded to group allocation; however, the
participants were aware of their allocation. All data were stored and maintained at the

HSSURU.
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Statistical methods

We adopted the intention-to-treat (ITT) principle by analyzing all patients as how
they were randomized regardless of whether they complied with the assigned treatment or
not. The ITT estimate was obtained by fitting a linear regression model with adjustment
for the baseline variables. Multiple imputation (MI) technique was used to impute the
missing data by assuming that they were missing at random (MAR). Five imputation
datasets were produced and combined to produce an estimate of 98.5% relative
efficiency, given a fraction of about 30% missing data.’*

In the sensitivity analysis of the impact of non-compliance, we employed three other
analytical approaches: the as-treated (AT), the per-protocol (PP), and the instrumental
variable (IV) analyses. In the AT analysis, we compared the treated children (those who
received complete CTN integrated care) with the untreated ones (those who received parts
or none of the CTN integrated care) to estimate the effect of the intervention. In the PP
analysis, we analyzed the children by their randomization but only among the ones who
complied with the assigned treatment. Children in the control group did not have access
to the CTN integrated care and were deemed to comply with the usual care. Both AT and
PP analyses compromised original randomization and were prone to selection bias and
confounding. We employed propensity score (PS) technique to adjust for those factors.
The application of PS in the AT and PP analyses could potentially be a novel approach.
Since we could not find any study comparing different uses of PS in this context, we

included all four commonly used PS methods: the matching, stratification, weighting, and
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covariate adjustment. The details of those PS methods are given in the supplementary
appendix.

The IV analysis® estimated the effect of the CTN integrated care through an IV. The
randomization allocation (Z) was associated with the exposure of the CTN integrated care
(X) but independent of the confounders and any factor that explained the outcome (Y).

Thus, Z satisfied the conditions to be an IV and the treatment effect can be estimated by

Bz-v)
B = B )
(Z-X)

where B;_y) is the association between randomization and the outcome; and B;_x is
the association between randomization and the receipt of the CTN integrated care. We
assumed that the Z-Y association was independent of the Z-X association. Under the
assumption, we used the delta method to derive the variance of f;, for calculating the
95% CI and p value. The details are provided in the supplementary appendix.

We compared the ITT with other methods of analysis to assess the sensitivity of the
results. Figure 2 summarizes the different approaches of analysis. The results were
expressed in mean difference (MD), 95% confidence interval (CI) of the MD, and
corresponding p value. The level of significance was set at 5%. All analyses were

performed in the statistical software R version 2.12.1 and SPSS IBM version 19.0.

Results
Recruitment, baseline data and participant flow
Between May and December 2007, 2319 eligible children were identified and their

families were contacted by mail. Parents of 465 eligible children returned signed consent
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forms to indicate their willingness to participate. Later, 20 consented parents did not
complete the baseline interview and were excluded from the study. The remaining 445
children were randomized to either the intervention group (n = 229) or the control group
(n=216).

The children were followed until December 2009. During the 2-year follow-up, 53
children in the CTN group did not have a team of service providers assembled or did not
have the services available for their specific needs. Another 58 children in the CTN group
withdrew from the CTN integrated care. Common reasons for withdrawal were: child’s
decease, family’s move outside of the region, parent’s decision to manage child by
herself, and transfer to another health care centre. Overall, 64 (28%) children in the
intervention group and 57 (26%) children in the control group were lost to follow-up.
Figure 3 shows the flow of participants in the study. All 445 children were analyzed by

using multiple imputation technique.

Statistical analysis

The children’s baseline characteristics are summarized in Table 1. Categorical and
continuous variables are expressed in frequency (percentage) and mean (standard
deviation), respectively. Within the CTN arm, the baseline variables were compared
between the children who received complete CTN integrated care (treated) and those who
received partial or none of the CTN integrated care (untreated). The results of the
comparison are reported in Table 2. From the comparison, we did not find significant

differences between treated and untreated children except for the parenting style (MD:
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1.4; p=0.02) but a mean difference of 1.4 on a score ranging from 0 to 20 did not seem to
be a clinical relevant association.

We conducted different analyses to estimate the effect of the CTN integrated care.
The results did not show a significant improvement of the children’s psychosocial QOL
in the CTN group compared with the usual care group (MD: 1.50, 95% CI: -1.49,4.50;
p=0.32). The results of estimated treatment effect are reported in Table 3. In general, the
conclusion of the ITT analysis was consistent with those drawn from the AT, PP, and IV
analyses. We also noticed some systematic patterns in the direction, magnitude, and
precision of the estimates. All estimates except for the AT estimates favored the CTN
integrated care. The PP estimates were the closest to 0 which represented no difference
between the CTN integrated care and usual care. Both ITT and IV estimates showed a
larger effect of the CTN integrated care over usual care than the PP estimates. The IV
estimate had the largest 95% CI. For the AT and PP analyses which compromised
original randomization, adjusting for confounders and imbalance by matching on the PS
produced estimates of a wider 95% CI than did the other PS methods. Figure 4 shows a

comparison of the estimates obtained from different analyses.

Discussion

The ITT analysis did not show a significant improvement of the psychosocial QOL
among the children receiving the CTN integrated care than those receiving the usual care
in Simcoe County and York Region over 2 years. We conducted AT, PP, and IV analyses

to assess the sensitivity of this conclusion under substantial non-compliance to the CTN
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intervention. Those alternative analyses also showed no significant difference between

groups. Previously, two CTN studies were published”**

, which explored the interactions
between multiple factors and system integration on the child’s psychosocial QOL and
examined the associations between multiple factors and level of psychiatric distress
experienced by the parents.

Our finding was limited by a number of factors. First, child’s psychosocial QOL was
reported by their parents. Parents might have limited knowledge concerning their
children’s health related QOL. The parents’ responses reflected their own perception on
children’s disease-related experiences, which might not be the same as how the children
felt. For example, it was found that children with a congenital below-the-elbow
deficiency reported better QOL than what their parents perceived.’® Second, the early
development of the CTN model of care was associated with suboptimal intervention
fidelity. The implementation of the CTN was a major undertaking in changing system and
operations management. It took longer than anticipated for the network hosts to hire and
train appropriate staff at the local team level, get local team sites operational, and engage
all the needed agency partners’ staff in the teams. The delay in creating the child and
family teams was the key challenge in organizing services to some children. About 52%
of the children assigned in the CTN group did not receive the CTN integrated care as
planned during the follow-up period. The limited success in truly engaging and retaining
families in the process of care is often the reason of failure to achieve desired health

outcome.”’ Third, there was potential intervention contamination to the usual care group.

Since families within the same community might be randomized to a different group, the
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families in the usual care group might learn about the intervention from those assigned in
the CTN group. The CTN trial was limited by the resource and funding to employ a large-
scale multi-centre cluster design, which could protect against intervention contamination.
Consequently, the contamination of control children reduced the estimate of intervention
effect and could lead to a type II error on the results.”® Fourth, our findings were limited
by a relatively short period of observation after the initial launch of the intervention. For
chronically ill children, the effect of integrated care on health outcomes would often
accumulate over time. Thus, an interventional gain might be observed over a longer
period of follow-up as the practitioners became more proficient and the team functioning
got more collaborative. Fifth, our results were limited by missing data due to patients’
loss to follow-up. We assumed that those data were MAR and employed multiple
imputation in the analysis. However, the assumption of MAR is inherently untestable.
Finally, the population targeted by the CTN may represent a subset of the defined
CSHCN population accessing the services. Thus, our results may not be generalizable to a
broader population of CSHCN, some of whom may not be accessing the services. The
complex model of care and the heterogeneous population under study are the main
challenges in assessing integrated health service interventions.*

Our findings should be interpreted in light of the previously published evidence on
the CTN intervention. > For the subgroup of children who received complete CTN
integrated care, their QOL was influenced by complex interactions between team
integration and parenting factors; and overall, their QOL improved after 2 years.”> In a

cross-sectional analysis of the CTN children,” we found that the symptoms of psychiatric
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distress experienced by the parents were associated with level of social support, family
functioning, child behaviour, and parenting style. All those factors could be mediated
through coordinated and family-centered care. Also, the costs of total health and social
services were higher in those parents with more symptoms of psychiatric distress. From
an economic perspective, continuous and comprehensive services can save costs because
giving people what the services they need not only improves their QOL but also reduces
the use of other duplicative or otherwise fruitless services.*” A recent systematic review
showed that coordinated and family-centered care was associated with improved
outcomes for CSHCN.*' A study by King et al.** showed that services for children with
neurodevelopmental disorders were most beneficial when they were delivered in a
family-centered fashion and addressed parent-identified issues. The current evidence is
primarily from non-randomized studies. More RCTs are needed to assess the effect of
integrative care that is continuous, comprehensive, coordinated, and family-centered care
for CSHCN. The CTN intervention is the first of its kind in Canada. It aligns with the
advocacy of comprehensive care for children’s mental health,” family-centered rather
than child-centered interventions,” and partnerships with community psychology in the
system of care.*> Considering that 13% to 18% of Canadian children had special health
care needs, the CTN appears to be a milestone in the improvement of QOL of CSHCN
through integrative care. At the same time, multiple community, family, parent, and child
factors around the management of CSHCN make it challenging to evaluate this type of
intervention. The on-going implementation and evaluation of the CTN is an important

step forward for Canadian community-based childcare programs targeting this vulnerable
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population. The methodological shortcomings in our study inform further trials to

evaluate similar interventions.

Conclusion

In this trial, we assessed the effect of the CTN integrated care versus usual care on
the psychosocial QOL of CSHCN in Simcoe County and York Region over 2 years. We
did not find a significant improvement on the QOL for the children in the CTN group
compared with those in the usual care group. The value of continuous, comprehensive,
coordinated, and family-centered care for CSHCN is increasingly recognized. At the
same time, more research is needed to demonstrate the magnitude of the effect of
integrated care on those children and their parents. Given that non-compliance is a
common issue in RCTs especially pragmatic trials, a better understanding on the
performance of different analytical approaches is also crucial. Future simulation studies

are needed to provide insights into this question.
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Appendix
Propensity score methods

Propensity score (PS) is the probability of receiving a treatment conditional on
observed characteristics. Balancing on PS mimics randomization and produces
comparable groups that are balanced on prognosis and observed confounding. We
collected baseline variables that included: child’s age, gender, admission diagnosis,
parent’s age, marital status, education, distress, parenting style, family income, social
support, and family functioning. Using those variables, we calculated the PS of receiving
the complete CTN integrated care by a logistic regression model. Four PS methods were
used to balance between treated and untreated children in the AT and PP analyses: the
matching, stratification, weighting, and covariate adjustment.

In the PS matching, we created matched pairs of treated and untreated children by
matching them within 0.2 of the standard deviation of the logit of the PS. We used a 1:1
ratio to match the nearest children without replacement. This matching algorithm
produced the least bias." We then used the generalized estimating equation (GEE) model
to analyze the matched data. An exchangeable correlation structure was used.

In the PS stratification, children were divided into five equal strata by the quintiles
of their PS.? The outcome between treated and untreated children was compared directly
in each stratum. The overall treatment effect is given by

X5 Bi

Boverall = s

where [; is the estimated treatment effect in stratum i. The variance of Bgyyeran 1S

calculated by

81



PhD Thesis — C Ye; McMaster University
Health Research Methodology - Biostatistics Specialization

1
Var(Boveran) = 5w,
1

where wj is the inverse of the estimated variance of [3; for stratum i.
In the PS-weighted method, we balanced the children by the inverse probability of
receiving the CTN integrated care. The weight (w;) for each child can be calculated by

1 €j 1-ej

where X; is the treatment indicator; and e; is the estimated PS for child i. Confounding
between the observed variables and the treatment was eliminated in the weighted sample.
We then directly compared the outcome between treated and untreated children by a
weighted linear regression model.

In the covariate adjustment method, we adjusted the PS as the sole covariate in the

regression model for estimating the treatment effect.

Calculating the standard error for instrumental variable estimate
Suppose we have two random variables X and Y. A Taylor series expansion of f(X,y)
about the values (X, y,) is given by

d f(x,y) d f(x,y)

+0()
(XO'YO)

d f(x,y)

+ (Y —Yo)
(XO'YO)

a9 f(x,y)

f(x,y) = f(x0,y0) + (X — Xo)

+ (y —yo)
(XOrYO)

= f(X0,¥o) + (X — X¢)

(XO'YO)

where O(+) is the higher order terms which are omitted in this approximation.
The instrumental variable (IV) estimator for the exposure X and the outcome Y is

given by
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where Bz_yy and B(z_x) are the parameters of association between Z and Y and between
Z and X respectively. By the Taylor series expansion on By, we have

by 1 biz-v)
Biv = b + (Bzoy) — bzov)) b — (Bzox) —bzox) — 3
(z-X) (z-X)

2
bz-x)
where bz_yy and bz_x) are two values at which B}y is differentiable. Then the variance

of the IV estimator can be approximated as

2

1 bz-v) bz-y)
Var ~ ——Var yvy) + ——=Var %)) — Cov x) Bezsvy ).
Brv) >3 (Bizov) P (Bz-x) b (Bzox) Bzov))

Under the assumption that $z_xy is independent of Bz_,y), the variance of the IV

estimator is then

1 bz’
Var(Bry) = b(TVar(B(z-)Y)) + ﬁVar(B(Z_)X)).

2
X)

We substitute b(z_yy and b(z_xy by the estimates of Bz_yy and B(z_x) respectively, and

approximate the /Var(B(Z_m) and /Var(B(Z_)X)) by the associated standard error (SE).

Thus, we can obtain an approximate variance of the IV estimate. In our analysis, we used
the least squares estimate of 8-y and associated SE obtained from the linear regression
model. For the exposure X (a binary indicator of whether or not a patient received
complete CTN integrated care), the association between X and the IV can be calculated
by

Buzox =PX=1Z=1)-P(X = 1|Z = 0)
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where P(X = 1|Z = 1) represents the proportion of treated patients in the CTN group;
and P(X = 1|Z = 0) is always zero because the children in the usual care group are

deemed to be untreated. The variance of Bz_xy is

PX=1Z=1(1-PX=1|Z=1))
n

Var(Bz-x)) =

where n is the number of children in the CTN group.
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Figure 1: Components of the Children's Treatment Network versus usual care
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Government funded the CTN: board established, executive and associate Directors hired, integrated service
agreements accomplished, meetings with network partners to monitor ongoing network development and
address challenges

Government funded to enhance rehab and mental health services throughout Simcoe County and York Region.

Single point of access: the CTN established the access form and hired workers called “system navigators”,
who referred information to the child and family coordinator.

The CTN established 10 local teams made up of interdisciplinary clinicians from participating partners: 1)
training in creating a single plan of care; 2) training in integrated service team functioning; and 3) training
team coordinators

The CTN set up and trained the use of the E-Record.

REB approved the RCT. Investigators pilot-tested recruitment, enrolled children, conducted baseline
measures, and randomized children into either group.

The CTN hired and trained team facilitators. A child and family team for each case was formed from members
of local teams. The CTN assessed the integration of partners and the functioning of child and family teams.

* Single point of access: one number to call to access any service for child or family.

* System navigator: did intake; set up e-record; assessed problems; and identified regional team coordinators.

* Team coordinator: assembled team members and skills to match child and family needs; conducted team
meetings; and arranged service sequence and timing.

* Child and family team: agreed on goals and single plan of care for child and requested services.

* Electronic record: single point of access to obtain and record information; common record available to all
team members to record notes and progress
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Figure 2: Summary of different analytical approaches
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Figure 3: Flow of the children in the Children's Treatment Network Trial

Assessed for eligibility (n=2319)

Excluded (n=1874):
>| * No response; declined to participate
+ Did not complete baseline interview

Randomization (n=445)

Allocated to intervention (n=229) Allocated to control (n=216)
* Treated children (n=111) + Received usual care (n=216)
¢ Untreated children (n=118):
1. Ongoing integration (n=7)
2. Coordinated but did not receive services (n=53)
3. Declined CTN services (n=58)

N Lost to follow-up

Lost to follow-up (n=64); (n=57)
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+ Per-protocol analysis: (n=111) + Per-protocol analysis: (n=216)
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Figure 4: Comparing the estimates of treatment effect from different analyses
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Mean differece with 95% Confidence interval
ITT= intention-to-treat; AT= as-treated; PP= per-protocol; IV= instrumental variable; PS= propensity
score; Mean difference = the difference on the change of psychosocial score in 2 years between
groups.
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Table 1: Baseline characteristics

Baseline variable Intervention (n=229) Control (n=216) p value

Child's age: mean (SD) 7.8 (4.3) 8.1 (4.6) 0.60
Child's gender: frequency (%)
Male 148 (64.6%) 149 (69.0%) 0.33
Female 81 (35.4%) 67 (31.0%)
Child's admission diagnostic: frequency (%)
Mental and developmental disorders 106 (46.3%) 95 (44.0%) 0.81
Diseases of the nervous system 53 (23.1%) 51 (23.6%)
Congenital abnormalities 39 (17.0%) 34 (15.7%)
Other disease 31 (13.5%) 36 (16.7%)
Child's psychosocial score: mean (SD) 59.0 (18.6) 59.2 (18.6) 0.85
Parent's age: mean (SD) 40.5 (7.6) 40.4 (7.7) 0.95
Marital status: frequency (%)
Married including common-law 190 (83.0%) 187 (86.6%) 0.29
Other 39 (17.0%) 29 (13.4%)
Parent's education: frequency (%)
Secondary 83 (36.4%) 78 (36.1%) 0.95
Post-secondary 145 (63.6%) 138 (63.9%)
Family annual income: frequency (%)
Less than $30,000 32 (14.0%) 32 (14.9%) 0.96
$30,000 to $90,000 121 (53.1%) 114 (53.0%)
Above $90,000 75 (32.9%) 69 (32.1%)
Parent's Kessler distress score: mean (SD) 19.5 (5.8) 20.4 (7.2) 0.16
Positive parenting score: mean (SD) 152 (3.1) 15.1 (3.0) 0.82
Social support score: mean (SD) 17.6 (4.7) 17.5 (4.3) 0.74
Family functioning score: mean (SD) 9.1(6.3) 9.4 (5.9) 0.60

The continuous and categorical variables are expressed in mean (standard deviation) and
frequency (percentage), respectively.

SD = standard deviation. The p value was calculated based on a t-test for continuous variables and
a chi-square test for categorical variables.
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Table 2: Comparing the treated with untreated children within the intervention group

Untreated
Treated children (n=111) children |

Baseline variable (n=118) vaie
Child's age: mean (SD) 7.3(4.3) 8.3 (4.3) 0.09
Child's gender: frequency (%)

Male 70 (63.1%) 78 (66.1%) 0.63

Female 41 (36.9%) 40 (33.9%)
Child's admission diagnosis: frequency (%)

Mental and developmental disorders 46 (41.4%) 60 (50.8%) 0.13

Diseases of the nervous system 32 (28.8%) 21 (17.8%)

Congenital abnormalities 21 (18.9%) 18 (15.3%)

Other disease 12 (10.8%) 19 (16.1%)
Child's psychosocial score: mean (SD) 58.1 (19.0) 59.9 (18.4) 0.49
Parent's age: mean (SD) 40.4 (6.9) 40.6 (8.3) 0.81
Marital status: frequency (%)

Married including common-law 92 (82.9%) 98 (83.1%) 0.97

Other 19 (17.1%) 20 (16.9%)
Parent's education: frequency (%)

Secondary 40 (36.0%) 43 (36.8%) 0.91

Post-secondary 71 (64.0%) 74 (63.2%)
Family annual income: frequency (%)

Less than $30,000 19 (17.3%) 13 (11.0%) 0.34

$30,000 to $90,000 58 (52.7%) 63 (53.4%)

Above $90,000 33 (30.0%) 42 (35.6%)
Parental Kessler distress score: mean (SD) 20.2 (5.9) 18.8 (5.6) 0.09
Parenting style score: mean (SD) 15.7 (3.2) 14.8 (3.0) 0.02
Social support score: mean (SD) 17.7 (4.6) 17.6 (4.9) 0.86
Family functioning score: mean (SD) 9.1(6.4) 9.1(6.3) 0.97

The continuous and categorical variables were expressed in mean (standard deviation) and

frequency (percentage), respectively.

SD = standard deviation. The p value was calculated based on a t-test for continuous variables and

a chi-square test for categorical variables.
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Table 3: Summary of the estimates of treatment effect

Multiple imputation Raw data
MD 95% CI p value MD 95% CI p value

ITT analysis® 1.50 -149 450 0.32 = - - -
AT analysis

Matched by PS -2.60 -745 224 029 -1.82 -649 286 0.45

Stratified by quintiles of PS -0.89 -4.34 2.57 0.61 -1.17 -5.01 2.68 0.55

Weighted by PS -0.75 -3.75 225 0.62 -0.80 -4.10 2.50 0.63

Adjusted by PS -1.12 462 239 053 -1.15 -499 270 0.56
PP analysis

Matched by PS 0.67 -344 478 0.75 226 -2.60 7.12 0.36

Stratified by quintiles of PS  0.37 -3.33 4.06 0.85 0.47 -3.58 4.52 0.82

Weighted by PS 021 -3.24 3.66 091 0.70 -3.16 4.56 0.72

Adjusted by PS 0.02 -323 327 099 -020 -3.71 3.31 0.91
IV analysis 3.10 -3.08 929 033 510 -0.78 10.97 0.09

*The ITT analysis required complete patients and was only performed in multiple imputation.

MD = mean difference, the difference on the change of psychosocial score in 2 years between
groups; CI = confidence interval.

ITT= intention-to-treat; AT= as-treated; PP= per-protocol; IV= instrumental variable; PS=
propensity score.
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Abstract

Objective: Randomized controlled trials (RCTs) have been the gold standard to assess
new health interventions. Patients are randomly assigned to receive an intervention or
control. The effect of an intervention can be estimated by comparing outcomes between
groups, whose prognostic factors are balanced by randomization. However, patients’ non-
compliance with the assigned treatment undermines randomization and will potentially
lead to a biased estimate of treatment effect. Through simulation, we aim to compare
some common approaches in analyzing non-compliant data under different non-compliant
scenarios.

Settings: Based on a real study, we simulated hypothetical trials by varying three non-
compliant factors: the type, randomness, and degree of non-compliance. We employed
the intention-to-treat (ITT), as-treated (AT), per-protocol (PP), instrumental variable (IV),
and complier average casual effect (CACE) analyses to estimate large (50% improvement
over the control), moderate (25%), and null (0%) treatment effects. The results were
compared by the bias of estimates, mean square error, and 95% coverage of the true
value.

Results: For a large or moderate treatment effect, the ITT estimate was considerably
biased in all scenarios. The AT, PP, IV, and CACE estimates were unbiased when non-
compliant behaviours were random. The IV estimate was unbiased when non-compliant
behaviours were symmetrically associated with patients’ inherent conditions. The PP
estimate was unbiased when non-compliers had no alternative treatments besides the

control.
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Conclusion: The standard ITT analysis under non-compliance is biased when
interventions have moderate or large effect. Alternative analyses can provide unbiased or
less biased estimates. Based on the results, we make some suggestions on choosing
optimal approaches of analyzing non-compliant data for specific non-compliant scenarios.
Keywords: randomized controlled trial, non-compliance, intention-to-treat, as-treated,

per-protocol, instrumental variable, complier average causal effect
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Background

Randomized controlled trials (RCTs) have been the gold standard to assess new
health interventions. Patients are randomly assigned to receive an intervention or control
(usually the standard treatment). Randomization on average balances different treatment
groups on their prognostic factors so observed difference can be attributed to the effect of
different treatments. A common challenge in analyzing RCTs is to deal with patients’
non-compliance. Non-compliance is the case when a patient does not fully comply with
the treatment that he or she was assigned to. Non-compliance compromises the ‘fair’
comparison between treatment groups, which was protected by randomization, and
potentially leads to a biased estimate of treatment effect. While different analyses have
been used to deal with non-compliance, the bias of treatment estimate is rarely studied.
Result interpretations also vary depending on the nature of non-compliance and the
objective of a study. Some RCTs, known as pragmatic trials [1-3], are primarily designed
to guide clinical practice. Their goal is often to assess if a new intervention works in
routine practice. For other non-pragmatic trials, the goal is normally to study the
biological efficacy of an intervention. Despite the objective of a RCT, an analysis that
provides an unbiased or less biased estimate of treatment effect is always desirable. In
this study, we compare some common analyses to deal with different non-compliant
scenarios. The results will provide useful knowledge in choosing optimal methods to
analyze non-compliant data.

This study was motivated by a RCT that compared the integrated care organized

through the Children’s Treatment Network (CTN) with the usual care directed by parents
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for managing children with special health care needs [4]. The CTN coordinated
community resources to deliver comprehensive health services for the target children and
their families. The hypothesis was that the target children and their parents’ health
outcomes would improve by getting integrated, proactive, and necessary services for their
families. While the use of RCTs in assessing CTN-like interventions has been promising,
non-compliant rates are usually high in those RCTs. That is largely due to the complexity
of implementing those interventions in real-life settings.

An ‘as randomized’, or intention-to-treat (ITT), analysis is commonly used in RCTs
as the gold standard [5]. Yet, excessive reliance on the ITT analysis can be problematic
for non-compliant scenarios [6]. It has been suggested [7,8] that all RCTs with non-
compliance need alternative analyses. As-treated (AT) and per-protocol (PP) analyses are
two common alternatives. Different from the ITT analysis, both AT and PP analyses do
not preserve original randomization and are prone to prognostic imbalance. The
instrumental variable (IV) analysis, which uses randomization allocation to adjust for
confounding, is another approach to deal with non-compliance. The complier average
causal effect (CACE) analysis has also been proposed [9] to estimate treatment effects
among compliers. In this study, we compared all those five approaches, namely, the ITT,
AT, PP, 1V, and CACE in analyzing different non-compliant scenarios.

Our objective was to compare the analyses by the bias of estimated treatment effect,
the mean square error (MSE), and the 95% coverage of the true value. The data were
generated through hypothetical RCTs with different non-compliant scenarios. A similar

simulation study was conducted previously to compare the ITT, AT, PP, and IV [10]. The
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authors showed that the ITT and IV analyses carried desirable properties but were biased
in certain cases. Our proposed simulation included the CACE method and compared
additional non-compliant scenarios. For example, previous study did not consider the case
of no crossover between treatment groups. That was the case when an intervention was
only accessible to patients who were offered it. Our study would provide further insights

into the analyses of RCTs with non-compliance.

Methods
Simulation framework

In the CTN trial, over 50% of the children randomized in the CTN group did not
fully comply with the intervention for various reasons. Both primary and sensitivity
analyses showed that the effect of the CTN was not significant but the estimates varied in
direction, magnitude, and precision [4]. That observation prompted us to further
investigate the impact of non-compliance on estimated treatment effects.

Based on the CTN setting, we simulated hypothetical RCTs where patients were
randomly assigned to an intervention or usual care by a 1:1 allocation ratio. The
parameters for generating hypothetical patients were estimated from the CTN trial. We
generated different non-compliant scenarios by varying three factors: 1) the type of non-
compliers; 2) the randomness of non-compliance; and 3) the degree of non-compliance.
Our simulation framework is shown in Figure 1. The design, conduct, and reporting of

this study follow the guideline of designing and reporting simulation studies [11].
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Type of non-compliers

We considered two types of non-compliers which were defined as: never-takers and
always-takers [12]. Never-takers are the patients who will always reject the new
intervention if they were offered it. Always-takers will always receive the new
intervention even they were not offered it. Two scenarios were considered. In scenario
one, we assumed that non-compliers were either never-takers or always-takers. That
mimicked the situation when patients were able to get the intervention elsewhere even
they were not assigned to it. In scenario two, we assumed that non-compliers were only
never-takers. That mimicked the situation when a new intervention was only accessible to
patients who were assigned to it. Additionally, we assumed that non-compliers who did

not get the intervention would receive the usual care instead.

Randomness of non-compliance

Non-compliant behaviours could be purely random or dependent on patients’
characteristics. For the dependent case, we assumed that non-compliant behaviours were
dependent on patients’ conditions. In particular, we considered six non-compliant
scenarios that were studied by McNamee [13], including:
A. patients with good conditions would always get the intervention while patients with

poor conditions would always reject it;

B. patients with good conditions would always get the intervention;

C. patients with poor conditions would always reject the intervention;
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D. patients with good conditions would always reject the intervention while patients with
poor conditions would always get it;

E. patients with good conditions would always reject the intervention;

F. patients with poor conditions would always get the intervention.

We assumed that patients’ conditions were positively associated with their outcomes

when they received usual care. Thus, patients’ conditions were defined to be good when

they had an outcome score at least 0.5 standard deviations above the group mean under

usual care (considering that a high score was a better outcome). Similarly, patients’

conditions were defined to be poor when they had have an outcome score at least 0.5

standard deviations below the group mean under usual care. When there were only never-

takers, only assumptions C and E were considered.

Degree of non-compliance

The degree of non-compliance referred to the proportion of intervention that non-
compliers did not receive. The simplest case was all-or-none where compliers received
100% of the intervention and non-compliers received none of it. For interventions like the
CTN integrated care, patients were likely to receive some components of the intervention
even they did not fully comply with it. In addition, intervention fidelity might also
contribute to partial non-compliance. A systematic review showed that many
interventions of integrated care failed to achieve a full integration of services as planned

[14]. Both all-or-none and partial non-compliance were considered in our simulation.
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For all-or-none case, we considered only two non-compliant levels: none (d = 0) or
all components of the intervention (d = 1). A study reported that non-compliant rate
could be as high as 30-40% for a treated population [15]. Thus, we randomly selected
30% patients to receive the treatment opposite to what they were assigned for. For
example, if selected patients were assigned to the intervention, they would receive none

of it (d = 0). For partial non-compliance, we considered four levels: none (d = 0), one
third (d = % ), two thirds (d = % ), or all (d = 1) components of the intervention. Those

four levels were proposed in a previous simulation study conducted by Bang & David

[10].

Simulation procedures

To generate the data, we employed a modified model from a previous simulation
study [10]. Let Y; and Y;, be a pair of counterfactual outcomes for a patient if he or she
were in the intervention and the usual care groups, respectively. We then generated the
outcome through a Normal distribution

Yy ~Normal(u,10%) and k = 0,1,

where we chose p, = 59 for the usual care group; and p; = 89, 74 and 59 for the
intervention group. The mean score of 59 for the usual care group and the standard
deviation of 10 were estimated from the CTN trial. By adopting a marginal view, we

defined the treatment effect § between groups as

6 = py — Mo,
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where p; and p, were the mean values of ¥; and Y, respectively. The mean scores of the
intervention were chosen to have a large (50% improvement over the usual care group),
moderate (25%), or null (0%) effect. A group indicator Z (1 = intervention and 0 = usual
care) was generated for each patient from a Bernoulli distribution with equal probability
of 0.5 being assigned in either group. Assuming that the outcome score was proportional
to the actual level of treatment received, the observed outcome for patient i was
calculated by

yi =di¥; + (1 —dy)Yo,
where d; was the proportion of intervention that patient i received.

In the CTN trial, 450 patients were needed to detect a minimum clinically important
difference (MCID) of 15 with 80% statistical power and 5% alpha. Using the same
MCID, we chose to simulate 500 subjects in each hypothetical trial. We estimated the
standard error of the treatment effect to be 1.53 from the CTN trial. Based on that
estimate, at least 816 simulations were needed to produce an effect estimate within 1%
accuracy of the MCID by the standard formula [11]. To have sufficient power, we chose

to generate 1000 simulations per scenario. The steps of simulation are shown in Figure 2.

Statistical analysis

This section describes different analyses that we studied. The estimated treatment
effect was expressed as the difference of the mean score between groups. The methods
were compared by the bias, MSE, and 95% coverage of the true value by following the

guideline of reporting simulation studies [11].
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Intention-to-treat (ITT)
In the ITT method, the outcome was compared between groups by randomization
regardless of whether they were compliant or not. The effect estimate (&) was:
Sirr = Yz=1 — Vz=0s
where y,_, and y,_, were the mean outcome scores of the intervention and usual care
groups, respectively.
As-treated (AT)
The AT approach compared the patients by the treatment they actually received. The
effect estimate was:
8ar = Ya=1~ Ya=o
where d indicated the proportion of intervention that a patient had received. For all-or-

none case, d was either 1 or 0 and the AT estimate was calculated by directly subtracting
two means. For partial non-compliance case, d took a value of 0,§,§, or 1 and &,7 was

obtained by regressing the variable d on the outcome in a linear regression model [10].
Per-protocol (PP)
The PP method excluded patients who did not fully comply with their assigned
treatment. The effect estimate was:
8pp = ¥z=da=1 — Vz=d=o0-
Instrumental variable (IV)
The IV approach employed the randomization indicator Z as an instrumental

variable to adjust for the proportion of non-compliant patients. The theory and
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assumptions of IV analysis were thoroughly discussed in the literature [16,17]. We used

the standard IV estimate:

& _ Yz=1—Yz=0
6IV _——— = .
dz=1—dz=0

The Fieller’s theorem was used to calculate the standard error of the estimate [10].
Complier average causal effect (CACE)

The CACE method estimated the treatment effect among compliers and the estimate
was

Scace = E[Yz=1 — ¥z=0lcompliers].

A challenge in CACE estimation was to categorize compliance status for patients whose
non-compliance could not be observed. For example, some non-compliers in the usual
care group might appear to be compliant because they were not accessible to other
interventions besides the usual care. To handle this problem, those unknown compliance
cases were treated as missing and estimated by using the expectation-maximization (EM)
algorithm [18,19]. The CACE analysis was performed in Mplus (version 7) [Mac OS X
10.6.8] Los Angeles, CA: Muthén & Muthén. The rest analyses and all simulations were
performed in R version 2.15.2.
Cut-off points for non-compliance

In practice, investigators often dichotomize patients to be either a complier or non-
complier. A cut-off of 80% is commonly used [20,21]. Patients are considered to be
compliers if they have complied with at least 80% of the intervention. A cut-off of 100%
has also been used such that patients are only considered to be compliers if they have

received all of the intervention. Generally, compliers are assumed to benefit from the
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complete effect of an intervention. We conducted a sensitivity analysis to investigate the
impact of those two cut-offs on estimating treatment effects. A new compliance indicator
for patient i was defined as: t; = I(d; = 0.8) for a cut-off of 80% and t; = I(d; = 1) for
a cut-off of 100%. The indicator function I returned 1 if the condition was satisfied and 0

otherwise. We then performed the same analyses by replacing d; with t; for patient i.

Results

The estimates by different analyses under the simulated scenarios, and their bias,
MSE, and 95% coverage are reported in Tables 1 to 6. For a large or moderate
intervention effect (a mean difference of 30 and 15 representing 50% and 25%
improvement over the usual care, respectively), the ITT estimate was considerably biased
(Figures 3 and 4). The other estimates were unbiased when non-compliant behaviours
were random. When non-compliant behaviours were not random, the PP estimate was
mostly unbiased if non-compliers were all never-takers. When there were both always-
and never-takers, the PP and CACE estimates were the least biased if never-taking
behaviours were dependent on patients’ conditions (dependent non-compliance scenarios
C and E). The IV estimate was the least biased if non-compliant behaviours were
symmetrically dependent on patients’ conditions (dependent non-compliance scenarios A
and D). When there were only never-takers, the PP estimates were mostly unbiased.

For a null treatment effect (no improvement to the usual care), all estimates were
unbiased when non-compliant behaviours were random (Figure 5). The ITT estimate was

also unbiased if non-compliant behaviours were symmetrically dependent on patients’
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conditions. In other cases, all estimates were biased to some extent but the ITT was the
least biased. We noticed that the IV estimate generally had a larger MSE than the other
estimates. That was due to the fact that the IV estimate was more sensitive to non-
compliant rate and would approach infinity as non-compliant rate was getting to be equal
between treatment groups. The MSE of all estimates are shown in Figures 6 to 8 and
follows the same pattern as the bias.

When both never- and always-takers were considered, both ITT and IV approaches
showed a better 95% coverage of the true value than the other approaches. For the large
treatment effect, the 95% coverage was 0% for the ITT approach in all scenarios. The IV
approach generally showed a better 95% coverage than the other methods. When only
never-takers were allowed, the PP estimate showed the best 95% coverage among all
methods.

In the sensitivity analysis, we compared the impact of using a cut-off of 80% or
100% on dichotomizing patients’ non-compliance status according to their degree of
adherence. The results showed that dichotomizing patients by a cut-off of 80% produced
less biased results than dichotomizing them by a cut-off of 100%. For a null treatment
effect, the treatment estimates obtained by applying a cut-off of 80% were even less

biased than analyzing patients by their actual degree of compliance.

Discussion
Through simulation, we compared different methods of analyzing non-compliant

RCT data. Our results showed that the ITT approach was the most optimal when
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estimating a null effect since it provided an unbiased or the least biased estimate in
different scenarios. This result was consistent with the general opinion that the ITT
estimate was conservative towards the null. However, for the case of a large or moderate
treatment effect, the ITT approach was much more biased than the other approaches.
When patients’ non-compliant behaviours were purely random, the AT, PP, IV, and
CACE approaches all provided unbiased estimates. For other non-compliant behaviours
that we considered, the choice of optimal method varied. Figure 9 summarizes the choices
of optimal methods under different scenarios to produce an unbiased or less biased
estimate.

Although the ITT method is the most commonly reported analysis, other analyses of
non-compliant data may provide a better estimate. Thus, understanding which analyses
are unbiased or less biased is important in choosing the analyses and interpreting the
results. Our results are limited by a number of factors. Firstly, we did not consider other
prognostic factors in the simulation. Adjusting for prognostic factors can affect the
estimation of treatment effect. Secondly, we assumed that the effect of intervention was
proportional to the actual level of treatment received in our simulation. That association
could be more complicated in real life. Thirdly, we did not consider patients’ withdrawal
from the study and assumed that non-compliers’ outcomes were still collectable. Finally,
we only simulated a subset of general non-compliant scenarios. Thus, our findings may
not be generalizable to other scenarios.

Despite the limitations, our study has several strengths. The simulation framework

was built on three key factors of non-compliance: the type of non-compliers, the
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randomness of non-compliance, and the degree of non-compliance. Those three factors
were hardly considered simultaneously in previous studies. We generated a total of 30
non-compliant scenarios by varying the three factors and the effect size of treatment. The
findings help investigators choose the optimal approaches when analyzing similar non-
compliant problems. Our results also confirm some previous conclusions from dealing
with non-compliance. For example, the ITT analysis was unbiased if the treatment effect
was zero [22]. All estimates were unbiased if non-compliance was independent of
patients’ outcomes and the IV estimate was also unbiased when non-compliance was
symmetrically dependent on patients’ outcomes [10]. In addition, we found that the PP
estimate was unbiased when there were only never-takers. Dealing with issues of non-
compliance is challenging. The real impact of non-compliance in statistical analysis is
difficult to assess. We have compared the performance of common analyses under
specific non-compliant scenarios. The results highlight the value of employing multiple
approaches to analyze non-compliant data. Our work also contributes to the quality
assessment of research evidence generated from RCTs subject to non-compliance and

provides basis for a more complex evaluation.

Conclusion

Our simulation shows that the ITT analysis under non-compliance is considerably
biased when an intervention has a large effect over the control. Alternative analyses can
provide unbiased or less biased estimates. For RCTs subject to substantial non-

compliance, we make some suggestions for the choice of analyses under specific
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scenarios to minimize the bias of estimated treatment effects. Our study informs the

design of further investigations on the issue of non-compliance in RCTs.
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Figure 1: The simulation framework
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Figure 2: Summary of simulation steps
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Figure 3: Graphical summary of the bias of estimates under different scenarios
(treatment effect = 30)
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Figure 4: Graphical summary of the bias of estimates under different scenarios

(treatment effect = 15)
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Figure 5: Graphical summary of the bias of estimates under different scenarios
(treatment effect = 0)
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Figure 6: Graphical summary of the mean square error of estimates under different
scenarios (treatment effect = 30)
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Figure 7: Graphical summary of the mean square error of estimates under different
scenarios (treatment effect = 15)
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Figure 8: Graphical summary of the mean square error of estimates under different
scenarios (treatment effect = 0)
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Figure 9: Some recommendations on choosing the analyses of analyzing non-
compliant data

Expected effect of the intervention relative to the
controlled treatment

A moderate or larger effect: 25% or A null to small effect: 0% to less than
more improvement to the control 25% improvement to the control

The ITT analysis

Random non-compliance Dependent non-compliance

Only never-takers Always- and never-takers

The AT, PP, IV,
and CACE analyses Scenarios Cand E Scenarios A and D

The PP
analysis

The PP and The IV
CACE analyses analysis

ITT = intention-to-treat; AT = as-treated; PP = per-protocol; IV = instrumental variable; CACE = complier average causal effect
Scenario A: patients with good conditions will always get the intervention and those with poor conditions will reject it.

Scenario C: patients with poor conditions will always reject the intervention.

Scenario D: patients with good conditions will always reject the intervention and those with poor conditions will always get it.
Scenario E: patients with good conditions will always reject the intervention.

Patients who did not receive the intervention would receive the control treatment instead, which was assumed to be the standard care;
and there was no other alternative intervention.
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Table 1: Summary of the results when both never- and always-takers were allowed
(treatment effect = 30)

All-or-none Partial non-compliance
Scenario Method Estimate Bias MSE Coverage | Estimate Bias MSE Coverage
Random ITT 12 -18 330 0% 10 -20 403 0%
AT 30 0 1 96% 30 0 1 95%
PP 30 0 1 95% 30 0 2 96%
v 30 0 5 96% 30 0 7 95%
CACE 30 0 1 95% 30 0 2 95%
A ITT 5 -25 651 0% 4 -26 689 0%
AT 37 7 50 0% 37 7 56 0%
PP 36 6 38 0% 37 7 50 0%
v 29 -1 80 96% 28 -2 129 96%
CACE 36 6 38 0% 37 7 50 0%
B ITT 10 -20 416 0% 8 -22 483 0%
AT 35 5 27 0% 35 5 27 0%
PP 35 5 27 0% 35 5 27 1%
v 35 5 34 60% 35 5 38 66%
CACE 35 5 27 0% 35 5 27 0%
C ITT 7 -23 539 0% 6 -24 590 0%
AT 33 3 8 18% 34 4 19 2%
PP 31 1 3 80% 33 3 9 48%
v 25 -5 41 73% 25 -5 46 80%
CACE 31 1 3 79% 33 3 9 47%
D ITT 5 -25 645 0% 4 -26 690 0%
AT 23 -7 50 0% 23 -7 56 0%
PP 24 -6 39 0% 23 -7 51 0%
v 31 1 174 97% 34 4 4895 96%
CACE 24 -6 39 0% 23 -7 51 0%
E ITT 10 -20 413 0% 8 -22 483 0%
AT 27 -3 8 18% 26 -4 19 4%
PP 29 -1 3 78% 27 -3 9 50%
v 35 5 42 74% 35 5 49 81%
CACE 29 -1 3 78% 27 -3 9 48%
F ITT 7 -23 537 0% 6 -24 591 0%
AT 25 -5 26 0% 25 -5 27 0%
PP 25 -5 27 0% 25 -5 27 0%
v 25 -5 35 58% 25 -5 39 66%
CACE 25 -5 27 0% 25 -5 27 0%

MSE=mean square error; ITT=intention-to-treat; AT=as-treated; PP=per-protocol; IV=instrumental variable; CACE=complier average

casual effect.
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Table 2: Summary of the results when only never-takers were allowed (treatment

effect = 30)
All-or-none Partial non-compliance
Scenario Method Estimate Bias MSE Coverage | Estimate Bias MSE Coverage
Random ITT 18 -12 145 0% 18 -12 145 0%
AT 28 -2 7 36% 30 0 1 94%
PP 28 -2 4 65% 30 0 1 94%
v 30 0 2 95% 30 0 2 95%
CACE 30 0 2 95% 33 3 12 36%
C ITT 10 -20 389 0% 10 -20 387 0%
AT 30 0 1 94% 32 2 5 60%
PP 29 -1 3 76% 30 0 2 96%
v 25 -5 33 35% 25 -5 31 38%
CACE 26 -4 15 34% 30 0 3 94%
E ITT 15 -15 239 0% 15 -15 241 0%
AT 26 -4 16 9% 28 -2 5 63%
PP 28 -2 6 61% 30 0 2 94%
v 35 5 32 41% 35 5 31 39%
CACE 34 4 16 32% 36 6 4 8%

MSE=mean square error; ITT=intention-to-treat; AT=as-treated; PP=per-protocol; IV=instrumental variable; CACE=complier average

casual effect.
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Table 3: Summary of the results when both never- and always-takers were allowed
(treatment effect = 15)

All-or-none Partial non-compliance
Scenario Method Estimate Bias MSE Coverage Estimate Bias MSE Coverage
Random ITT 6 -9 82 0% 5 -10 101 0%
AT 15 0 1 95% 15 0 1 93%
PP 15 0 1 96% 15 0 2 96%
v 15 0 5 96% 15 0 6 96%
CACE 15 0 1 96% 15 0 2 96%
A ITT 2 -13 163 0% 2 -13 172 0%
AT 22 7 50 0% 22 7 57 0%
PP 21 6 38 0% 22 7 51 0%
v 14 -1 49 97% 14 -1 77 97%
CACE 21 6 38 0% 22 7 51 0%
B ITT 5 -10 92 0% 5 -10 109 0%
AT 20 5 26 0% 20 5 27 0%
PP 20 5 26 0% 20 5 27 0%
v 20 5 34 59% 20 5 37 68%
CACE 20 5 26 0% 20 5 27 0%
C ITT 3 -12 151 0% 2 -13 164 0%
AT 18 3 8 23% 19 4 19 3%
PP 16 1 3 81% 18 3 9 49%
v 10 -5 41 72% 10 -5 49 80%
CACE 16 1 3 80% 18 3 9 49%
D ITT 2 -13 162 0% 2 -13 169 0%
AT 8 -7 49 0% 8 -7 57 0%
PP 9 -6 38 0% 8 -7 50 0%
v 16 1 78 96% 17 2 94 97%
CACE 9 -6 38 0% 8 -7 50 0%
E ITT 6 -9 90 0% 5 -10 109 0%
AT 12 -3 8 23% 11 -4 20 3%
PP 14 -1 3 81% 12 -3 10 45%
v 20 5 42 73% 20 5 44 82%
CACE 14 -1 3 80% 12 -3 10 45%
F ITT 3 -12 151 0% 2 -13 162 0%
AT 10 -5 27 0% 10 -5 26 0%
PP 10 -5 27 0% 10 -5 26 1%
v 10 -5 36 60% 10 -5 37 67%
CACE 10 -5 27 0% 10 -5 26 0%

MSE=mean square error; ITT=intention-to-treat; AT=as-treated; PP=per-protocol; IV=instrumental variable; CACE=complier average
casual effect.
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Table 4: Summary of the results when only never-takers were allowed (treatment

effect = 15)
All-or-none Partial non-compliance
Scenario Method Estimate Bias MSE Coverage Estimate Bias MSE Coverage
Random ITT 10 -5 21 0% 9 -6 36 0%
AT 15 0 1 95% 15 0 1 96%
PP 15 0 1 95% 15 0 1 97%
v 15 0 2 95% 15 0 2 95%
CACE 15 0 2 95% 18 3 10 62%
C ITT 5 -10 105 0% 4 -11 119 0%
AT 17 2 4 66% 17 2 6 58%
PP 15 0 1 94% 15 0 2 94%
v 10 -5 30 24% 10 -5 31 39%
CACE 11 -4 16 34% 13 -2 8 84%
E ITT 10 -5 29 0% 8 -7 45 0%
AT 13 -2 4 68% 13 -2 5 60%
PP 15 0 1 95% 15 0 2 96%
v 20 5 30 24% 20 5 31 36%
CACE 19 4 16 33% 21 6 34 14%

MSE=mean square error; ITT=intention-to-treat; AT=as-treated; PP=per-protocol; IV=instrumental variable; CACE=complier average
casual
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Table 5: Summary of the results when both never- and always-takers were allowed
(treatment effect = 0)

All-or-none Partial non-compliance
Scenario Method Estimate Bias MSE Coverage Estimate Bias MSE Coverage
Random ITT 0 0 1 94% 0 0 1 94%
AT 0 0 1 95% 0 0 1 93%
PP 0 0 1 95% 0 0 2 94%
v 0 0 5 95% 0 0 7 94%
CACE 0 0 1 94% 0 0 2 94%
A ITT 0 0 1 95% 0 0 1 95%
AT 7 7 50 0% 7 7 56 0%
PP 6 6 38 0% 7 7 51 0%
v -1 -1 42 97% -1 -1 128 97%
CACE 6 6 38 0% 7 7 51 0%
B ITT 1 1 3 59% 1 1 2 67%
AT 5 5 27 0% 5 5 27 0%
PP 5 5 27 0% 5 5 28 1%
v 5 5 35 58% 5 5 39 65%
CACE 5 5 27 0% 5 5 28 0%
C ITT -1 -1 3 66% -1 -1 2 72%
AT 3 3 8 18% 4 4 19 3%
PP 1 1 3 80% 3 3 9 49%
v -5 -5 42 71% -5 -5 49 80%
CACE 1 1 3 79% 3 3 9 47%
D ITT 0 0 1 95% 0 0 1 95%
AT -7 -7 50 0% -7 -7 57 0%
PP -6 -6 38 0% -7 -7 50 0%
v 1 1 61 97% 2 2 544 97%
CACE -6 -6 38 0% -7 -7 50 0%
E ITT 1 1 3 69% 1 1 2 73%
AT -3 -3 8 20% -4 -4 19 3%
PP -1 -1 3 77% -3 -3 9 48%
v 5 5 40 76% 5 5 47 80%
CACE -1 -1 3 76% -3 -3 9 48%
F ITT -1 -1 3 59% -1 -1 2 68%
AT -5 -5 26 0% -5 -5 27 0%
PP -5 -5 27 0% -5 -5 27 1%
v -5 -5 37 58% -5 -5 38 67%
CACE -5 -5 27 0% -5 -5 27 0%

MSE=mean square error; ITT=intention-to-treat; AT=as-treated; PP=per-protocol; IV=instrumental variable; CACE=complier average
casual effect
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Table 6: Summary of the results when only never-takers were allowed (treatment

effect = 0)
All-or-none Partial non-compliance
Scenario Method Estimate Bias MSE Coverage Estimate Bias MSE Coverage
Random ITT 0 0 1 95% 0 0 1 96%
AT 0 0 1 95% 0 0 1 96%
PP 0 0 1 96% 0 0 1 96%
v 0 0 2 95% 0 0 2 96%
CACE 0 0 2 94% 0 0 4 95%
C ITT -2 -2 7 23% -2 -2 5 35%
AT 2 2 4 65% 2 2 5 58%
PP 0 0 1 94% 0 0 2 95%
v -5 -5 30 25% -5 -5 31 37%
CACE -4 -4 16 34% -4 -4 24 40%
E ITT 2 2 7 24% 2 2 5 36%
AT -2 -2 4 65% -2 -2 5 60%
PP 0 0 1 95% 0 0 1 96%
v 5 5 31 25% 5 5 30 38%
CACE 4 4 16 34% 4 4 24 37%

MSE=mean square error; ITT=intention-to-treat; AT=as-treated; PP=per-protocol; IV=instrumental variable; CACE=complier average
casual
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CHAPTER 5

CONCLUSIONS
There are many statistical and methodological issues in evaluations of integrated care
programs. A subset of those issues includes: (1) quantifying the degree of integration for
an integrated service network, (2) analyzing randomized controlled trials (RCTs) of
evaluating integrated care programs with substantial non-compliance, and (3) assessing
the extent of bias incurred when analyzing RCTs of integrated care programs under non-
compliance. I have studied those three topics in this sandwich thesis. In this chapter, I will
summarize the key results and limitations, and discuss potential implications of the

findings on future studies.

In Chapter 2, we proposed a method for quantifying the degree of integration for each
service provider in an integrated service network through measuring the agreement of
involvement among all members. Each service provider was measured by 4 integration
scores, namely, P1, P2, P3, and P4 scores. The P1 score measured the gap between a
service provider’s level of involvement perceived by the group and the level of
involvement expected by the group. The P2 score measured the gap between a service
provider’s perceived level of involvement and the level of involvement expected by the
group. The P3 score measured the gap between a service provider’s level of involvement
perceived by the group and the level of involvement expected by the provider itself. The

P4 score measured the gap between a service provider’s perceived level of involvement
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and the level of involvement expected by the service provider itself. The P1 score served
as the primary measure of integration because it captured the concordance of the whole
group towards an agreed-upon integration. We applied the method in measuring the
integration of service providers in the Children’s Treatment Network (CTN) in Simcoe
County and York Region, Ontario Canada, and found generally low scores. By employing
spider plots, we identified the service providers who had a large variation across different
integration scores. The contrast between integration scores revealed where the gaps in
collaboration might be. We showed that the average of all service providers’ integration
scores was a robust measure of the global integration for the entire network. The results
confirmed the integration efforts that had been established one year after the inception of
the CTN. At the same time, the findings were important for the CTN planners to identify

problems and potential barriers in integrating multiple services.

Our proposed method for measuring integration has some limitations. First, our method
primarily measures the service integration and does not consider other types of
integration, for example, the functional integration [1]. Second, our method measures the
integration by using the responses from representatives of service providers. Respondent
bias may exist. Also, the data collected through our method are more likely to reflect the
views of the planning group than the frontline teams. The frontline teams may possess
different perceived and expected levels of involvement. Finally, our method assumes that
responses from all service providers are available. The impact of missing responses on

measuring integration needs further investigations.
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Despite the limitations, our method has important strengths. It conceptualizes and
quantifies the service integration for an integrated service network. Different from the
common assumption that a higher level of involvement means a higher integration [2],
our method employs a relative score to quantify the gap of integration between perception
and expectation. Besides calculating integration scores for individual service providers,
our method provides a simple way to graphically display and summarize the global
integration score for a whole network. Built on the validated integration framework [3],
our method possesses good content relevance and serves as a valid tool for monitoring
integration. Studies may also use our method to examine any longitudinal patterns of

integration for an integrated service network.

In Chapter 3, we showed that the improvement of psychosocial quality of life among the
children receiving the CTN integrated care was not significantly different from those
receiving usual care at 24 months. The ITT analysis showed an average improvement of
1.5 points (on a scale from 0 to 100) for the children receiving the CTN integrated care (p
value = 0.32). Alternative methods, including the as-treated (AT), per-protocol (PP), and
instrumental variable (IV) analyses, did not show a significant effect either but the
estimates varied systematically by the magnitude, precision, and direction. All analyses
except for the AT analysis showed an estimate that favored the effect of the CTN
integrated care. The PP analysis showed the most conservative estimate towards the null

effect.
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Our results were limited by some methodological challenges for evaluating an integrated
care program in a RCT. First, the early development of the CTN integrated care was
associated with suboptimal fidelity. It took a longer than expected time to gather local
integrated teams and change system management. Thus, the delay of local integrated
teams to deliver all planned services for target children partly contributed to high non-
compliance in the CTN arm. Second, the usual care group was potentially contaminated
by the CTN integrated care. Since all families lived in the same communities, the families
assigned in the usual care group might look for services similar to the ones provided by
the CTN. On the other hand, employing cluster design RCTs to evaluate large-scale
integrated care programs would greatly increase the required resources or sometimes,
might not be feasible. Third, the timing of outcome assessment might be too early to
show any significant effects of the CTN integrated care. Implementing integration often
takes time and the effects on improving chronic conditions also accumulate over time.
Finally, the population targeted by the CTN might not be generalizable to a broader
population of chronically ill children. Some of those limitations were also noted in the
case-control studies that evaluated integrated and community-based care [4]. Integrated
care programs are usually designed for patients with multiple and complex health
conditions. Most evaluations of those programs are based on non-randomized studies.
Developing strategies to deal with those challenges is important to determine any effects

of an integrated care program.
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In Chapter 4, we assessed the extent of bias in estimating treatment effects by simulating
hypothetical RCTs to mimic the CTN study. We examined 30 non-compliant scenarios
generated by varying three factors: the type of compliers, the randomness of non-
compliance, and the degree of non-compliance. The effect of a hypothetical intervention
was estimated by the ITT, AT, PP, IV, and complier average causal effect (CACE)
analyses. Our findings confirmed that the ITT analysis produced unbiased estimates when
the intervention was not different from the control [5]. However, when an intervention
had a moderate (25% improvement over the control) or large (50%) effect, our results
showed that the ITT analysis was substantially biased. Similar to a previous study [6], we
found that all estimates were unbiased when non-compliance was independent of
patients’ outcomes. Additionally, we showed that the PP analysis was unbiased when the
intervention was only accessible to the patients who were offered it. We examined six
non-compliant scenarios dependent on patients’ conditions [7] and showed that the IV
analysis was unbiased when non-compliance was symmetrically dependent on patients’

conditions.

Our assessment of bias for common analyses of non-compliance had some limitations.
First, we had not taken into account baseline covariates. Patients’ baseline characteristics
might predict their non-compliant behaviours. Second, we assumed a linear relationship
between the effect of an intervention and the degree of non-compliance. The linear
assumption might not be reasonable for certain interventions, for example, the

interventions whose effects were only dependent on some key components. Third, we did
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not consider missing data in the simulations. Patients’ follow-up outcomes would
probably not be available if they withdrew from the trials. Finally, our simulation only
simulated a subset of non-compliant scenarios and the findings might not be generalizable
to more complex cases. Future investigations by overcoming those limitations will

provide further insights into the issue of dealing with non-compliance in RCTs.

In summary, this sandwich thesis investigated three issues in the evaluation of integrated
care programs. Our proposed method to quantify integration for an integrated service
network was carefully described and illustrated. By conducting different analyses to
handle substantial non-compliance, we did not find a significant difference between the
CTN integrated care and usual care on target children’s psychosocial function at 2 years.
Our results also showed that propensity score methods, which had been mostly used in
observational studies, could be used to adjust for potential confounding in AT and PP
analyses. Methodological challenges identified from the CTN trial informed the design of
future studies to evaluate similar integrated care programs in a RCT setting. Through
generating hypothetical RCTs based on the CTN study, we showed that the ITT analysis
under non-compliance was substantially biased when the intervention had a moderate or
large effect relative to the control. Our simulation study also contributed to the literature
by showing that the PP analysis was mostly unbiased when only assigned patients had the
access to the new intervention with moderate or large effect. Based on the results,
recommendations for common analyses were made to provide unbiased or less biased

estimates under different non-compliant scenarios.
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