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Life history theory (LHT) is grounded in natural selection and evolution and predicts that one’s early environment can influence how one lives and reproduces. Evidence supporting this idea has been found in many species, including humans. LHT research in psychology explains why children who experience harsh and unpredictable environments, are, years later, more likely to reproduce earlier and more often than those who grew up in more bountiful and stable environments. Even though this relation is assumed to be a human adaptation, studies assessing this process in entire human populations are lacking. In this dissertation we assessed LHT using data from three countries (Brazil, US, and Canada) and five geographic levels (municipalities (Brazil), counties (US), dissemination areas, census divisions and provinces and territories (Canada)). Because this is a developmental phenomenon, we used a longitudinal approach: predictors and outcomes were separated by 10-15 years. We found that the predicted associations between harshness and reproduction patterns were strongest in Brazil in Canadian Indigenous populations, and that the proportion of visible minorities were also significant predictors of reproductive patterns in the US and Canada. This result may indicate that the associations predicted by LHT may be stronger in populations exposed to a greater range of harshness early in development. 

[bookmark: _Toc209610101]Abstract
Life history theory in psychology (LHT-P) posits that early harshness and unpredictability levels influence one’s life history strategy (LHS), a suit of traits and developmental milestones that can include reproduction, risky behaviour, aggression and violence, attachment, and more. Perhaps the strongest association studied is that proposed by psychosocial acceleration theory (PAT), which predicts that higher levels of harshness and unpredictability (especially father absence) is associated with earlier puberty and sexual debut, especially in females. However, recent criticisms have questioned whether LHS differs across humans, whether PAT’s assumptions are exaggerated, and whether any observed association is causal. Surprisingly, country-wide populational studies testing LHT-P and PAT’s assumptions, especially studies using longitudinal designs, are lacking. This dissertation used a mix of exploratory and confirmatory analytical approaches to determine if harshness and unpredictability early in life predict earlier and frequent reproduction using publicly available governmental data from the Brazilian Census, the American Community Survey, the Canadian Census and other Statistics Canada sources. We separated predictors and outcomes by 10 to 15 years across the different studies and tested models using cross-sectional and inverted timeline (i.e., harshness and unpredictability “predicting” earlier reproduction) methods. We used five geographic levels to assess predictions: Brazilian municipalities, US counties, and Canadian dissemination areas, census divisions, and provinces and territories. We also tested whether the proportion of visible minorities (i.e., Brazilian Black population, American Black and Hispanic or Latino population, and Canadian visible minorities and Indigenous population) are significant predictors of earlier and frequent reproduction. Results from Chapter 3 suggest that the proportion of the population that lacks resources, has bigger family sizes, and are young married mothers in Brazil predicted the proportion of young mothers and percentage of children 10 years later. We observed a similar finding in US counties data with a 14-year separation between predictors and outcomes. The percentage of Blacks in Brazil was not a significant predictor, but percentage of Blacks and of Hispanic or Latino in US populations was a negative and significant predictor of frequent reproduction. Chapter 4 showed that census divisions data yielded better results than dissemination areas, which indicates that geographical and populational stability results in a better model performance than larger sample sizes. The prevalence of children in low-income families and the percentage of children predict family size of one-parent families and more frequent reproduction 15 years later. However, contrary to LHT-P assumptions, higher unemployment and higher rents relative to income were predictive of smaller family size of one-parent families and less frequent reproduction. The proportion of Indigenous people was also predictive family size of one-parent families. The longitudinal model performed better than the model with reversed timeline. Results from Chapter 5 show that the interaction between the proportion of Indigenous people and the cost of living to income ratio was also predictive of earlier and more frequent reproduction in Canadian provinces and territories 15 years later, but the main effect of the proportion of Indigenous people was negatively associated with earlier and frequent reproduction. Overall, the analyses of population data support some assumptions of LHT-P and PAT literature, and suggest that visible minorities, especially in US and Canada, probably encounter sources of harshness and unpredictability that are generally not captured in LHT-P literature. Therefore, future studies could explore new measures of harshness and unpredictability to these different sources of environmental harshness and unpredictability to fully characterize environments experienced by visible minorities.
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Reproduction is an essential function of all living organisms. To be adapted to the environment, all species must survive and reproduce (Buss, 2024; Darwin, 1859). Reproducing does not come without risks and costs, though. For humans, reproduction usually means many years of investment in raising offspring. In addition, there are several biological and health risks associated with reproduction, especially for females.
Early and frequent reproducing is associated with risks for both the mother and the offspring. The risks of teenage pregnancy include maternal anemia, eclampsia, postpartum depression among the risks for the mother and low birth weight, respiratory distress syndrome and autism as the risks for the children of teenage mothers (Jeha et al., 2015). These risks have been identified in both developing and developed countries. Assessing 932 births from teenage mothers in a hospital in Ethiopia, Abebe and colleagues (2020) found that teenage mothers were more likely to give birth to low birth weight, to give birth prematurely and with adverse obstetric and perinatal outcomes than adult mothers. In Canada, a rich and developed country, a study with 1080 teenage pregnant women found that they were more likely to have depression and use substances than adult pregnant women (Wong et al., 2020). Another study tracking more than 2 million teenage females in Ontario for 20 years found that teenage pregnancies was associated with premature death of the mother, with risk increasing for those with more than one pregnancy (Ray et al., 2024). 
Multiparity has also been associated with higher risks for the mother and the child such as more obstetric complications and higher morbidity and mortality (Bai et al., 2002). Shorter inter-birth intervals also are associated with unhealthy and risky outcomes low-birth weight, preterm birth, low APGAR score and maternal anemia (Beyene et al., 2025). Using data from the US National Survey of Family Growth, Gemmill and Lindberg (2013) found that females aged 15-19 years old was one of the groups that were more likely to have a short interpregnancy interval. 
On the other hand, a lack of reproduction, aside from not meeting the adaptedness aspect as mentioned above, has profound societal aspects. A global decline in fertility rate (Roser, 2014) has been associated with future societal problems. Lower fertility means a transition in the demographic pyramid which results in an increase of the average age of the population. It has been hypothesized that low fertility rates and population aging will result in a reduction in available labor, economic stagnation and strain on pensions, and healthcare and emergency systems (Aitken, 2024; Ha, 2025). Addressing population fertility rates and creating public policies for reproduction have been of increasing governmental concern (Stone & Wingerter, 2024).
[bookmark: _Toc209610110]Explanations for fertility decline
Many factors have been proposed to influence pregnancy and fertility rates. These include equitable access to resources, reductions in child mortality, institutional support parents and youth, socialization and cultural factors. Perhaps the most common explanation for the decline in global fertility in the second half of the of the 20th century is the increased access of females to education, employment and health care (Aitken, 2024; Roser, 2014). As females have more equitable access to socioeconomic means and health care and medicine, they are more in control of their reproduction (e.g., use of contraceptives) and have the choice of whether to invest in having and raising children or to delay reproduction and invest in their education and career.
Another related explanation for reduced fertility is the decline in infant and child mortality (Aitken, 2024; Roser, 2014). As couples become more certain that their child will live until adulthood, there is less incentive to having multiple children. Advances in nutrition and in access to primary health care (e.g., vaccines) have resulted in infant mortality reduction. This increased survival certainty, associated with urbanization (Aitken, 2024), increases the costs of life and of raising children, further reducing incentives to having children.
All of these factors – urbanization, greater access and more years of education, higher costs of living – also result in delays in marriage and family formation (Aitken, 2024; Roser, 2014; Stone & Wingerter, 2024), which shortens the reproductive window, especially for females. A report about fertility in Southern Europe has identified that among married couples, fertility has become quite stable (Stone & Wingerter, 2024). There has been, however, a postponing of marriage until a later age, and this delay explains in great part the fertility decline. France has been an exception among these countries and its policies towards tax benefits, maternity leaves and other governmental support were attributed to be reasons for its comparatively higher fertility.
Institutional support then, is another explanation for when and how often people have children (Stone & Wingerter, 2024; Wodtke, 2013). The lack of affordable childcare, parental leave, or work flexibility have been proposed as reasons for reduced fertility (Ha, 2025). On the other hand, poor institutional support also has been suggested as an explanation for increased or earlier reproduction. On a smaller scale, residents of socially isolated neighbourhoods and communities that lack good schools, recreational facilities, childcare and after-school programs have earlier and, often unwanted, pregnancies (Wilson, 1987; Wodtke, 2013). In these impoverished communities, unstable employment conditions may reduce parents’ availability and monitoring on early or unsafe sexual activity. Economic hardship can also increase fatalism, which reduces the perceived costs of having children. Over time, peer group socialization and a local culture can normalize or even incentivize early parenting.
[bookmark: _Hlk205218147][bookmark: _Toc209610111]Life history theory
Life history theory (LHT) offers a framework for explaining when and how often people have children. The theory posits that resources invested in one function (e.g., reproduction) cannot be invested in other functions (e.g., acquiring food). The environment cues organisms to select a pattern of investments – both the amount and timing – that is most adaptive (Del Giudice et al., 2015; Ellis et al., 2009).
[bookmark: _Toc209610112]The origins and principles of life history theory
LHT originated from evolutionary biology, and it was first used to explain differences between species (Stearns, 1992). Its tenets say that: 1. resources are limited; 2. species need to trade-off resources allocation to different areas; 3. the environment selects (and cue species) optimal resource allocations (Del Giudice et al., 2015). Energy and time are limited resources. Investing them in parenting (e.g., feeding, monitoring) reduces availability for other functions like foraging, mating, or somatic growth (Del Giudice et al., 2015; Ellis et al., 2009).
Environmental characteristics select for different resource allocations. Population density and environmental harshness and unpredictability have been hypothesized to be particularly important for determining which pattern of resource allocation is most adaptive. In environments where there is a high level or mortality due to predation, lack of resources, or disease, an organism is unlikely to survive for an extended period of time, so it may not have an opportunity to reproduce in the future. Therefore, it would be more advantageous for species in this niche to reach sexual maturity fast, reproduce fast and early, and not invest much in any particular offspring (Ellis et al., 2009; Griskevicius et al., 2011). This strategy would result in better chances of reproduction and the spread of genes that, even in the event of high mortality, some of the offspring would survive and reproduce. 
LHT also predicts that unpredictable environments with high fluctuations of sources of morbidity and mortality should be associated with faster sexual maturity. By contrast, resource-rich and stable environments should be associated with slower sexual maturity. Where organisms can be more certain of their chances of survival and future reproduction, acquiring resources and investing more in growth and body maintenance (e.g., calories, body size, status) for an extended period would be an optimal strategy. At a later age, these resources can be invested in generating fewer and higher quality offspring that can outcompete others. This suite of adaptive changes that covary depending on the environment has been coined life history strategies (LHS; Del Giudice et al., 2015; Ellis et al., 2009).
[bookmark: _Toc209610113]Fast-slow continuum
Earlier workers on these different strategies originated in biology the r and K selection. strategies (Stearns, 1992). Placing species along a continuum depending on the rate and timing of their investments in earlier and faster reproduction or in body maintenance and growth would result in a continuum (Belsky et al., 2012; Ellis et al., 2009; Hartman et al., 2018). Classical examples of species near the r and K poles of the continuum are the mouse and the elephant, respectively (Griskevicius et al., 2011; Sear, 2020). Mice, which are r-strategists, do not grow much, develop and reach puberty quickly, and have large litters with short inter-litter intervals. Elephants, K-strategists, grow to a far greater body size over several years, a process that requires more calories. They also, reproduce later, and give birth to one calf that requires considerable investment from its parents. LHS attributes the differences between the developmental and reproductive behaviours of mice and elephants to differences in the harshness and unpredictability of the environments experienced by these two species (Stearns, 1992). Higher populational density is another variable that would usually favour the slower LHS because it would help offspring in outcompeting conspecifics (Ellis et al., 2009).
Even though the theory was developed to explain between-species variation, it has also been applied to within-species variation. Environmental change can, to a smaller degree, shift resource allocation and timing of growth and reproduction in bacteria (Stone et al., 2023), fish (Malone et al., 2022), and reptiles, birds and mammals (Albaladejo‐Robles et al., 2023). Unsurprisingly, it has also been applied to humans (Webster et al., 2014; Xu et al., 2018).
[bookmark: _Toc209610114]Application to humans and the transition to psychology
This notion of the environment shaping and selecting for species different investments and reproduction timing were adapted to psychology. In doing so, it became much more focused on within-species variation, which obviously claimed for species plasticity in reacting to the environment. Chisholm and colleagues (1993) argued that early environmental adversity (e.g., lack of resources or marital discord) can result in inadequate child rearing by the parents, which results insecure or avoidant attachment. This process would later on manifest in an early somatic maturation (e.g., early puberty) and earlier reproductive strategy with reduced investment in offspring that is comparable the r-strategy. On the other hand, individuals raised in more resource rich and stable environments would develop with the opposite development characteristics: secure attachment, later puberty and reproduction and more investment in offspring. The field in psychology started to refer to these developmental paths as the fast-slow LHS continuum. This rationale has been supported by other researchers (see Del Giudice & Belsky, 2010). This line of research resulted in two related fields of study, one in evolutionary biology and behavioural ecology (LHT-E) and the other in evolutionary psychology (LHT-P; Frankenhuis & Nettle, 2020; Nettle & Frankenhuis, 2020; Sear, 2020). Among LHT-P, a great deal of attention has been given to psychosocial acceleration theory (PAT), which posits that early environmental adversity can alter the onset of puberty (most studies measure time of menarche), and other developmental milestones such as sexual debut and the age of having children (Belsky et al., 1991; Ellis, 2004).
A considerable amount of these psychological studies have focused on how environmental harshness and unpredictability is related to faster or earlier reproductive markers (Webster et al., 2014), but applications of LHT-P also have examined associations with other outcome variables such as attachment styles (Del Giudice, 2009; Del Giudice & Belsky, 2010), risk and aggressiveness (Ellis et al., 2021; Lu & Chang, 2019), and academic achievement (Chang et al., 2019). Harshness is usually assessed through socioeconomic status (Copping et al., 2013; Ellis et al., 2009). Unpredictability is a much harder concept to measure (Young et al., 2020) because a core assumption is that the individual should not able to anticipate the environmental change that occurred. Nevertheless, a considerable amount of the literature has been using parental transitions (i.e., changes in family configuration such as in divorce and remarriage), parental availability or parental employment change and residential changes as measures of unpredictability (Belsky et al., 1991, 2012; Chang et al., 2019; Copping et al., 2013; Doom et al., 2016; Ellis et al., 2003; Hartman et al., 2018; Lu & Chang, 2019; Nolin & Ziker, 2016; Simpson et al., 2012; Webster et al., 2014). Father absence has been found to be one of the strongest predictors of faster LHS (Ellis et al., 2003; Hartman et al., 2018; Webster et al., 2014).
[bookmark: _Toc209610115]Developmental timing and interaction with other factors
It is worth noting that this association between the environment and reproduction is a developmental phenomenon. Early exposure to different levels of harshness and unpredictability would cue individuals into shifting a suite of traits that develop over one’s life course. Therefore, a key assumption of this theory is that there is a particular time of environmental exposure that would create such tendency. Findings in LHT-P suggest that the first 5 years of life (Copping et al., 2013; Doom et al., 2016; Ellis et al., 2003; Simpson et al., 2012; Szepsenwol et al., 2019) or the first 7 years of life are the most critical for shaping LHS (Belsky et al., 1991; Del Giudice et al., 2015; Nettle & Frankenhuis, 2020). 
It also is worth noting that LHT-P and the other explanations of these developmental phenomena are not mutually exclusive. More access to health care, standardized education, and nutrition, which ultimately decrease infant and child mortality, could represent a reduction in environmental harshness and unpredictability. Furthermore, applications of LHT-P must deal with the fact that the contemporary environment certainly is dissimilar from our environment of evolutionary adaptedness. This is particularly true in developed countries, where individuals face smaller threats with regard to predation, death and disease, and where most of LHT-P studies have been conducted (Sear, 2020; Volk, 2023; Webster et al., 2014). 
Insufficient institutional support could also mean elevated levels of harshness and unpredictability, which would cue individuals into a faster LHS. This effect can become even more salient if these poorly serviced neighborhoods experience more violence, mortality or homicide (Griskevicius et al., 2011; Wilson & Daly, 1997). In addition, a cyclical component has been hypothesized in which father absence creates the expectation in the children that relationships do not last (and consequently investment in offspring), which in turn could cue these children into seeking short-term relationships and lower investments in offspring later in life (Del Giudice et al., 2015; Stearns, 1992; Volk, 2023). This cyclical effect could have some similarity or some influence in the emergence of a local culture in which short-term relationships, earlier or more frequent reproduction are more accepted or supported.
[bookmark: _Toc209610116]Challenges to LHT-P
Recent critiques of LHT-P and PAT center on their conceptual drift from evolutionary biology and the limited empirical support for key assumptions. Perhaps the strongest of such criticisms is its departure from its parent theory in biology (Nettle & Frankenhuis, 2020; Sear, 2020; Stearns & Rodrigues, 2020). For example, the fast-slow continuum, as a suite of covarying trait, has been rejected by LHT-E and replaced by research in which traits adaptability to the environment have been measured more independently. LHT-E research often uses more formal models which tend to make more explicit assumptions and to quantify trade-offs and how these trade-offs impact fitness in different conditions (Sear, 2020; Stearns & Rodrigues, 2020). These models – more similarly to current LHT-P – also tend to use many variables and track their complex interactions. These differences resulted in some conceptual divergences and inconsistencies between the two theories.
The hypothesized causal relationship between harshness and unpredictability to early puberty and to earlier and frequent reproduction has also been under scrutiny (Frankenhuis & Nettle, 2020; Richardson et al., 2024). A meta-analysis by Webster and colleagues (2014) found that the association between father absence and menarche was smaller in studies with bigger samples. Richardson and colleagues (2024) used ACE modeling and found little evidence for a causal link between early adversity and reproductive timing, suggesting that prior associations may reflect genetic and shared environmental confounds.
The definition of the variables involved in LHS change lacks specificity. Harshness has been defined as the level of death and disease outside of one’s control (Ellis et al., 2009), but usually it is measured using socioeconomic indicators; however, how much low socioeconomic status correlates with higher extrinsic death and disease levels is debatable (Stearns & Rodrigues, 2020; Volk, 2023, 2025). Unpredictability refers to the stochastic variation of harshness, but it also remains poorly defined, with debates over whether it reflects sudden changes, increased variance, or shifts in autocorrelation with harshness (Young et al., 2020). The literature has also not yet explored the effects of an increase of unpredictability that is coupled with a decrease of harshness (e.g., changes of residence and of parental availability due to parents’ better employment conditions; migration to more favourable conditions).
Critics also argue that PAT claims (e.g., the fast-slow continuum as a suit of traits) are over generalized (Richardson et al., 2024; Volk, 2025) and that using the fast-slow LHS continuum as a construct is predictive of little actual behaviour (Frankenhuis & Nettle, 2020; Stearns & Rodrigues, 2020). In sum, LHT-P and PAT proponents have been called to considerably revise the theory’s assumptions, become stricter in its use and predictions and to move back towards its parent in evolutionary biology and behavioural ecology.
[bookmark: _Toc209610117]Populational studies
Originally developed to explain variation across species, LHT, especially LHT-P, has since been applied to individual-level differences. However, most LHT-P studies rely on cross-sectional data from Western populations, limiting their ability to test developmental predictions (Chang et al., 2019; Sear, 2020; Webster et al., 2014). Using a cross-sectional design to investigate a developmental phenomenon requires one to either ask participants to generate retrospective reports or to describe their expectations of future events. Retrospective reports can be affected by memory retrieval processes and presentation bias (Richardson et al., 2024), while the latter method, aside from presentation bias, is susceptible to many sorts of noise. Longitudinal studies have mostly focused on qualitative associations instead of testing predictions based in more formal models (Stearns & Rodrigues, 2020). Many also rely on a few long-term longitudinal studies, which means that many results are based on the same data sources (Young et al., 2020).
Several studies have tested LHT-P or PAT assumptions with populational data (e.g., Copping et al., 2013; Copping & Campbell, 2015; Wilson & Daly, 1997) or very large, cross-sectional samples (e.g., Chang et al., 2019; Richardson et al., 2024). The use of governmental data, and especially of census data, may be a great source to test such predictions (Copping, 2017), so the lack of studies using such data is surprising. To date, no study has used longitudinal, population-wide data to test whether early environmental harshness and unpredictability predict reproductive outcomes. This dissertation addresses that gap by analyzing census and governmental data from Brazil, the U.S., and Canada. Across three empirical studies, we examine whether early-life conditions forecast reproductive patterns, assess the suitability of this method for LHT-P research, and identify predictive variables across contexts. For the purposes of this dissertation, we are using concepts of harshness and unpredictability as they are usually measured in LHT-P. Harshness will be understood as having lower socioeconomic status and reduced access to resources, whereas unpredictability will be understood as having fluctuations of parental availability, of parental employment and geographical moves. Because we expect that children will be mostly affected by these environmental conditions, we will also use the proportion of children as a measure. 
[bookmark: _Toc209610118]Visible minorities
Visible minorities are usually exposed to particularly harsh and unpredictable environments. For example, Brazil has a long history of slavery and racism that exist to this day (Pimentel, 2022). Black people in Brazil have unequal access to education, health care (IBGE (Instituto Brasileiro de Geografia e Estatística), 2022), employment and income than other groups. They are also more likely to be victims of homicide and most of these victims are young men (Cerqueira & Bueno, 2024). Similarly in the US, another country with a long history of slavery and discrimination, Black people are more likely than other ethnical groups to be in disadvantageous neighbourhood and unequally exposed to crime (Browning et al., 2017). They are more likely to experience food insecurity and discrimination in access to health care (Bleich et al., 2019). Indigenous people, another visible minority in Canada, also have long history of repression, confinement of its culture and ways of living (Neu & Graham, 2006; Romaniuk, 2008). In 2021, the homicide rates of Indigenous victims was six times than that of non-Indigenous victims in Canada (David & Jaffray, 2022). 
Following LHT-P rationale, it would be reasonable to assume that these especially harsh and unpredictable circumstances could also interact with common measures of harshness and unpredictability (i.e., socioeconomic status and parental transitions) and affect reproduction patterns. Supporting this argument, Indigenous people in Canada are younger and faster growing than non-Indigenous people (Government of Canada, 2022), which maybe indicate more frequent reproduction. Teenage pregnancy is also disproportionately high among Indigenous people in comparison to non-Indigenous populations (Reading & Wien, 2009; Sheppard et al., 2017). Black women also have higher fertility rates than non-Black women in the US (Pew Research Center, 2015).
We hypothesized that visible minorities populations are likely to be exposed to especially harsh and unpredictable environments from early childhood and that these circumstances can affect their reproductive trajectory. Because of that, we are also using the proportion of visible minorities as a predictor of reproductive outcomes throughout this dissertation.
[bookmark: _Toc209610119]The next chapter
The next chapter discusses several characteristics of secondary data research, its advantages and potential challenges. We end the next chapter with an overview of the empirical studies in this dissertation. The three empirical studies use data from three countries (Brazil, US and Canada) in different geographical levels and different year ranges. We primarily explore if harshness and unpredictability measures in one year can predict future reproduction indicators. In doing so, we assess: 1. If this method is suitable to LHT-P research; 2- Which variables will be predictive of reproductive patterns in these different countries; and 3- If this developmental phenomenon shows in populational data. We hope that these studies can inform LHT-P and PAT proponents to move towards more specific and formal models that can be tested with more confirmatory approaches and individual level data.
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	Large secondary data sets are available at unprecedented scales. Increased use of such data could inform and complement more traditional methods in psychology (Andersen et al., 2011; Johnston, 2017; Trzesniewski et al., 2011). These large data sets may have higher ecological validity (Andersen et al., 2011; Jones, 2010; Kievit et al., 2022) than data sets collected in traditional, lab-based research. For example, secondary data can be more diverse and representative of a population than samples of undergraduate students from Western and developed countries that are common in Psychology experiments (Henrich et al., 2010). In addition, many secondary datasets are offered periodically (e.g., annual governmental surveys or daily posts on social media), which make them useful for studying longitudinal phenomena and to conduct replications.
	There are, nonetheless, several constraints that arise when using secondary data sets. The most obvious one is that the researcher must work with the data that is available: there is no possibility of tailoring measures to fit a research question (Andersen et al., 2011; Johnston, 2017). Another inherent limitation is that it is non-experimental, therefore it makes it difficult to infer causality (Weston et al., 2019). Other limitations and criticisms include the reduced control over data collection, which can create inconsistencies such as missing data or noise (Trzesniewski et al., 2011; Weston et al., 2019), and data complexity, which usually necessitates substantial data wrangling and complex methods of analysis (Chen et al., 2020; Drovandi et al., 2017; Walkup & Yanos, 2005). 
	This chapter describes the processes used to select, process and analyze Census data to test life history theory predictions (Belsky et al., 2012; Ellis et al., 2009; Hartman et al., 2018). We describe how we decided which variables, among all data available, would be selected. This process mainly included selecting the variables that most closely matched measures commonly used in life history theory research. We then discuss how skewness in data distributions was treated with data transformation, how differences in variance can affect our analyses, and how we established ruler for dealing with missing data and outliers. We also describe how our analyses used beta coefficients, R², and effect sizes to complement statistical inferences based on p values.
	We conclude with an overview of the empirical chapters in the dissertation. Chapter 3 describes a study that found that indicators of harshness and of living with young parents in larger family sizes can predict reproduction more frequently and at an earlier in Brazilian municipalities. We had a similar finding with US data. In Chapter 4, I show that some indicators of harshness and of the proportion of Indigenous people and visible minorities can predict more frequent reproduction in Canadian census divisions and dissemination areas. Finally, in Chapter 5 I show that the interaction between the proportion of Indigenous people and cost of living to income ratio predicts birth and teenage pregnancy rates in Canadian provinces and territories, but that the main effect of the proportion of Indigenous people is negatively associated with birth and teenage pregnancy rates. Although the current chapter does not include any empirical studies and therefore report no findings, it is an important piece for the reader to have a more comprehensive understanding of the research described in the empirical chapters.
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This chapter outlines the benefits and challenges of using secondary data, especially census data and other publicly available governmental data, for research in psychology. It begins by defining Secondary and Big Data and describing their increasing relevance due to availability, affordability, and higher ecological validity compared to traditional methods of research. The rationale for using such data, as well as methodological and statistical considerations that arise in the context of life history theory in psychology (LHT-P), are discussed. I discuss several challenges that occur when using secondary data, such as the lack of experimental control, missing or imperfect measures, non-normal distributions, and the need for data transformation. Also, limitations of inferential statistics, particularly the overpowered nature of p-values in population-level datasets, are presented
Keywords: Secondary data, advantages, challenges, methods.
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This chapter aims to describe the process, advantages and limitations of using secondary data – especially census and other government publicly available data – for research in psychology. We highlight methodological considerations and offer an overview of the studies presented in this dissertation.
[bookmark: _Toc209610126]What is secondary and Big data?
Secondary data, in research contexts, is any data that exists before a researcher has formulated their research questions and/or hypotheses (Weston et al., 2019) or data that has been collected by a primary source that is now being used for a different, secondary purpose (Andersen et al., 2011; Johnston, 2017). Secondary data includes archival data (e.g., medical reports, newspapers), large electronic data (e.g., shopping habits, social media use), government surveys (e.g., Censuses, economic and community reports), and data from previous longitudinal research projects. One can re-utilize and re-purpose data that has been collected many years before with a novel research question. 
The exponential growth of electronically accessible information has resulted in the coining of the term Big Data, which has been defined as data characterized by the three Vs: high volume, velocity, and variety (Albattah, 2016; Bareinboim & Pearl, 2016; Chen & Wojcik, 2016). These three Vs result in data that often cannot be processed using commonly available hardware or software (Chen & Wojcik, 2016; Drovandi et al., 2017) or analysed by standard statistical methods (Drovandi et al., 2017). While high velocity (i.e., data that is generated and updated with high frequency or instantly) does not characterize most of national surveys, volume and variety does. With ever expanding data from many different sources, national surveys can offer varied data about millions of individuals (e.g., public use microdata samples; see Ruggles, 2025). There has been a call for researchers to leverage and benefit from these sources of data in psychological research (Chen & Wojcik, 2016; Copping, 2017; Johnston, 2017).
[bookmark: _Toc209610127]Advantages and challenges of using secondary data in psychology
As secondary data sets becomes larger, more varied and more available, they have become a valuable source of data for psychological research. Using secondary data also has some advantages over traditional methods of psychological research. The first is that it is often cheaper to use secondary data because it is publicly available or available at a minimal cost (Johnston, 2017; Jones, 2010), which is important for research in developing countries. Another advantage is that secondary data often provides sample sizes that cannot be achieved in research labs (Andersen et al., 2011; Kievit et al., 2022). 
Furthermore, these samples usually are more representative of populations than samples comprised of university students in Western and developed countries (Henrich et al., 2010), common in psychological research. In addition, secondary data has high external validity because it measures people’s actual behaviour (e.g., their shopping habits, when they had children, what content they interact with in social media). Also, with some familiarity with this source of data, researchers can conduct research much faster compared to collecting participant data in an experimental laboratory. Finally, the relative low cost and availability of secondary data make it easier to replicate studies, which is a recent and growing concern in psychology and social sciences (Korbmacher et al., 2023; Open Science Collaboration, 2015).
However, using secondary data has several disadvantages. Perhaps the most important one is that the researcher is limited to the data that is available (Andersen et al., 2011; Johnston, 2017). Instead of tailoring the measures to collect exactly the variables of interest, the researcher working with secondary data needs to work with data that has been collected before he designed his research project. Also, secondary data is not experimental (Andersen et al., 2011; Jones, 2010): The researcher is dealing with already collected data and is not manipulating any of the variables. Therefore, it is limited with respect to making causality inference (Weston et al., 2019). 
In addition, some have criticized secondary data as being too complex. The data requires some effort to be understood (Jones, 2010), which will often require examining long documentation and protocols (Johnston, 2017). Also, there may be unknown issues about data collection (Trzesniewski et al., 2011) or data could have been collected using a variety of procedures (e.g., compiled reports from many smaller jurisdictions) which could affect reliability of the measures (Weston et al., 2019). Lastly, the complexity of the data often means that researchers need to use alternative or unfamiliar statistical methods (Chen & Wojcik, 2016; Drovandi et al., 2017, Walkup & Yanos, 2005).
It is important to note that methods that address research questions using secondary data and more traditional research are not mutually exclusive (Andersen et al., 2011; Chen & Wojcik, 2016; Jones, 2010). Secondary data is a rich source of information that complements more traditional approaches. A researcher can use secondary data to test initial hypothesis and associations between variables and then use more traditional research methods that allow for causal inference. Conversely, secondary data can also be helpful in confirming results from more traditional research findings with larger and more diversified samples.
[bookmark: _Toc209610128]Census
Most countries in the world conduct a census periodically (World Health Organization, 2020). The census is the official count of the population, and it is usually accompanied by several other demographic and socioeconomic measures (Cambridge Dictionary, 2025; Statistics Canada, 2022). As such, it is the most comprehensive description of a population. Even though the variables measured by each census differ between countries, it is possible to make cross-cultural comparisons. Its periodicity also facilitates comparisons across time. 
Census data is usually reported as total count, average or percentage of variable (e.g., females or males) in a given area. Countries’ statistical departments and even some international organizations (e.g., World Health Organization; see Athena API, n.d.) and initiatives (e.g., ourworldindata.org) offer public access to their data through their websites. Generalized and usually simpler compilations can be directly accessed through the websites while more complex and tailored queries can be accessed through portals or Application Programming Interface (APIs) that usually require a user account.
[bookmark: _Toc209610129]Methodological considerations and limitations of using Census data
The characteristics of census data require some considerations regarding statistical testing. Frequentist statistical tests rely on significance tests (e.g., p-values) to inform whether the null or the alternative hypothesis is supported (Gelman & Loken, 2016; Lakens, 2022). This is problematic when using the Census as a source of data for two reasons. These tests are more suitable for traditional research, in which the researcher works with a sample and tests the effect of an independent variable on a dependent variable. Then the p-value is the probability of obtaining an effect of the dependent variable (e.g., a difference between group means) given that the null hypothesis is true. It can also be interpreted as the information that the association measured between variables is or is not greater than what would be observed by chance. A country’s census, however, is not a sample of a larger population. Rather, it is the best possible probe of an entire population. Therefore, any association that we find would be the best description of such association in the population and we argue that it should be considered, regardless of it being statistically significant. 
In addition, traditional inferential statistics tests may be overpowered by census data. P-values are sensitive to sample size, so with a large sample size even a very small effect may be statistically significant (Gelman & Weakliem, 2009; Lakens, 2022). In these circumstances it may be more appropriate to focus on effect sizes rather than p-values (Andersen et al., 2011; Gelman & Weakliem, 2009; Kievit et al., 2022). 
Another issue regards the distributions of census data. A common assumption of statistical tests is that data follow a normal distribution (Grimm & Yarnold, 2010), but many census variables are percentages that are not normally distributed. Often, census variables (e.g., people living below poverty line) are right skewed (i.e., near zero on the x axis). Researchers working with such data sets should be cautious in choosing statistical tests when the data does not meet the test’s assumptions and in applying data transformations. 
[bookmark: _Toc209610130]The empirical chapters
This section provides an overview of the studies in this dissertation. We discuss the methodological and theoretical considerations that were necessary to conduct the research.
[bookmark: _Toc209610131]Life history theory considerations
The first step to discover whether census data can be used to test LHT-P assumptions was to narrow the outcome that we were interested in measuring. LHT-P posits that life history strategies can affect many developmental outcomes including time and frequency of reproduction (Ellis et al., 2003; Webster et al., 2014), a lower threshold for risk-taking and violence (Copping & Campbell, 2015; Doom et al., 2016; Wilson & Daly, 1997), attachment (Del Giudice, 2009; Del Giudice & Belsky, 2010), and academic performance (Chang et al., 2019). We chose reproduction as our outcome measure because it is one of the most common and well-stablished associations in LHT-P and because it was the most likely measure to be consistently reported in the Census. A secondary question we were exploring in these studies is whether the proportion of visible minorities in the population was significant predictor of early and more frequent pattern of reproduction. Therefore, measures of the percentage of visible minorities (e.g., Black, Hispanic and Indigenous) minorities were added in different studies. 
The second step was to determine what data was available at each country and create a subset of the data that more closely fits what has been used in LHT-P. Most studies assessing early or frequent reproduction strategies in LHT-P literature use harshness and unpredictability as predictors (Belsky et al., 2012; Ellis et al., 2009; Hartman et al., 2018; Webster et al., 2014; Xu et al., 2018). Therefore, we aimed to include variables that serve as proxies for harshness, such as economic status and access to resources, and proxies for unpredictability, such as measures of parental transitions (e.g., marital status, single-parent households), parental employment change (e.g., being unemployed or precariously employed), and geographic move (e.g., moving within the last year or migrating from a different country). Reproduction indicators included measures of the percentage of children in a given geography, parenting by age of the mother, and of single-parent households. LHT-P research does not often consider the effect of population density, which may also be a relevant predictor (Ellis et al., 2009), therefore it was not included in the studies in this dissertation. 
As stated above, when dealing with secondary, the researcher has to work with the variables that are available. This means that a variable of interest is often not available in the data or that the variable available is not the best measure to observe some effect. Some variables that are commonly used in LHT-P studies were not available in the census data. The most notable case is the time of menarche (Webster et al., 2014), which is simply not assessed in censuses. Parental employment transitions were consistently a case in which the variables available were not the best measure of employment transitions and we collected many variables that might have been indicative of that (e.g., being unemployment, being self-employed (unincorporated), time commuting to and from work, or using public transit to go to work). The measures of frequent reproduction were also a common case of the variables available not being the best measure of what was intended. To measure frequent reproduction, the most closely fitting measures we found were the percentage of children and measures of family size.
The variables that we interpreted to be indicative of each concept (e.g., frequent reproduction, employment transitions, income, access to resources, etc.) se variables were grouped into their respective concept. Table 1 shows the variables used in the study with data from the Brazil census (Chapter 3) and links each variable with its corresponding LHT-P concept and the factor in which they were loaded. After selecting the data that would be used, we used generally accepted methodological and statistical guidelines for including or excluding variables and factors. The abbreviations in Table 1 indicate variables that were maintained in the final statistical models. The data in Chapters 3 and 4 were analyzed with partial least squares structural equation modelling (Hair et al., 2021, 2022), whereas the data in the second study of Chapters 3 and in the data in Chapter 5 were analyzed with stepwise linear regression (Field et al., 2014; Harrell, 2015). A complete description of these steps can be found in the methods section of each chapter.
[bookmark: _Toc209610132]Data processing
Secondary data is almost never organized and ready for analysis. Instead, secondary data usually exists in a raw and unstructured format, so data processing or data wrangling is a necessary step between acquiring data and analysing it (Andersen et al., 2011; Chen & Wojcik, 2016). This step usually involves removing variables that will not be useful in the research project, structuring it in a format that will be ready for analysis, and merging multiple data sets that can be ready for the intended statistical software or statistical technique (Andersen et al., 2011; Chen & Wojcik, 2016; Grimm & Yarnold, 2010).
In our studies, data processing involved reading all data acquired and subsequently removing data that we did not intend to use. Examples of what data that has been removed in this data wrangling process include different geographical levels (e.g., average value of a variable in the whole country), codes for geomapping, repeated variables (e.g., counts of the total population or the total number of households), and obviously variables that were not of interest. In the case of Brazil entire data frames were removed (e.g., birth rates for women in many age intervals) because the data source would not allow selecting and accessing only variables of interest. Due to the different sizes of the population in different geographies, all measures were transformed to either a percentage of the total population or the total number of households. This transformation reduced a bias in which more populous geographies would appear with higher of many of the variables of interest simply because it was more populous. 
A third concern was the difference in the scale and in the variance across variables. A large (i.e., more than 10-fold) difference in variables scales can result in an ill-scaled covariance matrix in the case of structural equation modelling analysis (Kline, 2016) or result in bias and lack of reliability in other analyses (Trzesniewski et al., 2011). In our studies these differences were most apparent when comparing certain percentages of the population (e.g., percentage of mothers aged 15 to 19 years old), typically small values with limited variance, with income variables, which have values in the tens of thousands and correspondingly more variance. 
The distributions of percentages in census data often are strongly skewed. Some of our analyses assumed the data were distributed normally, therefore we used square root and logarithmic transformation of the data. This transformation would aid analysis by reducing skewness and transforming the distribution to closer to normal distribution. Most of the studies in this dissertation, however, make use of partial least structural equation modelling which is robust in processing non-normal data (Hair et al., 2022).
Missing data is another common issue when dealing with secondary data. Different methods of dealing with missing data will involve deleting cases or variables with missing data, weighing methods (common when dealing with surveys) and data imputation methods (Trzesniewski et al., 2011). The optimal approach to deal with missing data depends on whether data is missing due to random or non-random factors (Ranganathan & Hunsberger, 2024; Trzesniewski et al., 2011). The approach used for studies described in Chapters 3 and 4 was to delete variables with missing values above 5%. 
We considered this approach to missing data appropriate because the data was extracted from governmental census and statistical departments. The census data often was expressed as means or total counts calculated from individual participants. Therefore, the data included in the census already incorporated some technique to deal with missing data. In addition, variables with more than 5% of missing values were rare. Again, this is a result of the variables being the total count or means value of a given geography. Finally, many of our variables had alternative variables that would serve as proxies of the same construct. For example, a measure of the percentage of people living with a minimum wage or less in Brazil, was used as a proxy of a harsher life. Alternatively, a plausible proxy measure of a harsher life – a life with fewer opportunities due to low socioeconomic status – could be the percentage of families who do not own a refrigerator, or the percentage of people without access to sanitation. Having to remove one of these variables due to missing data would not impact our ability to test our hypotheses.
[bookmark: _Hlk204056036]My approach to deal with outliers was to remove all cases in which any of the variables had a z-score > |3|. We relied on the fact that the data was representative of an entire population, so removing outliers would improve the model's predictiveness without reducing power. In Chapter 3 and in Chapter 4 I used partial least squares structural equation modelling analysis (PLS-SEM). PLS-SEM is an exploratory analytical approach composed of a measurement model, which has similarities with exploratory factor analysis, and a structural model, which has similarities with path analysis. Figure 1 describes the decision making process during these analyses and the full description of the analysis can be found in the Methods sections of Chapter 3 and Chapter 4.
[bookmark: _Toc209610133]Overview of each chapter
The overall aim of my studies was to make use of publicly available data to test predictions of LHT-P. Specifically, we tested whether indicators of harshness and unpredictability used in LHT-P can predict indicators of reproduction. Another aim was to determine if higher percentages of visible minorities and marginalized populations also are good predictors of these indicators of reproduction. The first study in this dissertation was exploratory: it attempts to determine if census data can be used to test hypotheses based on LHT-P and to discover the patterns of relationships among variables. The subsequent studies are assessing similar questions, but with small variations in the data source or the analytical approach. Future research with more specific models and more strict statistical testing is encouraged.
The study in Chapter 3 used census data from Brazil, a developing country with a large population that it is marked by a long history of slavery, racism and economic inequality (Couto & Brenck, 2024; Pimentel, 2022). We used Brazilian municipalities as the level of analysis and included the percentage of Black and Asian ethnicities in these municipalities to assess if these would be significant predictors of indicators reproduction. Data from a sample of households of the Brazilian census was used. The data is available through the SIDRA portal (Sistema IBGE de Recuperação Automática - SIDRA, 2024). The portal offers many different tables ranging from characteristics of the population to characteristics of the individuals. We assessed 26 different tables, each comprised of a diverse range of subtabs. 
Many of the census variables are nested within higher-level variables. For example, the portal offers the count of males in a municipality, then it offers the number of males that are employed (a variable nested within the prior one), and then the number of males, employed, that are within certain age ranges (nested with the prior). Whenever possible, the higher-level variables were selected (e.g., sex) in an attempt to isolate the effect of that variable independently from others. This process was repeated for the subsequent studies and chapters: US comparison (Chapter 3), and in the studies using Canadian census divisions and dissemination areas data (Chapter 4).
A second comparison in Chapter 3 uses data from the American Community Survey 5-year detailed tables (ACS; U.S. Census Bureau, 2016). In this study we tested if relevant predictors and outcome using data from Brazil would be relevant predictors of reproduction different country. We were still interested to see how visible minorities and ethnicities could be associated in this phenomenon, so we used these variables, even though they were not relevant predictors. The US is a developed country with a much different human development index (Human Development Index | Human Development Reports, 2022), but both Brazil and the US are large countries with large populations (United Nations, 2025) and comparable economic inequality (Our World in Data, 2025), which we assumed to be associated with variance in harshness and unpredictability experience by their population.
The geographical level of analysis was US counties, which are defined as the “primary legal divisions of most states” (U.S. Census Bureau, 2025, Counties (and equivalents) section). Counties can be constituted of independent cities, parishes or boroughs, but most counties encompass a larger geographical area that can include cities, towns and villages in both urban and rural areas. ACS data is available through US Bureau of Statistics API (Census Data API: /Data, 2025). Around 64,000 variables are available in different ACS years. Table 2 reports the variables that were relevant predictors or outcomes in Brazil and the most similar variable that we could find available in the ACS.
The fourth chapter was an attempt to use the same method we used with Brazilian data in Chapter 3, but using Canadian data this time. We also assessed whether findings would be similar between the two studies. We selected variables from the Canadian Census Analyser (Statistics Canada, 2024) in a process similar to the one performed with Brazilian data. Table 3 shows the variables that were used in the first iteration of the model in this chapter. Differently from the second chapter, though, we used two geographical level of analyses: census divisions and dissemination areas. A dissemination area is a small, relatively stable, geographical unit composed of an average of 400 to 700 people whereas the census division is a much more stable geographical unit usually composed of neighbouring municipalities (Dictionary, Census of Population, 2021, 2023). The analyses of two models were ran independent using these two geographical units.
The fifth chapter used a different approach. We utilized variables that aren’t included in the census (e.g., violent crime index) to predict birth rates and teenage parenting rates, the latter is a variable not present in the Canadian Census Analyser, but reported by Statistics Canada in the provincial level. Therefore, we utilized Canadian provinces and territories as the level of analysis and because that yielded a data frame with only 13 cases, we utilized a forward stepwise linear regression analysis. We also included variables that are akin to what is usually included in the LHT-P literature, but slightly better than what is available in the Canadian census analyser. These are cost of living to income ratio and the single-parenting ratio. Similarly to the other studies, we also tested if the percentage of indigenous populations in Canadian provinces and territories were a predictor of birth rates and teenage pregnancies.
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Table 1 
Variables fed into the first model of Chapter 2.
	LHT Concept
	Usual measure in LHT 
	Factor in the model
	Variables present in the Census
	Variable abbreviationa

	Harshness
	SES measures
	Low income and lack of resources
	Lack of recycling or garbage collection
	No recycling service

	
	
	
	Lack of electrical power serviceb 
	No electrical power

	
	
	
	Lack of a fridge or freezer c
	

	
	
	
	Lack of a TV
	

	
	
	
	People with income of 1 minimum wage or less
	1 minimum wage or less

	
	
	
	People with income of 1 – 2 minimum wages
	

	
	
	
	People with income of 2 – 3 minimum wages
	

	
	
	Family/house size (Lack of resources)
	Number of people in the family – 6 people
	Families with 6 people

	
	
	
	Number of people in the family – 7 – 1 0 people
	

	
	
	
	Number of people in the family – 11 people or more
	





Table 1 (Continued)
	
	
	
	Resident density per bedroom - More then 2 up to 3 residents
	2-3 residents / bedroom

	
	
	
	Resident density per bedroom – More than 3 residentsc
	>3 residents / bedroom

	
	
	
	Number of rooms – 2 rooms c
	2 rooms in the house

	
	
	[bookmark: _Hlk166584071]Low Education
	Age group 20 – 24 with 1 year of education or lessc
	

	
	
	
	Age group 20 – 24 with 1 – 3 years of educationc 
	

	
	
	
	Age group 20 – 24 with 4 – 7 years of education
	

	Unpredictability
	Parental transitions
	Youth and married with children (parental transitions + having a young mother)
	Divorcedc
	Separated

	
	
	
	Judicially separatedc
	Divorced

	
	
	
	Age group 10 – 14 living with spouse or partner
	

	
	
	
	Age group 15 – 19 living with spouse or partner
	15-19yo living w. partner

	
	
	
	Women age group 10 – 14 with children
	

	
	
	
	Women age group 15 – 19 with childrenc
	Mothers 15 to 19yo

	
	
	
	Women age group 20 – 24 with children
	Mothers 20 to 24yo

	
	Parental occupation transitions
	Unemployed or precariously employed
	Males 25 – 29 economically active
	

	
	
	
	Males 30 – 34 economically active
	

	
	
	
	Males 25 – 29 not economically active
	

	
	
	
	Males 30 – 34 not economically active
	



Table 1 (Continued)
	
	
	
	Females 25 – 29 economically active
	

	
	
	
	Females 30 – 34 economically active
	

	
	
	
	Females 25 – 29 not economically active
	

	
	
	
	Females 30 – 34 not economically active
	

	
	
	
	Occupation position – Self employed – not contributing for retirement/pension
	

	
	
	
	Occupation position – production for their own consumption
	

	
	
	
	Age group 25 – 29 – working up to 14 hours weekly
	

	
	
	
	Age group 25 – 29 – working 15 – 29 hours weekly
	

	-
	-
	Percentage of childrend
	Age group 0 – 4
	

	
	
	
	Age group 5 – 9
	

	-
	-
	Skin colour 
	Colour or ethnicity – Black
	

	
	
	
	Colour or ethnicity – South Asian
	

	
	
	
	Colour or ethnicity - Indigenous
	

	Reproduction
	Menarche, Number of partners, 
	Early reproduction
	Age group 0 – 4
	Children 0 to 4yo

	
	
	
	Age group 5 – 9
	Children 5 to 9yo

	
	
	
	Women age group 10 – 14 with children
	

	
	
	
	Women age group 15 – 19 with children
	Mothers 15 to 19yo



Table 1 (Continued)
	
	
	
	Women age group 20 – 24 with children
	Mothers 20 to 24yo

	
	
	Youth Married
	Age group 10 – 14 living with spouse or partner
	

	
	
	
	Age group 10 – 14 married but not living together
	

	
	
	
	Age group 15 – 19 living with spouse or partner c
	

	
	
	
	Age group 20 – 24 living with spouse or partner
	

	
	
	
	Age group 20 – 24 married but not living together
	


Note. Harshness and Unpredictability variables collected from Census in 2000 and Reproduction variables collected from 2010. aVariable abbreviation if retained in the final model. bLog transformation and ² Square root transformation applied to the variables. dIncluded in early models but planned to be used to compare model performance.


Table 2
Variables in the Model Using Brazilian Census and Similar Variables Using US American Community Survey. 
	Variables in Brazilian Census
Geographic level: Municipalities
	 Variables found in the American Community Survey (ACS)
Geographic level: Counties
	Classification
Equivalent (E)
Similar (S)
Not found (N)
	ACS code

	Predictors: 2000
	Predictors: 2005-2009
	
	

	(lacking) Existence of services and durable goods - recycling or waste collection
	Lacking complete plumbing facilitiesb; Plumbing Facilities for Occupied Housing Units
	S
	B25048_003E

	(lacking) Existence of services and durable goods - electric lights
	Lacking complete kitchen facilitiesb; Kitchen Facilities for Occupied Housing Units
	S
	B25052_003E

	People with income of 1 minimum wage or less
	Income in the past 12 months below poverty levelc
	S
	B17001_002E

	Separated - judicially separated
	Separatedab: Male; Now married; Married, spouse absent; Separated + 
Female; Now married; Married, spouse absent; Separated
	E
	B12001_007E

B12001_016E

	Divorced
	Divorcedac: Male; Divorced +
 Female; Divorced
	E
	B12001_010E
B12001_019E



Table 2 (Continued)
	Age group - 15 to 19 years of age - Living with a spouse or partner
	Women who did not have a birth in the past 12 months; Now married (including separated and spouse absent); 15 to 19 years oldc
	S
	B13002_013E

	Age group - 15 to 19 years of age - with children
	Women who had a birth in the past 12 months; Now married (including separated and spouse absent); 15 to 19 years old + 
Women who had a birth in the past 12 months; Unmarried (never married, widowed, and divorced); 15 to 19 years oldac
	S
	B13002_004E


B13002_008E

	Age group - 20 to 24 years of age - with children
	Women who had a birth in the past 12 monthsb
	S
	B13002_002E

	Number of family members - 6 people
	
	N
	

	Residents’ density per dormitory - more than 2,0 to 3,0 residents
	Complete plumbing facilities; 1.01 or more occupants per roomc
	S
	B25050_007E

	Residents’ density per dormitory - more than 3,0 residents
	
	N
	

	Number of rooms - 2 rooms
	Median number of rooms
	S
	B25018_001E



Table 2 (Continued)
	Black ethnicity
	Sex by age (Black or African American alone)b
	E
	B01001B_001E

	Indigenous ethnicity
	Sex by age (Hispanic or Latino)b
	N
	B01001I_001E

	Age group - 0 to 4 years of age
	Age group - 0 to 4 years of agea: Male; Under 5 years + 
Female; Under 5 years
	S
	B01001_003E

B01001_027E

	Age group - 5 to 9 years of age
	Age group - 5 to 9 years of agea: Male; 5 to 9 years + 
Female; 5 to 9 years
	S
	B01001_004E

B01001_028E

	Outcomes: 2010
	Outcomes: 2018-2023
	
	

	Age group - 0 to 4 years of age
	Age group - 0 to 4 years of agea: Male; Under 5 years + 
Female; Under 5 years
	S
	B01001_003E

B01001_027E 

	Age group - 5 to 9 years of age
	Age group - 5 to 9 years of agea: Male; 5 to 9 years + 
Female; 5 to 9 years
	S
	B01001_004E

B01001_028E

	Women 15 to 19 years of age with children
	Women who had a birth in the past 12 months; Now married (including separated and spouse absent); 15 to 19 years oldc
	S
	B13002_004E




Table 2 (Continued)
	Women 20 to 24 years of age with children
	Women who had a birth in the past 12 months
	S
	B13002_002E


Note. a: Manually calculated the sum of the variables to come up with a single variable representative of both groups; b: log transformed variables; c: square root transformed variables.


Table 3
Variables fed into the first models of Chapter 3.
	LHT Concept
	Usual measure in LHT 
	Factor loaded in 1st iteration
	Variables
	Final Model

	Harshness
	SES measures
	Income
	Median family income
	DA

	
	
	
	Prevalence children 6 years of age or less living with low income before tax
	CD

	
	
	Lack of resources
	Occupied private dwellings needing minor repairs
	DA

	
	
	
	Occupied private dwellings needing major repairs
	DA

	
	
	
	Tenant occupied households spending more than 30% on rent
	CD; DA

	
	
	
	Employed labour force 15 years of age and over using public transit
	

	
	
	Low schooling
	Population 25 – 64 with no certificate, diploma or degree
	

	Unpredictability
	Parental transitions
	Female lone parent
	Female lone parent
	

	
	
	
	Median of female lone-parent income
	

	
	
	
	Percentage of female lone-parent income coming from other sources (i.e., neither employment nor government transfers)
	

	
	
	Male lone parent
	Male lone parent
	





Table 3 (Continued)
	LHT Concept
	Usual measure in LHT 
	Factor loaded in 1st iteration
	Variables
	Final Model

	
	
	
	Median of male lone-parent income
	

	
	
	
	Percentage of male lone-parent income coming from other sources (i.e., neither employment nor government transfers)
	

	
	
	Separated
	Divorced
	DA

	
	
	
	Widowed
	DA

	
	
	
	Separated, but still legally married
	

	
	Parental occupation transitions
	Precariously labour
	Unemployment rate of population 25 years and over
	CD

	
	
	
	People 15 years and over who worked in different census subdivision
	

	
	
	
	Unemployment rate of population 15 years and over with children at home
	

	
	
	
	People 15 years and over self-employed (unincorporated) without paid help
	

	
	
	
	People 15 years and over who worked part year or part time
	

	
	Geographical transitions
	Migrants and speaking foreign languages
	Movers 1 year ago
	

	
	
	
	Movers 5 years ago
	

	
	
	
	Neither English nor French as first official language spoken
	

	
	
	
	Non-official language spoken in single responses
	

	
	
	
	English and non-official language in multiple responses
	

	
	
	
	French and non-official language in multiple responses
	


Table 3 (Continued)
	LHT Concept
	Usual measure in LHT 
	Factor loaded in 1st iteration
	Variables
	Final Model

	-
	-
	Indigenous
	Total aboriginal ancestry population
	CD

	
	
	Visible minority
	Total visible minority population
	DA

	
	
	
	Non-official language spoken in single responses
	DA

	-
	-
	Young children
	Age group 0 – 4 years of age
	CD; DA

	
	
	
	Age group 5 – 9 years of age
	DA

	Reproduction
	Age of menarche, number of partners, number of children, and interbirth interval
	Frequent reproduction
	Average size of families
	CD; DA

	
	
	
	Average number of children in families with children
	CD; DA

	
	
	
	Families with 4 persons
	CD; DA

	
	
	
	Families with 5 or more persons
	CD; DA

	
	
	Single parenting
	Average family size of one-parent families
	CD

	
	
	Big families
	Private households with 4 persons
	

	
	
	
	Private households with 5 or more persons
	

	
	
	Recent reproduction
	Age group 0 – 4 years of age
	CD


Note. Harshness and Unpredictability variables collected from Census 2006 and Reproduction variables collected from 2021. Final model indicates whether the variable was a relevant and significant in the models using Census division (CD) or Dissemination area (DA) sample.
Figure 1
Decision making process in the PLS-SEM analysis
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 	Life history theory in psychology (LHT-P) posits that a child’s early environment predicts later reproductive behaviour (Belsky et al., 2012; Ellis et al., 2009; Stearns, 1992). Specifically, the theory predicts that the levels of harshness and unpredictability that a child encounters influences the age of sexual maturity, the age of first childbearing, and the frequency of reproduction (Ellis et al., 2009; Webster et al., 2014; Xu et al., 2018). Harsher environments, which have a higher level of death and disease outside of the individual’s control, and more unpredictable environments, which exhibit a higher level of random variation of harshness, usually favor earlier puberty and first childbearing and more frequent reproduction. On the other hand, less harsh and more stable environments usually favor a longer investment in growth, acquiring resources and status at the cost of reproducing later and less often (Belsky et al., 2012; Hartman et al., 2018; Simpson et al., 2012). 
These effects of the early environment are thought to be an adaptive response. In harsh, unpredictable conditions, individuals are less certain of their chances of reproducing later in life and less certain of their children’s chances to reach maturity and reproduce themselves (Kaplan & Gangestad, 2015; Stearns, 1992). This uncertainty favors a strategy of reproducing earlier and more often because i) one may not have the chance to reproduce later; and ii) not all children may reach an age for reproduction. Coming from an evolutionary perspective, this theory – with some modifications – is applicable across different species and should be applicable to virtually all human populations (Buss, 2024; Chang et al., 2019; Del Giudice & Belsky, 2010). This broad applicability of the theory, in addition to the fact that public governmental data often includes measures of environmental harshness and unpredictability, means that such data can have remarkable value in evaluating the application of LHT-P to human behaviour (Copping, 2017). Not only that, but LHT-P has been under serious criticisms. Critics urge LHT-P to include more formal modelling in its approach, which will bring LHT-P closer to its related theory in biology, and to better specify which outcomes are actually measurable by certain early environments (Frankenhuis & Nettle, 2020; Nettle & Frankenhuis, 2020; Sear, 2020). Surprisingly, research leveraging public governmental data to approach LHT-P assumptions has been lacking. Addressing this is the first goal of this chapter.
This chapter had four aims: 1. Assess whether an exploratory structural equation modelling (SEM) approach would have an acceptable performance at using harshness and unpredictability indicators to predict subsequent measures of reproductive behaviour; 2. Assess which indicators would best predict reproduction; 3. Assess whether this analysis using a confirmatory approach and a different data set would yield similar findings with the first study; and 4. Assess whether percentage of visible minorities in the population is a significant predictor of reproduction patterns.
To address the first two aims, we used 50 predictor variables from 5507 Brazilian municipalities and utilized a partial least square structural equation modelling approach (Hair et al., 2021, 2022). All variables were expressed as a percentage or an average of a municipal population, making it a populational approach. The outcome measure was a factor composed of the percentage of young mothers and of young children taken from the same municipalities 10 years later. The analysis found that 12 predictor variables that indicated a lack of resources, a prevalence of young married mothers, and large family size explained 84% of the variance of the outcome measure. This result supported the first two hypothesis of this paper: that the analytical approach and model performance would be acceptable and that indicators of harshness and unpredictability would be significant predictors of reproduction.
To attempt to have findings that were as similar as possible with the first study, we analyzed data from 3,209 US counties using variables that were similar to the significant variables that were identified using Brazil’s data. An initial attempt to analyze the data with covariance-based SEM because the confirmatory factor analysis did not converge to a solution that met usual criteria. Therefore, the US data were analyzed with stepwise multiple regression. As was found with the analysis of the Brazil data, variables indicative of harsh early environments were significant predictors of the percentage of young children in US counties. However, the explanatory power of such variables was considerably lower than the one found in the study with Brazil census data.
Finally, to address the fourth aim, we included the percentage of visible minorities as predictors of reproduction. The percentage of Black people in Brazil and the percentage of Black and of Hispanic people in the US were used. Black people were neither a good predictor nor a mediator of early reproduction in Brazil. Results in the US were different. The percentage of Black and Hispanic people were significant predictors of the percentage of children aged 0-4 years old around 14 years later and the percentage of Black people were significant predictors of the percentage of children aged 5-9 years. 
	These findings support the claim that public governmental data is a useful source to test LHT-P and that some measures of harshness are good predictors of subsequent reproduction. They also support the developmental and longitudinal assumption that early environment predicts future patterns of reproduction. However, the differences between the results obtained with the Brazil and US data suggest that the effects of early environmental harshness depend on cultural and environmental factors.
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Harsh and unpredictable environments early in childhood can cue humans into developing earlier and more frequent reproduction in adulthood. This study tested whether variables measuring harsh and unpredictable circumstances in Brazilian municipalities and in US counties would predict reproductive behaviour 10 to 14 years later. Predictor data were extracted from the Brazilian census and American Community Survey. A secondary analysis assessed whether the percentage of visible minorities (black and indigenous population) would also be a predictor or mediator of reproductive behaviour. Partial least squares structural equation modelling and covariance based structural equation modelling were used in the analysis of Brazil and US data, respectively. Brazilian municipalities with higher rates of lack of resources, with young mothers both married or separated, and with large families with many residents per room had higher rates of teenage and young-adult mothers and of young children. A similar pattern was found in the US, where harshness predicted the percentage of young children. Higher rates of perceived minorities were not a relevant predictor in Brazil, and they were a negative predictor of the percentage of Children in the US. These findings suggest that harsh environments in the first years of life can lead to different patterns of reproduction.
Keywords: Life History Theory, Teen Pregnancy, Harshness, Unpredictability, Reproduction, Perceived Minorities.
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Life history theory in psychology (LHT-P; Frankenhuis & Nettle, 2020; Nettle & Frankenhuis, 2020; Sear, 2020) describes factors that influence the allocation of resources to  reproduction or to body growth and maintenance (Ellis et al., 2009; Stearns, 1992; Xu et al., 2018). LHT-P originated from life history theory in evolutionary biology (LHT-E), which initially was used to account for variation between species (Del Giudice, 2009).  However, the theory also accounts for within-species variation (Albaladejo‐Robles et al., 2023; Malone et al., 2022; Stone et al., 2023), including humans (Dinh et al., 2022; Richardson et al., 2020; Stearns et al., 2008).
Depending on their pattern of investments in reproduction or body growth and maintenance, species or individuals can be classified as lying on a continuum from fast to slow life history strategies (LHS; Copping & Campbell, 2015; Sear, 2020; Stearns & Rodrigues, 2020) Species or individuals on the fast LHS end favour investments in reproduction earlier in life and focus on offspring quantity whereas those on the slow LHS end would prioritize body-growth and maintenance and offspring quality (Ellis et al., 2009). The fast-slow continuum has been criticized on a number of grounds, which we discuss below, but it continues to be a common feature of LHT-P research (e.g., Chang et al., 2019; Wang et al., 2022; Zhu & Chang, 2020).
In LHT-P research, harsh and unpredictable ecologies have been associated with fast LHS (Copping & Campbell, 2015; Griskevicius et al., 2011; Webster et al., 2014). In LHT-P, harshness is defined as the rates of extrinsic morbidity and mortality in the environment whereas unpredictability is defined as stochastic variation of such rates (Ellis et al., 2009). If resources are scarce or unpredictable, or if there are high levels of predation, reproducing fast (i.e., at a young age) and creating numerous offspring may be advantageous because it maximizes the probability of passing on genes and spreading them in the environment. 
In practice, research with humans has used socio-economic measures as a proxy for harsh conditions whereas unpredictability has been typically measured with measures of parental absence or transitions, parental employment change, and geographical moves (Belsky et al., 2012; Ellis et al., 2003; Hartman et al., 2018; Xu et al., 2018). Early reproduction is typically measured as time of menarche (Webster et al., 2014), time of sexual debut, and age at marriage and at giving birth to a firstborn child (Copping & Campbell, 2015; Ellis et al., 2003; Xu et al., 2018). Among the usual unpredictability measures, parental absence the first 5-7 years of life seems to be the best predictor of early reproduction (Ellis et al., 2003; Simpson et al., 2012; Webster et al., 2014; Xu et al., 2018).
Recently, the assumptions and even the findings of LHT-P have been criticized. These criticisms include questioning the existence of a single fast-slow LHS continuum in humans (Nettle & Frankenhuis, 2020) and its utility in explaining variation in adopted traits (Stearns & Rodrigues, 2020). This continuum has been mainly abandoned in LHT-E (Nettle & Frankenhuis, 2020) where researchers have been using formal mathematical models to make predictions that are typically focused on a limited number of traits (Frankenhuis & Nettle, 2020; Nettle & Frankenhuis, 2020). In LHT-P, a few studies have failed to find the expected results derived from the theory (e.g., Nolin & Ziker, 2016; Richardson et al., 2020; Wells et al., 2019). 
Other critics hypothesize that mortality, morbidity and resource scarcity may no longer be present in modernized environment as much as they would be present in the environment of evolutionary adaptedness (Volk, 2023). As a result, this milder degree? of harshness and/or unpredictability would be insufficient to promote faster LHS development in humans (Nolin & Ziker, 2016; Volk, 2023). This problem likely is even greater in developed countries, where most of LHT-P studies have been conducted (Sear, 2020; Volk, 2023; Webster et al., 2014; Xu et al., 2018).
A longitudinal design would be ideal to test hypothesis between environmental conditions and a life trajectory of prioritizing investments in either reproduction or growth and maintenance, particularly considering the developmental aspect of a critical time of exposure (0-7 years of age) to the environmental predictors and the later appearance of the outcomes. When considering the measures that are typically used (e.g., socioeconomic status, family structure and marital relationships), census and other governmental surveys would make a valuable data source for this field (Copping, 2017). Most countries conduct censuses or other surveys periodically and measure variables similar to the variables of interest in this field. Moreover, utilizing such data sources would allow for cross-country comparisons including non-western and developing populations, which is more representative of the majority of human population (Henrich et al., 2010). However, the use of census data to test LHT-P hypothesis has not been well explored. To the best of our knowledge, LHT-P research utilizing the census or surveys of entire populations has only been done in England and Wales (Copping, 2017; Copping & Campbell, 2015). Most studies predicting human life history strategies are derived from surveys with convenience samples (Sear, 2020), with either adults (e.g., Wang et al., 2022) or adolescent participants (e.g., Lordelo et al., 2011), and with many longitudinal studies relying on just two samples: the Minnesota study of risk and adaptation, and the Study of Early Childcare and Youth Development (Young et al., 2020). 
There are four aims in the studies in this chapter. The first is to determine if an exploratory analytical method using both LHT-P as a theoretical frame of work and using governmental surveys could be useful in predicting reproductive patterns in an entire country’s population. To do this we will investigate whether variables extracted from the Brazilian Census that are akin to the constructs of harshness and unpredictability usually present in LHT-P literature can predict earlier reproduction 10 years later. Following LHT-P literature, we hypothesize that socio-economic stressors — typically indicative of harshness — and that family configuration stressors – typically indicative of parental absence – will be the best predictors of earlier reproduction. 
This manuscript will be using demographic variables descriptive of people residing in a given municipality, but make interpretations based on an evolutionary psychology theory, a field in which research is usually conducted with participant data. This approach will limit the validity and breadth of inferences we can make from the studies in the manuscript. On the other hand, testing this theory using a country’s population as the “sample size” is important considering how valuable cross-cultural or universal traits findings are for evolutionary psychology (Buss, 2024).
The second aim of this manuscript is to identify the best predictors of earlier reproduction. Among all potential indicators of harshness and unpredictability present in the Brazilian census, which ones are the most significant and relevant predictors to our outcome variables? We have no specific hypothesis about which variables will be selected, but we aim to discuss potential explanations for variables that are, or are not, significant and relevant predictors.
The third aim of this manuscript is to test if the findings in a different country’s population (the US) and using a different data source (the American Community Survey; ACS) would be similar to the findings observed with Brazilian census. We will use a more confirmatory analytical approach in this analysis. Considering the evolutionary background of LHT-P, we hypothesize that, in general, the results using US data will be in the same direction as they were with Brazilian data, although we expect to find some differences due to socioeconomic and or cultural differences between the two countries.
The last aim of the study is to assess whether a higher percentage of visible minorities groups in a given geography in both countries is predictive of earlier reproduction. Since both countries have a long history of  Black and indigenous communities facing discrimination in education, employment, health access, justice system and many other settings (Aliverti et al., 2023; Bleich et al., 2019; Couto & Brenck, 2024; Serchen et al., 2022; Silva et al., 2024), and the US observes a somewhat more recent history of racism against and discrimination against Hispanic or Latinos (Canizales & Vallejo, 2021), a secondary question is whether these ethnicities will be either predictors of earlier reproduction or mediating variables in our primary prediction. We hypothesize that geographies with higher percentages of visible minorities ethnicities will be associated with higher percentages of reproduction indicators.
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We accessed publicly available Census data from 5507 municipalities from the 2000 census and 5565 municipalities from the 2010 census from Instituto Brasileiro de Geogragia e Estatística (IBGE; Brazilian Institute of Geography and Statistics). Brazilian municipalities differ a lot in population size (M = 30,849, SD = 186,746), with the biggest city, São Paulo (SP), having more than 10 million habitants in 2000, and the smallest, Borá (SP), counting only 795 habitants.
We selected a subset of variables that are publicly available online in the Amostra - Tabulação Avançada (“Sample - Advanced Tabulation” in free translation) at SIDRA (Sistema IBGE de Recuperação Automática - SIDRA, 2024). This subset was selected based on the variables available in the Census that best map onto the variables frequently measured in studies in LHT-P (i.e., socioeconomic status and parental change and earlier or frequent reproduction). Variables that did not resemble these frequent measures in LHT-P literature were ignored (e.g., living in a rented or owned dwelling with or without mortgage). One clear case in which it was not possible to include a frequent measure in LHT-P literature was the measure of menarche, a common measure to indicate different LHS that is not present in Census data. 
We then merged 40 variables from the 2000 census with 10 outcome variables from the 2010 census and used them in an initial model. These variables from the 2000 census were initially grouped into the following predictors: Low income and lack of resources, Family/house size, Low Education, Youth and married with children, Unemployed or precariously employed, Children aged 0 to 9 years old, and Black skin colour. The 10 variables from the 2010 census were grouped into the following outcomes: Early reproduction and Youth married. Table 1 includes the variables that were used in the two models in the first study. SM_Table 1 in supplementary materials include the initial 40 variables extracted from the 2000 census. Both tables describe the factor variables the census variables were assigned into; and the analogous variables typically used in LHT-P research they are intended to represent. Refer to SM_Variables for compilation of the raw data collected and how they were initially categorized.
We also used usual statistical treatments related to missing data, outliers and data transformation. A cut-off criterion for missing values of 5% was established: any variable with 5% or more of missing values would be removed from the model. Four of the outcome variables were removed for this reason (Women age group 10 – 14 with children; Age group 10 – 14 living with spouse or partner; Age group 10 – 14 married but not living together; and Age group 20 – 24 married but not living together). None of the predictors were above the cut-off criterion. We also removed municipalities which had any variables more than 3 z-scores from the mean value. These criteria were used to reduce the likelihood that missing data or outliers would affect our analyses.
Lastly, the square root and log transformations were applied to all variables. For each measure, we then selected the values (i.e., original, square root transformed, or log-transformed) whose distribution was closest to normality based on visual inspection of histograms and boxplots. Log transformation of two Unemployed or precariously employed variables transformed cases to infinity, which were then replaced by NA and ended up being above the 5% cut-off criterion. Unemployed or precariously employed variables were tested but not included in the model (see more details in the result section). After merging and z-score removal, 4135 municipalities remained to be used in analysis.
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Structural equation modeling (SEM) combines factor analysis and path analysis (i.e., a series of multiple regression analysis) to examine relationships between observed and latent variables (Hair et al., 2022; Kline, 2016). It has the advantage of describing complex relationships between several variables in a single model. It has been utilized in social sciences, business, and psychology to evaluate hypothesized causal relationships and make predictions of an outcome variable that is usually a construct that cannot be directly measured (Hair et al., 2022; Kline, 2016; Maruyama, 1997). 
Covariance-based structural equation modeling (CB-SEM) is the most widely used version of SEM, and it is primarily used in confirmatory analyses (Hair et al., 2022; Kline, 2016). Partial Least squares structural equation modeling (PLS-SEM) is used primarily in exploratory analyses that are not based on goodness-of-fit measures (Hair et al., 2022). Whereas CB-SEM relies on fit indices that are based on comparisons of the covariance matrix implied in the model with the observed covariance matrix (Kline, 2016), PLS-SEM relies on several statistics for the evaluation of its measurement (factor analysis) and its structural (path analysis) model (Hair et al., 2022). 
PLS-SEM is a nonparametric analysis, and it is more robust than CB-SEM with formative latent variables (i.e., where items are understood to be forming the latent variable instead of the latent variable being the assumed common cause for the items), which is true for all of our predictors. It also allows single-item measures to be included in the structural model. PLS-SEM performs similarly to CB-SEM in a wide range of cases, especially with larger sample sizes or for simple mediation models (Hair et al., 2022; Willaby et al., 2015). All of the above factors suggest that PLS-SEM, as opposed to CB-SEM, is a better analytical approach for this study. 
However, we acknowledge that PLS-SEM has been criticized as being merely a weighting system in its measurement model; because (unlike CB-SEM) it lacks a theoretical bases to integrate measurement and structural models; therefore, it does not allow for overidentification tests. PLS-SEM also has been criticized for using significance tests that are more suitable for normally distributed data when it is mostly used with non-normal distribution data. (Rönkkö et al., 2015). We are mindful of these limitations and of the exploratory nature of this analysis when interpreting our findings. All analyses were conducted in R using the seminr package (Ray et al., 2018).
Considering the large sample size, it would be very likely that we would find significant p-values in nearly all the evaluation statistics. In addition, considering that the census is the description of virtually the whole population in a given country, p-values are not very informative. Regardless of statistical significance, the associations found with this data will be the description of an association found in a country’s population. Due to that and to the criticisms of PLS-SEM analysis, we stablished significance of ≤ .01 for our analysis but also examined whether confidence intervals included zero – which results in a null path or loading null – and on thresholds recommended by Hair et al. (2021) for accepting the measurement and structural models. We used the following thresholds to characterize explanatory power:  Adj. R² < .2 = negligible; From .2 - .5 = weak; From .5 - .7 = moderate; Above >.7 = Strong (Nau, 2020). The threshold for paths to be included in the model were β > |0.1| because low β are at risk of the CI crossing 0, rendering the path null. 
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	Predictors were set as formative latent variables (i.e., a group of items that sufficiently describe them) whereas outcomes were set as reflective latent variables (i.e., when the group of items are understood to be caused by them). We argue that it is not the case that a latent variable such as low income or big family size are constructs that are causing the variables measured, but we argue that different LHS are the common cause for our outcome latent variables, therefore making them reflective latent variables.
To reach the final selected model, we started with the assessment of measurement model. Collinearity, weights, and loadings of formative latent variables were used for assessment of its significance and importance, and loadings, reliability, internal consistency, and discriminant validity were used for reflective factors. The recommended convergent validity analysis for formative factors was not possible with our data, an issue that has been known to occur in research using secondary data (Hair et al., 2019). After deriving the set of latent variables, the collinearity, relevance and significance of paths was assessed. The factors that passed these assessments and had explanatory power greater than 0.2 were retained. The final model was bootstrapped (nboot = 10,000) and findings are summarized in the result section. The raw and wrangled data, all materials and model outputs used in this study are openly available on OSF at https://osf.io/akqxn/?view_only=65fb56165b9b48e18d170213493b934d. See SM03 R files and SM04 model iterations output for the full analytical report and results.
Two model comparisons were planned. One tested whether the ethnicity latent variable would be a significant and relevant predictor or mediator. The other was a test of the selected model; however, the model was tested with the top and bottom quartiles of the sample based on the percentage of children 0-4 years old and 5-9 years old. We hypothesized that ethnicity would be a significant mediator and that paths and explanatory power of the top quartiles would be higher than the bottom quartiles. See SM04 model iterations output for the full analytical report and results of the different models tested. The studies in this manuscript were not preregistered.
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The selected model used three variables (i.e., Youth and married with children, Family/house size, Low income and lack of resources) to predict the outcome variable Early reproduction (Fig. 1). The paths from two predictors, Unemployed or precariously employed and Low Education, were negligible (β < 0.1) and the explanatory power of Youth Married was also negligible (Adj. R² < .01), so these three variables were dropped from the model. The path from Low Education to Early reproduction was low (β = 0.06) but remained significant (p < .001) whereas the path from Unemployed or precariously employed to Early reproduction was not (p > .05). Maintaining these two variables in the model to predict Early reproduction did not significantly increase the explanatory power (increase in Adj. R² < .01). They were, therefore, dropped from the model in accordance with the analytical plan. For a comparison of the models including and excluding these variables, see Analyses3 and Analyses4 HTML files in sm04_model_iterations_output and their associated output CSV files in the supplementary materials.
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Early reproduction was defined as a reflective latent variable. In this step, we are assessing which variables load into a factor to determine what that factor represents. Alternatively, a variable can be assigned as a single-item factor if it is an important measure for the research question but does not load onto any factor. Guidelines for assessing reflective latent variables in the measurement model (Hair et al., 2019, 2021) include the loadings (λ >.7), indicators reliability (loading² > .05), internal consistency (α, ρC, ρA > .7), reliability (Average variance extracted; AVE > .5), discriminant validity (Heterotrait-Monotrait Ratio; HTMT < .9 and Fornell-Larcker criterion, in which the constructs correlations should be lower than the square root of the AVE). The loadings obtained were Children 0 to 4yo = .96, Children 5 to 9yo = .94, Mothers 15 to 19yo = .86, Mothers 20 to 24yo = .93. Indicator reliability obtained were Children 0 to 4yo = .92, Children 5 to 9yo = .88, Mothers 15 to 19yo = .74, Mothers 20 to 24yo = .86. Internal consistency (α = .94, ρC = .96, ρA = .95) and reliability (AVE = .85) were also above the threshold. HTMT did not pass the recommended threshold (For Family/house size HTMT was = .93, for Low income and lack of resources it was = .90 and for Youth and married with children it was = .96), but Fornell-Larcker criterion did (√AVE = .92 and correlations with Family/house size = .83, Low income and lack of resources = .89 and Youth and married with children = .81). Implications of the HTMT and Fornell-Larcker different reports about variable’s discriminant validity are discussed in the discussion section.
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Youth and married with children, Family/house size and Low income and lack of resources were defined as formative latent variables. The assessment included collinearity (Variance inflation factor; VIF < .5), weights and loadings for significance and relevance of indicators. Table 2 reports these indices. All indicators were significant (p < .01), and confidence interval did not cross 0.
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The structural model was also assessed for collinearity (VIF < .5), paths significance and relevance, explanatory power (Adj. R² ≥ .25), and effect size (f² ≥ .02). The results are summarized in Table 3. Variables in the model met all three criteria, meaning they were considered to be not colinear, significant (p < .01) and relevant predictors of Early reproduction. Paths confidence intervals did not cross 0. 
Predictive power was assessed with k-fold cross-validation model (k = 10) with RMSE out-of-sample between the PLS-SEM model and a naive linear regression model ignoring the latent variables. The performance was similar, but the naive linear regression model performed better than the PLS-SEM (Children 0 to 4yo = 0.638, Children 5 to 9yo = 0.532, Mothers 15 to 19yo = 0.659, Mothers 20 to 24yo = 1.126, and Children 0 to 4yo = 0.666, Children 5 to 9yo = 0.559, Mothers 15 to 19yo = 0.669, Mothers 20 to 24yo = 1.160, respectively). MAE out-of-sample statistics were similar, with linear model performing slightly better than the PLS-SEM model.
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To test whether ethnicity was a predictive factor of early reproduction we collected data of the percentage of Black, Indigenous and South Asian people in municipalities. The percentage of Indigenous and South Asian people was mostly absolute zeros in almost half of the municipalities (> 2,000 cases) and these measures were removed. Percentage of Black people was then included as a single-item both as a predictor and as a mediator in our most restricted model between Youth and married with children and Family/house and Early reproduction. Based on our cut-off criteria, Black ethnicity was neither a relevant predictor (𝛽 < .01), nor a mediator (i.e., direct paths being greater than the multiplication of mediated paths) of Early reproduction. The path from Youth and married with children to Early reproduction was 𝛽 =.47, whereas the mediated path was 𝛽 = - .09 to Black ethnicity and 𝛽 < .01 to Early reproduction, which results in a mediated path lower than - .001. The Family/house size path to Early reproduction was 𝛽 =.51, whereas the mediated path was 𝛽 = - .44 to Black ethnicity and 𝛽 < .01 to Early reproduction, which results in a mediated path lower than - .001. The path from Black ethnicity to Early reproduction was also non-significant.
The second planned comparison was to divide the sample between the lowest and highest quartiles of percentage of children aged 0-4 and of children aged 5-9 and compare how the model would predict the outcome measures in each of these subsamples. There were minor issues with some indices in some of the subsamples (i.e., Mothers 15 to 19yo loading: λ < .7 in the lowest quartiles and Low income and lack of resources and HTMT crossing 1 in the highest quartile of percentage of children aged 5-9). An optimal model (i.e., passing all criteria) was not sought for these comparisons because we intended to maximize the similarity between these and the first model. Paths, effect sizes and predictive values were similar between the different subsamples, but the R² was different between the quartiles with highest percentage of children aged 0-4 and 5-9 (Adj. R² = .64 and .69, respectively) and the quartiles with the lowest percentage of children in this age period (Adj. R² = .53 and .59, respectively).
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The first aim of this study was to test if an exploratory analytical approach using LHT-P as the theoretical approach to data selection and interpretation and using the census could successfully predict reproductive patterns in an entire country’s population. To do this we tested whether census measures associated with familial socio-economic stressors, young marriage, and living in a poorly resourced area could predict early reproduction as reported in the census 10 years later. The explanatory power for Early reproduction was remarkable (Adj. R² = .84). The model was useful in discriminating between factors that were significant and relevant predictors and factors that were not. The model was also able to discriminate between outcome factors that had acceptable explanatory power and effect sizes from those that did not. We found that the factors Low income and lack of resources, Youth and married with children and Family/house size were predictive of Early reproduction, whereas other factors (e.g., Low education) were not. In addition, some outcomes (e.g., Youth married) were not predicted by any factor. Thus, this approach to study LHT-P has been supported and further research could test these findings further by using a similar analysis (e.g., PLS-SEM, exploratory factor analysis) with different data sets or by using a more confirmatory approach.
The second aim was to identify which indicators of harshness and unpredictability in the 2000 census would best predict measures of earlier reproduction in the 2010 census. Both the percentage of children aged 0 to 9 years in a Brazilian municipality, and the percentage of women 15-24 years old with children, were predicted by the percentage of 1) families with low resources (i.e., no electrical power or garbage collection service, and living with 1 minimum wage or less); 2) women 15-24 years old with children, teenagers with a spouse, and people divorced or separated; and 3) large families with more than 1 person per bedroom. Considering that linear models performed better than PLS-SEM in the predictive power step, it is worth noting that these variables these were the most successful predictors of earlier reproduction in Brazilian municipalities regardless of they being properly grouped into factors.
Notably, these effects were measured across a 10-year gap with predictors measured in 2000 and outcomes measured in 2010. This time delay allowed us to test the hypothesis that this relationship is a developmental phenomenon (Ellis et al., 2003; Simpson et al., 2012; Szepsenwol et al., 2019). Based on LHT-P, our hypothesis was that children experiencing harsh and unpredictable conditions in the first years of life are likely to develop a “faster” LHS, experience puberty earlier, and start reproducing earlier. Our findings in addition with findings from previous research support the assumption that there is a critical period of development (0 - 7 years old) in which exposure to harsher and unpredictable environments is likely to cue individuals into reproducing more frequently or earlier. Other findings in the literature also support this assumption by showing that sudden or current change in harsh life conditions does not impact reproductive behaviour (Richardson et al., 2020) or is associated with reproductive decline (Nolin & Ziker, 2016).
To further support the hypothesis that the correlation is a developmental phenomenon and not due to some spatial association or some statistical artifact, we repeated the analyses using the quartiles with highest and lowest percentage of children aged 0-4 and the quartiles with highest and lowest percentage of children 5-9. The paths from predictors to outcome remained similar across the 4 subsamples (ranging from .35 to .48) and comparable to the main model, indicating a stability in the association between these variables. Crucially, the municipalities with the most children had greater explanatory power than those with fewer children, consistent with the idea that this is a developmental phenomenon. 
Because we are using census data, our analyses used municipal populations, not just samples of the populations. Therefore, conclusions can and should be drawn regarding non-predictive variables, especially when there is strong prediction that these variables will be associated with Early reproduction. Two variables were worth noting: Unemployed or precariously employed and Low Education. Unemployed or precariously employed was not a relevant nor significant predictor of Early reproduction. The variables composing the factor indexed youth who were not economically active, and those who were precariously employed or not employed full time, so we intended it to be a factor indicative of parental employment change, which is in the LHT-P literature as a common measure of unpredictability (Belsky et al., 2012; Ellis et al., 2003; Hartman et al., 2018). In the third iteration of the model, the confidence interval of the variable’s weights (i.e., indicator of variable significance) included 0, suggesting that they may not be statistically significant to describe the factor, according with our analytical plan. In addition, the paths from Unemployed or precariously employed to both Married and Early reproduction were below 0.1, suggesting that it was not a relevant predictor for either outcome variable. This result is surprising given that Brazil faces a social security problem of informality in work (i.e., workers not legally registered with the employer and often not eligible to pensions or social security benefits). Depending on classification criteria, between 45 and 55% of Brazilian employees were working informally in 2004 and informality was negatively associated with age (Henley et al., 2009). The fact that a higher percentage of young males and females not economically active or precariously employed was not a relevant predictor of teenage or young adults with children is contrary to some previous reports (Belsky et al., 2012; Simpson et al., 2012), but consistent with results reported by Hartman and colleagues (2018). 
Low Education, which could be an indicator of lack of access to resources, was a significant predictor, but not a relevant predictor of Early reproduction. In Brazil, education attainment has also been negatively and significantly associated with informal employment in the 90s and 2000s (Henley et al., 2009). Using England and Wales census data, Copping and colleagues (Copping et al., 2013; Copping & Campbell, 2015) found an association between education and family instability and LHS. In addition, women’s access to education has been associated with global fertility decline (Roser, 2014). One possible explanation for why Unemployed or precariously employed and Low Education were not relevant or significant predictors of Early reproduction may be the presence of other variables that better explain the phenomenon (e.g., Low income and lack of resources). Lower education attainment and employment precariousness are expected to be associated with lower pay and reduced access to resources. The absence of such variables in previous research may explain the difference between them being significant predictors of LHS.
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This research has been conducted using Brazilian municipalities data. Therefore, any conclusion or inference about individuals should be done with careful consideration. Two other reasons for careful consideration are the lack of manipulation and random assignment of participants (characteristics of experimental research), which then increase the chances of confounding variables. Many variables that are not available in the census (e.g., mortality, disease, use of contraceptive or family planning) could be equal or better predictors of our outcome variables and can be covarying with any of our predictors.
Some parameters in the model required theory-informed interpretation. One of our discriminant validity measures (HTMT) was not attained for the three predictors. Nevertheless, we decided to retain it because the other measure (Fornell-Lacker) passed the criteria and because the issue with a high HTMT is the risk of it being above 1 in the population (Hair et al., 2022). Bootstrapped measures did not reach 1, therefore, it is very unlikely that the HTMT is 1 in the population, which suggests that the variables attained discriminant validity.
Secondly, Low income and lack of resources was substantially collinear with Early reproduction (VIF = 5.14), which would favor removing the variable. There is an association between harshness, typically measured as socio-economic status (Chang et al., 2019; Doom et al., 2016) and faster life history strategy (Ellis et al., 2009) and subject matter knowledge should be applied to model selection (Harrell, 2015), especially in exploratory research. We argue that the variables here are conceptually different. For example, not having electrical power nor garbage collection services and having a low-income are conceptually different from being a young mother or living in a large family (the other predictors), and also differ from our Early reproduction measures. Therefore, we decided to retain the variable in the model. The explanatory power between the model including Low income and lack of resources and the model excluding it were similar (R² = .84 and .80, respectively). 
It also helps in the interpretation that the observed collinearity – or a high degree of association – did not occur between our measures of Youth and married with children variable and the measures in Early reproduction, which are conceptually similar to each other and the path between them was not closest to 1. A Pearson correlation analysis also did not show very high correlation (i.e., r > 0.85) between women 15 - 24 years old with children in 2000 with the same variable in 2010 (r = .58, p < .001). The percentage of women 15 – 19 years old in 2010, for example, were more highly correlated with predictors No recycling service, the percentage of children 0 – 4 years old, and the percentage of children 5 – 9 years old (r > .68, p < .001), but the latter two were not included in the model. If the data was only observing a geographical correlation across time, one would expect collinearity and a very high correlation among variables that are conceptually the same variable but that were measured in two time points. This also suggests that we are not observing a mere geographical correlation. It is likely that certain municipalities with a higher percentage of children aged 5-9 years old living in harsh conditions and with larger families then see these children to grow up and become young parents. Future research may repeat this study with census data in different years or make some changes in the variables composing the factors to assess whether this collinearity persists.
This study relies on the assumption that most children from one municipality will grow up and remain in the same municipality 10 years later. If this were not true, we would be just measuring geographical correlations or some statistical artifact. The census in 2010 reports that 62.8% of Brazilians were born in the municipality they live in (Sistema IBGE de Recuperação Automática - SIDRA, 2024) and the National Household Sample Survey indicated that in 2011 59.9% of Brazilians lived in the municipality they were born in (Goularti, 2016). The age range of most mobility is between 25 and 29 years. In comparison to the most mobile age range, the population between 15 and 19 years old was 74% as likely to move in the 2000 census and 69% as likely to move in the 2010 census (Nascimento et al., 2016). In addition, if the national average is around 60% of the population, it is reasonable to assume that this percentage will be negatively associated with age until the age range of most mobility. In other words, for people younger than 25 years of age, the younger the person the more likely it is that she is in the municipality where she was born. This association between age and mobility will not be true only if one is expecting a considerable migration back to the municipality of birth at a later age. We can then expect that among people 24 and younger, which is the population relevant to our outcome variable, 59.9% or more will be residing in the municipality they were born in. 
It is worth noting that the factor Youth and married with children was not a relevant predictor of Youth Married, an outcome factor dropped in the model. These two factors are composed of the same variables, only with the 10-year gap. This observation goes in line with the finding that Youth and married with children was not collinear with Early reproduction. All this supports the hypothesis that our results reveal a developmental phenomenon.
For the comparison of ethnicity, we removed the variable Low income and lack of resources and tested whether Black ethnicity would be a relevant predictor or mediator of Early reproduction. As stated above, we expected nearly all variables to be significant because of the large sample size, even when adopting a criterion of p < .01, and therefore we used β > .1 as a threshold for considering a variable relevant. Surprisingly, even though Brazil has both historical and institutional anti-Black racism (Couto & Brenck, 2024; Pimentel, 2022), the percentage of Black people was not a relevant predictor nor a mediator of Early reproduction, which was contrary to our fourth hypothesis. We believe that this result may be due to the low percentage of people in Brazilian municipalities identifying as Black (mean = 5.8), which reduces its usefulness as a measure of variation of across municipalities. In fact, most Brazilians self-identify as “Pardos” (roughly translated to Brown). Adding “Pardos” and Blacks as a variable or racial visible minority could have increased the percentage of the population under this criterion but could also reduce variability across municipalities and introduce noise, so we decided not to add them in this study. Future studies could explore this further by using the percentage of specific ethnicities as a predictor variable.
Assessing the predictive value of the model is a recommended step of PLS-SEM (Hair et al., 2019, 2022). In this step, the prediction of each of the directly observed variables (i.e., the four variables indicating Early reproduction) of our PLS-SEM model is compared to a naive linear regression model (which does not group variables into factors). The linear regression model performed better than the PLS-SEM model in every model we have tested. We believe this is because the factors included in our analyses were derived from measures that are not sufficiently correlated to capture our hypothesized constructs. The variables measuring any of our factors were not originally intended to measure Early reproduction, Low income and lack of resources, Family/house size, nor Youth and married with children. In this study, they were grouped into factors because of a hypothesized association derived from LHT-P literature, and statistically, derived from the PLS-SEM Measurement model measures, to justify such groupings. In this case, they are illustrative of the common harshness of unpredictability conditions that can predict a faster life history strategy (Ellis et al., 2009). Should a linear model be a better predictor of such process, it is of little harm to our hypotheses.
In addition, the predictive value assessment is meant to be indicative of the capacity of the model to predict out-of-sample outcomes (Hair et al., 2022; Shmueli et al., 2016). However, because this study is using census data, there is no alternative sample where this model can be replicated. We are not estimating what would be the association between predictors and outcomes in a population, we are describing what they are. This is another reason why we did not rely much on statistical significance when choosing the optimal model. Moreover, previous research has not reported predictive value of PLS-SEM models (Kazár, 2014) or has tested the predictive value of PLS-SEM models with different approaches (Shmueli et al., 2016; see Riou et al., 2016 for an example). 
Municipalities likely have higher correlations between variables when those municipalities are nearer geographically. It is possible that the predictive value has been affected by this spatial relationship. In addition, characteristics specific to a region, community, or the differences between urban and rural communities could confound the interaction between the variables studied, increasing error in the model prediction. Future studies using spatial cross-validation (Pohjankukka et al., 2017) or stratified cross validation (Diamantidis et al., 2000) approaches could address this issue.
A final limitation of this study is its exploratory nature (Szollosi & Donkin, 2021). We used LHT-P to inform variables selection and, to the extent possible, the time frame of a phenomenon. However, after this initial selection that was theory based, decisions about maintaining or removing variables in the model were mainly made for statistical reasons. Therefore, this study is descriptive, and not ideal for hypothesis testing. Future studies could attempt to use more confirmatory approaches, CB-SEM for example. When supported by theoretical background, CB-SEM allow for hypothesized causal inferences (Kline, 2016; Maruyama, 1997). Indeed, there has been a claim for more formal and more refined models in LHT in psychology (Nettle & Frankenhuis, 2020; Stearns & Rodrigues, 2020). Study 2 in this manuscript attempted to use CB-SEM with a different data set (ACS). Future studies could test whether this pattern is representative of a more longitudinal/developmental phenomenon or mere geographical correlation by using same year (i.e., predictors and outcomes extracted in the same census year) or reverse (i.e., predictors extracted in the most recent census and outcomes extracted in the past) models. These comparisons, however, are not in the scope of this manuscript.
In sum, this study tested whether growing up in an unpredictable and harsh environment predicts the development of a “faster” LHS using data from the census of a developing country. A model utilizing variables measuring lack of resources, larger families, parental transition and young parents substantially predicted a variable measuring early reproduction in both the overall sample and in the geographic areas with the highest percentages of children.
[bookmark: _Toc209610153]Frequent Reproduction in the United States
	In this study we used a confirmatory method of analysis to determine if the variables that were significant predictors of reproduction patterns in Brazilian municipalities would be significant predictors of reproductive indicators in a new data set. We chose a different country for this test (US) and a different year range. We hypothesized that most of the variables would be significant predictors of reproduction.
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[bookmark: _Toc209610155]Data selection and transformation
We utilized the variables that were relevant and significant predictors or outcomes in the Brazil data (Fig. 1) to select potential variables for this study. Publicly available data was collected from the American Community Survey: 5-Year Estimates aggregate tables (U.S. Census Bureau., 2020) using the Census Bureau of Statistics API. Predictors were extracted from the ACS 5-year aggregate table in 2009 (i.e., aggregate estimates from 2005-2009) and outcomes in 2023 (i.e., aggregate estimates from 2019-2023). Thus, there was a time difference of around 14 years between predictors and outcomes. The ACS produces its estimates by collecting data from approximately 3.5 million addresses in the US and Puerto Rico every year. These data are reported as estimates of geographies with at least 65,000 people (e.g., census tracts or counties). The five-year aggregate combines data from five consecutive years to produce estimates of geographies with fewer than 65,000 people (U.S. Census Bureau., 2020). 
We decided to use US counties as the geographic level of data collection. Counties or equivalents are the primary divisions of American states and they usually include multiple cities or towns (U.S. Census Bureau, 2022). We chose to use counties instead of smaller geographies to reduce the likelihood of a high percentage of the population moving during the 14-year the time span in which data was collected.
Data from ACS 2009 included 3,221 counties and data from ACS 2023 included 3,222 counties of US mainland, Alaska, Hawaii and Puerto Rico. Table 4 reports the 25 variables that were collected for this study and how they compare to the variables that were used in the model in study 1. As was done with the Brazil census data, variables were square-root and log transformed, and the boxplots of these variables were used to choose the transformation (or non-transformed variable) that most closely resembled a normal distribution. Outliers (z-score > |3|) and missing values (NA ≥ 5%) were also removed as they were in the previous study.
Merging the data from 2009 and 2023 resulted in 3,209 counties. The reduction from 3221 counties in 2009 is due primarily to the division or redefinition of a county, which produced a different code for the new geographical division. Outlier removal reduced the data merged data set to 2763 counties, which represents a reduction of around 15%. No variable had a NA count higher than 5%, therefore no variables were removed due to this process. Therefore, the final data set consisted of 19 predictor and 6 outcome variables and 2763 counties. All scripts and a full report of data curation and transformation is available in supplementary materials.
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Covariance-based structural equation modelling (CB-SEM) analysis was planned for this data. CB-SEM is an alternative to PLS-SEM that encompass a more confirmatory approach (Hair et al., 2022; Kline, 2016). The measurement model is tested in confirmatory factor analysis and in a subsequent step structural model is tested with the paths between factors. In both steps of CB-SEM, fit indices measure how well the covariance matrix generated from the data match the covariance matrix hypothesized from the model (CFI and TLI > .9 and SRMR and RMSEA < 0.1). Models that exhibit good fit are accepted as properly describing the data (Kline, 2016).
We attempted different methods of loading the variables into factors in the confirmatory factor analysis steps. These steps included different combinations of variables provided there was theoretical support in LHT-P and using ACS variables that ACS reports separated by sex both as separate variables loading into a factor or the as combined across sexes. However, the CFA indicated that these variables were not converging into factors. Often, one variable would load highly (e.g., λ > 1) and the others would load lowly (e.g., λ < 0.3). See supplementary materials for a full report of these steps. This result was not surprising considering that CB-SEM does not allow a factor to be composed of less than 3 variables and to deal with formative factors (Hair et al., 2021, 2022). When removing the factors in the measurement model, CB-SEM is only a series of multivariate linear regressions. Particularly when there is no mediation or other interaction between outcome variables. Therefore, the analytical approach of US data was switched to multivariate linear regressions.
Different multivariate linear regression models utilized the outcome and predictor variables described in Table 2. Given the non-normal characteristic of the data and the arguably large sample size, we utilized Heteroskedasticity-consistent degrees of freedom correction (HC1) to inflate residuals and make the analysis more reliable (Long & Ervin, 2000; MacKinnon & White, 1985). The robust standard error correction used in the regression analyses[?] was an addition intended to deal with heteroskedasticity which. This was a concern because our data expressed population units that differed in size and because data was always expressed as a rate or percentage and the population units differed in size. It is expected that variables or areas with percentages near the middle (50%) will vary more than those near the pole’s extremes (i.e., 0 or 100%), and it is also expected that larger areas (e.g., big cities) will be more homogenous than smaller areas. Both of these factors would result in unequal error variance.
We assessed collinearity with Variance Inflation Factor (VIF > 3), but no predictor was removed because none was above this criterion. Non-significant variables were removed from the model until only significant variables were left, a process similar to stepwise linear regression analysis (Harrell, 2015). Tables 4 – 7 report the models for each outcome variable and Table 8 reports the explanatory power of these four models. The models predicted a substantial proportion of variance of Age Group - 0 to 4 Years of Age (R² = 0.49, F(11, 2733) = 240.91, p < .001, Adj. R²  = 0.49) and of Age Group - 5 to 9 Years of Age (R² = 0.39, F(6, 2738) = 291.82, p < .001, Adj. R² = 0.39) and a weak or negligible proportion of variance of Women 15 to 19 Years of Age Who Had Birth (R²  = 0.07, F(5, 2739) = 43.71, p < .001, Adj. R²  = 0.07) and of Women Who Had Birth in the Past 12 Months (R² = 0.10, F(3, 2741) = 98.28, p < .001, Adj. R² = 0.10). Frequency tables showing the mean of each outcome variable, expressed without a log or square root transformation, for each tertile of the predictor variables were also compiled to provide a better visualization of the models (Tables 9 – 12).
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This study aimed to assess whether an analysis with US data would have similar findings with the Brazil census analysis, but this time with a confirmatory analysis. There were a few similarities. Linear regression models that used predictors that were identified in our analysis of the Brazil data that are similar to measures of harshness and unpredictability in LHT-P (Belsky et al., 2012; Ellis et al., 2003; Hartman et al., 2018; Xu et al., 2018), accounted for a substantial proportion of the variance across US counties of the percentage of children aged 0-4 and 5-9 years in US counties. A higher percentage of children in a county can be understood as more frequent reproduction that is caused by 1. A higher percentage of women are having children in these counties; or 2. A subset of women in these counties are having multiple children. 
The outcome variables of young motherhood (Women 15 to 19 Years of Age Who Had Birth) and recent reproduction (Women Who Had Birth in the Past 12 Months) also had significant predictors, but the explanatory power of these variables were weak or negligible. Some considerations can help understand this poor performance. First, there is a global trend toward the decline and delay in fertility (Roser, 2014; Volk, 2023). Access to education and health care, especially among women, are understood to be the lead causes of this decline and delay. Observing the frequency tables, we can see that the non-transformed percentage of Women 15 to 19 Years of Age Who Had Birth is always smaller than 0.1 % and of Women Who Had Birth in the Past 12 Months is never above 2%, and this global trend could explain the small percentage found in our data.
Secondly, the notably small percentages, particularly in the first case, mean that outlier cases potentially resulting from confounding variables would exert a disproportionately large influence on the variance of these variables. This noise would likely have a reduced impact if these outcome variables encompassed a greater proportion of the population. Lastly, the considerable right-skewness observed (i.e., values clustering near zero) increases the likelihood of the model being impacted by the violation of distributional assumptions required for linear regression analyses. Future studies could repeat this analysis with a subset of the population in which there are higher percentages of young or recent parents or making use of a more robust analysis.
The model predicting the percentage of Age Group - 0 to 4 Years of Age in 2023 contained 11 significant predictors and the one predicting Age Group - 5 to 9 Years of Age contained 6 predictors. Out of these, the outcome variable (i.e., the percentage of children in these age ranges) was also a predictor. This brings up the discussion about whether these variables represent merely a geographical correlation across time. However, predictors and outcomes are separated by roughly 14 years, therefore, one can also argue that the process is that US counties with a higher percentage of children (0-9 years old) in 2009 had these children becoming of reproductive age 14 later and a subset of these people had children in 2023, maintaining the higher percentage of children in comparison with other US counties. Interestingly, the percentage of children aged 0-4 years had the highest t-values and standardized β for both of the outcomes: children aged 0-4 years and children aged 5-9 years. If we were observing merely geographical correlation over time, one would expect the same variables to have the highest associations, which didn’t happen for children aged 5-9 years.
Having fewer resources in 2009 – indicated by not having a complete kitchen, having income below poverty level, and having more than 1 occupant per room in the household – were positively associated with Age Group - 0 to 4 Years of Age in 2023. This result is consistent with the literature showing that harsher environments favor having children more frequently (Belsky et al., 2012; Ellis et al., 2009; Stearns, 1992). Contrary to this literature, our analysis found that not having complete plumbing or the median number of rooms in the household were in the opposite direction. Lack of complete plumbing was negatively associated whereas median number of rooms was positively associated with the percentage of children. It may be the case that not having complete plumbing in the household is related to geographical location (e.g., rural vs. urban) rather than harshness per se. The association between household density (occupants per room) and young children could be due to multiple generations co-habiting: Some young children may be the grandchildren of the primary occupants. For instance, households with more children may also be households with more rooms, but the increase may not be one-to-one (i.e., children sharing bedrooms). The median number of rooms was a significant predictor of the percentage of children aged 5-9 years, but having one or more occupants per room was not.
The percentage of women who had births in the past 12 months and of divorced people were also significant predictors of the percentage of children both aged 0-4 and aged 5-9 years. The former may support the claim that the phenomenon being observed is of more frequent reproduction in harsher environment while the latter is contrary to what has been observed in the literature. According to LHT-P, experiencing parental transitions during the childhood favors faster and more frequent reproductive strategies because it alters the expectation that the parental figure (usually the father) will remain in the relationship and invest in children (Belsky et al., 2012; Volk, 2023). However, our data shows that counties that had more divorced people in 2009 had a lower percentage of children aged 0-9 years in 2023.
Unlike what was found in the previous study, a high percentage of Blacks in 2009 was a significant predictor of the percentage of children aged 0 – 9 years in 2023 and the percentage Hispanic people was a significant predictor of the percentage of children aged 0 – 4 years. These associations were all negative, meaning that once you remove the effect of socioeconomic predictors, ethnicity is a significant predictor in the opposite direction of the common perception that these ethnicities have larger families (Pew Research Center, 2015).
This study suffers from similar limitations as the study with Brazil data. Considering that we are describing an observation made with aggregate values of large geographical areas (US counties), one should be very careful when considering how our results apply to individual behaviours. There is the possibility that confounding variables are present and that, if observed or measured, would result in a different interpretation of the phenomenon at the individual level. 
Data in both studies were transformed, therefore, β values cannot be directly interpreted as a multiplier to convert a change in a predictor variable to a change in the outcome variable. Future studies could use subsamples that would not require such transformations and develop models that would allow for such interpretation. Even after transformation, data was not normal, and linear regressions assume normality of residuals. We utilized HC1 correction, but this data skewness could still influence the precision of the linear models. Finally, our sample consisted of more than 2,700 cases and p-values are sensitive to sample size (Gelman & Weakliem, 2009; Lakens, 2022). The significance level reported for most variables were below .001 but they should still be interpreted with caution as they could be merely reflecting an overpowered analysis. Future studies should seek to confirm the results in this study and refine model predictions. 
[bookmark: _Toc209610158]General discussion
Our first study determined if predictions derived from LHT-P could account for measures of reproductive behaviours contained in Brazil census data. Studies with a similar approach have been conducted before in the United Kingdom (Copping et al., 2013; Copping & Campbell, 2015), but to our knowledge our study is novel in a few characteristics. First, the analysis of the Brazil census was the first study to utilize population data from a developing country to assess LHT-P hypotheses. Second, our analyses used a longitudinal approach - using data from one year to predict data collected a decade or more later - to assess the developmental prediction proposed by LHT-P (Ellis et al., 2003; Simpson et al., 2012; Webster et al., 2014). Third, this project is the first to compare the results obtained from two countries with very large populations (more than 200 million people). Fourth, the study is the first to assess whether ethnicity, along with common predictors in LHT-P literature, is predictive of reproduction.
These two studies were designed to answer several research questions. The first was whether an exploratory version of structural equation modelling analysis would converge and perform well using secondary data. This question is interesting because secondary data tend to be suboptimal for variable selection (Andersen et al., 2011; Johnston, 2017; Jones, 2010) and are unlikely to achieve model fit (Hair et al., 2022) because data collection was not designed for that purpose. This analysis is even more challenging because we used variable measured in one year to predict outcomes a decade later. 
PLS-SEM analyses of the Brazilian data worked reasonably well. We found some variables converged into satisfactory factors (e.g., Low income and lack of resources) but others did not (e.g., Early reproduction was initially tested with variables of married youth) and some were good predictors (e.g., Low income and lack of resources) but others were not (Unemployed or precariously employed). The structural assessment was also satisfactory, and the explanatory power of Early reproduction was substantial to a level that is rarely found in the social sciences. The cross-validation predictive power of the PLS-SEM model was similar to what would be achieved by linear models. We believe that PLS-SEM is suitable for analyzing this type of data and encourage future studies to use it to analyze data from different countries.
The second aim of the study was to assess which predictors, among the ones that were akin to those frequently used in LHT-P, would best predict variables that index early reproduction. In contrast to studies that identified unpredictability (Belsky et al., 2012; McLaughlin et al., 2021; Simpson et al., 2012), especially parental transitions (Hartman et al., 2018), as  the strongest predictor of faster LHS, our study found that measures of marital status (akin to parental transitions) and labour quality (akin to parental availability) were poorer predictors of Early reproduction than measures of harshness (i.e., Low income and lack of resource). Most LHT-P studies have been conducted in developed countries. Such populations may have both lower levels of harshness and less variance in measures of harshness (not having access to electricity being rare, for example). The variance in harshness in our data set may explain why harshness was the best predictor of early reproduction in our study but not in studies relying on data from developed countries. 
The variance of the measures of unpredictability could be obscured by other variables. For example, the same variance or even the same regions in which there is a high level of unemployment (Unemployed or precariously employed, intended to measure parental availability) could covary with Low income and lack of resources, which would obscure the predictive power of one of the variables. Our analyses did not find that these measures were collinear, which is an outcome that we would expect if they were strongly correlated. However, this assessment only measures collinearity among factors not the directly observed variables. It is possible that a different arrangement of the observed variables would reveal such collinearity.
The third aim of this study was to assess whether an analysis of survey data from a developed country would yield similar findings to the ones obtained from an analysis of census data from a developing country. Results from the Brazil data indicated that people living in harsher environments are – 10 years later – more likely to have children and are more likely to have children at a younger age. In addition, the percentage of mothers aged 15 – 24 years and of people 15 – 19 years old living with a partner were predictive of a higher percentage of children and of younger mothers. We argue that this is a developmental phenomenon: it is likely that many children living in those municipalities in 2000 grew up to become young mothers in 2010. The results from the United States were comparable. For models predicting the percentage of children aged 0 -4 and children 5 – 9 years, indicators of harshness (e.g., lacking a complete kitchen, low income, more rooms per dwelling, more than one occupant per room), and a higher percentage of women who had births in past 12 months and the percentage of children aged 0 – 9 years old were predictive of the percentage of young children (0 – 4 years) 14 years later. As in the Brazil data, the analysis of the US data supports the developmental hypothesis that children living in counties with higher levels of harshness in 2009 grew up to become parents in 2021.
In both studies, the percentage of divorced people in a municipality or county was a negative predictor of the percentage of children in the same area 10-14 years later. This result was surprising because “parental transitions” is a common measure associated with a faster LHS in LHT-P (Belsky et al., 2012; Ellis et al., 2009; Hartman et al., 2018). Parental transitions are assumed to signal to children that relationships do not last, so one should expect these children to become adults with lower expectations of partner investment in raising children (Volk, 2023). Our result is inconsistent with this prediction. It can be interpreted, though, in light of the recent shifts of marriage and divorce statistics (Herre et al., 2020; Kennedy & Ruggles, 2014). Marriage has been in a slight decline and there is an increase in conjugal relationships and parenting without marriage, which in turn lowers divorce rates. Marriage and divorce are also happening at later age. If divorces are decoupled or less representative of parental availability to children, this change can impact the predictive power of divorce rates. In addition, if divorces are happening at a later age, the time frame of this longitudinal analysis will not allow for this variable to be predictive of a faster LHS.
Cross-country comparisons are of interest. Results from the Brazilian census indicated that lack of access to recycling service and to electrical power was associated with a higher percentage of children and of early parenting. However, lacking plumbing in the US was associated with a lower percentage of children 14 years later. This different association found in the US data may be due to a reduced prevalence of a lack of plumbing or due to it being an indicator of geographical location (e.g., urban vs. rural environments) instead of a harsher environment.
Harshness indicators in the ACS were not significant predictors of the percentage of children aged 5 – 9 years. The variables that were positively associated with the percentage of children were the percentage of children between 2005 and 2009, of women who had births in the previous year, and the median number of rooms. The percentage of children and of women who had births in the previous year being significant predictors may be due to the similarity in the variables. Geographies with a higher number of children in a given year are more likely to have higher number of children 14 years later. A possibility for harshness variables not being predictive of the percentage of children aged 5- 9 years is that the age range and the time difference between predictors and outcomes were not aligned. The middle point of our predictors using US data was 2007, and of the outcomes it was 2021. The outcome variable being children who were 5 – 9 years old in 2021 means that they were born between 2012 to 2016 and means that the children who were 0 – 4 years old in 2007 would still not be in reproductive age then. Therefore, the time spam does not allow for the phenomenon described by LHT-P to be found with this outcome variable. 
With all these considerations, we suggest that results found with US data were somewhat similar to the ones found with the Brazil census. The US and Brazil are two of the biggest countries in land mass and both countries have population counting in the hundreds of millions. Finding similar results between the two countries is a valuable contribution to LHT-P literature. Moreover, findings that are common among different environments and that are found among a large sample size are invaluable to evolutionary psychology because of its claims of adaptations that have been selected in our evolutionary history (Buss, 2024).
Finally, we assessed whether the percentage of visible minorities, which historically have faced and still face harsher circumstances, would be a significant and relevant predictor of our reproduction measures. They were not. Having a high percentage of Black people in Brazilian municipalities had a negligible effect on early reproduction and the Black or Hispanic and Latino percentages in US counties had a significant negative effect on reproduction rates. Previous studies have established an association between Black ethnicity in the US and early parenthood (Wilson, 1987; Wodtke, 2013) and both Hispanic/Latino and Black women have higher fertility rates than White women in the US (Pew Research Center, 2015). We suggest that the relationship between these previous findings and our results demonstrate the different circumstances and the history of racism and discrimination that visible minorities face (Bleich et al., 2019; Canizales & Vallejo, 2021; Couto & Brenck, 2024). The effect of reduced socioeconomic resources, not a general effect of ethnicity, explains reproductive behaviour in our model, and our analysis of the US data shows that Black and Hispanics or Latinos are actually having fewer children when the effects of socioeconomic resources are removed.
Several other factors could help explaining the phenomenon described in this study, but they were out of our scope here. For example, genetic variation may have a role in the different LHS developed by humans (Buss, 2016; Del Giudice, 2009). It could be that genes select for or shape environmental conditions and both would impact on LHS factors such as time of puberty (Volk, 2025). Cultural or institutional factors could help explain the association between poverty and early parenting (Wilson, 1987; Wodtke, 2013). For example, parents who experience a longer commute to work or who work longer hours to provide necessary income may not have as much time as parents from more affluent conditions to support or supervise their children in their sex and reproductive decisions. In addition, poorer areas are frequently the ones that lack institutions that aid parents in such tasks. These alternative explanations could interact with LHT-P claims to explain the association between poor communities and early and frequent parenting.
In sum, the usual LHT-P hypothesis that harshness is associated with early or more frequent reproduction was supported by a study using populational level data from a developing country and partially supported by data from a developed country. The effects of environmental unpredictability were inconsistent, and the percentage of visible minorities was either a non-relevant predictor or was a significant predictor of reproduction that was in the opposite direction to what has been commonly observed in the literature. Future research could aim to confirm such results with different data sets. 
[bookmark: _Toc209610159]Conclusion
Using Brazilian census data, we showed that harshness early in childhood in a municipality predicts early reproduction in that municipality, consistent with the prediction of LHT-P. In the United States, harshness early in childhood in a county predicts higher reproduction rate in the same county, a finding that is similar to the findings in Brazil. Ethnicity predicted reproduction in the United States but not Brazil, suggesting that our dataset cannot completely account for the effect of ethnicity on reproduction.
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Table 1
Variables in the Brazilian model and inferred concepts.
	LHT Concept
	Usual measure in LHT-P 
	Factor in the model
	Variables present in the Census
	Variable abbreviationa

	Harshness
	SES measures
	Low income and lack of resources
	Lack of recycling or garbage collection
	No recycling service

	
	
	
	Lack of electrical power serviceb 
	No electrical power

	
	
	
	People with income of 1 minimum wage or less
	1 minimum wage or less

	
	
	Family/house size (Lack of resources)
	Number of people in the family – 6 people
	Families with 6 people

	
	
	
	Resident density per bedroom - More then 2 up to 3 residents
	2-3 residents / bedroom

	
	
	
	Resident density per bedroom – More than 3 residentsc
	>3 residents / bedroom

	
	
	
	Number of rooms – 2 rooms c
	2 rooms in the house

	Unpredictability
	Parental transitions
	Youth and married with children (parental transitions + having a young mother)
	Divorcedc
	Separated

	
	
	
	Judicially separatedc
	Divorced

	
	
	
	Age group 15 – 19 living with spouse or partner
	15-19yo living w. partner

	
	
	
	Women age group 15 – 19 with childrenc
	Mothers 15 to 19yo



Table 1 (Continued)
	
	
	
	Women age group 20 – 24 with children
	Mothers 20 to 24yo

	-
	-
	Percentage of childrend
	Age group 0 – 4
	

	
	
	
	Age group 5 – 9
	

	-
	-
	Skin colourd
	Colour or ethnicity – Black
	

	Reproduction
	Menarche, Number of partners, number of children.
	Early reproduction
	Age group 0 – 4
	Children 0 to 4yo

	
	
	
	Age group 5 – 9
	Children 5 to 9yo

	
	
	
	Women age group 15 – 19 with children
	Mothers 15 to 19yo

	
	
	
	Women age group 20 – 24 with children
	Mothers 20 to 24yo


Note. Harshness and Unpredictability variables collected from Census in 2000 and Reproduction variables collected from 2010. 
aVariable abbreviation if retained in the final model; bLog transformation and cSquare root transformation applied to the variables; dIncluded in first iteration of the model but planned to be used in model comparisons.
Table 2
Assessment of Brazilian Formative latent variables.
	Latent variables
	VIF
	Weights
	Loadings

	Youth and married with children
	
	
	

	
	Separated
	1.90
	-.25
	-.51

	
	Divorced
	1.87
	-.17
	-.41

	
	15-19yo living w. partner
	2.31
	.10
	.73

	
	Mothers 15 to 19yo
	2.50
	.39
	.81

	
	Mothers 20 to 24yo
	1.69
	.488
	.84

	Family/house size
	
	
	

	
	Families with 6 people
	1.94
	.25
	.80

	
	2-3 residents / bedroom
	2.80
	.37
	.90

	
	>3 residents / bedroom
	2.80
	.47
	.92

	
	2 rooms in the house
	1.36
	.07
	.43

	Low income and lack of resources
	
	
	

	
	No recycling service
	1.37
	.91
	.99

	
	No electrical power
	1.86
	.08
	.59

	
	1 minimum wage or less
	1.71
	.10
	.54


Note. VIF: collinearity assessment. Bootstrapped weights and loadings were all significant (p. < .01) and confidence intervals did not cross zero.

Table 3
Assessment of Brazilian Structural model.
	Predictors
	Early reproduction

	
	VIF
	Paths
	f²

	Youth and married with children
	2.74
	.27
	.16

	Family/house size
	3.48
	.24
	.11

	Low income and lack of resources
	5.14
	.48
	.28

	Adj. R²
	.84


Ph.D. Thesis – V. B. Koehler; McMaster University – Psychology, Neuroscience, and Behaviour
Note. VIF: collinearity assessment. Bootstrapped paths were all significant (p. < .01) and confidence intervals did not cross zero.
Table 4
Variables in the Model Using Brazilian Census and Similar Variables Using US American Community Survey. 
	Variables in Brazilian Census
Geographic level: Municipalities
	 Variables found in the American Community Survey (ACS)
Geographic level: Counties
	Classification
Equivalent (E)
Similar (S)
Not found (N)
	ACS code

	Predictors: 2000
	Predictors: 2005-2009
	
	

	(lacking) Existence of services and durable goods - recycling or waste collection
	Lacking complete plumbing facilitiesb; Plumbing Facilities for Occupied Housing Units
	S
	B25048_003E

	(lacking) Existence of services and durable goods - electric lights
	Lacking complete kitchen facilitiesb; Kitchen Facilities for Occupied Housing Units
	S
	B25052_003E

	People with income of 1 minimum wage or less
	Income in the past 12 months below poverty levelc
	S
	B17001_002E

	Separated - judicially separated
	Separatedab: Male; Now married; Married, spouse absent; Separated + 
Female; Now married; Married, spouse absent; Separated
	E
	B12001_007E

B12001_016E

	Divorced
	Divorcedac: Male; Divorced +
 Female; Divorced
	E
	B12001_010E
B12001_019E



Table 4 (Continued)
	Age group - 15 to 19 years of age - Living with a spouse or partner
	Women who did not have a birth in the past 12 months; Now married (including separated and spouse absent); 15 to 19 years oldc
	S
	B13002_013E

	Age group - 15 to 19 years of age - with children
	Women who had a birth in the past 12 months; Now married (including separated and spouse absent); 15 to 19 years old + 
Women who had a birth in the past 12 months; Unmarried (never married, widowed, and divorced); 15 to 19 years oldac
	S
	B13002_004E


B13002_008E

	Age group - 20 to 24 years of age - with children
	Women who had a birth in the past 12 monthsb
	S
	B13002_002E

	Number of family members - 6 people
	
	N
	

	Residents density per dormitory - more than 2,0 to 3,0 residents
	Complete plumbing facilities; 1.01 or more occupants per roomc
	S
	B25050_007E

	Residents density per dormitory - more than 3,0 residents
	
	N
	

	Number of rooms - 2 rooms
	Median number of rooms
	S
	B25018_001E




Table 4 (Continued)
	Black ethnicity
	Sex by age (Black or African American alone)b
	E
	B01001B_001E

	Indigenous ethnicity
	Sex by age (Hispanic or Latino)b
	N
	B01001I_001E

	Age group - 0 to 4 years of age
	Age group - 0 to 4 years of agea: Male; Under 5 years + 
Female; Under 5 years
	S
	B01001_003E

B01001_027E

	Age group - 5 to 9 years of age
	Age group - 5 to 9 years of agea: Male; 5 to 9 years + 
Female; 5 to 9 years
	S
	B01001_004E

B01001_028E

	Outcomes: 2010
	Outcomes: 2018-2023
	
	

	Age group - 0 to 4 years of age
	Age group - 0 to 4 years of agea: Male; Under 5 years + 
Female; Under 5 years
	S
	B01001_003E

B01001_027E 

	Age group - 5 to 9 years of age
	Age group - 5 to 9 years of agea: Male; 5 to 9 years + 
Female; 5 to 9 years
	S
	B01001_004E

B01001_028E

	Women 15 to 19 years of age with children
	Women who had a birth in the past 12 months; Now married (including separated and spouse absent); 15 to 19 years oldc
	S
	B13002_004E




Table 4 (Continued)
	Women 20 to 24 years of age with children
	Women who had a birth in the past 12 months
	S
	B13002_002E


Note. a: Manually calculated the sum of the variables to come up with a single variable representative of both groups; b: log transformed variables; c: square root transformed variables.
Table 5
[bookmark: _Hlk197593532]Variables predicting percent of 0 to 4-years olds in United States counties.
	Effect   
	β
	SE 
	t-value 
	p-value 
	Std.β 

	Intercept 
	0.38
	0.48
	0.80
	.426
	

	Lacking complete plumbing facilities
	-0.34
	0.09
	-3.81
	≤ .001***
	-0.08

	Lacking complete kitchen facilities
	0.38
	0.08
	4.57
	≤ .001***
	0.10

	Income in the past 12 months below poverty level
	0.16
	0.03
	5.21
	≤ .001***
	0.12

	Divorced
	-0.35
	0.06
	-5.88
	≤ .001***
	-0.11

	Women who had a birth in the past 12 months
	0.31
	0.11
	2.75
	.006**
	0.06

	1.01 or more occupants per room
	0.19
	0.06
	3.09
	.002**
	0.08

	Age group - 0 to 4 years of age
	0.43
	0.03
	14.11
	≤ .001***
	0.51

	Age group - 5 to 9 years of age
	0.13
	0.03
	5.20
	≤ .001***
	0.14

	Black or African American alone
	-0.08
	0.01
	-6.32
	≤ .001***
	-0.10

	Hispanic or Latino
	-0.10
	0.02
	-4.21
	≤ .001***
	-0.09

	Median number of rooms
	0.32
	0.06
	5.11
	≤ .001***
	0.13


Note. *: p ≤ .05; **: p ≤ .01; ***: p ≤ .001.

Table 6
[bookmark: _Hlk197593632]Variables predicting percent of 5 to 9-years olds in United States counties.
	Effect   
	β
	SE 
	t-value 
	p-value 
	Std.β 

	Intercept 
	0.59
	0.42
	1.43
	.154
	

	Divorced
	-0.17
	0.07
	-2.63
	.009**
	-0.05

	Women who had a birth in the past 12 months
	0.27
	0.13
	2.15
	.031*
	0.05

	Age group - 0 to 4 years of age
	0.43
	0.03
	14.79
	≤ .001***
	0.45

	Age group - 5 to 9 years of age
	0.19
	0.03
	6.27
	≤ .001***
	0.18

	Black or African American alone
	-0.13
	0.02
	-8.41
	≤ .001***
	-0.14

	Median number of rooms
	0.35
	0.05
	6.94
	≤ .001***
	0.12


Note. *: p ≤ .05; **: p ≤ .01; ***: p ≤ .001.


Table 7
Variables predicting percent of 15 to 19 Years of Age Who Had Given Birth.
	Effect   
	β
	SE 
	t-value 
	p-value 
	Std.β 

	Intercept 
	-0.17
	0.03
	-5.79
	< .001***
	

	Lacking complete kitchen facilities
	0.03
	0.01
	2.97
	.003*
	0.06

	Divorced
	0.03
	0.01
	3.95
	< .001***
	0.08

	Women 15 to 19 years of age who had birth
	0.05
	0.02
	3.25
	.001***
	0.07

	Age group - 0 to 4 years of age
	0.02
	0.00
	8.91
	< .001***
	0.18

	Black or African American alone
	0.01
	0.00
	4.33
	< .001***
	0.09


Note. *: p ≤ .05; **: p ≤ .01; ***: p ≤ .001.


Table 8
Multivariate Linear Regression Model of Women Who Had Given Birth in the Past 12 Months.
	Effect   
	β
	SE 
	t-value 
	p-value 
	Std.β 

	Intercept 
	0.13
	0.06
	2.25
	.024*
	

	1.01 or more occupants per room
	0.03
	0.01
	2.42
	.016*
	0.06

	Age group - 0 to 4 years of age
	0.04
	0.00
	9.76
	< .001***
	0.18

	Median number of rooms
	0.06
	0.01
	6.38
	< .001***
	0.09


Note. *: p ≤ .05; **: p ≤ .01; ***: p ≤ .001.



Table 9
Explanatory Power of the Four Models
	Outcome variable
	R²
	Adj. R² 
	F statistic 
	p-value 

	Age Group - 0 to 4 Years of Age
	0.49
	0.49
	F(11, 2733) = 240.91
	< .001

	Age Group - 5 to 9 Years of Age.
	0.39
	0.39
	F(6, 2738) = 291.82
	< .001

	Women 15 to 19 Years of Age Who Had Birth.
	0.07
	0.07
	F(5, 2739) = 43.71
	< .001

	Women Who Had Birth in the Past 12 Months
	0.1
	0.1
	F(3, 2741)
	< .001


Note. All regression models were statistically significant at 𝑝 < .001


Table 10
Percent of Age Group - 0 to 4 Years of Age by Low, Medium, and High Tertile of Predictors
	Outcome variable
	Low Tertile
	Middle Tertile
	High Tertile
	p -value

	Lacking complete plumbing facilities
	5.48
	5.54
	5.56
	***

	Lacking complete kitchen facilities
	5.39
	5.51
	5.52
	***

	Income in the past 12 months below poverty level
	5.40
	5.52
	5.50
	***

	Separated
	5.54
	5.44
	5.43
	

	Divorced
	5.78
	5.46
	5.17
	***

	Now married - 15 to 19 years old
	5.38
	5.45
	5.60
	

	Women 15 to 19 years of age who had birth
	5.23
	5.49
	5.70
	

	Women who had a birth in the past 12 months
	4.98
	5.42
	6.03
	**

	1.01 or more occupants per room
	5.13
	5.46
	6.00
	**

	Age group - 0 to 4 years of age
	4.76
	5.41
	6.25
	***

	Age group - 5 to 9 years of age
	4.88
	5.49
	6.06
	***

	Black or African American alone
	5.56
	5.33
	5.52
	***

	Hispanic or Latino
	5.36
	5.47
	5.58
	***

	Median number of rooms
	5.30
	5.55
	5.61
	***


Note. *: p ≤ .05; **: p ≤ .01; ***: p ≤ .001.


Table 11
Percent of Age Group - 5 to 9 Years of Age by Low, Medium, and High Tertile of Predictors
	Outcome variable
	Low Tertile
	Middle Tertile
	High Tertile
	p -value

	Lacking complete plumbing facilities
	6.01
	5.96
	6.02
	

	Lacking complete kitchen facilities
	5.93
	5.91
	6.04
	

	Income in the past 12 months below poverty level
	6.00
	5.96
	5.92
	

	Separated
	6.08
	5.98
	5.81
	

	Divorced
	6.27
	5.93
	5.67
	**

	Now married - 15 to 19 years old
	5.90
	5.91
	6.07
	

	Women 15 to 19 years of age who had birth
	5.77
	5.93
	6.18
	

	Women who had a birth in the past 12 months
	5.44
	5.93
	6.51
	*

	1.01 or more occupants per room
	5.66
	5.91
	6.42
	

	Age group - 0 to 4 years of age
	5.24
	5.92
	6.72
	***

	Age group - 5 to 9 years of age
	5.30
	5.98
	6.61
	***

	Black or African American alone
	6.14
	5.84
	5.90
	***

	Hispanic or Latino
	5.80
	5.93
	6.15
	

	Median number of rooms
	5.76
	5.97
	6.19
	***


Note. *: p ≤ .05; **: p ≤ .01; ***: p ≤ .001.


Table 12
Percent of Women 15 to 19 Years of Age Who Had Birth by Low, Medium, and High Tertile of Predictors
	Outcome variable
	Low Tertile
	Middle Tertile
	High Tertile
	p -value

	Lacking complete plumbing facilities
	0.039
	0.035
	0.042
	

	Lacking complete kitchen facilities
	0.035
	0.037
	0.047
	*

	Income in the past 12 months below poverty level
	0.026
	0.034
	0.057
	

	Separated
	0.030
	0.037
	0.051
	

	Divorced
	0.039
	0.037
	0.041
	***

	Now married - 15 to 19 years old
	0.040
	0.033
	0.044
	

	Women 15 to 19 years of age who had birth
	0.034
	0.032
	0.051
	***

	Women who had a birth in the past 12 months
	0.035
	0.036
	0.047
	

	1.01 or more occupants per room
	0.027
	0.037
	0.052
	

	Age group - 0 to 4 years of age
	0.032
	0.036
	0.050
	***

	Age group - 5 to 9 years of age
	0.031
	0.037
	0.050
	

	Black or African American alone
	0.033
	0.036
	0.048
	***

	Hispanic or Latino
	0.035
	0.037
	0.046
	

	Median number of rooms
	0.049
	0.039
	0.027
	


Note. *: p ≤ .05; **: p ≤ .01; ***: p ≤ .001.


Table 13
Percent of Women Who Had Birth in the Past 12 Months by Low, Medium, and High Tertile of Predictors
	Outcome variable
	Low Tertile
	Middle Tertile
	High Tertile
	p -value

	Lacking complete plumbing facilities
	1.19
	1.20
	1.17
	

	Lacking complete kitchen facilities
	1.18
	1.18
	1.17
	

	Income in the past 12 months below poverty level
	1.19
	1.18
	1.16
	

	Separated
	1.21
	1.16
	1.16
	

	Divorced
	1.25
	1.16
	1.12
	

	Now married - 15 to 19 years old
	1.17
	1.17
	1.19
	

	Women 15 to 19 years of age who had birth
	1.16
	1.16
	1.21
	

	Women who had a birth in the past 12 months
	1.08
	1.18
	1.28
	

	1.01 or more occupants per room
	1.10
	1.19
	1.28
	*

	Age group - 0 to 4 years of age
	1.06
	1.17
	1.31
	***

	Age group - 5 to 9 years of age
	1.05
	1.20
	1.28
	

	Black or African American alone
	1.20
	1.14
	1.19
	

	Hispanic or Latino
	1.15
	1.18
	1.20
	

	Median number of rooms
	1.12
	1.19
	1.24
	***


Note. *: p ≤ .05; **: p ≤ .01; ***: p ≤ .001.
Figure 1
Model predicting early reproduction in Brazil
[image: A diagram of a family
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Note. Figure created in R using seminr package. Hexagons represent latent variables and rectangles represent items from Census. Predictors are formative latent variables using Census data in 2000 and outcomes are reflective latent variables using Census data in 2010.
Figure 2
Model predicting early reproduction in Brazil excluding lack of resources
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Note. Figure created in R using seminr package. Hexagons represent latent variables and rectangles represent items from Census. Predictors are formative latent variables using Census data in 2000 and outcomes are reflective latent variables using Census data in 2010.




[bookmark: _Toc209610161]Chapter 4: Proportion of young children, rates of indigeneity in the population, and socioeconomic factors predict reproduction frequency and single parenting 15 years later in Canadian census divisions
[bookmark: _Toc209610162]Preface
In the previous study of Brazilian municipalities we found that measures of environmental harshness and unpredictability (i.e., places with a high percentage of younger mother large families in poor resourced areas) were predictive of early parenting and high percentage of children 10 years later. A few similar findings were observed in a study using US counties data, although the effects were smaller than in the one with Brazil data. On the other hand, we found that the percentage of Black people was not a relevant variable in Brazil but was an important one in the US. Importantly, this second analysis used a straight-forward confirmatory approach, with no consideration of between-country differences.
There were still many unanswered questions from the previous study. For example, would a method like the one used to analyze the Brazil census data yield similar results when applied to data from a developed country? Are the significant associations between predictor and outcome measures caused by a longitudinal and developmental phenomenon or are they just geographical correlations or some other statistical artifact? Do visible minorities face different environmental circumstances that would make the percentage of visible minorities significant predictors of earlier or frequent reproduction? The current chapter addresses these questions by applying the method and analysis used the Brazil study to 43 variables from the Canadian census in 2006 and 2021. We assessed whether dissemination areas (N = 48,867) or census divisions (N = 286) results in a better model performance. We also inverted the timeline of the model using predictors in 2021 and outcomes in 2006 to investigate the directionality of the association. Finally, we included the percentage of visible minorities and of Indigenous people as predictors in the model and subsampled the data into quantiles with the highest and lowest percentage of visible minorities and of Indigenous people.
The results showed that models that based on the census division were better at predicting reproduction than models using dissemination areas. Unemployment, the percentages of young children, young children in low-income families, and people spending a high amount of their income on rent, and the percentage of Indigenous people all predicted the percentage of young children, family sizes, and family sizes of one-parent families. When we inverted the timeline of the model, it performed worse. The percentage of female single parents was significantly associated with itself 15 years earlier, and the percentage of young children in low-income families was associated with the past percentage of larger family sizes and the percentage of young children. 
These findings provide partial support of the LHT-P developmental claim that harsher and more unpredictable environments promote frequent reproduction strategies and that early environments are particularly critical in shaping such strategies. For instance, census divisions with more children and more children in low-income families in 2006 predicted frequent reproduction and single parenting in 2021. On the other hand, unemployment and people spending a high amount of income on rent, which are plausible measures of harshness and predictability, were negatively associated with reproductive measures in the future.
When using subsamples based on the percentage of young children, the communities with the highest percentage of children explained more variance of family size of one-parent families, but there was no difference when explaining the other reproductive measures. There was also no difference when using subsamples of visible minorities. We argue that Canada offers a more stable and resourceful environment, and therefore a lower variation in environmental harshness and unpredictability, than Brazil. Our results are consistent with the view that Indigenous people and visible minorities face different harsh and unpredictable circumstances that are not usually captured in LHT-P research. 


[bookmark: _Toc209610163]Abstract
Life history theory in Psychology (LHT-P) posits that experiencing harsh and unpredictable environments during childhood cue development of earlier and more frequent reproductive behaviours. However, this developmental association has not been tested in large human populations. This study examines this developmental hypothesis with an exploratory analytical approach to determine if measures of harshness and unpredictability from census data of a developed country (Canada) are relevant predictors of measures of reproduction 15 years later. We also assess if the proportion of Indigenous people and of visible minorities are relevant predictors. We found that a higher percentage of children in low-income households was predictive of higher percentage of single parent households in Canadian census divisions, but measures indicative of lower access to resources and unpredictable parental availability were negatively predictive of reproduction. The percentage of Indigenous people was also predictive of higher single parenting. Our findings can help inform public policies around early pregnancy and family planning.
Keywords: Life History Theory, Harshness, Unpredictability, Reproduction, Census, Indigenous people.
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Life history theory proposes that the optimal allocation of resources to different functions varies among species and across diverse environmental contexts (Del Giudice et al., 2015; Stearns, 1992). Resources such as energy and time are limited, and an organism must allocate these resources across many functions. An organism needs to maintain its body functioning or, depending on their time of development, grow its body. It also needs to seek food and mates, build or acquire resources (e.g., find or defend territory, a nest or mound, tools), heal from wounds or fend off pathogens, reproduce and, for many species, invest some resources in offspring. Depending on the environment and an organism's niche, different patterns of investments are more adaptive (Ellis et al., 2009). For example, for a species under considerable predation, investing in acquiring resources is unlikely to pay off. It may be more adaptive to invest in reaching sexual maturity earlier and reproducing faster, reducing the chances of being predated before passing on its genes. Differences in the optimal level of investment for each body function at each time of development leads to the development of different life history strategies (LHS). Life history theory had its origins in biology (LHT-B) and it started describing differences between species (Del Giudice, 2009; Stearns, 1992), but it has also been used to describe differences within species (Albaladejo‐Robles et al., 2023; Stearns et al., 2008; Stone et al., 2023), including humans (Del Giudice & Belsky, 2010; Dinh et al., 2022), which started the related field of life history theory in evolutionary psychology (LHT-P; Nettle & Frankenhuis, 2020).
A considerable amount of research in LHT-P has focused on assessing how environments high in harshness (i.e., the level of death and disease outside of one’s control) and unpredictability (i.e., random variation of harshness) influence the likelihood of humans developing a faster LHS (Ellis et al., 2009; Frankenhuis & Nettle, 2020; Volk, 2023). This faster strategy includes a suite of adaptations and behaviours such as earlier puberty (Webster et al., 2014; Xu et al., 2018), earlier and more frequent reproduction (Dinh et al., 2022; M. Wilson & Daly, 1997), and higher risk-taking (Chang et al., 2019; Simpson et al., 2012). A faster LHS would be more adaptive in harsh and unpredictable environments because an individual would be less certain of their future chances of reproduction. The early environment, particularly during the first seven years of life, is critical in shaping one’s LHS (Ellis et al., 2003; Simpson et al., 2012; Webster et al., 2014; Xu et al., 2018).
LHT-P has been criticized for departed considerably from LHT-B, which uses more formal modelling and more specific predictions (Nettle & Frankenhuis, 2020). Another criticism is that LHT-P uses a vague and imprecise definition of LHS that often includes an array of behaviours that lack proper measures of how different environments shape different strategies (Frankenhuis & Nettle, 2020; Sear, 2020). For example, unpredictability lacks a clear statistical definition (Young et al., 2020) and may refer to harshness undergoing a sudden change or having a high variance across time. Furthermore it is unclear whether unpredictability that increases harshness leads to the development of faster LHS or if unpredictability that decreases the mean level of harshness also leads to a faster LHS. Finally, the existence or utility of LHS, conceptualized as a suite of correlated behaviours, has been questioned (Sear, 2020; Stearns & Rodrigues, 2020; Volk, 2023). Many have argued that LHT-P should revise its assumptions and in a way that harmonizes it with LHT-B (Nettle & Frankenhuis, 2020; Sear, 2020; Stearns & Rodrigues, 2020; Volk, 2025).
In practice, LHT-P research has used socioeconomic indicators as a measure of resource access and therefore a measure of harshness (Copping & Campbell, 2015; Hartman et al., 2018; Simpson et al., 2012), and measures of parental transitions (e.g., household configuration change and employment change) and geographical moves as a measures of unpredictability (Belsky et al., 2012; Young et al., 2020). Earlier or faster reproduction has been measured as time of menarche (Xu et al., 2018) – because it is a direct and memorable puberty marker – and as the first time having sex or first time having children (Ellis et al., 2003; Webster et al., 2014). 
Census and other public records frequently provide measures of socioeconomic status, employment, migration, marital status and fertility (Statistics Canada, 2024). These measures are also often publicly available and reported periodically. These characteristics make censuses an invaluable asset for research (Copping, 2017; Johnston, 2017; Trzesniewski et al., 2011), particularly for research testing the LHT-P claims (Copping, 2017) because it fits well with LHT-P developmental description and because populational findings – and more importantly cross cultural findings – are especially important in the argument that results observed may be adaptations (Buss, 2024). 
[bookmark: _Toc209610166]Indigenous people and visible minorities in Canada
The current project examines the association between the percentage of Indigenous people and LHS. We want to acknowledge that the use of Indigenous people is not sufficient to reference the heterogeneity of the cultural groups expressed by this term (Statistics Canada, 2017). In Canada, this term refers to First Nations, Métis, and Inuit communities; each with their own cultural identity, governance and history. The choice to use Indigenous people in this study aims to reflect the terminology adopted by Statistics Canada (Dictionary, Census of Population, 2021, 2023), which reported the counts of Aboriginal ancestry population in 2006 and Indigenous identity in 2021 (Statistics Canada, 2024). 
Indigenous people are more likely to be subject to harsh circumstances compared to non-Indigenous people in Canada (Honouring the Truth, Reconciling for the Future, 2015). Colonial history, confinement of its culture and ways of living to “reservations” and other structural inequities (Neu & Graham, 2006; Romaniuk, 2008) cause Indigenous people to experience harsher environments, on average. According to LHT-P, these circumstances may be part of the cause for Indigenous people to be younger (Statistics Canada, 2023), faster growing (Statistics Canada, 2017), and to have disproportionately high rates of teenage pregnancy (Reading & Wien, 2009) than non-Indigenous people.
Visible minorities are also socially disadvantaged in Canada. They are often target of discrimination and trauma (Williams et al., 2022) including unequal access to employment (Henry et al., 1985; Intungane et al., 2024) and health care (Husbands et al., 2022). Similarly to the case of Indigenous people, immigrants, which are often from non-White ethnicities, are also having more children than the non-immigrant population (Bélanger et al., 2006).
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This study assesses five research questions: 
1. Will an exploratory analytical approach informed by LHT-P and using Census generate a model significantly predictive of reproduction indicators 15 later? 
2. Will a smaller or larger geography level of analysis generate better results. 
3. Is it likely to be a developmental and longitudinal phenomenon? 
4. Will the model perform better in geographies with more children? 
5. Are the proportions of Indigenous and visible minorities relevant predictors of reproduction?
We hypothesize that our statistical model will account for a significant amount of variance of reproduction indicators in Canada. However, we are not sure whether models using data from smaller or larger geographical regions will perform better. Data from smaller geographies will yield higher statistical power and more variance because of its smaller convergence to mean values. On the other hand, data from larger geographies will be more stable and less susceptible to noise due to migration between regions.
Our main predictions are that harshness and unpredictability measures will be predictive of higher reproduction 15 years later, but that such an association will not hold in a model that uses an inverted timeline. Geographies with a higher proportion of children and with higher proportions of Indigenous people and visible minorities will reach more explanatory power of reproduction measures than geographies with a smaller proportion of these groups.
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We accessed census data through the Canadian Census Analyzer (Statistics Canada, 2024). Data was extracted from 52973 dissemination areas (DA) and 288 census divisions (CD) in the 2006 census and 57936 DA and 293 CD in the 2021 census. Statistics Canada defines a dissemination area as a “small, relatively stable geographic unit composed of one or more adjacent dissemination blocks with an average population of 400 to 700 persons” (Dictionary, Census of Population, 2021, 2023, p.86). Census divisions are larger geographies composed of groups “of neighbouring municipalities joined together” and “are the most stable administrative geographic areas” (Dictionary, Census of Population, 2021, 2023, p.68) next to provinces or territories. After merging 2006 and 2021 data, 48867 DA and 286 CD remained. This reduction in the number of cases is due to geographical redefinition or recoding between 2006 and 2021.
We extracted 120 variables from the 2006 census and 235 variables from the 2021 census that we considered of any relevance to the research question. These variables comprised information about age and sex, family and dwelling characteristics, income, immigration, labour, education, and indigenous and visible minorities. From this set, 105 variables were thematically grouped to create the factors used in this analysis. Table 1 describes the 43 variables and the factors used in the first model and Variable index provides a full list of variables extracted and how they were classified.
We assessed NAs next with a 5% cut-off stablished (i.e., if more than 5% of the values were NAs, the variable would be excluded), but no variables met such cut-off. Most of the variables were right skewed. Square root and log transforms were applied to all variables. The distributions of the original and transformed variables were inspected with boxplots. In cases where there was a notable difference between distributions (i.e., median closer to the center of the quartiles, whiskers of relatively equal lengths, and fewer outliers) the transformation that was closest to normal was used in subsequent analyses. When the distributions did not differ, the order of preference was to use the variable with no transformation, the square-root transformation, followed by the log transformation (Table S1).
In the transformation process, we found that more than 75% of the values in four variables (i) median male lone parent income; ii) percentage of male lone parent income coming from other sources; iii) prevalence of low income; and iv) people speaking French and a non-official language) were zeros. These variables were removed from the model because they could distort the relationship between variables. Finally, we defined outliers in as values with a z-score absolute value greater than 3 and cases with outliers were also removed. Therefore, the final data used for the model had 38 variables and 39,481 cases in the DA sample and 240 cases in the CD sample (See Table 1). 
[bookmark: _Toc209610170]Partial Least Squares Structural Equation Modeling (PLS-SEM)
PLS-SEM is an exploratory and predictive analysis focused on explaining the variance in the dependent variables (Hair et al., 2021). It combines a measurement model (factor analysis) and a structural model (path analysis) and relies on several statistics for the evaluation of model's quality (Hair et al., 2022). PLS-SEM is a nonparametric analysis, and it is more robust with formative factors, in which the latent variable is defined as the combination of measures rather than the measures being an expression of the latent variable (Hair et al., 2021), which is true for all the factors we used as predictors. PLS-SEM also allows for single-item factors, which is an advantage when working with secondary data. 
Large samples generate low p-values even when the effect size is small. Considering the dissemination area sample size in this study, it is likely that we would interpret results in the analysis as significant merely due to the sample size. Because the census is the best description of a population, any obtained results is descriptive of Canadian the population, regardless of statistical significance. In addition, PLS-SEM has been criticized for how it calculates statistical significance (Rönkkö et al., 2015), but many evaluations of a model's quality in PLS-SEM are assessed using p-values. To deal with this issue, we stablished significance of ≤ .01 (T. Stat ≥ 2.576) for our analysis and we also assessed whether confidence intervals included zero and on thresholds recommended by Hair and colleagues (2019, 2021) for accepting the measurement and structural models. A criteria in which we differed slightly from Hair and colleagues (2019, 2021) was the use of the following R² criteria: <.2 = negligible; From .2 - .5 = weak; From .5 - .7 = moderate; Above >.7 = Strong (Nau, 2020).
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All the models in this paper had formative factors as predictors and reflective factors as outcomes. The biggest difference between these two types of variables is that in a formative factor the items are understood as describing the factors instead of being an expression of such factor. For example, lack of resources is a formative factor that is described by the measures of people living in households in need of minor repairs, major repairs, or spending more than 30% of their income on rent. On the other hand, an outcome measure such as the percentage of families with two or more children is thought to be caused by the reflective factor faster LHS. 
Following guidelines proposed by Hair and colleagues (2019, 2021), we assessed the reflective factors loadings (>.7), indicators reliability (loading² > .05), internal consistency (α, ρC, ρA > .7) and reliability (AVE > .5). Discriminant validity was assessed with heterotrait-monotrait ratio (HTMT; < .9) and Fornell-Larcker criterion, in which the constructs correlations should be lower than the square root of the AVE. Formative factors were assessed with collinearity (VIF < .5), and weights and loadings for significance and relevance of indicators. Convergent validity analysis was not possible because there would not be alternative measures of the variables used, nor would it be possible to re-sample participants who responded to the census. Finally, we assessed collinearity (VIF < .5), relevance and significance of paths (bootstrapped β, T. Stat, and CI), explanatory power (Adj. R²) in the structural model. Paths that were above criteria in these assessments and outcome variables with an explanatory power of above 0.3 were selected. We also assessed predictive power using a k-fold cross-validation model (k = 10) with RMSE and MAE out-of-sample between the PLS-SEM models and a naïve linear regression model. This analysis is intended to check if the grouping the variables into factors outperforms linear regressions that draw direct paths between observed predictors and outcomes. See Supplementary materials “Building the model” for the full analytical report”. The materials, raw data and transformed data for both phases of this experiment are available on OSF. This study was not pre-registered.
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[bookmark: _Toc209610173]the best geographical level for analysis?
In the first study we aimed to build the model using DA and build a second one using CD. Our goal was to offer insight to the hypothesis of population mobility. We hypothesized that measures akin to the common measures of harshness, unpredictability used in research would predict measures of reproduction present in both data sets. We established a R² > 0.1 difference to consider that the models are performing differently, but we did not have a specific hypothesis whether the model using CD data would have a higher R² than the one using DA data. The method followed the steps described in the Partial Least Squares Structural Equation Modeling and Model sections above (page 157 and 158).
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[bookmark: _Hlk199239081]Figure 1 illustrates the model with DA and figure 2 illustrates the model with CD data. Squares represent the variables extracted from the census and hexagons represent the factors they were loaded into. The arrows represent the paths between factors and between observed variables and factors. Arrows pointing from observed variables to the factors represent formative factors and arrows pointing from the factors to observed variables represent reflective factors. In the case of single-item factors, the arrows convey no meaning other than indicating that the factor is composed of that single observed variable. Arrow’s width represents the path’s strength and dashed lines indicate a negative association. All the variables present in the models on both DA and CD samples were above criteria of model quality. In the reflective model assessment, loadings were Average size of families = .97, Average number of children in families with children = .86, Families with 4 people = .73, Families with 5 or more people = .95, Children aged 0-4 years = .93 on the CD model and Average size of families = .94, Average number of children in families with children = .79, Families with 4 people = .78, Families with 5 or more people = .81 on the DA model. Reliability were Average size of families = .93, Average number of children in families with children = .74, Families with 4 people = .53, Families with 5 or more people = .90, Children aged 0-4 years = .87 and Average size of families = .88, Average number of children in families with children = .62, Families with 4 people = .61, , Families with 5 or more people = .66; internal consistency were α = .93, ρC = .95, ρA = .94 and α = .86, ρC = .90, ρA = .88; reliability were AVE = .79 and AVE = .70 on both CD and DA models respectively. Considering the confidence upper limit, HTMT discriminant validity criterion did not pass criterion between the variables of Young children and Frequent reproduction (.91) on the CD sample, but passed the criteria on the DA sample. However, the correlations between variable were below the AVE on the assessment Fornell-Larcker criterion on both samples, which indicates they achieved discriminant validity. Table 2 reports the formative measurement model assessments of the DA model. Since all predictors in the CD models were single-item variables, the measurement model assessment of such variables is not applicable. See the Selected model in Study 1 for Pearson’s r correlation tables, means and standard deviations of the variables used in both DA and CD models.
Both models contained variables that were not colinear and that were significant and relevant predictors of frequent reproduction. The explanatory power (r²) of frequent reproduction in both samples was above the pre-determined criteria. The explanatory power in the DA sample was weak (Adj. R² = .49) but in the CD sample it was strong (Adj. R² = .81). The explanatory power of the variance of female single parenting was moderate (Adj. R² = .64) in the model built using the CD sample. The model using the CD sample was also a more parsimonious model, utilizing only 5 single-item variables. All of these factors support the hypothesis that the CD data represent a more stable geographic organization and are less affected by population mobility. Most effect sizes were medium and large in the CD sample but were small in the DA sample. Due to these results, the subsequent analyses will be either conducted using the CD sample or, in the cases where we use both samples, we will focus discussion on the model using the CD sample. Table 3 reports the structural model assessment of both models.
A few distinctions are worth noting (Fig. 1 and Fig. 2). In the CD sample, only the variables of young children aged 0-4 years (Young children) and the unemployment rate of people aged 25 and over (Unemployed) are relevant in predicting Frequent reproduction. However, Young children was negatively associated with Frequent reproduction, and Unemployed was a negatively associated with both Frequent reproduction and Single parenting. Households spending more than 30% of their income on rent (High rents) also was a relevant and significant predictor, but it was negatively associated with Single parenting. Young children is the same variable as FR5 in Frequent reproduction, only separated by 15 years. In the DA samples, Frequent reproduction was positively associated with median family income (Income) and negatively associated with Lack of resources and the percentage of households with Divorced or Widowed parents. All of these associations in both models are contrary to the predictions of LHT-P. On the other hand, the variables positively associated with Frequent reproduction were Young children and Visible minority. The variables composing Young children, however, were not included in the variables in the Frequent reproduction factor, as it was in the model with the CD sample. Therefore, it is not the case of a geographical correlation of the same variable across time. Visible minority was a relevant predictor of Frequent reproduction on the DA sample and Indigenous was a relevant predictor of the average family size of one-parent families (Single parenting).
The effect sizes on the CD sample of the variables predicting Frequent reproduction were large and the variables predicting Single parenting were small to medium. On the other hand, on the DA sample, the effect sizes of the variables predicting Frequent reproduction were mostly small, with the exception of the effect of Young children on it being medium. The RMSE out-of-sample metrics predictive values were lower on the naive linear model (CD: Average size of families = .06, Average number of children in families with children = .07, Families with 4 people = .51, Families with 5 or more people = .27, Children aged 0-4 years = .49, Family size of one-parent families = .07; DA: Average size of families = .05, Average number of children in families with children = .06, Families with 4 people = .30, Families with 5 or more people = .43) than on the PLS-SEM (CD: Average size of families = .06, Average number of children in families with children = .08, Families with 4 people = .55, Families with 5 or more people = .34, Children aged 0-4 years = .52, Family size of one-parent families = .08; DA: Average size of families = .05, Average number of children in families with children = .06, Families with 4 people = .32, Families with 5 or more people = .44). The MAE out-of-sample metrics predictive values were also lower than the PLS-SEM values. This indicates that the linear model performed better (i.e., its predictions incurred in lower errors) if such models were tested with unseen data.
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The model on CD was the most parsimonious model (i.e., using the smallest number of predictive variables) and was able to predict more variables with both higher explanatory power and effect sizes. This suggests that using CD is the most reliable geographic level to predict frequent reproduction in Canada. Indeed, CD is the most stable administrative geographic area (Dictionary, Census of Population, 2021, 2023) with yearly interprovincial migration rates of 47.1 and 45.3 per 1,000 among Canadians aged 18 to 24 and 25 to 44, respectively (Internal Migration: Overview, 2016/2017 to 2018/2019, 2021). Considering that some of internal migrants will migrate again, and that it is likely that migration is less among children and older adults. It is arguable that over the span of 15 years (the time difference in our data), more than half of Canadians will remain in the same CD.
Naïve linear models had fewer errors than the PLS-SEM in predicting the outcome variables. This has been a consistent observation in the multiple model iterations in this and in past studies and it probably indicates that the factors we are using to describe the measures are not in fact functioning as factors. This would be an expected or common result when dealing with secondary data, because the measures were not designed to be grouped as factors. On the other hand, both the naïve linear model and the PLS model incurred considerably low errors. The errors RMSE varied between 2.06% and 15.4% of the mean value and between 41.9% and 71.9% of the standard deviation of the variables in frequent reproduction. This indicates that both models’ errors were only a fraction of the mean value and lower than 1 standard deviation of any of the variables. Therefore, both models had errors smaller than the natural variability of the data, which is something remarkable given the reduced sample for the census divisions and the expected noisy characteristics of such data set.
A smaller issue regards the discriminant validity between the variables (HTMT). Indeed, the measure used in Young Children (i.e., % of children between 0-4 years of age) is one of the measures loading into Frequent reproduction, only with the 15-year gap difference. The HTMT not meeting criteria was only the case in the bootstrapped confidence interval upper limit, though, and the Fornell-Lacker criterion was within recommended values. Therefore, we decided to keep Young Children in the model. Further interpretation of this issue and of the paths between predictors and outcome will be approached in the main discussion. For Studies 2, 3 and 4, we decided to used CD geographical level as our main level of analysis.
[bookmark: _Toc209610176]Study 4.2: Is it a developmental phenomenon or just statistical artifacts?
	In this study we were interested in testing the hypothesis that the results found were a mere correlational stability of our variables across time. Whether the findings of Study 1 likely describe a developmental association or merely statistical artifacts. To achieve that we reversed the years of predictor and outcomes variables. We set the variables of harshness and unpredictability in 2021 to predict reproduction variables in 2006. Since our primary hypothesis is that harsh and unpredictable environments would predict faster LHS in Canadian geographies, we expected that the hypothesis of mere correlational stability would not be supported. Therefore, we hypothesized that the longitudinal model in Study 1 will have a better performance and a higher explanatory power than the reversed one.
[bookmark: _Toc209610177]Method
We used the Census Division data frame because it had higher predictive power in Study 1. The model in this study started with the first iteration of the Census Division model in the previous study. However, the predictor variables were selected from 2021 Census and the outcome variables were selected from Census 2006. Similar to the previous study, we established a R² >.1 difference to consider that the models are performing differently in their explanatory power. By following the same methods, we attempted to make a fair comparison between the longitudinal, with the proper direction of time between predictors and outcomes, and this reversed model, with the future predicting variables in the past. We expected that random variations in the data would result in the models being slightly different, but we argue that their performances would be more comparable because we found the same methods.
[bookmark: _Toc209610178]Results
	Only two single-item predictors and two outcome variables were kept in the reversed model. Low-income children had a positive path to predict Frequent reproduction and a negative one to predict Female lone-parents and Female lone-parents also had a positive path to predict Female lone-parents 15 years in the past (Fig. 3). Since the predictors were all single-item variables, formative model assessment does not apply to this model. 
The reflective model assessment of Frequent reproduction resulted in acceptable measures of factor quality and indicated a cohesive factor. The loadings were Average size of families = 0.93, Families with 5 or more people = 0.90, Children aged 0-4 years = 0.95, and Children aged 5-9 years = 0.96. Indicator’s reliability were Average size of families = .87, Families with 5 or more people = .80, Children aged 0-4 years = .91, Children aged 5-9 years = .93; and the factor internal consistency indices were α = .95, ρC = .97, ρA = .94; and reliability was AVE = .88. The 99.5% confidence interval of HTMT discriminant validity criterion also did not pass 1 with any of the other factors, but it was above .9 with Low-income children. The Fornell-Larcker criterion showed a higher correlation between Frequent reproduction than the square root of the AVE with the other factors, which indicates discriminant validity.
Figure 3 reports the structural model in Study 4.2. The model assessment indicated no collinearity between the predictors of Female lone-parents (VIF = 1.00), all paths were relevant and significant (β > |.1|, p ≤ .01) with CI not crossing 0. The explanatory power of Frequent reproduction and Female lone-parents were moderate (Adj. R² = .70 and .72, respectively). The analysis revealed large effect sizes from Female lone-parents to Female lone-parents (f² = 2.40) and from Low-income children to Frequent reproduction (f² = 2.30), and medium effect sizes from Low-income children to Female lone-parents (f² = 0.15). 
Both out-of-sample metrics of predictive values were lower on the linear model than on the partial least squares model. RMSE LM: Average size of families = .080, Families with 5 or more people = .420, Children aged 0-4 years = .538, Children aged 5-9 years = .498, Lone-parent families (female parent) = .302; RMSE PLS : Average size of families = .084, Families with 5 or more people = .471, Children aged 0-4 years = .569, Children aged 5-9 years = .570, Lone-parent families (female parent) = .359; MAE LM: Average size of families = .062, Families with 5 or more people = .317, Children aged 0-4 years = .411, Children aged 5-9 years = .393, Lone-parent families (female parent) = .232; and MAE PLS model Average size of families = .066, Families with 5 or more people = .370, Children aged 0-4 years = .427, Children aged 5-9 years = .448, Lone-parent families (female parent) = .291. This indicates that a naïve LM performs better at predicting Female lone- parents and Frequent reproduction regardless of the data distribution.
One predictor that was excluded from the model is worth noting. The percentage of children aged 0-4 years was removed because it was highly colinear with other predictors (VIF = 21.0). This finding was dissimilar to the models in Study 4.1. Several other predictors were removed because they were not relevant or not significant (β ≤ .1, p ≥ .01, and/or CI crossing 0). They were Low schooling, Male lone-parents, Indigenous peoples, Precarious labour, and Visible minorities. The eighth iteration of the model in SM_Study2 reports these results. SM_Study2 provides a full report on the iterations to reach the model.
[bookmark: _Toc209610179]Discussion
The reversed model had only two directly observed variables predicting two factors: Female lone-parents, being a single-item factor, and Frequent reproduction, being composed of 4 variables. It is remarkable that only two predictors were able to predict 72% and 70% of the variances of these outcomes. A further examination of these predictive pathways, however, may facilitate a more comprehensive interpretation. The path on the top of Figure 3 describes the percentage of Female lone-parents in 2021 predicting the percentage of Female lone-parents in 2006. This means that the variable is predicting itself, which means we’re merely observing a geographical association of the variable over time. Therefore, this path offers little to no relevant information. 
The outcome Female lone-parents is also predicted by Low-income children with a very significant path (p ≤ .001) but a lower coefficient. This association was similar to the one found in the CD model in Study 4.1, in which the prevalence of low-income children predicted the family size of one-parent families. Surprisingly, and unlike the association in Study 4.1, the association in this study was negative, meaning that a higher percentage of Low-income children in 2021 is associated with a lower percentage of Female lone-parents in 2006. This finding contradicts predictions that are common in the LHT-P literature (Hartman et al., 2018; Volk, 2025). We must highlight, however, that this timeline is reversed. Even though there are some suggestions of a repetitive pattern in LHS across generations (Del Giudice et al., 2015), LHT-P literature offers little support that faster strategists will have children that will live in harsher environments.
Low-income children also predicts Frequent reproduction remarkably well. When we take into account that this is a temporally flipped model, this results in an argument that CDs with a higher family size and a higher percentage of children will experience a higher percentage of children living in low-income households 15 years later. Finally, several of the predictors were removed from the model because they were not relevant and or not significant. This potentially indicates that reversing the timeline does not result in an acceptable model (i.e., iterations of the model does not improve explanatory power and the model does not stabilize with such variables). The failure to reach an acceptable model with a reverse timeline supports our hypothesis that this is a developmental phenomenon and argue against the alternative hypothesis that the findings are merely statistical artifacts.
[bookmark: _Toc209610180]Study 4.3: Is there a sensitive period 
[bookmark: _Toc209610181]to experience harsh and unpredictable environments?
Here we are interested in further testing the developmental hypothesis that children who experience harshness and unpredictability are likely to have reproduced 15 years later instead of alternative hypotheses that the significant associations are due to a geographical correlation or some other statistical artifact. LHT-P historically points to the first 5 or 7 years of life as the most sensitive period to harsh and unpredictable environments (Ellis et al., 2003; Simpson et al., 2012; Webster et al., 2014; Xu et al., 2018). We hypothesized that models using quantile subsamples of Canadian CDs with the highest percentage of children will have better performance than CDs with a lower percentage of children. 
[bookmark: _Toc209610182]Method
	We divided the data into quantiles: 1. Highest percentage of children aged 0-4 years; 2. Lowest percentage of children aged 0-4 years; 3. Highest percentage of children aged 5-9 years; 2. Lowest percentage of children aged 5-9 years. The inclusion of such year gaps intended to cover the 0-7 year range in which children would be most sensitive to their environment to adjust their LHS and because fertility has been globally declining (Roser, 2014) and the average age of the parents at the birth of the child has been in increasing in Canada (Provencher & Galbraith, 2024). An older year range for children would, therefore, allow for an association to older adults 15 years later.
The CD sample was divided into tertiles, given that it is composed of only 240 cases, and the DA sample was divided into quartiles because it is a much bigger data frame. The final subsamples were composed of 80 cases for the CD tertiles and 9871 for the DA quartiles. We applied the models constructed in Study 4.1 to the CD and DA subsamples. For brevity and simplicity, only the results observed with the CD sample – the model with better performance in Study 1 – will be reported in this manuscript. The full report can be found in SM_Study3. Because we aimed at having the most comparable model possible between the ones using subsamples in this study and the one in Study 1, we did not assess the measurement model’s quality and focused solely on the structural model reports in this comparison.
[bookmark: _Toc209610183]Results
Table 4 reports the collinearity values, coefficients, effect sizes and explanatory power of CD tertiles with the highest and lowest percentage of children aged 0-4 years and Table 5 reports the same metrics with the highest and lowest percentage of children aged 5-9 years. Considering our stablished criteria of β ≥ .1 for determining path relevance and Adj. R² ≥ .1 for determining statistically significant explanatory power, the models using the subsample with the highest percentage of children in both age groups provided better accounts of the variance in Single parenting. Judging by this metric, the models’ performance at predicting Frequent reproduction were similar.
Interestingly, the percentage of indigenous people was a significant predictor and had a higher and positive coefficient in the tertile with a higher percentage of children in comparison to tertile with the lowest percentage. This result may indicate an interaction between these variables, but testing this hypothesis was beyond the scope of this study. Counterintuitively, Young children had a stronger influence on both Single parenting and Frequent reproduction in the tertiles with the lowest percentage of children. This is counterintuitive because Young children is the variable we used to subsample the data (i.e., highest and lowest percentage of children aged 0-4 years). The stronger association found with the subsample with lowest percentage of children might be due to greater variability across regions in that subsample. However, inspection of the means and standard deviations of the tertiles suggests that this explanation is unlikely (lowest tertile M = 4.07, SD = 0.32; highest tertile M = 6.05, SD = 0.61). This result could also be due to the marginal effects in the lowest tertile: since these regions have a reduced number of children, the comparative effect of adding a small proportion of children can have greater impact on this subsample variance in comparison to the sample with a high percentage of children. Future studies could further explore these associations.
[bookmark: _Toc209610184]Discussion
Overall, our hypothesis was supported when the model was predicting Single Parenting, but not when it was predicting Frequent reproduction. Measures of economic conditions, particularly Unemployed and High rents in 2006, were negatively associated with Frequent reproduction and Single parenting in 2021. This finding is consistent with the findings in Study 4.1, but they contradict common conceptions of LHT-P. Notably, the Unemployed negative effect was either greater or smaller in the subsamples with different percentage of children depending on whether it was predicting Single Parenting or Frequent reproduction. In the tertile with the highest percentage of children, the negative association was greater when predicting Frequent reproduction in the and smaller when predicting Single Parenting. Conversely, the presence of Young children had a larger positive association in areas with fewer children, suggesting some sensitivity in demographic patterns to even slight increases in child population.
Single parenting predictors varied distinctly between tertiles, with Low-income children and Indigenous people being strongly associated with higher single-parent households particularly in areas with a higher percentage of children. Census Divisions with High rents consistently observed smaller Single parenting and the association was more robustly observed in areas with fewer young children.
[bookmark: _Toc209610185]Study 4.4: Do Indigenous people and visible minorities face different circumstances?
Next, we tested whether Indigenous people or visible minorities experience would be particularly relevant predictors of reproduction indicators. Indigenous peoples and visible minorities have a long history of facing harsher circumstances than the general population (Key Health Inequalities in Canada, 2018; Prather et al., 2016). These harsher circumstances may be due to the history of colonization, racism, cultural and other forms of oppression and discrimination (Isumonah, 2024; Phillips-Beck et al., 2020). These factors are indicative of harsher circumstances, but they may not fully be captured in the usual measures of harshness and unpredictability in LHT-P. Therefore, in addition to using the percentage of Indigenous people and visible minorities as predictors of reproduction indicators (Study 1), here we hypothesized that models using a quantile subsample of the highest percentage of Indigenous people and visible minorities in Canadian DAs and CDs would perform better at predicting early reproduction than models using the lowest quantiles.
[bookmark: _Toc209610186]Method
	The method in this study followed the same procedure as the methods in Study 4.3. However, in this study the tertiles subsample using CDs were selected with the highest and lowest percentage of visible minorities and the quartiles subsample using DAs were selected with the highest and lowest percentage of Indigenous people. This choice aimed at avoiding subsampling a dataset using a variable that was already a significant predictor in that model. In other words, since Indigenous people was already a significant predictor in the CD model and visible minorities was already a significant predictor in the DA model, we decided to only select subsamples using the non-significant variable. We focused our analyses in the CD model (the one performing better in Study 4.1), but we will briefly report some of the statistics in the DA model. The full report can be found in SM_Study4.
[bookmark: _Toc209610187]Results
Table 6 reports the structural model measurements of CD tertiles. The models performed similarly based on our criteria. The two exceptions were High rents, which had a smaller negative association with Single parenting in the tertile with the lowest percentage of Visible minorities, and the Unemployed prediction of Single parenting, which was no longer significant in the lowest tertile. The models using the DA quartiles did not show any relevant difference between the areas with the highest and lowest percentage of visible minorities. See SM_Table_1 in SM_Study4.
[bookmark: _Toc209610188]Discussion
	Contrary to our prediction, selecting geographies with highest and lowest percentages of Indigenous people and visible minorities did not affect the performance of the models. The percentage of Visible minorities people did not substantially affect the model performance in Canadian CDs, and the percentage of Indigenous people did not affect the model performance in Canadian DAs. This lack of an effect may be explained by the observation that these variables were not significant in the models that used the whole sample, and therefore they would not substantially alter its subsamples.
Nevertheless, it is interesting and counterintuitive that Indigenous people and Visible minorities were only significant or relevant predictors in the CD and DA samples, respectively. Since these samples are only different geographical organizations of the same population in the same year, one could expect the same variables to be significant predictors in both models. One potential explanation for the difference is that Indigenous people and Visible minorities are significant predictors of different variables in the two models. Indigenous people is only a significant and relevant predictor of Single parenting in the CD model whereas Visible minorities is only a significant predictor of Frequent reproduction in the DA model. However, this difference does not explain why Visible minorities was not a significant predictor of Frequent reproduction in the CD model.
Another possible explanation concerns migration. DAs are small geographical areas that may be susceptible to high migration. Even though CDs are the most stable geographic unit (Dictionary, Census of Population, 2021, 2023) it is still susceptible to migration in a time span of 15 years. Canada has also observed high immigration from other countries in recent years (Statistics Canada, 2022), so it is likely that a considerable proportion of people answering the census in 2021 weren’t even in the country in 2006.
A final possible explanation is related to the skewness of the data. As with many variables used in this manuscript, the percentage of Indigenous people and Visible minorities were considerably low (Indigenous people in CD sample: M = 10.9, SD = 16.0; and Visible minorities in CD sample: M = 3.09, SD = 6.05). If one of these variables exhibited greater variance in one of the geographic divisions, but not the other, it could disproportionately influence the model and become a significant or relevant predictor. Indeed, the percentage of Indigenous people and of Visible minorities often was more than 50% of the population in the DA data frame, sometimes being the entire population of that area. However, the same does not occur in the CD sample. In sum, the hypothesis that subsampling Indigenous people or Visible minorities would increase model performance was not supported. Future studies could further explore how marginalized or discriminated populations face harsher and more unpredictable circumstances and how that can relate to LHT-P assumptions.
[bookmark: _Toc209610189]General discussion
The results point to the viability of using census data, a longitudinal and multivariate approach to test common LHT-P assumptions. The models built with data from both geographic divisions could explain remarkable variance of reproduction patters. Namely, the CD, which is the bigger and more stable geographic division (Dictionary, Census of Population, 2021, 2023) was able to explain 81% of the variance of indicators of larger family sizes (named here Frequent reproduction) and 64% of the variance of the family size of one-parent families in 2021 using predictors in 2006. The DA, which is a smaller and expected to be a less stable geographic division over time explained 49% of the variance of similar larger family sizes measures in the same time frame. 
The current findings suggest that proxies of common LHT-P measures from both geographic divisions are predictive of reproductive patterns in the Canadian population. The DA geographic division allows for more granular, although noisier, prediction and the CD use larger populations for more precise prediction. For the aims in this paper, the CD model was the best performing one and is the focus of this study. In general, the findings support the claim that the use of such data and methodologies can effectively project future reproduction trends among Canadians, which can be a useful tool for policy development and various Governmental initiatives.
Regarding LHT-P claims to environmental influence on development, we are interested in two aspects: 1. the developmental aspect, and 2. the hypothesis of harsher and more unpredictable environments leading to earlier and more frequent reproduction. Our findings provide some support for the longitudinal and developmental hypothesis proposed by LHT-P (Ellis et al., 2003; Simpson et al., 2012; Webster et al., 2014; Xu et al., 2018). Specifically, the percentage of children 0-4 years old was a significant and the highest predictor of reproductive patterns 15 years later in both models in study 1, and the percentage of children under 6 years old in low income families was a significant predictor of the family size of one-parent families. When we reversed the timeline between predictor and outcomes, most variables were non-significant predictors, which is consistent with the idea that the associations found in the original analysis are measures of a developmental phenomenon. Several of the variables were not significant or not relevant in the reversed-timeline model, which could mean that their prediction of reproduction was noisier (i.e., resulting in greater error). 
Applying the model to a subsample consisting of geographic areas with the highest percentage of children did not result in an overall increase of the explanatory power of the model. Specifically, the explanatory power was greater for predicting Single parenting but not in predicting Frequent reproduction. However, the lower predictive power for Frequent reproduction may not be surprising because this variable was predicted by the percentage of young children and by Unemployed. Therefore, selecting the tertiles of highest and lowest young children essentially reduces its variance in both tertiles and leaves Unemployed as the only predictor able to fully vary in the data (since the other predictor is already divided into tertiles). This effect did not happen when predicting Single parenting because there were more predictors. 
This brings the discussion to another issue. The percentage of Children aged 0-4 year was a predictor and was used for the quantile division. In addition, the same variable – but collected 15 years later – is an observed variable in the factor Frequent reproduction. Using the same variable in different parts of the model and with different purposes allows for alternative interpretations and obscures the phenomenon we are aiming to measure. This issue, however, is not present in the prediction of Single parenting. 
The prediction of LHT-P that environmental harshness and unpredictability (Ellis et al., 2009; Stearns, 1992) shape a faster LHS were not strongly supported. The significant indicators in the CD sample – Unemployed and High rents – were actually negatively associated with Frequent reproduction and Single parenting in the CD sample. A similar pattern of results happened in the DA sample, in which Lack of resources and Divorced or Widowed – expected to be a measure of parental transition – were negatively associated with Frequent reproduction, while median family income was positively associated with Frequent reproduction. These results support the argument that modern environments, particularly the ones in developed countries, may not be reflective of harshness and unpredictability encountered in our environment of evolutionary adaptedness and that would cue LHS change (Nolin & Ziker, 2016; Volk, 2023). This claim is supported in a study conducted with data from Brazil with a similar approach (Koehler & Rutherford, 2025), in which harshness indicators were predictive of early reproduction.
There are, of course, explanations alternative to LHT-P ones that may explain this phenomenon. Fertility has been dropping, and the time of first pregnancy is also being delayed worldwide, including Canada (Provencher & Galbraith, 2024; Roser, 2014). These trends are thought to be the result of women having more to access to education, health care, and employment (Behrman & Gonalons-Pons, 2020; Olowolafe et al., 2025) and by a reduction in child mortality (Roser, 2014). While these may be reflective of a more standardized, stable and less harsh environment, there are other explanations such as lack of institutional support to effective reproductive plan and control (South & Crowder, 2010; Wodtke, 2013), local cultures and values (Wilson, 1987; Wodtke, 2013) and local contagion (South & Crowder, 2010), that is, observing others having children or having children at a younger age simply create a local contagion.
Even within the LHT-P framework, there are alternative explanations that were not considered in these analyses. The influence of genes, for instance, was not tested. Gene environment interactions are fundamental in evolutionary research (Stearns, 1992) and genetics should play a role in the phenomenon examined in this study. Genes influence time of puberty (Del Giudice et al., 2015) and the same genes that shape behaviours that may be associated with certain environments (e.g., discounting future rewards leading to not investing in education) can also influence reproductive behaviour (Belsky et al., 1991; Volk, 2025). At any case, these alternative explanations seem to agree that fertility is higher in places with harsher, resource-lacking conditions. Therefore, the results showing that Frequent reproduction and Single parenting were reduced in geographies with harsher environments is surprising and future research could focus on understanding such dynamics.
The percentage of Indigenous people was significantly and positively associated with Single parenting in the CD model, and the percentage of Visible minorities was a significant and positively associated of Frequent reproduction in the DA model. These being significant predictors in addition to the indicators of a harsher or more unpredictable life included in model can be interpreted as evidence that there are particularities of these communities that are not being measured by the model. 
The long history of colonisation, structural inequities (Goghari & Kassan, 2022) and of confinement of Indigenous people in reservations (Neu & Graham, 2006; Romaniuk, 2008) can create specific harsh and unpredictable environments that are not usually measured in LHT-P literature. Marginalization and discrimination (Prather et al., 2016), experiencing or living in communities with higher levels of violence and crime (Griskevicius et al., 2011; Williams et al., 2022; M. Wilson & Daly, 1997), cultural differences (Trovato & Burch, 1980), or differences in access to institutional support such as health care, education or child care (Roser, 2014; Wilson, 1987; Wodtke, 2013) are factors historically neglected by Western culture and society and that could be influencing reproductive behaviour of both Indigenous people and Visible minorities in Canada. Future studies could explore how LHT-P can interact with the particular environments of these populations.
[bookmark: _Toc209610190]Caveats
There are many considerations and limitations to this study. The first is that it uses populational data, and therefore conclusions about individuals are remarkably limited. Using LHT-P and other theoretical frameworks, it may be possible to draw some conclusions about individual circumstances and behaviours; however, it is possible that associations in a populational level do not exist in the level of the individual. For example, Canada has experienced a considerable amount of immigration (Statistics Canada, 2022), and this immigration trend is commonly tied to employment and education. Demographic measures can also be affected because immigrants in Canada also have more children than Canadian-born counterparts (Bélanger et al., 2006). Therefore, it is possible that the geographical areas that accept more immigrants are geographies that tend to have lower unemployment rates and more children, but these would not be the same individual or the same households.
[bookmark: _Hlk209452902]The conclusions drawn here rely on an assumption that most of the population of a given geographic will remain on the same geographic unit 15 years later. This is not a guarantee, especially in a country with high level of immigration (Statistics Canada, 2022) or particularly in smaller geographic units such as DAs. Research conducted with a cohort of more than 800,000 people from the Canadian Community Health Survey identified that 54% of them moved within the last 10 years. However, around 37% of those who moved are likely to have moved within the same CD (Mah et al., 2025), which implies that around 34% of the population moved to a different CD in a 10-year period. This assumption may introduce selection bias if the individuals who moved to a new geographic unit differ significantly from those who stayed, potentially affecting the accuracy of the study's conclusions.
Another limitation of this study is the choice of PLS-SEM, which is an exploratory version of SEM. The choice of variables in this study was based on a largely used theory and some of the tests and comparisons conducted were aimed at assessing the likelihood of statistical artifacts or alternative explanations. When building the model, however, choices for maintaining or removing variables are based solely on statistical reasons. In addition, all the analyses were conducted with the same data from two time points (2006 and 2021). These issues increase the likelihood that the associations found in this manuscript to be due to confounding variables or to chance. Future research should aim at confirming these findings to allow for more generalizable, reliable or even causal conclusions. 
Finally, as mentioned previously, LHT-P has been the target of serious criticisms (Nettle & Frankenhuis, 2020; Sear, 2020; Volk, 2025). These criticisms argue for the need of reconsideration of chore aspects of the theory and towards a re-approximation of its origin in biology (Frankenhuis & Nettle, 2020, 2020; Stearns & Rodrigues, 2020; Volk, 2025). This significantly limits the inferences and conclusions that can be drawn from this study, but it also highlights its importance. More research using data descriptive of entire populations and aiming at specific outcomes can help LHT-P to refine its assumptions and generate more accurate and formal predictions.
[bookmark: _Toc209610191]Conclusion
Using Canadian data, we showed that indicators of harshness and of the proportion of children and visible minorities predict frequent reproduction and family sizes 15 years later. We also showed that using data from census divisions rather than dissemination areas results in a more accurate model. The proportion of Indigenous people and visible minorities in Canada are significant and relevant predictors of reproductive outcomes, highlighting the importance of understanding the ecological and social factors shaping reproductive strategies and outcomes in these communities. These findings help inform future research that can use more confirmatory approaches to confirm these results (Hair et al., 2022) and to make use of more formal modeling (Frankenhuis & Nettle, 2020; Nettle & Frankenhuis, 2020). These results and future results can also inform an array of public policies, especially those aiming at dealing with early pregnancy and family planning of Indigenous peoples and visible minorities.
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Table 1
Variables fed into the first models in Study 1.
	LHT Concept
	Usual measure in LHT 
	Factor loaded in 1st iteration
	Variables
	Final Model

	Harshness
	SES measures
	Income
	Median family income
	DA

	
	
	
	Prevalence children 6 years of age or less living with low income before tax
	CD

	
	
	Lack of resources
	Occupied private dwellings needing minor repairs
	DA

	
	
	
	Occupied private dwellings needing major repairs
	DA

	
	
	
	Tenant occupied households spending more than 30% on rent
	CD; DA

	
	
	
	Employed labour force 15 years of age and over using public transit
	

	
	
	Low schooling
	Population 25 – 64 with no certificate, diploma or degree
	

	Unpredictability
	Parental transitions
	Female lone parent
	Female lone parent
	

	
	
	
	Median of female lone-parent income
	

	
	
	
	Percentage of female lone-parent income coming from other sources (i.e., neither employment nor government transfers)
	

	
	
	Male lone parent
	Male lone parent
	




Table 1 (continued)
	LHT Concept
	Usual measure in LHT 
	Factor loaded in 1st iteration
	Variables
	Final Model

	
	
	
	Median of male lone-parent income
	

	
	
	
	Percentage of male lone-parent income coming from other sources (i.e., neither employment nor government transfers)
	

	
	
	Separated
	Divorced
	DA

	
	
	
	Widowed
	DA

	
	
	
	Separated, but still legally married
	

	
	Parental occupation transitions
	Precariously labour
	Unemployment rate of population 25 years and over
	CD

	
	
	
	People 15 years and over who worked in different census subdivision
	

	
	
	
	Unemployment rate of population 15 years and over with children at home
	

	
	
	
	People 15 years and over self-employed (unincorporated) without paid help
	

	
	
	
	People 15 years and over who worked part year or part time
	

	
	Geographical transitions
	Migrants and speaking foreign languages
	Movers 1 year ago
	

	
	
	
	Movers 5 years ago
	

	
	
	
	Neither English nor French as first official language spoken
	

	
	
	
	Non-official language spoken in single responses
	

	
	
	
	English and non-official language in multiple responses
	

	
	
	
	French and non-official language in multiple responses
	



Table 1 (continued)
	LHT Concept
	Usual measure in LHT 
	Factor loaded in 1st iteration
	Variables
	Final Model

	-
	-
	Indigenous
	Total aboriginal ancestry population
	CD

	
	
	Visible minority
	Total visible minority population
	DA

	
	
	
	Non-official language spoken in single responses
	DA

	-
	-
	Young children
	Age group 0 – 4 years of age
	CD; DA

	
	
	
	Age group 5 – 9 years of age
	DA

	Reproduction
	Age of menarche, number of partners, number of children, and interbirth interval
	Frequent reproduction
	Average size of families
	CD; DA

	
	
	
	Average number of children in families with children
	CD; DA

	
	
	
	Families with 4 persons
	CD; DA

	
	
	
	Families with 5 or more persons
	CD; DA

	
	
	Single parenting
	Average family size of one-parent families
	CD

	
	
	Big families
	Private households with 4 persons
	

	
	
	
	Private households with 5 or more persons
	

	
	
	Recent reproduction
	Age group 0 – 4 years of age
	CD


Note. Harshness and Unpredictability variables collected from Census 2006 and Reproduction variables collected from 2021. Final model indicates whether the variable was a relevant and significant in the models using Census division (CD) or Dissemination area (DA) sample.
Table 2
Formative Latent Variables Assessment of Dissemination Areas Model in Study 1. 
	Latent variables
	VIF
	Weights
	Loadings

	Lack of resources
	
	
	

	
	Dwellings needing minor repairs
	1.14
	0.30
	0.58

	
	Dwellings needing major repairs
	1.19
	0.29
	0.62

	
	Households spending 30%+ of income on rent
	1.17
	0.72
	0.90

	Divorced or Widowed
	
	
	

	
	Divorced
	1.08
	0.68
	0.84

	
	Widowed
	1.08
	0.57
	0.75

	Visible minority
	
	
	

	
	Visible minority
	2.68
	0.64
	0.97

	
	Mother tongue is non official languages
	2.68
	0.42
	0.92

	Young children
	
	
	

	
	Children aged 0-4 years
	1.27
	0.31
	0.69

	
	Children aged 5-9 years
	1.27
	0.82
	0.96


Note. VIF: collinearity assessment. Bootstrapped weights and loadings were all significant (p. < .01) and confidence intervals did not cross zero. Income variable was a single-item variable; therefore no assessment was made.


Table 3
Structural Model Assessment in Study 1.
	Dissemination areas model

	Predictors
	Frequent reproduction

	
	VIF
	Paths
	f²

	Income
	1.68
	0.16
	0.04

	Lack of resources
	1.87
	- 0.18
	0.03

	Divorced or Widowed
	1.91
	- 0.17
	0.03

	Visible minority
	1.07
	0.17
	0.06

	Young children
	1.27
	0.39
	0.21

	Adj. R²
	.49

	Census divisions model

	Predictors
	Frequent reproduction

	Unemployed
	1.24
	- 0.38
	0.62

	Young children
	1.24
	0.66
	1.82

	Adj. R²
	.81

	Predictors
	Single parenting

	Low-income children
	1.60
	0.34
	0.20

	High rents
	1.49
	- 0.26
	0.13

	Unemployed
	1.44
	- 0.17
	0.06

	Indigenous
	1.62
	0.30
	0.15

	Young children
	1.73
	0.42
	0.28

	Adj. R²
	.64


Note. VIF: collinearity assessment. Bootstrapped paths were all significant (p. < .01) and confidence intervals did not cross zero.

[bookmark: _Hlk200455233]Table 4
Structural Model Assessment of the Tertiles of Children Aged 0-4 years in Study 3.
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	Highest percent of children aged 0-4 years
	
	Lowest percent of children aged 0-4 years

	Predictors
	Frequent reproduction
	
	Frequent reproduction

	
	VIF
	
	Paths
	f²
	
	VIF
	
	Paths
	f²

	Unemployed
	1.00
	
	- 0.51***
	0.52
	
	1.03
	
	- 0.45***
	0.47

	Young children
	1.00
	
	0.48***
	0.36
	
	1.03
	
	0.56***
	0.75

	Adj. R²
	.51
	
	.59

	Predictors
	Single parenting
	
	Single parenting

	Low-income children
	2.06
	
	0.48***
	0.28
	
	1.64
	
	0.35***
	0.13

	High rents
	1.83
	
	- 0.27**
	0.09
	
	1.59
	
	- 0.49***
	0.26

	Unemployed
	1.87
	
	- 0.21*
	0.06
	
	1.23
	
	- 0.39***
	0.21

	Indigenous
	2.99
	
	0.48***
	0.19
	
	1.25
	
	0.13
	0.03

	Young children
	1.57
	
	0.13
	0.03
	
	1.12
	
	0.40***
	0.25

	Adj. R²
	.58
	
	.39


Note.VIF: collinearity assessment; Bootstrapped paths reported. *: p ≤ .05, **: p ≤ .01, ***: p ≤ .001.


Table 5
Structural Model Assessment of the Tertiles of Children Aged 5-9 years in Study 3.
	
	Highest percent of children aged 5-9 years
	
	Lowest percent of children aged 5-9 years

	Predictors
	Frequent reproduction
	
	Frequent reproduction

	
	VIF
	
	Paths
	f²
	
	VIF
	
	Paths
	f²

	Unemployed
	1.03
	
	- 0.54***
	0.68
	
	1.07
	
	- 0.37***
	0.38

	Young children
	1.03
	
	0.46***
	0.41
	
	1.07
	
	0.64***
	1.12

	Adj. R²
	.59
	
	.65

	Predictors
	Single parenting
	
	Single parenting

	Low-income children
	1.62
	
	0.50***
	0.37
	
	1.72
	
	0.35**
	0.11

	High rents
	1.47
	
	- 0.20*
	0.06
	
	1.68
	
	- 0.47***
	0.22

	Unemployed
	1.57
	
	- 0.25*
	0.10
	
	1.23
	
	- 0.37***
	0.19

	Indigenous
	1.99
	
	0.47***
	0.27
	
	1.15
	
	0.12
	0.02

	Young children
	1.21
	
	0.18*
	0.07
	
	1.16
	
	0.48***
	0.33

	Adj. R²
	.56
	
	.37


Note. VIF: collinearity assessment; Bootstrapped paths reported. *: p ≤ .05, **: p ≤ .01, ***: p ≤ .001.

[bookmark: _Hlk200542935]Table 6
Structural Model Assessment of the Tertiles of Visible Minorities in Study 4.
	
	Highest percent of Visible minorities
	
	Lowest percent of Visible minorities

	Predictors
	Frequent reproduction
	
	Frequent reproduction

	
	VIF
	
	Paths
	f²
	
	VIF
	
	Paths
	f²

	Unemployed
	1.08
	
	- 0.41***
	0.69
	
	1.2
	
	- 0.42***
	0.93

	Young children
	1.08
	
	0.69***
	2.07
	
	1.2
	
	0.66***
	2.27

	Adj. R²
	.79
	
	.84

	Predictors
	Single parenting
	
	Single parenting

	Low-income children
	1.87
	
	0.42***
	0.25
	
	1.41
	
	0.31***
	0.23

	High rents
	1.98
	
	- 0.35***
	0.16
	
	1.24
	
	- 0.11
	0.03

	Unemployed
	1.70
	
	- 0.18*
	0.05
	
	1.44
	
	- 0.13
	0.03

	Indigenous
	1.79
	
	0.20*
	0.06
	
	1.97
	
	0.22**
	0.07

	Young children
	1.57
	
	0.60***
	0.63
	
	1.97
	
	0.52***
	0.45

	Adj. R²
	.62
	
	.66


Note. VIF: collinearity assessment; Bootstrapped paths reported. *: p ≤ .05, **: p ≤ .01, ***: p ≤ .001.
Figure 1
Proportion of young children, rates of visible minorities in the population, and socioeconomic factors predict early reproduction in Canadian Dissemination Areas.
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Note. Figure created in R using seminr package. Hexagons represent latent variables and rectangles represent items from Census. Predictors are formative latent variables using Census data in 2006 and outcomes are reflective latent variables using Census data in 2021. W: variable’s weights, λ: variable’s loadings, β; path’s beta coefficients; **: p ≤ .01, ***: p ≤ .001.

Figure 2
Proportion of young children, rates of indigeneity in the population, and socioeconomic factors predict early reproduction in Canadian Census Divisions.
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Note. Figure created in R using seminr package. Hexagons represent latent variables and rectangles represent items from Census. Predictors are formative latent variables using Census data in 2006 and outcomes are reflective latent variables using Census data in 2021. λ: variable’s loadings, β; path’s beta coefficients; **: p ≤ .01, ***: p ≤ .001.

Figure 3
Later harshness an unpredictability are poor predictors of previous measures of early reproduction.
[image: A diagram of a computer program
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Note. Figure created in R using seminr package. Hexagons represent latent variables and rectangles represent items from Census. Predictors are formative latent variables using Census data in 2006 and outcomes are reflective latent variables using Census data in 2021. λ: variable’s loadings, β; path’s beta coefficients; **: p ≤ .01, ***: p ≤ .001.

[bookmark: _Toc209610193]Chapter 5: Proportion of Indigenous Populations Predicts Teen  Pregnancy and Birth Rates Only When the Cost of Living is High
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We found that the proportion of Indigenous people in Canadian census divisions was a significant and positive predictor of the proportion of single-parent households 15 years later in the previous study. Life history theory in psychology (LHT-P) literature usually assess harshness and unpredictability with socioeconomic and family or household configuration change (Belsky et al., 2012; Ellis et al., 2009; Webster et al., 2014; Xu et al., 2018).  The history of colonialism, the assignment of Indigenous people to “reservations” and the replacement of their culture and way of living and governance by European and culture and political systems are examples of these particular circumstances (Honouring the Truth, Reconciling for the Future, 2015; Neu & Graham, 2006; Romaniuk, 2008). 
Research on LHT-P has also assessed the impact of exposure to violence as a source of environmental unpredictability (e.g., Dinh et al., 2022; McLaughlin et al., 2021; Wilson & Daly, 1997) and there are some who argue about a cyclical component to life history strategies which could include genetics (Del Giudice et al., 2015; Stearns, 1992) or be due to experience and expectation. For example, children growing up in an environment in which one of the parents is not consistently present or available may grow up with the expectation that partners do not last or do not consistently invest in raising children, therefore they will shift their preferences to short-term relationships to a greater extent than those who consistently had their parents present (Volk, 2023). Lastly, one of the most propositions of LHT-P is how harsher and more unpredictable shift one’s metabolic clock towards earlier puberty and start of sex life (Dinh et al., 2022; Ellis et al., 2003; Webster et al., 2014; Xu et al., 2018), but this measure was not assessed in the previous study because it was not available in the census (Statistics Canada, 2024a). This study aimed to address these questions.
We collected data of the ratios of Indigenous people, cost of living to income, single-parent households, violence crime indices of Canadian provinces and territories between 2000 and 2022 and used forward stepwise linear regressions to predict the birth and teenage pregnancy ratios between 2015 and 2022 (Statistics Canada, n.d., 2017b, 2018, 2021, 2023a, 2023b, 2024b). We also tested the developmental hypothesis that early childhood environment – instead of current environment - cues individuals into different life history strategies. Hence, we tested whether the longitudinal model (i.e., using predictors between 2000 and 2005 and outcomes between 2015 and 2022) would perform better than a cross-sectional model (i.e., using both predictors and outcomes between 2015 and 2022).
The interaction between Indigenous and cost of living to income was significant a predictor of and explained more than 90% of the variance in birth and teenage pregnancy rates. When considering the main effect of Indigeneity, it was a significant and negative predictor of both outcomes. Single parent households and violent crime were highly correlated and collinear with Indigenous population, therefore they were not included in the model.
This data suggests that Indigenous children in Canada are more exposed to higher costs of living, single parent households and violent crimes than non-Indigenous children. The higher costs of living – and potentially single parent households and violent crimes – may all be part of the harsher and more unpredictable environments that Indigenous children encounter and that may help explain the higher fertility and younger age among Indigenous people (Government of Canada, 2022; Statistics Canada, 2017a). 
We argue that this is a non-exhaustive list. There are many other forms of harshness and unpredictability that Indigenous people encounter and future research could focus in assessing their environments and ways of living (Honouring the Truth, Reconciling for the Future, 2015; Romaniuk, 2008). Moreover, future research should partner with Indigenous communities to explore alternative explanations that ensures deeper interpretations of the reasons and consequences of reproduction (Archibald, 2007; Finestone & Stirbys, 2017; Provencher & Galbraith, 2024).
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This study investigates whether an elevated cost of living, single parent households and exposure to violence are better predictors of future fertility and teen pregnancy rates compared with the representation of Indigenous populations (First Nations, Métis, and Inuit communities) by province across Canada. Drawing on life history theory in psychology (LHT-P), we examine whether reproductive timing reflects adaptive responses to environmental harshness (cost of living-to-income ratio) and unpredictability (single-parent households, violent crime). Using Statistics Canada data (2000–2022) and stepwise linear regressions, we found that the proportion of Indigenous people predicts higher birth rates and rates of teenage pregnancy when the cost of living is high. Across economic circumstances, however, the proportion of indigeneity predicts lower birth rates and rates of teenage pregnancy. The proportion of single parent households and exposure to violence were highly correlated and colinear with the proportion of Indigenous people. These findings suggest that standard LHT-P models may be insufficient to explain reproductive outcomes among Indigenous communities. We propose that Indigenous cultural meaning systems, collective childrearing, and resistance to colonial reproductive governance may influence fertility and teen pregnancy rates. This study underscores the importance of integrating structural and cultural dimensions into evolutionary developmental models and calls for strengths-based, culturally responsive approaches to Indigenous reproductive health.
Keywords: Life History Theory, Indigenous, Teen Pregnancy, Birth Rates, Harshness,
Unpredictability, Reproduction.


[bookmark: _Toc209610197]Introduction
[bookmark: _Toc209610198]Indigenous Populations in Canada
The terms “Indigenous” or “Aboriginal”, “Peoples, “Communities,” or “Populations,” does not sufficiently acknowledge or reference the heterogeneity of the cultural groups embodied by this term (Statistics Canada, 2017a). In the Canadian context, Indigenous Peoples include First Nations, Métis, and Inuit communities—each with distinct cultural identities, governance systems (e.g., Anishinaabe, Cree, Inuk, Mi’kmaq, etc.) and historical and contemporary relationships with colonialism (Honouring the Truth, Reconciling for the Future, 2015; Statistics Canada, 2017a). However, we use the term “Indigenous people” in this paper to refer to an aggregate of long-established, non-settler populations in Canada who share important commonalities—most notably, the experience of colonial imposition and its enduring, often harmful consequences. 
The choice for the term “Indigenous people” also aims to more similarly refer to terms used in Statistics Canada reports (Dictionary, Census of Population, 2021, 2023; Statistics Canada, 2024a), which is data source for this study. As framed by Statistics Canada, the usage of the term ‘Indigenous’ is in alignment with the Government of Canada’s official terminology, especially since the adoption of international standards like the United Nations Declaration on the Rights of Indigenous Peoples. The Dictionary, Census of population, 2021 (2023) defines Indigenous group as: 
[…] refers to whether the person is First Nations (North American Indian), Métis and/or Inuk (Inuit). A person may be included in more than one of these three specific groups. Aboriginal peoples of Canada (referred to here as Indigenous peoples) are defined in the Constitution Act, 1982, Section 35 (2) as including Indian, Inuit and Métis peoples (p. 259).
According to Statistics Canada, Indigenous Populations are growing faster than non-indigenous populations. Between 2006 and 2016 the Indigenous population grew more than 4 times faster than non-indigenous populations in Canada (Statistics Canada, 2017a). Moreover, the indigenous population is young. Nearly two-thirds of the First Nations population is of working age and one-quarter of the population are aged 14 years and younger (Statistics Canada, 2023a). 
Teen pregnancy and elevated birth rates remain disproportionately high among Indigenous populations in Canada in comparison to non-Indigenous mothers, particularly in circumpolar and marginalized (Reading & Wien, 2009; Sheppard et al., 2017). While this phenomenon has often been interpreted through individual or cultural deficit models, recent research has rightfully called for a deeper analysis that centers structural inequities, colonial histories, and community-specific knowledge systems (Goghari & Kassan, 2022). The continued overrepresentation of Indigenous youth – especially First Nations, Métis, and Inuit young women – in early childbirth statistics points to enduring systemic factors that shape reproductive health outcomes across generations.
Research framed within Western perspectives on teenage pregnancy in the 21st century, for instance, highlights a range of challenges associated with teen parenthood. These include impaired mental health, often stemming from the competing demands of early parenting and the developmental pressures of adolescence (Tebb & Brindis, 2022; Wong et al., 2020). Conventional knowledge generated by research assuming a more Western lens also finds that teen parents are also more likely to have experienced adverse childhood experiences, been raised in single-parent households (Hartman et al., 2018; Reichman et al., 2001; Simpson et al., 2012), and to have mothers who gave birth at a young age (Vikat, 2002). Additionally, they are often part of larger families with multiple siblings and face poor socio-economic conditions (Koehler & Rutherford, 2025; Richter, 2004).
However, we might also consider broader cultural impacts on reproductive trends among Indigenous populations in Canada. The formation of Canada as a nation-state introduced a bureaucratic governance that disrupted Indigenous subsistence lifestyles. Nomadic cultures were replaced by European settler political structures, which resulted in Indigenous populations being confined to “reservations” where self-governance was highly limited (Neu & Graham, 2006; Romaniuk, 2008). This ‘in-between-cultures’ state of existence forced Indigenous peoples to partially accommodate the colonial system to access the resources necessary to survive while resisting full assimilation in an effort to preserve their cultural identity and traditions (Romaniuk, 2008). Culturally speaking, these imposed conditions inherently cultivated harshness and unpredictability within Indigenous communities across Canada (Honouring the Truth, Reconciling for the Future, 2015).
While all populations in Canada have experienced periods of baby boom, the underlying factors driving increased rates of reproduction are different. For non-Indigenous populations in Canada, historical events like the Great depression and the World Wars along with increased levels of prosperity and stability following the war have been attributed to the baby boom of the 1950s (Bélanger et al., 2006; Romaniuc, 1991; Romaniuk, 1984). Historical booms in fertility among Canada’s First Nations communities can be attributed to the eventual relaxation of harsh and unjust large-scale birth limitations enforced by colonial law (Romaniuk 2008). 
[bookmark: _Toc209610199]Life history theory
All species on Earth need to make trade-offs of where to allocate time and energy. Resources invested in one domain (e.g., acquiring food) are necessarily not invested in many other domains (e.g., finding mates, parenting, or maintaining one’s immune system; (Del Giudice et al., 2015; Stearns, 1992). Evolution favours the allocation of resources to maximize fitness given an individual’s environmental circumstances and LHT-P offers an explanation for the strategic allocation of finite resources (Ellis et al., 2009; Lack, 1954).
When collapsing all different investments that species can make, we end up with two categories: somatic effort (body maintenance and growth) and reproduction effort (Ellis et al., 2009; Griskevicius et al., 2011). During a species lifetime, different investment rates of  energy and time towards these two major categories would maximize fitness and these different investment patterns have been named life history strategies (LHS; Del Giudice et al., 2015; Sear, 2020; Stone et al., 2023) Species then, could be aligned along a continuum that has been named as fast-slow continuum. Species closer to the fast pole would invest earlier and more frequently in reproduction. This means reaching puberty faster, having offspring faster and more often, resulting in reduced investment per offspring. Some of the trade-offs of this strategy is a reduced body size and the generation of lower quality offspring. Species closer to the slower pole, on the other hand, would invest longer in growing their bodies, acquiring resources (e.g., body fat, shelter, status) and reproduce at later period and slower rate and investing more in each offspring, resulting in higher offspring quality. One of the trade-off of this strategy is the generation of fewer offspring (Ellis et al., 2009; Stearns, 1992). Classic examples of such strategies would be the mouse (fast) and the elephant (slow). Although the theory majorly explains between-species variation, researchers have also found some within-species variation (Richardson et al., 2020; Sear, 2020; Stearns et al., 2008).
Environmental harshness and unpredictability – understood here respectively as the rates of death and disease outside of the organisms control and random variation of these rates – are two aspects that would cue species into shifting towards one of the poles (Del Giudice et al., 2015; Ellis et al., 2009). Harsher and more unpredictable environments would cue individuals into a faster life history strategy because one would be less sure of their future reproduction opportunities. They would also be less sure of their offspring survival and chances of reproduction, therefore making it more advantageous to have more offspring and spread them to maximize chances of passing on one’s genes. On the other pole, more gentle and predictable environments would favour slower life history strategists. Because one can be somewhat sure of their offspring survival, it is interesting to have fewer children, invest more resources in them to increase the children’s chances of outcompeting other in resources and mate acquisitions (Del Giudice et al., 2015; Ellis et al., 2009; Stearns, 1992). 
In human studies, harshness is usually assessed using socio-economic factors,
whereas unpredictability has been assessed as the amount of parental transitions (changes in household configuration through divorce and remarriage for example), job transitions, and geographical moves (Belsky et al., 2012; Ellis et al., 2009; Hartman et al., 2018). Exposure to violence has also been found to influences the development of LHS (Dinh et al., 2022; McLaughlin et al., 2021; Wilson & Daly, 1997). There is a longitudinal aspect to this phenomenon. Early childhood environment, especially in the first 5 or 7 years of life, is a critical period and strongly predicts LHS, more so than the current environment (Chang et al., 2019; Nolin & Ziker, 2016; Simpson et al., 2012; Webster et al., 2014; Xu et al., 2018).
	This theory was originated in evolutionary biology and has been used in evolutionary psychology, which ended up creating two different fields of research: life history theory in biology (e.g., Albaladejo‐Robles et al., 2023; Malone et al., 2022; Stone et al., 2023) and life history theory in psychology (LHT-P; Frankenhuis & Nettle, 2020; Nettle & Frankenhuis, 2020; Sear, 2020). Recently, the actual existence of this fast-slow continuum has been heavily criticized, especially among humans (Frankenhuis & Nettle, 2020; Sear, 2020; Stearns & Rodrigues, 2020). The critics point that human investments rarely vary or correlate along this continuum (Sear, 2020) and that it has been abandoned in evolutionary biology (Nettle & Frankenhuis, 2020). They also argue that modern environments lack harshness and unpredictability levels that would present in the environment of evolutionary adaptedness and there is evidence that humans have actually reacted in the opposite direction of what would be expected by LHT-P (Nolin & Ziker, 2016; Richardson et al., 2020; Volk, 2023, 2025; Wells et al., 2019).
[bookmark: _Toc209610200]The current study
Critics of LHT-P have suggested narrowing its set of predictions and testing more formal models, similar to the field of biology (Frankenhuis & Nettle, 2020; Nettle & Frankenhuis, 2020; Volk, 2025). In addition, populational and cross-cultural findings are valuable to evolutionary psychologists because they can test the universality and developmental flexibility of adaptations (Buss, 2024). Governmental surveys are useful in testing the predictions of LHT-P (Copping, 2017). The reports are periodic (i.e., useful to test the developmental phenomenon of the first years of life shaping future behaviour), and they usually include socioeconomic indicators (i.e., harshness) and family characteristics like marital status, employment and migration change (i.e., unpredictability).
We have previously found that the percentage of Indigenous people in Canadian census divisions were predictive of the percentage of single-parent households 15 years later (Koehler, & Rutherford, 2025). Indigenous people are more likely than the population as a whole to experience harsh and unpredictable environments of (Honouring the Truth, Reconciling for the Future, 2015) and circumstances that are associated with early and frequent reproduction (Romaniuk, 2008). Parental absence (usually the father) is one of the strongest predictors of early sexual activity and early pregnancy (Belsky et al., 2012; Ellis et al., 2003). This phenomenon may be self-perpetuating: A child growing up without stable parental figures may grow up with the expectation that one of the parents will not invest equally invest in children, which reduces the advantages of seeking long-term relationships and stable partners (Volk, 2023). 
Against this backdrop, our study asks whether the proportion of Indigenous people in the population in a province or territory serves as a stronger long-term predictor of birth and teen pregnancy rates than more conventional indicators of environmental adversity used in LHT-P. We also test whether the interaction between Indigeneity and structural hardship (e.g., high cost of living to income) better explains elevated reproductive rates than either factor alone.
Increased birth and teenage pregnancy rates are outcomes that are expected to occur under harsher and more unpredictable circumstances, but birth and teenage pregnancy variables were not available in the Canadian census (Statistics Canada, 2024a). Exposure to crime is another variable that is not present in the Census. The interaction between proportions of Indigenous peoples and indicators of harshness and unpredictability was also not tested in our previous study. 
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The data assessed for this study was collected from publicly available data for all 13 provinces and territories in Canada reported by Statistics Canada between 2000 and 2022 (Statistics Canada, n.d., 2017b, 2018, 2021, 2023b, 2023c, 2024b). Considering our research question, the first variable selected was the proportion of Indigenous residents to the overall population by province and territory. The choice for this level of analysis was intended to add variables that are not available at smaller geographies (e.g., census divisions). We also selected the rate of single parent household and violent crime indices – understood here as indicators of unpredictability – and calculated the average cost of living to income ratio – understood here as an indicator of harshness. These predictors were used to predict birth rates and teen pregnancy by province and territory. Wherever available, data was collected for all years between 2000 and 2022. The data frame used for the main analysis used mean values between 2000 and 2005 as predictors and the mean values between 2015 and 2022 as outcomes. The intention for this longitudinal difference between predictors and outcomes is to test the developmental assumption of LHT-P that children exposed to to certain environments in their first years of life will have different reproductive trajectories.
	Since the data was extracted from Statistics Canada and are representative of the mean or proportions values in Canadian provinces and territories, there were no missing data or data imputation from the data we collected. There may have been some data transformation conducted by Statistics Canada, variation in how data is collected or differences the quality of such data between provinces and territories, but it is still an interpretable data source. The raw and wrangled data, all materials and a full report of the analyses in this study are openly available on OSF at https://osf.io/akqxn/?view_only=65fb56165b9b48e18d170213493b934d.
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All data analysis was conducted in R with default, car (Fox et al., 2023), and corr (Kuhn et al., 2022) packages. Cases with a z-score > 3 were considered outliers. Given the descriptive nature of the data covering all 13 provinces and territories, analyses were conducted both with and without outliers. Since excluding outliers from any region does not improve the model’s ability to generalize findings to the entire population, the estimated model in this study incorporated data from all provinces and territories.
Forward stepwise linear regressions were employed to predict teenage pregnancy and birth rates between 2015 and 2022. There are criticisms regarding adopting this analysis (Field et al., 2014; Harrell, 2015). These criticisms involve making decisions about variables for statistical instead of theoretical reasons, which can produce results that are biased and more likely to be significant; model fit, which can include a suboptimal number of variables and an increase in Type II errors. 
We have taken a series of measures to deal with such issues. First, our selection of variables was solidly guided by LHT-P and based on previous findings (Koehler & Rutherford, 2025). Secondly, we predetermined the order in which variables would be tested. The order was based on the research questions for this study – assess whether the proportion of Indigenous people would significantly predict birth rates and teenage pregnancy – and also based on LHT-P. Therefore, the primary predictor tested was the proportion of Indigenous Peoples to the general population by province or territory and subsequently, predictors including the cost of living to income ratio (indicating harshness), single-parent households (one of the strongest indicators of unpredictability in the literature), and violent crime (a less frequently used indicator of unpredictability that may be more directly linked to morbidity and mortality) were added sequentially in that order. Interactions among significant variables would also be tested and significant variables and interactions would be retained in the model. These measures make our approach far from having results purely based on statistics.
Thirdly, we also planned to test combinations of non-significant variables to compare them with the first model. Finally, to address collinearity among predictors, the variance inflation factor (VIF) was calculated, with VIF values > 5 indicating collinearity, which informs that the selection of a single variable should be sought. Simpler and nested models were compared for significance using ANOVAs. Non-significant results favoured the more parsimonious model. 
We also planned a comparison to test whether this is likely a developmental phenomenon or merely geographical stability or some statistical association. The selected model, which used predictors from 2000-2005 and outcomes from 2015-2022, was tested using data encompassing both predictors and outcomes from the same temporal period (i.e., both predictors and outcomes from 2015-2022).
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We observed high correlations between the proportion of Indigenous Peoples by province and both the single-parent household rate and violent crime index (r > .86). Due to high multicollinearity (VIF > 8.9), these variables could not be included in the same model. Therefore, only the proportion of Indigenous Peoples and the cost of living-to-income ratio were retained as primary predictors. Table 1 presents descriptive statistics and correlations among variables. 
Measures for Indigeneity and their interaction with the cost of living were significant predictors of both teenage pregnancy (R² = 0.97, F(3, 9) = 89.29, p < .001, adj. R² = 0.96) and birth rate (R² = 0.94, F(3, 9) = 47.25, p < .001, adj. R² = 0.92). Table 2 reports the regressions of these two models and of the cross-sectional models. The interaction between Indigeneity and cost of living was statistically significant in both models. This interaction reveals that regions with both higher Indigenous populations and higher cost-of-living-to-income ratios experience disproportionately higher teen pregnancy and birth rates. Figure 1 shows a fitted linear regression with subsamples of the highest and lowest cost of living to income provinces and territories. It shows that increasing cost of living strengthens the positive association between Indigenous population proportion and birth rates. Teenage pregnancy plot depicts a considerable overlap in the confidence interval between the high and low cost of living to income subsamples. This is likely due to the smaller interaction coefficient in this model and to the smaller sample size (N=6). These are probably also the reason for the inverted association in the plot (i.e., the steeper line between Indigenous people and Teenage pregnancy in the low cost of living condition).
Analysis of variance demonstrated that the models including and not including the main effect of the cost of living to income were not different for either teenage pregnancy (F(9, 10) = 0.15, p = .704) or birth rate (F(9, 10) = 3.61, p = .090). However, we maintained cost of living to income in the model and reported its main effect on Table 2. Omitting the main effect of cost of living to income would hinder model interpretation and violate standard recommendations for modeling interaction effects (Aiken et al., 1991; Field et al., 2014). The main effect of the proportion of Indigenous Peoples per province and territory was significant, but negative, which indicates that the association between a larger proportion of Indigeneity and higher teenage pregnancies or birth rates is only present when a high cost of living and low income is also present. 
The proportion of teenage pregnancy among Nunavut was the only data point with a z score > 3. In addition, Nunavut and Northwest territories appeared as visual outliers in most of the variables (see Boxplot A in Supplementary Figure 1). The model remained significant after removing outlier cases but had less explanatory power (teen pregnancies, R² = 0.84, F(3, 7) = 12.49 p < .003, adj. R² = 0.78; birth rate R² = 0.73, F(3, 7) = 6.17, p < .022, adj. R² = 0.61).
The correlations between predictors in the longitudinal and cross-sectional comparisons were comparable. All the correlations were high, with the cost of living-to-income ratio having the lowest correlation with the other variables. The cross-sectional model produced significant results for teenage pregnancy, but both performed worse than did the longitudinal model. Prediction of teen pregnancies (R² = 0.93, F(3, 9) = 42.26, p < .001, adj. R² = 0.91) and birth rate (R² = 0.87, F(3, 9) = 19.38, p < .001, adj. R² = 0.82) had comparable R² values but lower F values and higher residuals and residual standard errors, which indicated that the longitudinal model produced a better fit. Finally, we used collinear variables, namely, single-parent households and violent crime status, separately to predict teen pregnancy and birth rate, and the results were significant.
[bookmark: _Toc209610205]Discussion
The proportion of Indigenous Peoples in the population and the cost of living to income ratio between 2000-2005 can predict both teenage pregnancy and birthrates between 2015-2022. This means that economic hardship does play a key role in the statistical association, as predicated by LHT-P. The study also found that models using longitudinal data performed better predictions than those using data from only one point in time. These findings support the developmental prediction  that individuals who experience harsher environments early in life are more likely to start sex and have children earlier and more frequently (Dinh et al., 2022; Ellis et al., 2009; Simpson et al., 2012; Xu et al., 2018).
The proportion of Indigenous population by province – especially in economically harsh environments in northern provinces and territories – is a strong predictor of birth and teen pregnancy around 15 years later. This finding supports the conclusion that higher birth rates and teen pregnancy among Indigenous people (Reading & Wien, 2009; Sheppard et al., 2017) are likely influenced by a broader range of factors than those typically associated with harshness and unpredictability in LHT-P literature, which often emphasizes on socio-economic, parental transitions and geographical moves (Belsky et al., 2012; Hartman et al., 2018). The finding that the main effect of Indigenous people on birth and teenage pregnancy was negative further support this hypothesis that there are specific indicators of harshness and unpredictability not accounted for in the model.
Some of the variables collected in this study that could offer help in understanding this phenomenon (i.e., single parent households and violent crime index) could not be properly evaluated due to strong correlation and collinearity with higher proportions of Indigenous communities. The variables were removed from the linear regressions to avoid redundancy and problems in interpretation. However, this strong correlation and collinearity helps demonstrating the harsher life that Indigenous people experience in Canada (Honouring the Truth, Reconciling for the Future, 2015). We tested how single parent households and violent crime would isolated predict teenage pregnancy and birth rates. These variables were significant predictors of birth rates and teenage pregnancies but they were considerably weaker than the models using Indigenous people interaction with cost of living to income ratios. These further supports the hypothesis that different variables could help understanding the birth practices of Indigenous people in Canada.
The model remained significant even when the outliers, Nunavut and Northwestern Territories, were excluded, which suggests that the main finding is robust. The effect may be more pronounced in provinces and territories where the proportion of Indigenous population are the largest. Indeed, roughly 80% of the population in Nunavut and 45% of the population in the Northwest Territories is Indigenous and including them in the model increased the model’s explanatory power.
[bookmark: _Toc209610206]Limitations
The use of provinces and territories reduced our data frame to only 13 data points per variable. Using these large geographic areas reduces the likelihood of attrition by populational mobility but also reduces contrasts that could reveal local differences. This approach also limits conclusions at the individual level. We predicted, based on LHT-P, that it is likely that a good proportion of Indigenous children living in a higher cost of living to income ratio – and potentially with a higher rate of being raised in single-parent households or more exposed to crime - are likely to become young parents and have more children 15 years later. However, the populational level of data allows for the possibility for the association among these variables to be true only in the populational level or to both being due to confounding variables.
This study also aggregates Indigenous people. This approach does not capture social, historical, and cultural differences among First Nations, Métis, and Inuit communities (Honouring the Truth, Reconciling for the Future, 2015). For example, regarding birth practices, several Indigenous cultures in Canada have also been reclaiming more traditional practices, which are not conceived as a part of medical practice invoking a ‘treatment’ approach to removing a fetus from the mother’s womb. It is also not as an individualistic process as it is in Western lens. Rather, the birth process is culturally framed as a process of ‘gift giving’ This ‘gift giving’ dynamic emphasizes the significance of a ‘receiver,’ which is generally characterized as the community into which the infant will become a member of  and is understood as a sacred process (Finestone & Stirbys, 2017). 
The ‘gifting’ pronatalist subculture of these traditions also posits that childbearing and birth are important to the norms, values, and practices of Indigenous cultures, offering important insight into potential historical and socio-cultural explanations for increased rates of childbirth and teen pregnancy among Indigenous people across Canada (Provencher & Galbraith, 2024; Statistics Canada, 2017a). This perspective could help explain fertility trends among Indigenous Populations, even when socio-economic considerations are held constant and these explanations are highly compatible with the tenets of LHT-P. This study have found, however, that when the cost of living and its interaction with the proportion of Indigenous people are held constant, proportion of Indigenous people actually predicts lower birth and teenage pregnancy rates. Future research in this area of inquiry could incorporate the ‘cultural natalist residual,’ the ‘gift giving’ childbirth ethos, and the ‘pronatalism’ hypothesis as potential predictors of higher birth rates and teen pregnancy among First Nations communities across Canada.
Although we used publicly available aggregated data, we acknowledge Indigenous data sovereignty principles including OCAP® (Ownership, Control, Access, and Possession; Schnarch, 2004) and CARE (Collective benefit, Authority to control, Responsibility, and Ethics; Carroll et al., 2020). Future research could partner with Indigenous communities to explore other interpretations (e.g., Indigenous methodologies) and ensure meaningful collaboration, benefit-sharing, and community-led interpretations (Archibald, 2007).
Using large but few geographic areas also converge values to mean values, which reduces local variance and limits statistical power. The finding that our models still yield significant values, even after removing outliers, highlights the strength of this association. Additionally, spatial dependencies among provinces and territories (e.g., shared historical, economic, or policy contexts) may violate the assumption of independent observations, which standard MLR does not account for. 
[bookmark: _Toc209610207]Conclusion
When the cost of living is high, the proportion of indigeneity predicts higher birth rates and rates of teenage pregnancy, but across economic circumstances, the proportion of indigeneity predicts lower birth rates and rates of teenage pregnancy. This study shows that early-life structural disadvantage of Indigenous people predicts reproductive outcomes 15 years later, supporting key predictions of LHT-P. The results also suggest that both teen pregnancy and birth rates are shaped not only by socio-economic adversity commonly used by LHT-P, but also by specific indicators not accounted in this study. Future research could work in partnership with Indigenous communities, incorporate indicators such as cultural continuity and pronatalism, and combine diverse methodologies to deepen our understanding of reproductive strategies in diverse contexts of Indigenous communities in Canada.
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[bookmark: _Hlk198212112]Table 1
Proportion of Indigenous people is highly correlated with proportions of single-parent households and of violent crime, but not with cost of living.
	
	2000-2005
	
	2015-2022

	
	1
	2
	3
	4
	
	5
	6

	1. Single-parent household
	
	
	
	
	
	
	

	2. Violent crime
	0.89***
	
	
	
	
	
	

	3. Cost of living
	-0.44
	-0.64*
	
	
	
	
	

	4. Indigenous people
	0.94***
	0.97***
	-0.53
	
	
	
	

	5. Teenage pregnancy
	0.86***
	0.79**
	-0.19
	0.9***
	
	
	

	6. Birth rates
	0.81***
	0.88***
	-0.39
	0.92***
	
	0.92***
	

	Mean
	12.62
	149.4
	111.7
	15.71
	
	1.13
	21.99

	SD
	3.14
	107.7
	14.41
	23.42
	
	2.08
	8.10


Note. *p < .05. **p < .01. ***p < .001.
2
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Table 2
Longitudinal interaction between proportion of Indigenous people and cost of living predicts teenage pregnancy and birth rates better than cross-sectional interaction.
	Effect   
	 
	β
	SE 
	t-value 
	p-value 
	Std.β 

	Longitudinal
	 
	
	
	
	
	

	Teenage pregnancies
	
	
	
	
	
	

	
	Intercept 
	 
	-0.997
	1.993
	-0.500
	.629
	

	
	Indigenous people
	 
	-0.176
	0.074
	-2.376
	.042*
	1.29

	
	Cost of living
	
	0.007
	0.017
	0.392
	.704
	0.33

	
	Indigenous people * Cost of living
	 
	0.003
	< 0.001
	3.715
	.004 **
	0.42

	Birth rates
	 
	
	
	
	
	

	
	Intercept 
	 
	36.660
	10.50
	3.490
	0.007**
	

	
	Indigenous people
	 
	-0.979
	0.392
	-2.499
	0.034*
	1.22

	
	Cost of living
	
	-0.172
	0.091
	-1.901
	0.090
	0.04

	
	Indigenous people * Cost of living
	
	0.013
	0.004
	3.387
	0.008**
	0.52



Table 2 (Continued)
	Cross-sectional
	
	
	
	
	
	

	Teenage pregnancies
	
	
	
	
	
	

	
	Intercept 
	 
	-9.544
	3.833
	-2.490
	.034*
	

	
	Indigenous people
	 
	0.736
	0.184
	3.993
	.003**
	0.27

	
	Cost of living
	
	0.073
	0.029
	2.528
	.032*
	-0.08

	
	Indigenous people * Cost of living
	 
	-0.005
	0.002
	-3.518
	.007**
	-0.54

	Birth rates
	 
	
	
	
	
	

	
	Intercept 
	 
	12.25
	21.20
	0.578
	.578
	

	
	Indigenous people
	 
	0.922
	1.019
	0.905
	.389
	0.75

	
	Cost of living
	
	0.035
	0.160
	0.219
	.831
	-0.05

	
	Indigenous people * Cost of living
	
	-0.005
	0.009
	-0.584
	.574
	-0.13


Note. *p < .05. **p < .01. ***p < .001.



Figure 1
When the cost of living is high, the proportion of indigeneity predicts birth rates
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Note. Figure created in R using ggplot2 package. Shades indicate confidence intervals.

[bookmark: _Toc209610209]Chapter 6: General Discussion
Chapters 2 and 3 have helped answer my primary question: Is it possible to analyze publicly available government data with a longitudinal approach to assess life history theory in psychology (LHT-P)? It is. In Chapter 2, we showed that several considerations in the selection, processing and analysis of such data are required. In Chapters 2, 3, 4, and 5 we have seen that the ideal variable was not always available, and that asking the intended research question was not always possible. However, we also learned that different years or different editions of these governmental reports, from different countries, can be used to make developmental inferences about the population. 
Multiple analytical approaches revealed significant findings. In Chapter 3 and 4, we used partial least squares structural equation modelling (PLS-SEM). PLS-SEM as a second-generation exploratory analytical approach (Hair et al., 2022). Like its related – and more confirmatory – analysis, covariance based structural equation modelling (CB-SEM), PLS-SEM can assess relationships between multiple observed and latent variables and describe them in a single model. However, PLS-SEM is more robust than CB-SEM in dealing with deviations from normality, and in dealing with formative factors (i.e., when variables are forming the factors instead of being commonly caused by the factor). The issues of non-normality and formative factors are common when dealing with secondary data (Hair et al., 2022) and also affected our hypothesized analyses. PLS-SEM yielded several variables that are predictive of reproductive indicators 10 to 15 years later. Still in Chapter 3, a multivariate linear regression using a robust standard error correction also yielded significant findings. In Chapter 5, forward stepwise multivariate linear regression using only 13 and 11 data points (i.e., underpowered) per variable also yielded significant findings. Even though stepwise linear regressions is frowned upon (Field et al., 2014; Harrell, 2015), our use of it was pre-determined and driven by theory, which considerably reduce the issues of using this analytical approach. 
[bookmark: _Toc209610210]Findings in Brazil and in the US
In Chapter 3, we examined indicators of harshness and unpredictability and the percentage of visible minorities population as reported in Brazil census (Sistema IBGE de Recuperação Automática - SIDRA, 2024) and the American Community Survey (U.S. Census Bureau., 2020) to predict indicators of reproduction 10 to 14 years later. We found that municipality-based measures of the lack of resources, the percentage of young mothers, and family size in 2000 explained 84% percent of the variance of early reproduction in 2010. All of the variables that composed these factors, except the percentages of people separated and divorced, were positively associated with their factor. The paths between factors also were positively associated. This result means that a harsher environment (i.e., one that lacks resources and has larger families living in smaller homes with younger mothers) in 2000 was associated with more children and more young mothers 10 years later. This association was stronger in municipalities with more children. These results mostly support the LHT-P developmental hypothesis that children exposed to harsher and more unpredictable environments are more likely to reproduce at an earlier age than children exposed to more bountiful and stable environments.
Similar findings with the previous study were observed using data from the US. Using variables that were similar to the significant predictors identified in Brazil data, we found that US counties with a higher percentage of households 
i) that lacked complete kitchen facilities; 
ii) that had an income below poverty level; 
iii) with a greater number of rooms; and
iv) that had more than 1 occupant per room
had more children aged 0-4 around 14 years later. We also found significant predictors of young mothers and of women who had birth recently, but the explanatory power of these variables was negligible. These findings reduce the likelihood that the findings with Brazilian data were a statistical artifact or that they happened by chance. They also show the possibility for cross-country comparisons of LHT-P claims. 
	Although Brazil and the US obviously differ in a variety of ways, there are several similarities that may be important for our analyses. Considering the WEIRD (Western, Educated, Industrialized, Rich and Democratic) acronym (Henrich et al., 2010), Brazil and the US are western and democratic countries. Both countries have a large population counting in the hundreds of thousands and continental landmass. They both have considerable ethnic diversity and a long history of slavery and racism (Bleich et al., 2019; Couto & Brenck, 2024), although the US has experienced more discrimination against immigrants, specially in last decade or so (e.g., Canizales & Vallejo, 2021). All of these similarities could help understand why results of our two analyses were similar. Obviously, we argue that LHT-P is a possible explanation for the predictions found. It is possible that some indicators such as lacking complete housing facilities, living with income below poverty models with more occupants per room are indicative of a harsher and more unpredictable environments which can alter populational reproductive patterns. It is important here to remind the reader that the analysis used to build the model in two of our chapters were exploratory (PLS-SEM). It is possible that cofounding variables are necessary in the explanation of this prediction. This possibility is even greater because we are using a theory that is mainly used to explain individual behaviour and applying it to populational data. For example, municipalities and counties with higher levels of these predictors could also lack access to good quality education and health care. As seen in previous chapters, these factors have been proposed as explanations for fertility levels – especially to explain how access to these services can lower populational fertility (Roser, 2014). The risk of cofounding variables is also worth noting in the study utilizing US data because that analysis only used variables that were significant in the previous study and no analysis of correlation or collinearity among variables was conducted.
Brazil and the US differ in their levels of education, industrialization, and economic prosperity (Barro & Lee, 2015; Rohenkohl & Arriagada, 2025; United Nations Development Programme, 2025). Therefore, one can expect higher levels of harshness and unpredictability in Brazil, which would be closer to those encountered in our environment of evolutionary adaptedness, than those found in Western developed countries (Buss, 2024; Volk, 2023). More access to standardized education, higher relative income and lower economic inequality could help explain why some indicators of harshness were not associated with frequent or early reproduction and why the predictive power of variables indicative of earlier reproduction was negligible in the US. 
In addition, a recent report about fertility on Southern Europe pointed out that lower marriage levels and marrying at an older age are partly responsible for lower fertility in the region (Stone & Wingerter, 2024). Considering the cultural and economic similarities between the US and Europe, a similar phenomenon may be present in the US data. This could also explain why both in US and in Brazil levels of divorce were negative predictors of the percentage of children. This association appears to be contrary to LHT-P claims that changes in parental and household configuration is a predictor of earlier and more frequent reproduction.
The percentage of Black people in Brazilian municipalities was not a significant predictor of reproduction and did not mediate the association between family size and young mothers with early reproduction. In the US, the percentage of Black and of Hispanic or Latino was a significant predictor of young children, but this association was negative. This is somewhat surprising as one would expect that visible and marginalized minorities would be likely encounter harsher and more unpredictable environments not captured by usual LHT-P measures (e.g., employment and career opportunities (Henry et al., 1985; Intungane et al., 2024). Although, these particularly harsh or unpredictable could correlate with the measures used in the study (e.g., income). These findings might point that, when the effect of harsher and unpredictable environments is removed, the effect of belonging to a visible minority itself is negative. In the case of Brazil, another explanation is the possible misrepresentation of the population, as most of the population likely self-identified as “Pardos” – miscegenation between Black, White and Indigenous ethnicities.
The finding that low education attainment (hypothesized to be indicative of harshness) and unemployment or precarious employment (hypothesized to be indicative of unpredictability was not a significant predictor of earlier reproduction in Brazil was surprising. Both of these variables are usually associated with socioeconomic status, which is a common measure of harshness in LHT-P (Belsky et al., 2012; Ellis et al., 2009). However, measures of harshness and unpredictability in LHT-P should also be associated with levels of extrinsic mortality and morbidity (Del Giudice et al., 2015; Ellis et al., 2009). Perhaps the variables in the Lack of resources factor (lack of electrical power and garbage collection service and people with 1 minimum wage or less) were more indicative of regions with higher extrinsic mortality and morbidity levels.
These studies partially support LHT-P claims. Future studies could investigate what variables best predict early and frequent reproduction in the US. Especially, the finding that that the percentage of Black and Hispanic or Latino are negative predictors of the percentage of children 14 years later deserves future exploration. 
One of our hopes in this dissertation was to inform LHT-P proponents of populational associations based on LHT-P claims and help in the theory revision (Del Giudice, 2024; Volk, 2025) and approximation to LHT in evolutionary biology (Nettle & Frankenhuis, 2020; Stearns & Rodrigues, 2020). Therefore, we hope that these findings can help future research in generating confirmatory, more specific and more formal models.
[bookmark: _Toc209610211]Findings in Canada
Results from Canadian data reinforced the developmental claim. Models using dissemination areas (around 10 blocks of houses and apartments with an average of 500 people) and census divisions (usually Canadian neighbouring municipalities; (Dictionary, Census of Population, 2021, 2023)) were predictive of frequent reproduction. However, the model that was built using census division data performed better, probably due to the greater stability of populations over time. To assess whether we would find support for LHT-P developmental claim that early environment predicts future reproduction, we reversed the timeline using census division data: we used harshness and unpredictability data in 2021 to predict reproduction data in 2006. According to the LHT-P developmental claim, the model using the correct timeline should reach a better solution than the reversed timeline. If both models were comparable or if the model with the reverse timeline performed better, the association found could be interpreted as mere spurious correlation or a statistical artifact. The model with the reverse timeline reached a solution in which one variable (i.e., the percentage of households with a lone, female parent) predicted itself and another variable (the percentage of children in low-income households) predicted frequent reproduction. The explanatory power of the reverse-timeline model also was generally lower than the model with the correct timeline. These results offer support to the idea that the associations found in our main analyses reflect a developmental phenomenon.
Interestingly, analyses of the Canada data revealed a different picture regarding the claim that harshness and unpredictability cue individuals towards earlier and more frequent reproduction (Belsky et al., 2012; Del Giudice et al., 2015; Ellis et al., 2009). Consistent with the predictions of LHT-P, a higher percentage of low-income children in 2006 was predictive of higher family sizes of one-parent families in 2021. However, higher unemployment rates and households spending more of their income on rent predicted less frequent reproduction, smaller family sizes, and smaller family size of one-parent families. These findings can be interpreted as contrary to LHT-P assumptions. They could, however, be due to the milder, more stable and more equitable environment in Canada in comparison to Brazil. In a sufficiently stable and bountiful environment, adverse circumstances may also cue individuals into postponing reproduction. A decline of populational fertility after economic adversity has been found before (Nolin & Ziker, 2016) and in LHT-P literature this is especially supported if such adversities are decoupled from levels or morbidity and mortality (Ellis et al., 2009). Finally the percentage of people who were divorced and separated were negative predictors of frequent reproduction. The same rationale applied for the similar finding in Chapeter 3 (US data) could be applied here: lower marriage rates and average marriage and divorce at a later age (Stone & Wingerter, 2024) could decouple divorce as a measure of parental availability early in life or it may extend the time frame in which the association between divorce and frequent reproduction would be observed. These results are nevertheless surprising considering the parental transition hypothesis (Ellis et al., 2003) and they could be due to lower marriage rates and marrying at a later age (Stone & Wingerter, 2024).
Unlike what was found in the analysis of the Brazil and US data, the percentage of Indigenous people in Canada’s census divisions was a significant and positive predictor of family size of one-parent families. In addition, the percentage of visible minorities in Canada’s dissemination areas was a significant and positive predictor of frequent reproduction. We interpreted that other variables that were not captured in these studies or that are commonly measured in LHT-P literature could explain this association. These other variables could also signal higher levels of harshness and unpredictability (e.g., employment and career opportunities discrimination, reduced institutional or social support, issues regarding cultural assimilation) or be associated with reproduction (e.g., a different perspective on reproduction and parenting), alternatively to LHT-P claims. Exploring some of these potential third variables motivated Chapter 5.
[bookmark: _Toc209610212]Findings in Canada – Indigenous people
In Chapter 5 we aimed to use the proportion of Indigenous people and variables that were not available in the Canadian census (Statistics Canada, 2024) as both the predictors and outcomes of this LHT-P developmental claim. The predictors were cost of living to income ratio, the percentage of single-parent households, and the violent crime index. Single-parent households is a variable that is present in the census, but we included as there are some findings that this is one of the best predictors of a faster life history strategy (Belsky et al., 2012; Ellis et al., 2003; Hartman et al., 2018) and violent crime is a category of measure that has been associated with unpredictability in the literature (Dinh et al., 2022; McLaughlin et al., 2021; Wilson & Daly, 1997). The outcomes of teenage pregnancy rates and birth rates were not available in the Census. Statistics Canada reported these variables for Provinces and territories level, so this was the level of analysis here.
We have found that the interaction between the percentage of Indigenous people and cost of living to income in 2005 is a significant predictor of both teenage pregnancy and birth rates in 2022. The main effect of Indigeneity, however, was a negative predictor of these outcomes. These two variables explained a remarkable proportion of the variance of teenage pregnancy and birth rates. Single parent households and violent crime indices highly correlated with the proportion of Indigenous people in Canada’s provinces and territories.
Indigenous people in Canada may, in the same direction as Black people and visible minorities in the US and Canada, be subjected to harshness and unpredictability not comprised in the measures in these studies. Having higher costs of living and potentially living in single parent households and more exposure to violent crime may be part of these particularly harsh and unpredictable environments. Once these effects are held constant – as we hypothesise that could be the case in the model with the effect of cost of living to income ration and the interaction between percentage of Indigenous people – the percentage of Indigenous people is actually negatively associated with teenage pregnancy and birth rates. We argue that the findings in this study can be illustrative of the structural inequities and disadvantages suffered by Indigenous people in Canada (Goghari & Kassan, 2022). Future research should explore in more depth these environmental contexts and how that would be associated with fertility levels. 
This chapter also supported LHT-P developmental claim. We tested the model with the interaction between proportion of Indigenous people and cost of living to income ratio, but using cross-sectional data (i.e., predictors and outcomes in 2022). The model performed worse with cross-sectional data than with longitudinal data.
[bookmark: _Toc209610213]Limitation and future directions
All studies in this dissertation used secondary data from governmental sources to test LHT-P assumptions. They all were exploratory studies aiming at seeing which variables would be significant (p ≤ .05; p ≤ .01) and/or relevant (β ≥ 0.1 or ΔR² between models ≥ .1) predictors of frequent or early reproduction. Therefore, they all suffer from the same limitations.
First of all, they all used populational or geographical level data (i.e., provinces, counties, municipalities or a group of blocks) to test an individual level developmental phenomenon: people who lived in harsh and unpredictable environments during childhood are more likely to reproduce early and more often than those in bountiful and stable environments. The most we could observe in these studies was that this populational association was observed and that it was strongest in models using longitudinal data than models using cross-sectional data or data using a reversed timeline. However, this does not mean that this association existed in the individual level. It is possible that confound variables were the explanation for the observed associations.
Events such as reproduction, populational data and secondary data are all subject to high levels of noise (Del Giudice, 2024; Trzesniewski et al., 2011). Aside from the biological components that determine reproduction, humans may use contraceptives which can confound fertility measures (Richardson et al., 2024) or even cause an association in the opposite direction, that is, between those with more resources and more stable lives (such as older married couples) with higher fertility  (Del Giudice, 2024; Stone & Wingerter, 2024). Large populational data sets are more susceptible to noise because they can vary in how data is collected (e.g., how questions are asked, the settings in which data is collected) and have more inconsistencies regarding missing data (Andersen et al., 2011; Trzesniewski et al., 2011). Because they are generally descriptive or correlational data, they are also obviously more susceptible to confounding variables. 
This is a limitation of the studies in this dissertation; however, they may also serve as testament to the strength of these findings. We found remarkable explanatory power of fertility measures with a longitudinal data. These findings were observed using data from 3 countries with different human development, education and health access levels. Finally, we observed lower explanatory power with cross-sectional data and with reversed timeline data. All of these could reveal that the association between predictors and outcomes were strong enough to be detected even in consideration of all sources of noise.
We did not consider alternative theories or explanations that could be predictive of reproduction. Women access to education, health care and employment (Roser, 2014), institutional support for youth and parents (Wodtke, 2013), subcultures and different ways of living (Romaniuk, 2008; Wilson, 1987) and major global events (Romaniuk, 1984) have all have been identified as predictors for populational birth rates.
Among these alternative explanations, similarities due to geographic proximity weren’t considered. Economic activity, urbanization level and cultural aspects are possible variables that would make neighbouring geographies similar. Since we are considering countries with big populations and large landmasses, even weather, biomes, proximity to the coast or to big metropolitan regions (e.g., New York, São Paulo or Toronto) could influence the predictors and outcomes in these studies. Future studies could include population density, which LHT-P theorize to influence life history strategies (Copping & Campbell, 2015; Ellis et al., 2009). Future studies could density measures or assess geographic similarities through stratified cross validation (Diamantidis et al., 2000), for example.
Cultural differences being confounds are particularly true when considering Indigenous people in Canada. Their ways of living and governance system have been set/cast to reservations and a Westernized/European colonial culture and governances has been brought upon them (Neu & Graham, 2006; Romaniuk, 2008). Many Indigenous people consider the birth of a child as a gift to the community, for example (Finestone & Stirbys, 2017). This certainly can influence birth and parenting practices.
All studies in this dissertation are exploratory in nature. Therefore, they are not suitable for hypothesis testing and neither for more formal modeling that LHT-P should aim for (Frankenhuis & Nettle, 2020; Nettle & Frankenhuis, 2020; Sear, 2020). This is study is a contribution to showing that there are good developmental or longitudinal predictors of reproduction in populations that are compatible with LHT-P assumptions. Future studies could use more confirmatory approaches and propose more refined models and set of hypotheses. 
[bookmark: _Toc209610214]Final conclusions
In this dissertation, we made two novel applications to LHT-P literature. First, we utilized country-wide population data to test LHT-P assumptions. We have used Census data from countries that occupy large landmasses, with populations that reach the dozens or hundreds of million of people and that differ in their stages of development and social welfare. The findings show that variables mainly indicative of harshness, compatible with LHT-P assumptions, can explain a remarkable variance of indicators of reproduction. 
Secondly, we have shown support for the developmental hypothesis. Models using data that separated predictors from outcomes by more than a decade could explain reproduction variables better than models that reversed the timeline or modes that used cross- sectional data. Again, this is also compatible with LHT-P claim that there is a critical period of development in which the environment cue individuals for different life history strategies (Ellis et al., 2003; Webster et al., 2014; Xu et al., 2018).
We have also found that the proportion of Black people, Hispanic of Latino people, Visible minorities and Indigenous people are significant predictors of reproduction outcomes in the US and Canada. The percentage of these populations are significant predictors even when considering other variables that are indicative of harshness and unpredictability that are also significant predictors of reproduction. This suggests that these populations are exposed to harsh and unpredictable environments in ways that are not being captured in traditional/common LHT-P literature. Colonialism (Romaniuk, 2008), racism (Canizales & Vallejo, 2021; Husbands et al., 2022), and discrimination in many settings (Bleich et al., 2019; Henry et al., 1985) are likely to help explain the reproduction practices/patterns in these populations (Pew Research Center, 2015; Statistics Canada, 2017). 
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