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A B S T R A C T

This study takes a socio-genomic approach to examine the complex relationships among three
important socioeconomic outcomes: educational attainment, occupational status, and wealth.
Using more than 8,000 genetic samples from the Health and Retirement study, it first estimates
the collective influence of genetic variants across the whole human genome to each of the three
socioeconomic outcomes. It then tests genetic correlations among three socioeconomic outcomes,
and examines the extent to which genetic influences on occupational status and wealth are
mediated by educational attainment. Analyses using the genomic-relatedness-matrix restricted
maximum likelihood method show significant genetic correlations among the three outcomes,
and provide evidence for both mediated and independent genetic influences. A polygenic score
analysis demonstrates the utility of findings in socio-genomic studies to address genetic con-
founding in causal relationships among the three socioeconomic outcomes.

1. Introduction

As one central concept in social science research, socioeconomic status (SES) is a complex construct comprising multiple traits or
outcomes that portray one's position in society, including educational attainment, occupational status, income, and wealth.
Conventionally, positive correlations between socioeconomic outcomes have been used to infer causal mechanisms of social re-
production and mobility (Blau and Duncan, 1967; Bourdieu and Passeron, 1977; Featherman and Hauser, 1976; Hout, 1988; Mare,
1993; Sewell et al., 1969; Teachman, 1987; Torche, 2005). The validity of such causal inferences, however, is threatened by un-
measured between-individual heterogeneity. One important source of between-individual heterogeneity is genetic variation (Stigler,
2005). If there is a genetically-related variable that is an independent cause of both outcomes, empirical estimates of causal re-
lationships are likely to be biased (i.e., genetic confounding). Consequently, this may result in ineffective or even detrimental policy
recommendations and tremendous wastes of resources (DiPrete et al., 2018).

Genetic confounding between two traits assumes three preconditions. First, both traits are heritable. Second, their heritability is,
to a large extent, attributable to a common set of genetic factors. Third, shared genetic influences on both traits operate through
independent pathways. If all these preconditions are satisfied, ignoring genetic measures would result in omitted variable biases in
the analysis. Assessing genetic confounding has proven challenging as few available datasets provide the measures to do so (Barnes
et al., 2014).

Recent advances in the genomic sciences and technology have enabled researchers to collect genetic markers from large, re-
presentative samples. This offers sociologists the opportunity to assess genetic confounding in causal analyses. Drawing on
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approximately 8,000 genetic samples from the Health and Retirement Study, this study examines the three preconditions of genetic
confounding in relationships among three important socioeconomic outcomes: educational attainment, occupational status, and
wealth. Using the genomic-relatedness-matrix restricted maximum likelihood method (GREML), analyses are conducted to (1) es-
timate the collective contribution of genotypes across the whole genome to each of the three socioeconomic outcomes, (2) assess
genetic correlations among the three socioeconomic outcomes, and (3) examine the extent to which genetic influences on occupa-
tional status and wealth are mediated by educational attainment. Moreover, polygenic score analyses are conducted to illustrate the
utility of polygenic scores in correcting for genetic confounding in causal relationships among the three socioeconomic outcomes.

2. Background and aims of the study

The causal relationship between education and other socioeconomic outcomes is one of social science's central themes. A large
and influential body of research has demonstrated that education produces knowledge and skills that can be translated into higher
productivity in the market place; it also helps develop social capital (i.e., relationships and networks) that increases the likelihood of
socioeconomic success in later life (Schultz, 1961; Becker, 1964; Sewell et al., 1969; Jencks, 1972, 1979; Sewell et al. 1975; Collins,
1979; Coleman, 1988; Farkas et al., 1997; Lin, 1999; Grodsky and Pager, 2001; Heckman et al., 2006). In addition to these ex-
planations, it is possible that links between education and other socioeconomic outcomes partially reflect unmeasured between-
individual heterogeneity due to genetic factors (Conley, 2001).

How do genes affect one's SES? First, genetic differences may contribute to variation in individual characteristics that are as-
sociated with socioeconomic achievement, such as cognitive ability, self-control, interpersonal skills, and financial decision-making
abilities (Belsky et al., 2016; Barth et al., 2018). Second, one's own or proximate others' genes may affect his or her selection of the
environment (i.e., gene-environment correlation, or rGE) (Plomin et al., 1977; Scarr and McCartney, 1983; Jaffee and Price, 2007;
Fletcher and Conley, 2013; Belsky et al., 2018; Liu, 2018; Wagner et al., 2013). For example, parents may create an educational
environment for their children that reflects their own heritable characteristics (Conley and Fletcher, 2017). There is also evidence
that individuals tend to make friends with, or marry, those who are genetically similar to them (Fowler et al., 2011; Boardman et al.,
2012a; Guo et al., 2014; Domingue et al. 2014, 2018; Conley et al., 2016).

Genetic factors may confound the relationship between two traits under three preconditions: (1) both traits are heritable; (2) the
heritability of both traits is largely attributable to common genetic factors; and (3) genetic influences on two traits operate through
independent pathways. Accordingly, to investigate genetic confounding in the relationship between educational attainment and other
socioeconomic outcomes, it is important to assess the heritability of these outcomes, the extent to which that their heritability is
attributed to shared genetic influences, and the extent to which genetic influences on other outcomes are mediated by education.

Genetic influences has been conventionally assessed using twins, adoptees, and other family data (e.g.,(Boardman et al., 2010;
Boardman et al., 2012b; Guo and Stearns, 2002; Nielsen, 2006; Nielsen and Roos 2015; Turkheimer et al., 2003). This approach,
however, relies on critical assumptions such as equal environments for identical and fraternal twins and an absence of assortative
mating (Goldberger, 1979). Recent advances in genomic science and technology have produced a tremendous amount of molecular
genetic data. Such data are increasingly available in large-scale social science datasets (e.g., the Health and Retirement Study, the
Fragile Families Study, the National Longitudinal Study of Adolescent to Adult Health, and the Wisconsin Longitudinal Study), and
provide social scientists unprecedented opportunities to study heritability without having to rely on family data. Recently, re-
searchers have started using these data in studies of genetic contributions to various traits related to SES, including intelligence and
educational outcomes (Domingue et al., 2016; Krapohl et al., 2015; Lee et al., 2018; Marioni et al. 2014; Rietveld et al. 2013a; Okbay
et al. 2016; Trzaskowski et al. 2014).

Aim 1 of this study is to assess genetic contributions to educational attainment, occupational status, and wealth using genome-
wide genotype data.

Quantitative geneticists have developed the concept of genetic correlation (rG) to assess the extent to which two traits share the
same genetic causes (Neale and Maes, 1996). The estimate of an rG between two traits ranges from −1 to 1. An rG of 0 indicates that
the effects of genetic variants on one trait are independent of the other; an rG of 1 indicates that all genetic effects on the two traits
are identical (i.e., two traits are influenced by overlapping or linked genetic variants); and an rG of −1 indicates that all genetic
effects on two traits are completely in opposite directions (i.e., genotypes that increase one trait will decrease the other). rG is
important as it provides information that cannot be captured by heritability estimates (Plomin et al. 1993). Although two traits may
individually have a larger heritability, their genetic correlation can still be low if, for example, both traits are affected by non-
overlapping and non-linked genetic variants.

Aim 2 of this study is to assess genetic correlations among educational attainment, occupational status, and wealth.
An important source of genetic correlation is pleiotropy, namely that one genetic variant influences multiple traits (Solovieff et al.

2013; Pickrell et al., 2016). Pleiotropy is complex, and it can occur for various reasons. It is likely that a single gene has multiple but
unrelated biological effects (i.e., biological pleiotropy). For example, a particular genetic variant can be a risk variant for both
prostate cancer and colorectal cancer (Manak et al. 2009; Wasserman et al. 2010). It is also possible that a gene modifies one trait,
which in turn, affects another trait (i.e., mediated pleiotropy). As an example, some genetic variants can be associated with both lung
cancer (Ahrens et al. 2008) and nicotine dependence (Thorgeirsson et al. 2008). The genetic variants are likely to influence lung
cancer by altering the level of nicotine dependence (Chanock and Hunter, 2008).

Understanding pleiotropic effects is critical for causal analyses (Boardman et al. 2015; Liu and Guo 2016; Wedow et al. 2018).
Fig. 1 demonstrates four scenarios of pleiotropic effects on three socioeconomic outcomes. Panel A represents a scenario in which
genetic causes for three outcomes are disjoint (i.e., no pleiotropy). In this scenario, causal analyses of relationships among the three
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socioeconomic outcomes will be unbiased if genetic factors are ignored. In the second scenario represented by Panel B, a causal
analysis of the effect of education on occupation or wealth also would not suffer from the omitted variable bias if genetic factors are
ignored as the genetic influences on occupation and wealth are completely accounted for by education. In the third scenario, re-
presented by Panel C, genetic influences on three socioeconomic outcomes operate independently. Thus, a failure to control for the
genetic factors in the analysis will lead to omitted variable biases. In the fourth scenario represented by Panel D, genetic influences on
occupation and wealth are partially mediated by education, and partially independent of education. Ignoring genetic factors will also
result in omitted variable biases.

Importantly, if the genetic influence on occupation or wealth operates through education, social policies aimed at equalizing
educational opportunities should also reduce inequality in occupational status or wealth. If, however, genetic influences on occu-
pation and wealth are largely independent of education, such policies would be less effective. A good understanding of the pleiotropic
effects is useful for predicting the effects of such policies.

Aim 3 of this study is to examine the extent to which genetic influences on occupational status and wealth are mediated by
education.

Recent developments in genome-sequencing technology have opened up a new field of scientific inquiry—socio-genomics
(Robinson et al. 2005). Socio-genomic studies have provided social scientists with great insight. They have identified specific mo-
lecular-level genetic variants associated with individual traits that are related, directly or indirectly, to SES. In particular, three
genome-wide association studies (GWAS) have identified more than 1,000 single nucleotide polymorphisms (SNPs) associated with
educational outcomes (Rietveld et al. 2013a; Okbay et al. 2016; Lee et al. 2018). Based on the results of these GWA studies, polygenic
scores (PGSs) have been developed as compound measures that aggregate estimates of multiple genetic effects on education (Belsky
et al. 2016, 2018; Conley et al. 2015, 2016; Conley and Domingue, 2016; Domingue et al. 2018; Liu and Guo, 2015; Trejo et al. 2018;
Wedow et al. 2018). These PGSs offer social scientists opportunities to assess complex causal relationships among socioeconomic
variables (Fletcher, 2018; Freese, 2018).

Aim 4 of this study is to demonstrate the utility of polygenic scores in addressing genetic confounding in the relationships among
educational attainment, occupational status, and wealth.

Heritability and genetic correlations can be complicated by population stratification. Non-European ancestry samples in HRS are
insufficient for GREML analyses that typically require large samples to produce robust results (Guo et al. 2015). Moreover, the
polygenic score analysis in this study is based on the GWAS findings for individuals of European ancestry. It is uncertain whether
these findings are replicable in other ancestral populations. To minimize confounding effects of population stratification, the analytic
sample is limited to individuals who self-reported as non-Hispanic Whites and whose genotypes are consistent with European-
ancestry populations.

3. Data

Data for this study come from the Health and Retirement Study (HRS). HRS is a longitudinal study of Americans over age 50
conducted every two years from 1992 to 2016. It collected information on economic, health, social, and other factors relevant to
aging and retirement. HRS includes six birth cohorts: the Study of Assets and Health Dynamics Among the Oldest Old (AHEAD [born
before 1924]); Children of Depression (CODA [born 1924–1930]); HRS [born 1931–1941]; War Babies (WB [born 1942–1947]);
Early Baby Boomers (EBB [born 1948–1953]); and Mid Baby Boomers (MBB [born 1954-60]).

Genetic Samples. DNA samples used in this study were collected from HRS participants between 2006 and 2008 using the Illumina
Human Omni-2.5 Quad beadchip, which covers approximately 2.5 million single nucleotide polymorphisms (SNPs). Of these samples,
12,507 passed standardized quality control processes of the University of Washington Genetics Coordinating Center (GCC). Among
these samples, 8,653 were from participants of European ancestry.

Socioeconomic Status Measures. This study focuses on three SES outcomes: educational attainment, occupational status, and

Fig. 1. Pleiotropic effects on education, occupation, and wealth.
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wealth. Educational attainment is measured using years of education (“What is the highest grade of school or year of college you
completed?”). Occupational status is based on respondents’ current job or the longest job for retirees. Occupational categories are
transformed into occupational prestige scores (NORC scale) before analysis. Wealth is based on household wealth (sum of all types of
assets, pensions, etc.). Income and wealth measures are both available in HRS. Wealth was chosen over income because research
shows that it is a more accurate measure of SES among older adults (Allin et al. 2009).

The SES measures are time-sensitive. For example, a high school degree might indicate high socioeconomic status for older
cohorts, but medium/low socioeconomic status for younger cohorts. To address this issue, within-cohort standardization was im-
plemented. Specifically, all three SES measures were recoded into relative indicators based on a baseline sample. The baseline sample
includes onset measures for all respondents (whether they provided DNA or not).1 The baseline sample was used for standardization
instead of the analytic sample to minimize potential biases due to sample attrition. Respondents were divided into 10 categories on
the basis of the 9 deciles of each of the three SES measures within each birth cohort in the baseline sample.2

4. Methods

4.1. Genomic-relatedness-matrix restricted maximum likelihood method

The GREML method is used to estimate the proportion of variance in the outcome that can be explained by SNPs (i.e., SNP
heritability) (Yang et al. 2011a). This method is based on genetic similarity between unrelated individuals estimated using SNP
information. GREML has also been used to estimate the SNP heritability of health and social outcomes including height (Yang et al.
2010), body mass index (Yang et al. 2011b), schizophrenia (Lee et al. 2012a), intelligence (Davies et al. 2011), personality traits
(Vinkhuyzen et al. 2012), subjective well-being (Rietveld et al. 2013b), and economic and political preferences (Benjamin et al.
2012). The GREML approach has been extended to estimate the genetic correlation (rG) between different traits (Lee et al. 2012b).
Details of the GREML method can be found in Section A of the Appendix.

4.2. Polygenic score method

While the GREML method is powerful in estimating SNP heritability and genetic correlation, it relies on a latent quantity (genetic
variance) instead of an observed measure of genotypes. Therefore, it cannot be used directly to correct for genetic confounding in
causal analyses. In contrast, polygenic scores (PGS) are observed measures that aggregate estimates of multiple genetic effects on a
phenotype. They can be utilized directly as control variables in regression analyses. PGS are typically based on existing GWAS results.
PGSs in this study were constructed using results from the most powerful GWAS on education to date (Lee et al. 2018). PGSs are
normally distributed in HRS. Larger PGSs are associated with higher levels of educational attainment. Table 1 shows the distribution
of the education PGS in HRS. Details of the PGS method can be found in Section B of the Appendix.

5. Analytic strategy

GREML analyses were conducted to assess the three preconditions of genetic confounding in relationships among the three
socioeconomic outcomes. First, univariate GREML analyses were performed to estimate SNP heritability of educational attainment,
occupational status, and wealth. Second, bivariate GREML analyses were conducted to estimate genetic correlations between so-
cioeconomic outcomes. Two likelihood ratio tests (LRT) were performed to compare the fitted model and a null model assuming no
genetic correlation (i.e., genetic effects on the two traits are independent) and the fitted model and a null model assuming perfect
genetic correlation (i.e., genetic effects on the two traits are identical). Third, GREML analyses were conducted to estimate genetic
variances ( )g

2 of occupational status and wealth controlling for educational attainment. A significant drop in the genetic variance
would indicate that genetic influences on the other two socioeconomic outcomes are mediated by education. Little to no change in
the estimate would indicate that genetic influences on occupation and wealth are independent of education.

To demonstrate the utility of polygenic scores in addressing genetic confounding in causal analyses, analyses were conducted
based on the education PGS. The education PGS was included in regression models estimating the association between two socio-
economic outcomes. A significant change in the association would indicate the importance of using genetic measures to reduce the
omitted variable bias.

To account for potential population stratification, all the analyses were adjusted for the first 10 principal components computed
from the genome-wide SNP data (Price et al. 2006). Moreover, GREML analyses require genetically unrelated individuals. Because
genetically related individuals often share living environments, including them in the analysis could lead to biased estimates of
genomic and environmental contributions (Yang et al. 2011a). Thus, individuals with a genetic relationship greater than .025 were
removed from the analytic sample. That resulted in a sample size of 7,861 in GREML analyses. In the PGS analysis, robust standard
error estimates were used to adjust for clustering in HRS (e.g., spousal pairs).

1 Sensitivity analyses were conducted based on wealth measured in different years. The major findings remain the same.
2 Sensitivity analyses were conducted based on outcomes using different coding strategies (e.g., respondents were divided in to more than 10

categories or less). The major findings remain, suggesting the findings in this paper are robust to different coding strategies.
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6. Results

6.1. Bivariate correlations

Table 2 presents bivariate correlations among the key study variables. Consistent with previous research, the three socioeconomic
outcomes are positively correlated with each other. Specifically, correlations between education and occupation, education and
wealth, and occupation and wealth are respectively .48, .29, and .23 (p < .01). The education PGS is significantly associated with all
three socioeconomic outcomes.

6.2. GREML analysis 1: SNP heritability of three socioeconomic outcomes

Table 3 displays univariate GREML results for estimating SNP heritability of educational attainment, occupational status, and
wealth. The estimated SNP heritability for education is 40% (SE = .06). As indicated by the significant p value (p < .01) at the
bottom, dropping the genetic component causes a significant loss of information in the model. The estimated SNP heritability is 35%
for occupational status (SE = .07, p < .01) and 31% for wealth (SE = .07, p < .01). The SNP heritability estimate, however, may
vary by sample due to measurement error, gene-environment interaction, or other factors (Boardman et al. 2015; Conley et al. 2015;
Domingue et al. 2016; de Vlaming et al. 2017; Krapohl and Plomin, 2015; Okbay et al. 2016; Lee et al. 2018; Marioni et al. 2014;
Rietveld et al. 2013a; Tropf et al. 2017; Trzaskowski et al. 2014).

6.3. GREML analysis 2: genetic correlations among three socioeconomic outcomes

Table 4 demonstrates results of bivariate GREML models estimating genetic correlations between socioeconomic outcomes. As the
results show, 40% (SE = .06, p < .01), 35% (SE = .07, p < .01), and 32% (SE = .07, p < .01) of the variances in educational
attainment, occupational status, and wealth, respectively, are explained by genome-wide SNPs. These estimates are consistent with
the SNP heritability estimates in Table 3 produced by univariate GREML models. The genetic correlation between education and
occupation is estimated to be .73 (SE = .10, p < .01 in the test for rG=0 and p < .01 in the test for rG=1), between education
and wealth .82 (SE = .13, p < .01 in the test for rG= 0 and p= .10 in the test for rG= 1), and between occupation and wealth .60
(SE = .14, p < .01 in the test for rG= 0 and p < .01 in the test for rG=1). All genetic correlations are significantly greater than 0,
suggesting that the three socioeconomic outcomes are influenced by a common set of genetic variants. Moreover, most genetic
correlations are significantly smaller than 1 (with the exception of the genetic correlation between education and wealth), suggesting
that genetic effects on the three socioeconomic outcomes are not identical. Some genetic variants that have relatively larger effects on
some outcomes may have smaller or no effects on others.

6.4. GREML analysis 3: pleiotropic effects

Table 5 shows results of testing for pleiotropic effects. After controlling for education, the estimated genetic variance of occu-
pational status is reduced by 49%, but it remains statistically significant (see Column 1). This result indicates both mediated and
independent genetic influences. Specifically, about half of the genetic influence on occupational status operates through education,
and the rest is independent of education. The SNP heritability drops to 24% (SE = .07, p < .01), which means that given education,
about a quarter of the remaining variation in occupational status can be explained by genome-wide SNPs.

Table 1
Summary statistics of key variables in the HRS genetic sample.

Variable Mean SD

Education (years of school) 13.16 2.57
Occupation (Occupational prestige score) 45.12 12.75
Wealth (thousand dollars) 527.30 1782.49
Education Polygenic Score -.31 .16

Note: Summary statistics of the four variables are based on raw values before standardization.

Table 2
Bivariate correlations between key variables.

Education Occupation Wealth Education PGS

Education 1
Occupation .48∗∗ 1
Wealth .29∗∗ .23∗∗ 1
Education PGS .33∗∗ .22∗∗ .21∗∗ 1

Note: Bivariate correlations are calculated using standardized variables.
∗p < .05; ∗∗p < .01 (two-tailed tests).
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Similarly, results in Column 2 show that the estimated genetic variance of wealth drops by 43% after controlling for education but
remains statistically significant. Again, this result indicates both mediated and independent genetic influences on wealth. The SNP
heritability drops to 20% (SE = .07, p < .01), suggesting that given education, one-fifth of the remaining variation in wealth can be
explained by genome-wide SNPs. The results do not change much when occupational status is included as an additional control
variable in the model (see Column 3).

Table 3
Genomic and environmental contributions to three socioeconomic outcomes.

Education Occupation Wealth

Genetic Variance 3.58(.65) 2.22(.48) 2.37(.56)
Residual Variance 5.42(.45) 4.20(.33) 5.22(.39)
Phenotypic Variance 9.00(.25) 6.42(.18) 7.59(.21)
SNP Heritability .400(.06) .35(.07) .31(.07)
logL −12007.98 −10775.52 −11460.42
logL0 −12024.63 −10766.71 −11470.17
LRT 33.30 22.38 19.51
p-value .00 .00 .00
Sample Size 7,861 7,861 7,861

Note: All models control for the largest 10 principal components for adjusting population stratification. Numbers in parentheses are
standard errors. LRT represents the likelihood ratio test statistic for testing if adding genetic measures to the model improves the
model fit.

Table 4
Genetic correlations among three socioeconomic outcomes.

T1: Education
T2: Occupation (1)

T1: Education
T2: Wealth (2)

T1: Occupation
T2: Wealth (3)

Genetic variance
T1 3.61(.65) 3.60(.65) 2.24(.48)
T2 2.21(.48) 2.40(.55) 2.42(.56)
Cov(T1, T2) 2.05(.44) 2.41(.44) 1.40(.37)
Residual variance
T1 5.40(.45) 5.41(.44) 4.18(.33)
T2 4.21(.33) 5.20(.39) 5.19(.39)
Cov(T1, T2) 1.76(.30) .40(.31) .45(.26)
Phenotypic variance
T1 9.01(.25) 9.01(.25) 6.43(.18)
T2 6.42(.18) 7.60(.21) 7.61(.21)
SNP Heritability
T1 .40(.06) .40(.06) .35(.07)
T2 .35(.07) .32(.07) .32(.07)
rG Test
rG .73(.10) .82(.13) .60(.147)
p-value (rG=0) .00 .00 .00
p-value (rG=1) .00 .10 .01
Sample Size 7,861 7,861 7,861

Note: All models control for the largest 10 principal components for adjusting population stratification. Numbers in parentheses are standard
errors. Two likelihood ratio tests (LRT) are performed to compare the fitted model and a null model assuming no genetic correlation (i.e.,
rG= 0), and the fitted model and a null model assuming perfect genetic correlation (i.e., rG= 1).

Table 5
Pleiotropic effects on three socioeconomic outcomes.

Occupation (controlling for education) Wealth (controlling for education) Wealth (controlling for education and occupation)

Genetic Variance 1.13(.36) 1.35(.50) 1.32(.50)
Residual Variance 3.68(.26) 5.38(.36) 5.33(.35)
Phenotypic variance 4.81(.14) 6.73(.19) 6.65(.19)
SNP Heritability .24 (.07) .20(.07) .20(.07)
logL −9778.46 −11143.74 −11100.88
logL0 −9783.45 −11147.62 −11104.71
LRT 9.98 7.75 7.65
p-value .00 .00 .00
Sample Size 7,861 7,861 7,861

Note: All models control for the largest 10 principal components for adjusting population stratification. Numbers in parentheses are standard errors.
LRT represents the likelihood ratio test statistic for testing if adding genetic measures to the model improves the model fit.
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Based on results from the GREML analyses, all three preconditions of genetic confounding are satisfied. It implies that ignoring
genetic influences when estimating causal relationships among the three socioeconomic measures will result in omitted variable
biases. The next section of results will demonstrate how polygenic scores can be used to correct such biases.

6.5. Polygenic score analysis

Table 6 displays results of PGS analyses for occupational status. Consistent with prior studies and the bivariate results, Models 6.1
and 6.2 show that both educational attainment and the education PGS are significantly associated with occupational status
(p < .01). The Sobel test was conducted to test the significance of the mediating effect of education on the association between the
education PGS and occupation (Sobel, 1982). After education is controlled, the effect size of the education PGS drops by 70% (Sobel
test p < .01), but its coefficient remains significant (see Model 6.3). When the education PGS is controlled, the estimate of the
association between education and occupation drops by 5%.

Table 7 demonstrates results of PGS analyses for wealth. Models 7.1–7.3 show that educational attainment, occupational status,
and the education PGS are significantly associated with wealth (p < .01). Education mediates about 41% of the association between
the education PGS and wealth, and occupation medicates 20% of the association (Sobel test p < .01) (see Models 7.4 and 7.5). When
both education and occupation are controlled, the coefficient of the education PGS is reduced by 43% (Sobel test p < .01), but
remains significant (see Model 7.7). Accordingly, the influence of education-related genotypes on wealth is partially independent of
education and occupation. In this case, the association between education or occupation and wealth drops by about 15% after
controlling for the education PGS.

6.6. Supplementary analysis

When genotypes were collected in HRS, AHEAD respondents were at least 83 years old and CODA were at least 76 years old. This
mean that a member of older cohorts had to live to a much more advanced age to be included in the analytic sample. The retention of
healthier, more affluent participants in older cohorts may lead to results that cannot be generalized to a broader population.

To examine the influence of sample attrition, two sensitivity analyses were conducted. First, all models were re-estimated based
on a subset of the analytic sample excluding AHEAD and CODA that have a higher proportion of robust survivors. Then, inverse
probability weights were calculated for participants in the analytic sample based on variables including birth year, sex, age at entry,
educational attainment, smoking, and overall health. Models were re-estimated adjusting for the inverse probability weights
(Domingue et al. 2017). As a result, most of the adjusted results were similar to the original results (see Tables A1-A5 in the
Appendix).

Moreover, GREML analyses were conducted using combined samples of all ancestries. The main results are similar to those based
on only samples of European ancestry (see Tables A1-A3 in supplementary materials). This is likely due to the overwhelming majority
of European descents in the sample. The relatively small samples of other ancestral groups do not afford sufficient statistical power
for stratified GREML analysis. In addition, analyses were also conducted for males and females separately, but no evidence of

Table 6
Coefficients (standard error) of regression models predicting occupation status using educational attainment and polygenic
scores.

Model 6.1 Model 6.2 Model 6.3

Education .41(.01)∗∗ .39(.01)∗∗

Education PGS .52(.03)∗∗ .16(.03)∗∗

Adjusted R2 .23 .05 .23
Sample Size 7,867 7,867 7,867

Note: The education PGS is residualized on the first ten principal components to adjust for population stratification. Standard
error estimates were corrected for clustering in HRS.
∗p < .05; ∗∗p < .01 (two-tailed tests).

Table 7
Coefficients (standard error) of regression models predicting wealth using educational attainment, occupational status, and polygenic scores.

Model 7.1 Model 7.2 Model 7.3 Model 7.4 Model 7.5 Model 7.6 Model 7.7

Education .27(.01)∗∗ .23(.01)∗∗ .22(.01)∗∗ .19(.01)∗∗

Occupation .25(.01)∗∗ .21(.01)∗∗ .13(.01)∗∗ .12(.01)∗∗

Education PGS .54(.03)∗∗ .32(.03)∗∗ .43(.03)∗∗ .31(.03)∗∗

Adjusted R2 .08 .05 .04 .10 .08 .10 .11
Sample Size 7,867 7,867 7,867 7,867 7,867 7,867 7,867

Note: The education PGS is residualized on the first ten principal components to adjust for population stratification. Standard error estimates were
corrected for clustering in HRS.
∗p < .05; ∗∗p < .01(two-tailed tests).
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systematic gender differences was found.
Finally, research has shown that the association between PGS and outcomes may be attributed to parenting effects (Kong et al.

2018; Liu, 2018). In this study, associations between the education PGS and three socioeconomic outcomes may be confounded by
parental influences related to genetics such as parental education. To examine this possibility, PGS analyses were re-conducted
controlling for parental education. Indeed, the effect size of the education PGS was reduced after controlling for parental education.
Yet, the results of mediation and genetic confounding analyses were similar to original results (see Tables A4-A5).

7. Discussion and conclusions

This study makes significant substantive and methodological contributions to social stratification and mobility research.
Sociologists have long been interested in structural influences on stability and mobility of socioeconomic status over the life course
and across generations (Blau and Duncan, 1967; Bourdieu and Passeron, 1977; Featherman and Hauser, 1976; Hout, 1988; Mare,
1980; Sewell et al. 1969; Teachman, 1987; Torche, 2005). Understanding the genetic architecture of socioeconomic outcomes is
crucial for such research. Importantly, the genetic architecture of socioeconomic outcomes is socially structured. In an open society
with more opportunities for mobility, the heritability of socioeconomic outcomes is expected to be higher. In other words, the
heritability of socioeconomic outcomes is a measure of social mobility (Adkins and Guo, 2008; Guo and Stearns, 2002; Nielsen, 2006;
Nielsen and Roos, 2015). Moreover, causal inference of relationships among socioeconomic outcomes is subject to genetic con-
founding. If two different socioeconomic outcomes are genetically correlatd, then the estimate of causal relationship between them is
likely to be biased.

This study first examines the overall contribution of genetic variants across the human genome to the three outcomes. GREML
analyses show that genome-wide SNPs explain respectively 40%, 35%, and 33% of the variations in educational attainment, occu-
pational status, and wealth in HRS. Since education is typically completed in early adulthood and occupation and wealth play a more
important role in determining SES later in life, the declining SNP heritability may imply that as an individual ages, his or her SES is
more likely a consequence of contextual opportunities and constraints, rather than intrinsic characteristics determined by genes. This
hypothesis, however, cannot be directly tested due to a lack of consistent life-course SES measures in HRS.3 Future research may test
this hypothesis using data sources that include such measures. Another possible source of the variations in the SNP heritability
estimates might be measurement errors in the outcomes. Larger measurement errors may result in downward bias in the estimation of
SNP heritability.

Second, this study investigates genetic correlations among different socioeconomic outcomes. The results demonstrate that
educational attainment, occupational status, and wealth are, to a large extent, associated with overlapping or linked genetic variants.
In particular, the genetic correlation between education and occupation (.73) and that between education and wealth (.82) are
greater that the genetic correlation between occupation and wealth (.60). Despite the potential influence of measurement errors, this
result highlights the central role of education in an individual's socioeconomic trajectory across the life course. Education involves the
navigation of a complex institutional setting during childhood, adolescence, and young adulthood. Importantly, this is likely the time
in life when one's genes may evoke particular responses and subsequent environment. This is consistent with recent research showing
that genetic correlation is situated in and shaped by social context (Wedow et al. 2018).

Third, this study provides evidence that, after controlling for education, estimates of genetic variances of occupation and wealth
drop by 40–50%, yet remain significant. These results are indicative of a mixture of mediated and independent genetic influences in
relationships among the three outcomes (see Panel D in Fig. 1). Put together, these findings suggest that all three preconditions of
genetic confounding are satisfied in the relationships among educational attainment, occupational status, and wealth. It implies that
omitting genetic control variables may result in biases in the estimation of the causal relationships among the three socioeconomic
outcomes.

These findings also have important implications for social mobility research. While previous studies have consistently found
strong correlations between educational attainment and socioeconomic outcomes in later life, there is a large component in the
residual of later-life socioeconomic outcomes not predicted by education (e.g., 75% of the variance in occupational status and 90% of
the variance in wealth are not explained by educational attainment in HRS). The analysis in the present study shows that about one-
fifth of the variances in the residual of occupational status and wealth (i.e., variances not explained by educational attainment) can be
ascribed to genetic factors, and the rest are ascribed to non-genetic factors or measurement errors.

The fourth contribution is methodological. As genetic factors were unobservable, previous analytical strategies developed to
correct for genetic confounding typically treated genetic factors as latent variables based on critical assumptions (Conley and
Rauscher, 2013; Fujiwara and Kawachi, 2009; Kohler et al. 2011).4 Recently available genome-wide genotype data provide so-
ciologists with the opportunity to advance causal methods. This study demonstrates the utility of PGS based on these recent socio-
genomic studies. The PGS constructed based on the study of Lee et al. (2018) explains up to 15% of the associations among edu-
cational attainment, occupational status, and wealth. This indicates that a remarkable proportion of the statistical associations among
three socioeconomic outcomes can be attributed to the confounding effects of the genetic variants included in the calculation of the

3 HRS includes longitudinal measures of income and wealth in late adulthood, but no such measures are available for earlier stages in the life
course (i.e., before age 50).
4 The models are typically in a fixed-effects model framework assuming that the dependent variable and the independent variable are influenced

by common genotypes and the genetic influence is time invariant.
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education PGS.
Yet, the PGS in this study is based on genetic variants associated with educational attainment. It is likely that other genetic

variants not covered by this PGS may play a role in relationships among the socioeconomic outcomes. More advanced methods may
be needed to address genetic confounding (see(Vansteelandt et al. 2009; Conley et al. 2015; DiPrete et al. 2018). In addition, it is
important to incorporate non-genetic environmental confounders in the analysis. There are also non-genetic strategies such as in-
strumental variables to identify a causal effect.

This study can be expanded and improved in several ways. Research has shown that in addition to pleiotropy, genetic correlations
may have other causes such as genetic nurturing effects (Kong et al. 2018), and cross-trait assortative mating (Keller et al. 2013).
Genetic nurturing effects refer to effects of parental genotypes that operate through the nurturing environment. Genetic correlation
between different traits may rise if these traits are affected independently by parenting factors. Cross-trait assortative mating happens
when individuals mate based on different traits. If these traits are heritable, cross-trait assortative mating may cause a statistical
correlation between the increasing alleles across the traits, inducing a positive genetic correlation. To examine these possibilities,
future research needs to conduct intergenerational analyses using genetic measures from multiple generations.

Moreover, measured SNPs may be differently correlated with the causal variants due to variations in linkage disequilibrium (LD)
across ancestral populations (e.g., one measured SNP may be highly correlated with the true but unmeasured causal variant in one
population but not in another) (Reich et al. 2001). Thus, estimates of SNP heritability and genetic correlation based on the same SNPs
might vary across different ancestral populations. There is also evidence that genetic influences and genetic correlations may vary by
age, gender, country, birth cohort, and socioeconomic status (Branigan et al. 2013; Heath et al. 1985; de Vlaming et al. 2017; Ge et al.
2017; Guo and Stearns, 2002; Lee et al. 2018; Perry, 2016; Tropf et al. 2017; Turkheimer et al. 2003; Wedow et al. 2018). The
analytic sample in this study does not afford sufficient statistical power for robust moderation analyses. Future studies may extend the
current analysis to investigate social moderation of genetic influence and genetic correlation when more data become available.

Finally, specific mechanisms of genetic effects on SES remain unclear. Although genotypes are fixed at birth, socio-environmental
factors may lead to epigenetic modifications that regulate gene expression. Changes in epigenetic mechanisms may lead to changes in
individual behavior, which in turn, contribute to changes in SES. Currently large-scale human studies of epigenetic mechanisms are
still rare, and the relationship between socioeconomic outcomes and epigenetic modifications is not well understood. In the future,
developments in epigenetic technology in conjunction with increasingly available large-scale data will facilitate our understanding of
specific mediating mechanisms through which changes in social context shape genetic influences on traits related to SES.
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