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ARTICLE INFO ABSTRACT
Keywords: “While educational systems have expanded, regional and social disparities in attainment remain
Rural-urban gap remarkably persistent. This study integrates social stratification research with behavioural ge-

Educational attainment
Gene-environment interaction (GXE)
Polygenic index (PGI)

netics to examine how macro-level regional opportunity structures and micro-level family envi-
ronments moderate the genetic influence on education. Using data from the National
Longitudinal Study of Adolescent to Adult Health (Add Health) and a Polygenic Index (PGI) for
educational attainment, we test a Gene-by-Environment-by-Environment (GXExE) framework.
Contrary to social enhancement and compensation models, our results indicate that genetic as-
sociations with education are stable across both rural/urban contexts and varying socioeconomic
backgrounds. However, we find a significant interaction between family SES and urbanicity:
urban environments amplify the advantages of high-SES families, whereas rural contexts appear
to act as a “leveller” that constrains opportunities regardless of social background. These findings
suggest that regional macro-structures do not moderate genetic associations directly but instead
condition the efficacy of social and cultural capital. Our study underscores the necessity of
incorporating macro-level institutional contexts into genetically informed models of inequality.”

1. Introduction

Since the 20th century, Western education systems have significantly expanded, aiming to provide universal educational attain-
ment (Jackson, 2013). While some forms of educational inequality — such as gender disparities (Autor et al., 2016; Buchmann et al.,
2008; Herd et al., 2019) — have changed dramatically during this process, other dimensions of inequality have proven more persistent
(Pfeffer, 2008; Van De Werfhorst and Mijs, 2010). In particular, social and regional disparities have shown relatively little systematic
change over recent decades, with children of higher socioeconomic backgrounds and urban areas consistently attaining higher levels of
education in the United States (Marré, 2017). Given the long-term consequences of educational attainment over the life course,
including higher income, better health and greater life satisfaction and the rural-urban gap in all these outcomes (Byun et al., 2012;
Hummer and Hernandez, 2013; Kahneman and Deaton, 2010), understanding the interplay between social and regional inequality
remains an important task for both sociologists and policymakers. For sociologists, the task is to uncover the specific mechanisms
through which rural and urban contexts shape educational trajectories. For policymakers, this understanding is crucial to move beyond
“one-size-fits-all” solutions and design targeted, place-based educational policies that can effectively address the distinct barriers faced
by students in non-metropolitan areas (Showalter et al., 2019; Tieken, 2014).

Various explanations have been proposed to account for social and regional inequality in educational outcomes, including
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individual and contextual differences with respect to resources and aspirations (Bourdieu et al., 1977; Coleman, 1988; Sewell et al.,
1969; Stocké et al., 2019). However, relatively few studies have examined social and regional inequality simultaneously, particularly
in terms of how regional opportunity structures shape the mechanisms that sustain social inequality in educational attainment (Byun
etal., 2012; Wepling and Bechler, 2019). Rural environments often lack essential resources, schooling options, and infrastructure — all
of which have been associated with lower academic performance, graduation rates and educational attainment (Ramos et al., 2016).
While these structural conditions may generally impede educational attainment in rural areas, children from higher socioeconomic
backgrounds may be better positioned to compensate for these disadvantages. Families with greater resources may be able to access
scarce local educational opportunities (e.g., affording specialized educational services or leveraging high-achieving social networks).
As a result, rural educational constraints may amplify social inequality in educational attainment (Roscigno and Crowle, 2001).

While family characteristics are central in understanding educational inequality, sociological research has previously largely
neglected that genetic differences are an important element. Like many other individual traits and behaviours, education possesses a
substantial genetic component, meaning that individual differences in educational attainment can be partly attributed to genetic
differences between individuals (Belsky et al., 2016; Branigan et al., 2013; De Zeeuw et al., 2015; Lee et al., 2018; Okbay et al., 2016,
2022; Polderman et al., 2015; Silventoinen et al., 2020). Indeed, the intergenerational similarity in education is partly genetically
confounded, meaning that children attain similar levels of education to their parents not only because of socialization but also because
they resemble each other genetically (Baier et al., 2022; Cheesman et al., 2020; Eifler and Riemann, 2022; Halpern-Manners et al.,
20205 Liu, 2018; Nivard et al., 2022, 2024; Van Hootegem et al., 2025). More importantly, genes and environment work together to
create differences between individuals. A growing body of research suggests that the genetic influence on educational attainment is
shaped by social structures and environmental changes. For example, shifts towards more meritocratic systems and educational re-
forms have been linked to an increased role of genetic effects (Colodro-Conde et al., 2015; Heath et al., 1985; Pettersson, 2025; Rimfeld
et al., 2018; Sporlein et al., 2025). These findings align with a gene-environment (GxE) perspective which posits that social envi-
ronments can condition the extent to which genes play a role (Cheesman et al., 2025; Harerimana et al., 2025; Mills and Tropf, 2020;
Silva et al., 2025; Stienstra et al., 2024; Uchikoshi and Conley, 2021).

Regional disparities may represent a similar type of GxE interaction, wherein the limited structural opportunity in rural areas
constrains the extent to which genetic differences influence educational attainment. GxE also exists at the level of the family. Prior
behavioural genetics studies suggest that family environments in high-status families tend to be more enriching, reducing environ-
mental variability and thereby highlighting genetic influences on education-related outcomes (Baier and Lang, 2019; Breinholt and
Conley, 2020; Ghirardi and Bernardi, 2025; Silva et al., 2025; Turkheimer et al., 2003). Conversely, among lower-status families,
environmental factors play a much larger role in shaping educational outcomes suggesting that these families experience lower levels
of equality of opportunity. Overall, structural conditions — whether at family or regional level — serve as vital facilitators of genetic
influences, thereby contributing to the manifestation of broader patterns of inequality.

In this article, we integrate research on social and regional inequality in educational attainment with insights from the GxE
behavioural genetics literature. We examine whether and to what extent an individual's social background enhances educational
opportunities or compensates for their lack. Following the basic premise of equality of opportunity research using genetically informed
data (Engzell and Tropf, 2019; Herd et al., 2019), we propose a gene-by-environment-by-environment interaction (GXExE), where the
magnitude of genetic associations with educational attainment depends not only on the immediate family environment as captured by
the social background, but also on the broader regional opportunity structure. While a growing body of research scrutinizes how
environments moderate genetic influences, the environment itself is often narrowly defined as familial SES or, at most, the immediate
neighbourhood (Haughbrook et al., 2016; Trejo et al., 2018). Our study expands this scope by conceptualizing the rural-urban divide as
a macro-environmental context, thus bridging the gap between micro-level GxE interactions and macro-level structural conditions.

To test our hypotheses, we rely on data from the National Longitudinal Study of Adolescent to Adult Health (Add Health) which
provides detailed academic histories for a large sample of genotyped individuals. To capture genetic differences between individuals,
the Add Health data provides a Polygenic Index (PGI) for educational attainment which summarises genetic associations with
educational attainment for each individual (Okbay et al., 2022).

2. Literature review

A substantial and persistent urban-rural gap in U.S. educational attainment is well documented. Recent USDA reports (Farrigan
etal., 2024; Pender et al., 2019) show that 35% of the urban population holds at least a bachelor's degree, compared to only 21% of the
rural population (Marré, 2017). Given that rural areas comprise about one-fifth of the U.S. population — 46 million residents in 2024
(Farrigan et al., 2024) — these disparities are societally consequential. Urban areas also exhibit higher average SES compositions,
indicating different opportunity structures for children across regions (Wang, 2024).

To explain these disparities, we draw on the regional opportunity structures framework (Bernard et al., 2023), which conceptu-
alizes regional inequalities as arising from the interaction of individual resources with the availability, accessibility, and quality of
context-specific opportunities. We apply this perspective to reconstruct arguments centred on resources and aspirations.

2.1. Resources and aspirations
Families differ systematically in their economic, cultural, and social resources (Boudon, 1974; Jackson, 2013; Stocke et al., 2019).

Higher-SES families provide educational support — private tuition, extracurricular activities, enriched learning environments — that
foster academic achievement (Baier and Lang, 2019; Bourdieu, 1986; Lareau, 2011; OECD, 202.3; Sirin, 2005). Resource-poor families



J.T. Linarte and C. Sporlein Social Science Research 135 (2026) 103324

face constraints that generate home environments less aligned with school demands, potentially hindering development (Cheadle and
Amato, 2011; Hoff, 2006; Uchikoshi and Conley, 2021).

These mechanisms matter strongly in regional contexts, where educational decisions are shaped by local constraints (Jackson,
2013). Rural areas often provide fewer curricular options and weaker labour markets (Byun et al., 2012; Roscigno and Crowle, 2001),
amplifying the negative consequences of low family SES. Empirical work shows that lower SES strongly predicts rural students’
reduced postsecondary outcomes and higher dropout rates relative to urban peers (Adelman, 2006; Paasch and Swaim, 1995).

Resource disparities are also evident at the school level (Apple et al., 2010; Banerjee et al., 2007; Behrman et al., 2010; Behrman
and Birdsall, 1983; Naylor and Smith, 2004; Fertig and Wright, 2005). While evidence on rural-urban school differences is mixed
(Blackwell and McLaughlin, 1998; Howley and Gunn, 2003; Sewell et al., 1969; Williams, 2005; Young, 1998), rural students
disproportionately come from families with lower parental education and fewer financial resources (Farrigan et al., 2024). Because U.
S. public schools rely heavily on local property taxes, more affluent communities generate greater funding and higher-quality facilities,
while rural schools generally receive fewer resources per pupil (Chetty and Friedman, 2010; Showalter et al., 2019). Consequently,
rural schools tend to be smaller, less well-equipped, and offer fewer academic programs (Brown and Schafft, 2018; Tayyaba, 2012).

Aspirations constitute another key mechanism (Sewell et al., 1969; Stocké et al., 2019). Higher-status families cultivate high
educational expectations as part of maintaining social position, both directly and through exposure to information, role models, and
cultural contexts that reinforce educational success (Chohan and Khan, 2010; Eccles and Wigfield, 2002; Hartung and Hillmert, 2019;
Lareau, 2011). However, aspiration formation varies regionally. Rural areas — marked by economic disadvantage and limited struc-
tural opportunities — tend to foster lower educational aspirations, even among relatively advantaged families (Koricich et al., 2018).
Mismatches between local labour-market skill demands and higher-education qualifications further reduce perceived returns to col-
lege (Brown and Schafft, 2018). Empirical evidence shows that rural students remain less likely than urban peers to attend college
(McCracken and Barcinas, 1991). In contrast, urban contexts provide richer informational environments and more frequent contact
with highly educated individuals, thereby supporting higher aspirations (Barone et al., 2016; Hartung and Hillmert, 2019).

2.2. Gene-environment interactions: enhancement and compensation

The effectiveness of resources and aspirations depends partly on individuals’ general abilities, which have a substantial genetic
component (Ayorech et al., 2019; Krapohl et al., 2014; Mills and Tropf, 2020; Plomin and Von Stumm, 2018; Polderman et al., 2015;
Savage et al., 2018). Twin studies attribute roughly half of the variance in cognitive and educational outcomes to genetic differences
(De Zeeuw et al., 2015; Polderman et al., 2015). Similarly, studies using Polygenic Index (PGI) underscore strong positive associations,
with a one standard deviation PGI increase predicting up to one additional year of schooling (Domingue et al., 2015; Ghirardi et al.,
2024; Lin, 2020; Okbay et al., 2022; Procopio et al., 2025). Yet, these associations are not immutable; rather, they vary depending on
social conditions - such as educational expansion, political change, or normative shifts — constituting gene-environment interactions
(Cheesman et al., 2022; Erola et al., 2020; Fraemke et al., 2025; Ghirardi and Bernardi, 2025; Herd et al., 2019; Knigge et al., 2022;
Lahtinen et al., 2023; Ruks, 2022; Stienstra et al., 2024; Stienstra and Karlson, 2023; Trejo et al., 2018). From a theoretical perspective,
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Fig. 1. Two hypotheses on the interaction between PGI for education and family SES on educational outcomes.
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the magnitude of genetic influence serves as a key indicator of equality of opportunity, as stronger genetic effects imply weaker as-
sociations with ascribed characteristics such as SES (Baier, Eilertsen, et al., 2022; Baier et al., 2022; Engzell and Tropf, 2019; Harden,
2021; Plomin, 2019; Rowe et al., 1999; Scarr-Salapatek, 1971). Importantly, genetic propensity does not determine achievement but
interacts dynamically with contextual conditions (Morris et al., 2020).

Two competing GXE models are central: enhancement and compensation. The enhancement model (Rowe et al., 1999; Scarr-Sala-
patek, 1971) posits that advantaged environments strengthen genetic associations, whereas resource-poor environments suppress
them (Giangrande et al., 2019; Tucker-Drob and Bates, 2016; Turkheimer et al., 2003; Woodley of Menie et al., 2018). Empirical
support for this model appears more consistent in the U.S. compared to Europe or Australia (Ghirardi et al., 2024). Conversely, the
compensatory model argues that high-SES families offset lower genetic abilities through intensive investments to prevent downward
mobility (Arold et al., 2022; Bernardi, 2014; Bernardi and Triventi, 2020; Dierker and Diewald, 2025). These mechanisms yield
distinct empirical signatures: enhancement anticipates widening SES gaps at higher PGI levels, whereas compensation anticipates
widening gaps at lower PGI levels (see Fig. 1).

Thus far, neither hypothesis has been directly tested in a rural-urban setting, where regional opportunity structures simultaneously
shape family SES effects and the strength of genetic associations. Rural regions exhibit fewer educational resources and lower aspi-
rational climates, raising the question of how families of different backgrounds navigate these constraints.

Following enhancement framework, providing enriched learning environments is significantly more difficult in rural areas, where
schools have fewer resources, extracurriculars are limited, and community-level aspirational cues are weaker. Consequently, high-SES
rural families face greater barriers to cultivating children's potential than their urban counterparts. We thus expect the SES-stratified
PGl-attainment association to display a stronger enhancement pattern in urban areas, producing larger SES gaps at higher PGI levels.

In contrast, the compensatory model predicts that high-SES families invest to offset low abilities. Because remedial services are
scarcer in rural settings, such compensatory investments are more challenging overall. However, high-SES families should still be
better positioned than others to access scarce resources. Accordingly, we expect compensation dynamics to appear more strongly in
rural areas, generating larger SES gaps at lower PGI levels. These hypotheses do not imply that either pattern is exclusive to one
context; rather, they suggest that regional structures make one investment strategy more feasible than the other.

3. Data & methods
3.1. Data

The National Longitudinal Study of Adolescent to Adult Health (Add Health) is a longitudinal and nationally representative study of
adolescents in the United States who were in grades 7-12 during the 1994-1995 school year. The initial sample was drawn from a
probability sample of 80 high schools and 52 middle schools, stratified by region, urbanicity, school type, ethnic mix, and size. Data
were collected across five waves: Wave 1 1994-1995 (N = 20745), Wave 2 1996 (N = 14738), Wave 3 2001-2002 (N = 15179), Wave 4
2008-2009 (N = 15701), and the most recent Wave 5 2016-2018 (N = 12300). The surveys include in-depth interviews with par-
ticipants, as well as questionnaires administered to parents and school representatives. The study also includes an oversample of
siblings, who were genotyped at Wave 4 using saliva samples to obtain genetic markers.

3.2. Sample

The final analytical sample was constructed through the following selection process. Consistent with standard practice in genomic
research, we restricted the sample to individuals of European genetic ancestry, as Polygenic Indices are predominantly derived from
Genome-Wide Association Studies (GWAS) conducted on European-ancestry populations. From this subset, individuals for whom PGIs
and survey design data were available were selected. The proportion of missing values in the sample necessitated specific analytical
strategies (Fig. 1A in Appendix A). Employing a listwise deletion approach would have entailed the elimination of a substantial number
of individuals and statistical power. Therefore, to mitigate bias of a complete-case analysis approach and leverage the available data
more efficiently, we employed a multiple imputation procedure to handle missing values. The method produces unbiased estimates of
the true standard errors and adjusts the variance of an estimator based on a sampling function, such that the uncertainty created by the
missing information is accounted for correctly (Van Buuren, 2018). To maximize efficiency and the computational power, 25 imputed
datasets were created with 20 iterations using the mice package in R. Variables related to genetic measures and survey design were not
imputed. The pre- and post-imputation diagnostics are available in Appendix A. To test if the imputation biased our results, we also ran
the same analysis using listwise deletion, which results can be found in the sensitivity analysis.

Following imputation, we randomly selected one individual per family within each of the 25 imputed datasets to establish a
between-family design and maximize statistical power for detecting the gene-environment interaction. We are aware that a between-
family design can produce biased estimates due to gene-environment correlation (rGE); however, the data are not suitable to run a
more rigorous within-family design. We discuss the potential limits arising from this decision in the conclusions.

As Abdellaoui et al. (2019) pointed out, individuals with higher PGI levels for educational attainment tend to migrate out of
economically deprived regions. In the U.S. context, this dynamic is exacerbated by the geographic distribution of educational
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Fig. 2. Histogram of educational attainment by region.

infrastructure (Hillman et al., 2021). While we acknowledge that excluding regional migrants may induce selection bias, including
them would introduce significant measurement error regarding the environmental exposure (Urban vs. Rural), obscuring the specific
GxE mechanism we aim to test. Consequently, we restricted the sample to individuals who remained in their region until high school
completion. As a result, 120 individuals classified as “movers” were dropped (for classification details, see Appendix B), representing
just 2% of the sample, which suggests that the potential for selection bias is minimal. After applying these restrictions, we ran the
analysis on a final analytical sample of N = 4915.

3.3. Measures

3.3.1. Dependent variable

Educational Attainment. We operationalize educational attainment as the total number of years of education completed at Wave
4, when respondents were, on average, over 27 years old and most had completed their formal education. The variable was derived
from the survey question, “What is the highest level of education that you have achieved to date?”. Following the methodology of
Domingue et al. (2015) we converted these categorical responses into a continuous measure of years of schooling. In this sample, the
average educational attainment is 14.2 years.

3.3.2. Independent and moderating variables

Polygenic Index for Educational Attainment (PGI-EA). We use the PGI for educational attainment provided by Add Health at
Wave 4. A Polygenic Index is a summary score that aggregates the thousands of small associations of genetic variants with the outcome.
The specific variants correlating with educational attainment and their effect sizes were estimated in independent genome-wide as-
sociation studies (GWAS). As such, a PGI represents the estimated additive genetic association for a phenotype (Okbay et al., 2022).
The PGI for Educational Attainment (PGI-EA) used in this study was derived from the GWAS by Lee et al. (201 8).! GWAS and the
resulting PGI cover by no means all genetic associations with an outcome as the focus on common genetic markers missing out on rare
variants (Young, 2022). Moreover, PGIs have been shown to also capture social or environmental variation thereby showing some
degree of social confounding (Burt, 2024). For these reasons, PGIs should be considered imperfect approximations of genetic asso-
ciations. For the purpose of our analyses, the PGI-EA was standardized to a mean of 0 and a standard deviation of 1.

Family Socioeconomic Status (SES). Family SES is operationalized using a constructed variable by Add Health at Wave 1, based
on parent-reported information on four correlated indicators: parental education, parental occupation, household income, and
household receipt of public assistance. Add Health employed a principal components analysis to create a continuous factor score. We

1 While a newer GWAS summary statistic is available (Okbay et al., 2022), this score has not yet been integrated into the public Add Health
release. Consequently, we rely on the Lee et al. (2018) score, consistent with other recent applications of this dataset (e.g., Weng, 2025).
Furthermore, we restrict our analysis of educational attainment to Wave 4 (ages 28-30) rather than including Wave 5. This decision minimizes panel
attrition while ensuring that the window of observation is sufficient to capture completed formal education for the vast majority of the cohort,
consistent with prior literature (Domingue et al., 2015).



J.T. Linarte and C. Sporlein Social Science Research 135 (2026) 103324

standardized it to a mean of 0 and a standard deviation of 1.

Urban vs. Rural Residence. To capture the regional context, we relied on Rural-Urban Commuting Area (RUCA) codes derived
from the 1990 U.S. Census and linked to respondents’ addresses at Wave I. RUCA codes classify census tracts using measures of
population density, urbanization, and daily commuting flows. While the original data provides a 10-point scale of regional differ-
entiation (U.S. Department of Agriculture, Economic Research Service, 2025a), we followed the Add Health guidelines to aggregate
these into four primary categories (Godwin, 2024): (1) Urban, N = 3763; (2) Large Rural City/Town, N = 333; (3) Small Rural Town, N
= 441; and (4) Isolated Small Rural Town, N = 378. Due to limited sample sizes in the rural sub-categories, we further operationalized
the data into a binary variable. The last three categories were combined into a single “Rural” indicator, while the first remained
“Urban.” This binary classification is consistent with approaches used in prior literature (e.g., Lawrence et al., 2017), and also part of
the census guidelines (U.S. Department of Agriculture, Economic Research Service, 2025b). To ensure this aggregation process, we also
conducted a sensitivity analysis using the original four-category classification. In our analytical sample, 3762 individuals (77%)
resided in urban areas, while 1153 (23%) resided in rural areas. Notably, this distribution aligns closely with U.S. Census Bureau data
from the 1990s (U.S. Bureau of the Census, 1992).

3.3.3. Control variables

All models include a set of standard control variables. We control for the first 10 genetic principal components (PCs) to account for
population stratification, a standard procedure in genetic association studies (Abdellaoui and Verweij, 2021; Price et al., 2006). We
also control for biological sex and age.

Descriptive statistics for the analytical sample can be found below in Table 1.

3.4. Analytical strategy

To test our hypotheses, we use Ordinary Least Squares (OLS) regression to estimate a three-way gene-by-environment-by-envi-
ronment (GXEXE) interaction model.? Our analytical strategy proceeds in three steps. First, we estimate a baseline linear regression
model for educational attainment that includes the PGI-EA, family SES, and the urban/rural indicator, alongside all control variables
(vector Xi) (Eq. (1)).

Yi=p0 + B1PGI — EAi + p2SESi -+ p3Urbani + p4Xi + ei (Eq.1)

Second, we introduce the GxEXE interaction term between the PGI-EA, family SES, and the urban/rural indicator (Eq. (2)). To
control for potential confounders, we also include interaction terms between our main variables of PGI, SES, Urban and all control
variables (Keller, 2014).

Yi=p0 + p1PGIi + B2SESi + f3Urbani + p4(PGli x SESi x Urbani) + p5Xi + p6(PGli x Xi) + p7(SESi x Xi) + p8(Urbani x Xi)
+ el
(Eq.2)

We estimate all models with robust standard errors clustered at the school level, stratified by region, and weighted, as suggested by
the Add Health documentation (Chen, 2014).

All analyses were conducted on the 25 imputed datasets and the results were pooled using Rubin's rules (Van Buuren, 2018), which
produce the final standard errors by combining the average within-imputation variance with the variance between imputed estimates,
thereby explicitly accounting for the uncertainty introduced by the imputation process (Rubin, 1987). For each of the models tested,
we extracted the coefficients of interest along with their corresponding standard errors. These values were then combined to produce a
single pooled estimate, a pooled standard error, and a 95% confidence interval. Furthermore, the R? values were pooled using Fisher's
r-to-z transformation (Harel, 2009). To ensure reproducibility, the R script for all analyses presented in this paper is publicly available
at https://github.com/Josuelinter/GxE-Rural-Urban.

4. Results

We begin with a descriptive analysis, examining the distribution of educational attainment, family SES, and the PGI-EA across
urban and rural contexts.

As shown in Fig. 2, the difference in the average years of education between the two areas is minimal. However, an analysis of the
distribution reveals subtle but substantive distinctions. Rural areas exhibit a higher concentration of individuals with lower educa-
tional attainment (10-12 years), whereas urban areas display a thicker tail at the upper end of the distribution (14+ years), indicating
a higher prevalence of post-secondary and postgraduate education. It is important to note that datasets with genetic data are often
subject to selection bias, over-representing individuals with higher educational attainment. The lack of a strong systematic difference

2 Given the sample size requirements for detecting complex interactions, we conducted a post-hoc sensitivity power analysis following the
approach of Ghirardi et al. (2024). We calculated the minimum incremental R-squared required to yield a statistically significant result in an F-test,
assuming a statistical power of 0.80 and an alpha of 0.05. With our final analytical sample (N = 4915), the study is sufficiently powered to detect an
incremental increase in R-squared as small as 0.0012 (0.12%) for the interaction terms.
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Table 1

Descriptive statistics of the analytical sample.
Variables Mean SD Min Max
Educational Attainment 14.2 2.16 8 20
PGI-EA 0 1 —4.14 3.40
Family SES 0 1 -3.96 2.77
Urban 0.77 0 1
Female 0.53 0 1
Age 28.4 1.7 24 34
N 4915

Notes: Mean, standard deviations, min and max values. Descriptives of the first 10 principal components of genetic ancestry not shown.

in our sample could, therefore, be part of this mechanism. The distribution of family SES reveals a clearer pattern (see Fig. 3). Lower-
SES families are more prevalent in rural areas, while the urban sample comprises a significantly larger proportion of families from
higher socioeconomic groups. Fig. 4 displays the distribution of the PGI-EA showing essentially no difference across the contexts.

To formally test these distributions, we employed both t-test and Kolmogorov-Smirnov (K-S) tests. The t-tests indicated a statis-
tically significant difference in means (p-value <0.05). Note that such results are likely driven by the large sample size. However, the
K-S test for the PGI-EA was not statistically significant, indicating that the overall shape of the genetic distribution is identical across
rural and urban populations. This is an important finding as it will enable us to highlight the influence of social environmental dif-
ferences in the absence of meaningful genetic differences across rural and urban areas.

Before turning to the regression models, we addressed the potential for Gene-Environment Correlation. Consistent with previous
literature (D. Belsky et al., 2018; Biroli et al., 2025; Zhou et al., 2024), we found that family SES is not independent of an individual's
genotype (see Fig. 5). The bivariate analysis indicates a positive correlation between PGI-EA and family SES (r = 0.24). Given this
substantial overlap — and the fact that family SES is a strong predictor of education (r = 0.46) — we interpret our results recognizing that
genetic associations may partly reflect environmental advantages, and conversely, environmental effects may partially capture genetic
confounding. The consequences of such correlation will be discussed in the limitations.

Table 2 presents the results of our regression models. In the baseline model (Model 1) a one standard deviation increase in the PGI-
EA is associated with an increase of 0.61 years of education. When we introduce the family SES indicator, the PGI association decreases
(Model 2: p = 0.38 SD), as family SES is also positively associated with educational attainment. Specifically, one standard deviation in
family SES is associated with 0.89 years more of schooling. This attenuation reflects the rGE discussed above since a portion of the PGI
effect in Model 1 is mediated through, or confounded by, family socioeconomic background. Model 3 allows the association between
the PGI to vary across family SES but does not show any statistically significant moderation.

We then test our main hypothesis on the GXEXE interaction. Model 4 represents the association between the PGI-EA and educational
attainment conditioned on family SES and regional setting. Contrary to our hypothesis that investigates the different pattern of
enhancement or compensation hypothesis, we did not find a statistically significant result (p = 0.048 SD, p-value = 0.577). This indicates

Rural D Urban

2 -1 0 1 2
Family SES (Standardized)

Fig. 3. Average distribution of Family SES by region.
Notes: Family SES standardized with mean 0 and SD 1.
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Fig. 4. Average distribution of PGI-EA by region.
Notes: PGI-EA standardized with mean 0 and SD 1.
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Educational Attainment @ 0.29 0.46 0.1 012 -0:02

Fig. 5. Correlation matrix.
Notes: Crossed cells (“X”) indicate non-significant coefficients (p-value >0.05).

that the moderating role of family SES on the genetic association with education does not differ significantly between rural and urban
contexts. However, while the genetic interaction was null, Model 4 reveals a significant interaction between family SES and Urban
indicator (f = 0.204 SD, p-value <0.05). This finding suggests that the relationship between family background and educational
attainment is conditional on the living area.

Fig. 6 illustrates the nature of the three-way interaction by plotting the predicted educational attainment across different levels of
family SES and the PGI. The findings highlight two key patterns. In rural areas (left side), the slopes remain parallel across the SES
spectrum, indicating that high-SES families in rural areas do not gain any disproportionate advantage in converting genetic potential
into attainment compared to lower-SES families. In urban areas (right side) we observe a steeper gradient for family SES. While the
genetic slopes do not significantly fan out, confirming the null three-way interaction, the gap between low and high SES is significantly
wider in urban settings. Consequently, the data seem to support that urban environments facilitate high-SES families. A result that
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Table 2
Regression models of the gene x family SES x urban interaction on educational attainment (N = 4915).
Educational Attainment (¢)) ) 3) @
PGI-EA 0.617%** 0.383*** 0.343%** 0.447%*
(0.044) (0.035) (0.055) (0.072)
Family SES 0.898*** 0.917*** 0.757%***
(0.052) (0.068) (0.084)
Urban (ref: No) Yes —0.152 —0.152 0.020
(0.124) (0.122) (0.152)
PGI-EA x Family SES 0.071 0.042
(0.039) (0.072)
PGI-EA x Urban -0.138
(0.072)
Family SES x Urban 0.204*
(0.095)
PGI-EA x Family SES x 0.048
Urban (0.086)
Control variables X X X
Control interaction X X
Constant 14.145%** 14.038%** 14.013%** 13.845%**
(0.087) (0.112) (0.114) (0.129)
R-squared 0.062 0.255 0.261 0.271

Notes: Controlled for the PCs, sex, and age in all models. Further interactions controlled in model 4. Robust standard errors (SE) in parentheses; SE
clustered by school classes; ***P < 0.001, **P < 0.01, *P < 0.05. All continuous independent variables are z-standardized prior to the analyses.

Multiple imputation used to fill missing data (m = 25).

Margins GxExE (PGI-EA * SES * Urban)

Rural

18

16

14

12

Educational Attainment

Family SESSD —- 2 -+ 1

PGI-EA

Urban

Fig. 6. Socially stratified relationship between PGI and educational attainment across rural and urban areas.
Notes: Controlled for the PCs, sex, age and interaction with Keller adjustments. Numeric values of family SES indicate standard deviation changes.



J.T. Linarte and C. Sporlein Social Science Research 135 (2026) 103324

underlines how such families may be more effective at leveraging their resources to increase educational attainment, independent of
their children's genetic score.

4.1. Sensitivity analyses

We replicate the analysis using a continuous measure of neighbourhood status. This approach allows us to test that the observed
differences between rural and urban environments reflect structural constraints rather than simple within wealth variation. We
replaced the binary Urban-Rural indicator with a continuous measure of neighbourhood income. Table 1B (in Appendix B) shows the
main results. The new model yields two critical insights. First, we observe a significant main effect of neighbourhood income (f = 0.21,
p-value = 0.010), meaning that residing in a richer neighbourhood is independently related with educational attainment regardless of
genetic associations or family background. Second, the three-way interaction between PGI-EA, family SES, and Neighbourhood Income
is not statistically significant (p-value = 0.907), just as the PGI-EA x Neighbourhood. This contrasts with our primary model, where the
interaction with the Urban context was significant. Such results suggest that the main analysis is robust, and that the moderation of this
effect is specific to urban dimensions. These findings indicate that the specific stratification patterns observed in our main analysis are
not artifacts of neighbourhood wealth. Instead, the urban effect likely captures distinct structural characteristics that exist in urban
cities but are absent in rural areas, even those of comparable economic standing.

Second, we performed a robustness check using the full four-category RUCA classification (Table 2B in Appendix B): Urban
(Reference), Large Rural City, Small Rural Town, and Isolated Rural Town. The analysis revealed that the main effects of the polygenic
score and SES remained consistent with the main model. We observed a significant negative interaction between SES and the Isolated
Rural Town category (f = —0.399, p-value <0.001). However, no significant interactions were found regarding the polygenic score
across the varying rural categories, nor were any three-way interactions statistically significant, which is in line with our main analysis.
It is important to note that the sample sizes for the disaggregated rural categories are small compared to the Urban category (76% of
sample). The resulting scarcity of data in the rural subgroups likely reduced statistical power and, indeed, produced large confidence
intervals, particularly for higher-order interactions.

And finally, to assess the robustness of the main results, we replicated the final model using listwise deletion and compared it to the
multiple imputation estimates (Table 3B in Appendix B). The listwise deletion approach resulted in a substantial reduction in sample
size, dropping from N = 4915 in the imputed model to N = 3573, a loss of approximately 27% of the observations. As shown in
Table 3B, the direction and magnitude of the key interaction term (SES x Urban) remain consistent across both approaches (p IM =
0.20; p LS = 0.17). However, the effect in the listwise model fails to reach statistical significance (p-value = 0.07). This discrepancy is
attributable to the reduced statistical power inherent in the smaller listwise sample. Consequently, the MI model is preferred as it
maximizes the use of available information, preserves statistical power, and corrects for potential biases associated with discarding
incomplete cases.

5. Summary and conclusion

This article integrates G x E research with the study of regional disparities to move beyond analyses limited to the family envi-
ronment. We seek to disentangle the relationship between macro-level contexts such as urban and rural areas and micro-level pro-
cesses. Our findings using Add Health data confirm that the PGI for educational attainment and family socioeconomic status are robust,
predictors of education. However, the place of residence was not a significant predictor on its own. Critically, our analysis reveals that
the association between genetic influences and educational attainment is not moderated by family resources or regional settings. We
found no support for a G x E interaction in this context; consequently, our data do not support either the Scarr-Rowe (enhancement) or
compensation models of interaction. This aligns with recent work running similar analyses and data (e.g., Ghirardi and Bernardi, 2025;
Trejo et al., 2018).

What appears to matter more in this scenario is the interplay between family SES and the regional context. We observe a larger gap
between social classes in urban areas compared to rural ones, independent of the PGI indicator. Hence, urban environments are
resource-rich enough to allow high-SES families to leverage their advantages effectively, whereas rural environments may act as a
leveller by constraining opportunities for all.

This dynamic could stem from structural constraints; rural areas often lack the educational resources and higher education in-
stitutions found in cities, requiring individuals to migrate to achieve advanced degrees. While there is no direct association between
the urban-rural indicator alone and attainment, the significant relationship between family SES and urban residence implies that
presence in an urban area is necessary but insufficient. To capitalize on urban opportunities, families must possess the right resources —
cultural and social capital — potentially facilitating access to better schools or fostering higher educational aspirations due to proximity
to universities (Wang, 2024; Zahl-Thanem and Rye, 2024).

In rural contexts, however, individuals may have to rely more heavily on their own specific combination of socioeconomic and
genetic resilience to navigate the life course. While not statistically confirmed here, this pattern would align with research on deprived
neighbourhoods (Harerimana et al., 2025; Hartung and Hillmert, 2019; Silva et al., 2025), suggesting that high PGI might be asso-
ciated with resilience traits that help individuals mitigate the lack of regional opportunities.

Ultimately, our results underscore the profound importance of the institutional context. The patterns observed in the U.S. likely
differ from those in countries with more egalitarian educational systems (Cheesman et al., 2022, 2025). The highly stratified nature of
American society creates a context that enables higher-SES families to translate their resources into educational advantages more
directly.
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The following limitations should be considered in future research. First, the Polygenic Index is an imperfect measure of biological
markers (Burt, 2024). Although PGIs reflect a linear predictor of an outcome, they are subject to biases from population stratification,
assortative mating, and genetic nurture (Alemu et al., 2025; Blanc et al., 2025). Consequently, they depend on the environmental
factors and demographics of the discovery sample, meaning the association between a PGI and an outcome cannot be interpreted as an
immutable biological relationship. While we addressed population stratification by controlling for genetic ancestry following standard
practices (Abdellaoui and Verweij, 2021), bias remains a concern. Future research should prioritize within-family or trio designs when
data allow, or include family fixed effects in GWAS analyses to reduce bias from assortative mating and gene-environment correlations
(Biroli et al., 2025).

Second, gene-environment correlation remains a significant challenge. The gold standard in behavioural genetics is to control for
familial confounders to isolate causal effects, but the Add Health dataset lacks the parental genotype data necessary for a within-family
design. Consequently, we relied on a between-family design, meaning our results may be biased by passive rGE. For instance, parents
with genotypes conducive to education may provide environments that foster learning (genetic nurture) and are also more likely to
have higher SES and reside in specific regions (Breinholt and Conley, 2020; Kong et al., 2018). Since SES acts as a mediating mech-
anism in many G x E studies and influences residential selection, it is plausible that the relationship between family SES and urban
residence is partly driven by genetic factors rather than purely social ones. We therefore caution that our results should be interpreted
as associations rather than causal relationships.

Furthermore, active rGE may also be at play. Individuals with a higher genetic propensity for education may selectively migrate to
urban areas to access higher education, creating a correlation between genetics and regional environment (Abdellaoui et al., 2019,
2022). Although we restricted our sample to individuals who remained in the same environment until age 18 to mitigate this, avoiding
selection bias entirely is difficult.

Third, the issue of endogeneity persists. G x E interactions are most clearly identified when genetic endowments and environ-
mental factors are exogenous to each other. However, in the current state of the art, exogenous genetic measures are rare (Biroli et al.,
2025), and our environmental measures (SES and residence) are likely endogenous, potentially reflecting parental or individual ge-
netics. Future research should aim to exploit exogenous environmental shocks, such as social reforms, to better identify these in-
teractions and distinguish true G x E from G x G or E x E effects.

Fourth, the Add Health data are left-censored, as the study began when participants were already adolescents. We lack data on early
childhood environments, a critical period for cognitive development when environmental factors have a fundamental impact (Ruiz
et al., 2016). A more complete geographical history would enhance accuracy. Additionally, our analysis relies on a broad govern-
mental definition of urban and rural areas. Some areas classified as rural may exhibit urban characteristics regarding opportunities,
and vice versa. Future work would benefit from multidimensional measures of regional context.

Finally, sample size constraints and the age of the data must be noted. A common limitation in gene-environment interaction
research is the requirement for very large sample sizes to detect complex effects (Domingue et al., 2020). To address this, we conducted
a post-hoc sensitivity power analysis. The analysis indicated that our study was sufficiently powered to detect very small effects.
However, given the complexity of GXEXE models, the risk of spurious findings or measurement error remains a limitation, highlighting
the importance of replication with larger samples. Moreover, the regional contexts from the initial waves are now dated; contemporary
policies addressing “left-behind” regions (Rodriguez-Pose, 2018) may have altered the dynamics observed in our study.

Notwithstanding these limitations, we contribute to the social stratification literature by demonstrating that the interplay between
genes and environment is contingent on macro-level structures. We highlight the necessity of not only integrating genetic measures
into stratification models but also of using theories from social stratification to disentangle the social mechanism behind behavioural
genetic findings. We believe that a greater integration of sociological theory is crucial for a clearer understanding of how life course is
shaped by both genes and social environments.
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Fig. 1A. Diagnosis pre-imputation.

Notes: The bar chart (left) indicates the proportion of missingness per variable, and the grid (right) depicts the combination of missing values
between variables. Red indicates missing values. The counts of missing observations are as follows: Neighbourhood Income (n = 1444), Proportion
Rural (n = 1330), Residential Mobility (n = 1296), and Family SES (n = 211). The Urban variable (n = 1328) shown here is a pre-registered measure
utilized solely as an auxiliary variable to inform the imputation process; it is distinct from the final urban/rural classification used in the

main analysis.
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Fig. 2A. Diagnostic plot after-imputation.
Notes: Differences in the distribution of imputed data and the observed data for the movement variable. It is the variable with most missing values in

the main analysis. Imputation method logreg.
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Fig. 3A. Diagnostic plot after-imputation.
Notes: Differences in the distribution of imputed data and the observed data for the family SES variable. Imputation method pmm.

Fig. 4A
Diagnostic plot after-imputation.
Notes: Differences in the distribution of imputed data and the observed data for the urban variable.
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Fig. 5A. Diagnostic plot after-imputation.
Notes: Differences in the distribution of imputed data and the observed data for the neighbourhood income variable. Imputation method pmm.
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Fig. 5B. Diagnostic plot after-imputation.
Notes: Differences in the distribution of imputed data and the observed data for the proportion of rural area. Imputation method pmm.

Appendix B. Results from Sensitivity Analysis

Movers Variable

We created the variable of the movement across regions with the following method. While the Rural-Urban Commuting Area
(RUCA) codes were available for Wave 1, they were absent for Wave 2. Thus, it would have been impossible to use solely the RUCA
variable to capture the regional changes before high school.

To address the missing data in Wave 2, we employed a strategy using the continuous “Proportion Rural” variable available in both
waves. We calibrated our definition of urban using the intersection of RUCA codes and population density in Wave 1. By analysing the
empirical distribution of the proportion of rural population within the subsample classified as urban by RUCA, we identified a high
concentration of residents in purely urban environments. Specifically, the 75th percentile of the distribution was located at a rural
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proportion of 0.01. This indicated that for the vast majority of respondents in administratively defined urban areas, the proportion of
rural population was 1% or less. Consequently, to ensure strict comparability between Wave 1 and Wave 2, we established a con-
servative threshold of <0.01 (1%) rural population density to define the Urban context.

This threshold was applied identically to both waves to generate a binary environmental context variable.

@ Urban: Proportion Rural <0.01
@ Non-Urban/Rural: Proportion Rural >0.01

The final Mobility variable (movers) was constructed to identify respondents who experienced a shift in their living environment. A
respondent was coded as a “Mover” (1) if their environmental classification changed between waves (i.e., transitioning from Urban to
Non-Urban, or vice versa). Respondents who moved residence but remained within the same environmental classification (e.g., Urban
to Urban) were coded as “Non-Movers” (0) regarding contextual exposure.

Table 1b
Replication with Neighbourhood Income (N = 4915)
Educational Attainment (€D)] (2) 3) 4
PGI-EA 0.6167*** 0.376%** 0.338%** 0.344**
(0.044) (0.035) (0.054) (0.054)
Family SES 0.826%** 0.847%** 0.843%**
(0.053) (0.066) (0.06)
Urban (ref: No) Yes 0.179** 0.176%* 0.211%
(0.065) (0.06) (0.079)
PGI-EA x Family SES 0.068 0.074
(0.039) (0.040)
PGI-EA x Urban —0.061
(0.062)
Family SES x Urban 0.076
(0.048)
PGI-EA x Family SES x —0.005
Urban (0.047)
Control variables X X X
Control interaction X X
Constant 14.145%** 13.900%** 13.876%** 13.852%**
(0.087) (0.072) (0.073) (0.075)
R-squared 0.062 0.258 0.265 0.272

Notes: Controlled for the PCs, sex, and age in all models. Further interactions controlled in model 4. Robust standard errors (SE) in pa-
rentheses; SE clustered by school classes; ***P < 0.001, **P < 0.01, *P < 0.05. All continuous independent variables are z-standardized
prior to the analyses. Multiple imputation used to fill missing data (m = 25).

Table 2b
Replication with Urban 4 Categories (N = 4915)

Educational Attainment m 2 3) “@
PGI-EA 0.617%*** 0.385%** 0.344%** 0.221
(0.044) (0.035) (0.055) (0.132)
Family SES 0.908%** 0.926%** 0.980%**
(0.052) (0.068) (0.133)
RUCA (ref: Urban) Large, Rural City —0.017 0.003 —0.407
(0.213) (0.06) (0.079)
Small, Rural Town 0.171 0.162 —0.033
(0.123) (0.122) (0.282)
Isolated Rural Town 0.362 0.350 0.172
(0.211) (0.213) (0.108)
PGI-EA x Family SES 0.071 0.088
(0.039) (0.045)
PGI-EA x Large, Rural City 0.164
(0.103)
x Small, Rural Town —0.016
(0.142)
x Isolated, Rural Town 0.172
(0.108)
Family SES x Large, Rural City —0.039
(0.136)
x Small, Rural Town —0.081
(0.146)
x Isolated, Rural City —0.398%**
(0.094)

(continued on next page)
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Table 2b (continued)

Educational Attainment @ 2) 3) @
PGI-EA x Family SES x 0.015
Large, Rural City (0.152)
Small, Rural Town —0.046
(0.119)
Isolated, Rural Town -0.114
(0.117)
Control variables X X X
Control interaction X X
Constant 14.145%* 13.378%** 13.357%** 13.394%**
(0.087) (0.136) (0.132) (0.153)
R-squared 0.062 0.257 0.263 0.280

Notes: Controlled for the PCs, sex, and age in all models. Further interactions controlled in model 4. Robust standard errors (SE) in parentheses; SE
clustered by school classes; ***P < 0.001, **P < 0.01, *P < 0.05. All continuous independent variables are z-standardized prior to the analyses.
Multiple imputation used to fill missing data (m = 25).

Table 3b
Regression Analysis Without MICE (N = 3573)

Educational Attainment [€))] 2) 3) (€3]
PGI-EA 0.626%** 0.379%** 0.362%** 0.366%*
(0.046) (0.037) (0.057) (0.094)
Family SES 0.916%** 0.923%** 0.778*%*
(0.048) (0.062) (0.086)
Urban (ref: No) Yes —0.254* —0.252* —-0.107
(0.120) (0.122) (0.163)
PGI-EA x Family SES 0.029 —0.019
(0.042) (0.076)
PGI-EA x Urban —0.007
(0.089)
Family SES x Urban 0.174
(0.095)
PGI-EA x Family SES x 0.057
Urban (0.092)
Control variables X X X
Control interaction X X
Constant 14.164%** 14.138%** 14.116%** 13.991%**
(0.085) (0.113) (0.117) (0.139)
R-squared 0.054 0.239 0.237 0.264

Notes: Controlled for the PCs, sex, and age in all models. Further interactions controlled in model 4. Robust standard errors (SE) in pa-
rentheses; SE clustered by school classes; ***P < 0.001, **P < 0.01, *P < 0.05. All continuous independent variables are z-standardized
prior to the analyses.
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