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Abstract

We investigated the extent to which performance on standardized achievement tests, executive function (EF), and aggression 

in childhood and adolescence accounted for the relationship between a polygenic score for educational attainment (EA PGS) 

and years of education in a community sample of African Americans. Participants (N = 402; 49.9% female) were initially 

recruited for an elementary school-based prevention trial in a Mid-Atlantic city and followed into adulthood. In first and 

twelfth grade, participants completed math and reading standardized tests and teachers reported on participants’ aggression 

and EF, specifically impulsivity and concentration problems. At age 20, participants reported on their years of education and 

post-secondary degrees attained and their genotype was assayed from blood or buccal swabs. An EA PGS was created using 

results from a large-scale GWAS on EA. A higher EA PGS was associated with higher education indirectly via adolescent 

achievement. No other mediating mechanisms were significant. Adolescent academic achievement is thus one mechanism 

through which polygenic propensity for EA influences post-secondary education among urban, African American youth.

Keywords Educational attainment · Polygenic score · Achievement · Executive function · Aggression · Childhood · 

Adolescence

Introduction

The last decade has witnessed a revolution in our ability 

to process and analyze molecular genetics information that 

has facilitated novel studies of genetic variation associated 

with education attainment (EA) and related phenotypes, 

correlates, and outcomes. Despite advances in molecular 

genetics technologies and NIH efforts to increase recruit-

ment of diverse populations (H3Africa Consortium 2014), 

most of the genetic discoveries on EA, in addition to other 

phenotypes, have included predominantly individuals of 

European descent (Hindorff et al. 2018; Mills and Rahal 

2019). The failure to include diverse populations, such as 

African Americans, is a significant problem given differ-

ences in environmental experiences (e.g., poverty, Albre-

cht et al. 2005) and allele frequencies across ethnic groups 

(1000 Genomes Consortium 2015) that may limit gener-

alizability of findings derived from samples of European 

descent (H3Africa Consortium). Indeed, a number of stud-

ies have indicated an attenuation in the variance accounted 

for when the sample ancestry from genetic discoveries does 

not match that of the population under study (Martin et al. 

2019). While there may be a number of historical, cultural, 

and logistical reasons why African Americans and other eth-

nic minority populations are underrepresented in genomics 

research (Bentley et al. 2017), intervention initiatives aimed 
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at improving education and related outcomes for all people 

cannot be realized until such work is prioritized.

In terms of EA, among samples of European ancestry, 

genome-wide association studies (GWAS) have identified 

multiple genetic variants associated with higher educational 

attainment (Okbay et al. 2016; Lee et al. 2018) that have 

been linked to better scholastic performance, self-control, 

and interpersonal skills (Ward et al. 2014; Belsky 2016; 

Selzam et al. 2017). While a relationship has been estab-

lished between polygenic propensity for EA and higher 

education, less is known about the phenotypic mechanisms 

that underpin this relationship. Moreover, it is also unclear 

whether EA polygenic influences play a greater role in the 

expression of certain phenotypes during some developmen-

tal periods compared to others. For example, results from 

twin studies suggest that genetics have a greater impact 

on the manifestation of behaviors as individuals age (Plo-

min and Deary 2015). In the current study, we examine (a) 

the extent to which various phenotypes (i.e., achievement, 

executive function (EF), aggression) explain the relationship 

between genetic propensity for EA and higher education (see 

Fig. 1 for conceptual model); and (b) whether these rela-

tionships change depending on the developmental period 

considered (i.e., childhood vs. adolescence). We build on 

previous work conducted among predominantly European 

ancestry individuals by investigating these relationships in 

a low-income urban, African American sample, a population 

that may experience a number of hardships and challenges 

that complicate the study of EA.

Phenotypic predictors of higher education

Research has shown that there are a number of important 

predictors of higher educational attainment. A natural candi-

date, given the ways in which educational experiences build 

on those that precede them, is academic achievement (Bier-

man et al. 2013). Children who perform better academically 

may be more likely to receive positive feedback from teach-

ers that encourages subsequent learning; this learning may 

lead to selection into advanced classes that further promotes 

knowledge and skill acquisition. Moreover, individuals that 

excel academically may exhibit higher levels of academic 

self-efficacy and be better equipped to excel when faced with 

academic challenges in an educational setting (Honicke and 

Broadbent 2016).

In addition to academic achievement, other individual-

specific factors, such as executive function (EF) and dis-

ruptive behavior problems (i.e., aggression), can influence 

educational aspirations and higher educational attainment. 

Higher levels of EF, defined as the ability to modulate cog-

nitive and emotional states in an effort to achieve goals and 

adapt to environmental demands, has been positively asso-

ciated with educational outcomes (Cartwright 2012). EF is 

often conceptualized as a multidimensional construct that 

includes cognitive and behavioral components such as inat-

tention and impulsivity, respectively (Nigg 2017). For exam-

ple, youth that display higher levels of inattention often have 

difficulty persisting on academic tasks and problem solving 

(Sayal et al. 2015; Colomer et al. 2017), which may confer 

Fig. 1  Conceptual model linking polygenic influences associated with EA, achievement, EF, disruptive behavior problems, and higher education. 
EA educational attainment; EF executive function
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risk for poorer performance on achievement tests (Merrell 

et al. 2017). Inattention has also been associated with less 

positive attitudes towards school (Colomer et al. 2017), 

behavior problems (Hoaken et al. 2003; Fantuzzo et al. 

2005), and school failure (Rabiner et al. 2016). Children 

that are more impulsive are also at risk for school dropout 

and reduced scholastic performance, possibly because they 

may be more likely to act without considering the conse-

quences of their actions, which may present challenges in a 

classroom setting that requires restraint (Valiente et al. 2013; 

Knouse et al. 2014; Colomer et al. 2017).

Moreover, a number of studies have linked aggressive 

behaviors to lower academic motivation (Frey et al 2009), 

grade retention (Bierman et al. 2013), and decreased aca-

demic performance (Hinshaw 1992; Metcalfe et al. 2013; 

Turney and Mclanahan 2015). It is possible that reduced 

scholastic achievement may increase the likelihood of youth 

feeling helpless and less motivated to academically excel, 

which may increase risk for behavior problems (Metcalfe 

et al. 2013). In addition, children who engage in disrup-

tive, aggressive behaviors may be more likely to be disci-

plined and/or removed from classrooms (Horner et al. 2010), 

which may have a long-term impact on their educational 

success. Given the role that achievement, EF, and aggres-

sive phenotypes play in higher education, an investigation 

into whether these phenotypes act as mediators in the rela-

tionship between polygenic propensity for EA and higher 

education is warranted.

Genetic associations with higher educational 
attainment

There is a significant corpus of work that has linked poly-

genic propensity for EA (assessed via polygenic scores) 

to achievement, EF, and aggression among individuals of 

European ancestry (Ward et al. 2014; Belsky et al. 2018). 

For example, a higher EA polygenic score (PGS) is associ-

ated with better academic performance on standardized tests, 

greater verbal ability, acquired reading skills at younger 

ages, lower levels of impulsivity, and a reduced likelihood of 

criminal offending (Ward et al. 2014; Belsky 2016; Selzam 

et al. 2017; Wertz et al. 2018). In addition, recent work con-

ducted by Rabinowitz et al. (2019) using an urban, African 

American sample indicated that a higher EA PGS was posi-

tively associated with math, but not reading, achievement 

in early childhood.

While the literature has indicated direct associations 

between EA PGSs and achievement, EF, and aggressive 

phenotypes, it is unclear the extent to which these pheno-

types account for the relationship between polygenic pro-

pensity for EA and higher educational attainment. There 

are, however, a number of reasons to expect that achieve-

ment, EF, and aggression are key pathways that influence 

the link between polygenic propensity for EA and higher 

education. As noted previously, a higher EA PGS may 

augment the likelihood of individuals performing well 

academically which may open up educational opportuni-

ties. Individuals with a greater polygenic propensity for 

EA may also manifest higher EF and be more equipped 

to suppress and shift behaviors in response to changing 

academic environments; these advantages may accordingly 

set youth on a trajectory towards higher education. In addi-

tion, greater interpersonal skills and decreased behavior 

problems frequently associated with polygenic propensity 

for EA may decrease the likelihood of academic disen-

gagement and school disciplinary actions, increasing the 

likelihood of youth being able to pursue educational and/

or professional opportunities. Thus, achievement, EF, and 

aggressive phenotypes may play an important role in the 

EA PGS-higher education association observed in previ-

ous studies, although there is a dearth of research in this 

area.

Developmental considerations

The effect of genetics on higher educational attainment 

may also vary depending on the developmental period 

during which academic achievement, EF, and aggressive 

behaviors are examined. For example, twin data have indi-

cated that the heritability of cognitive ability increases by 

about 40% from infancy to adolescence (Plomin and Deary 

2015). Other work has shown that the association of an 

EA PGS with academic achievement accounted for 14% 

of the variance in this outcome when youth were 16 years 

of age compared to 5% of the variance when youth were 

7 years of age (von Stumm et al. 2019). Environmental 

experiences are thought to play a greater role in cogni-

tive abilities in early childhood, whereas genetic influ-

ences often account for a greater amount of variance in 

this outcome during adolescence and adulthood (Plomin 

and Deary 2015). Consistent with the genetic amplification 

hypothesis, as youth become older and more autonomous 

from parents, they are able to seek out, modify, and cre-

ate environments that reflect their genetic characteristics, 

thus increasing the impact of genetics on the manifestation 

of phenotypes (Plomin and Deary 2015). For example, 

relative to early childhood, adolescents generally have a 

greater choice in course enrollment and may select classes 

that reflect their interests and cognitive ability. Thus, when 

considering the mediating role of achievement, EF, and 

aggressive behaviors in terms of the relationship between 

polygenic propensity for EA and higher educational attain-

ment, we would expect the variance accounted for by these 

variables to be attenuated in early childhood relative to 

adolescence.
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The current study

The current study sought to build on our recent work dem-

onstrating that an EA PGS was associated with higher edu-

cation in a sample of urban, African Americans (Rabinow-

itz et al. 2019). Here, we extend this work by considering 

whether early childhood and adolescent academic achieve-

ment, EF, and aggression mediated the relationship between 

an EA PGS and higher education. We expected that a higher 

EA PGS would be associated with higher levels of academic 

achievement and EF and lower levels of aggression which in 

turn, would be associated with a greater likelihood of higher 

education. We also hypothesized that the mediators refer-

enced above would account for a greater amount of variance 

in the EA PGS-higher education link in adolescence relative 

to early childhood.

Method

Participants

Participants (N = 678; 46.6% female; 86.3% African Ameri-

can) were originally recruited as first grade students in the 

fall of 1993 as part of a randomized controlled, universal 

preventive intervention trial in nine Mid-Atlantic urban 

elementary schools. Children were assigned to one of three 

conditions: (1) a classroom-centered intervention which 

focused on improving the curriculum, increasing behavior 

management, and helping students struggling academically; 

(2) a family-centered intervention which was designed to 

improve achievement and reduce early aggression, shy 

behavior, and concentration problems by enhancing par-

ent–teacher communication and providing parents with 

effective teaching and child behavior management strategies; 

and (3) no intervention (Ialongo et al. 1999). The preven-

tion trial and follow-up studies were approved by a Univer-

sity Institutional Review Board and participants provided 

informed consent as adults and assent prior to the age of 18. 

Additional information regarding the interventions can be 

found elsewhere (Ialongo et al. 1999).

We restricted the sample to individuals who self-iden-

tified as African American, had a successfully genotyped 

sample, and who reported on whether they attended a higher 

education institution (n = 402). Participant demographic 

information for the analytic sample is outlined in Table 1. 

About half the analytic sample was male and 66.4% were 

assigned to an intervention condition. The analytic sample 

generally reflects the characteristics of the whole sample 

(i.e., 678 participants) with respect to participant sex (whole 

sample, 53.4% males vs. analytic sample, 50.5% males) and 

percentage assigned to an intervention condition (whole 

sample, 67.7% vs. analytic sample, 66.4%).

Measures

Participant demographic information

To help contextualize the sample, Table 1 presents caregiver 

level of education and income at baseline (fall of first grade) 

and participants’ self-reported income and level of educa-

tion at age 20.

Post‑secondary education

At age 20, participants reported on the number of years 

of education they completed and degrees attained. About 

22.0% of the sample did not report receiving a high school 

diploma, 28.4% of the sample reported just having a high 

school diploma, 5.5% reported receiving a General Edu-

cation Diploma (GED), and 44.3% reported attending a 

higher education institution or vocational school. Given this 

distribution, we created a dichotomous variable to reflect 

Table 1  Sample characteristics

GED general education diploma
a Parent education and income information were obtained when par-
ticipants were in first grade

Characteristic n (%)

Young adult sex

 Male 203 (50.5%)

 Female 199 (49.5%)

Intervention status

 Yes 267 (66.4%)

 No 135 (33.6%)

Young adult income

  < $10,000 187 (57.5%)

 $10,000–$20,000 65 (20.0%)

 $20,000–$35,000 60 (18.5%)

  > $35,000 13 (4.0%)

Young adult education

  < High school diploma 88 (21.9%)

 High school diploma only 114 (28.4%)

 GED only 22 (5.5%)

  > High school diploma 178 (44.3%)

Parent  educationa

  ≤ High school diploma 191 (54.4%)

  > High school diploma 160 (45.6%)

Parent  incomea

  < $5,000 38 (11.8%)

 $5,000–$10,000 56 (17.4%)

 $10,000–$20,000 73 (22.7%)

 $20,000–$30,000 58 (18.0%)

 $30,000–$40,000 44 (13.7%)

  > $40,000 53 (16.4%)
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individuals that had a high school education or GED or less 

(coded as 0) and individuals that reported attending a post-

secondary education institution (e.g., vocational school, col-

lege/university) (coded as 1).

Standardized achievement test performance

In the fall of first grade, the Comprehensive Test of Basic 

Skills (CTBS) was administered and used to measure aca-

demic achievement (McGraw-Hill 1981). Subtests in the 

CTBS cover both verbal (word analysis, vocabulary, com-

prehension, spelling, and language mechanics and expres-

sion) and quantitative topics (computation, concepts, and 

applications). Standard scores for reading and mathematics 

achievement were provided, with higher scores reflecting 

higher academic achievement. The CTBS has shown conver-

gent validity with other achievement tests (e.g., Academic 

Performance Rating Scale) and concurrent validity with 

teacher ratings of inattention and aggression (Atkins et al. 

1989; Dupaul et al. 2013).

In the spring of twelfth grade, participants completed the 

reading and mathematics subtests from the Kaufman Test of 

Educational Achievement (KTEA; Kaufman and Kaufman 

1985). The KTEA is an individually administered diagnostic 

battery that measures reading, mathematics, and spelling 

skills. We used the reading subtest (decoding and compre-

hension) from the brief form and the mathematics com-

putation subtest from the comprehensive form. Each form 

provides age- and grade-based standard scores (M = 100, 

SD = 15), grade equivalents, percentile ranks, normal curve 

equivalents, and stanines. The KTEA norms are based on 

a nationally representative sampling of over 3000 children 

from grades 1 to 12. For the current study, the standard 

scores were used. Both the reading and mathematics sub-

tests have shown convergent validity with other achieve-

ment measures (e.g., Peabody Individual Achievement Test, 

Wechsler Individual Achievement Test), excellent reliability 

(alpha > 0.90), and test–retest stability (Worthington 1987; 

Gentry et al. 1995).

Executive function and aggressive behaviors

Teachers completed (a) the Teacher Observation of Class-

room Adaptation-Revised (TOCA-R; Werthamer-Larsson 

et al. 1991) when youth were in first grade; and (b) the 

Teacher Report of Classroom Behavior Checklist (TRCBC), 

an adaptation of the TOCA-R (Werthamer-Larsson et al. 

1991), when youth were in twelfth grade. The TOCA-R 

is a structured interview that was administered to teach-

ers by a trained research assistant, whereas the TRCBC is 

a checklist that was completed by teachers. Both measures 

assess teacher perceptions of children’s aggressive/disrup-

tive behaviors and EF. For the present study, the impulsivity 

and concentration problems subscales were used to index 

EF, and the aggressive/disruptive behaviors subscale was 

used to index aggressive behaviors. The impulsivity subscale 

assesses whether participants typically wait for their turn 

or blurt out answers to questions, whereas the concentra-

tion problems subscale measures the extent to which youth 

can pay attention and focus on a given task. The aggressive 

behavior subscale includes items such as whether youth hurt 

others or initiate fights with peers. Items across subscales 

were rated on a scale from 1 (almost never) to 6 (almost 

always). The subscales of the TOCA-R (Grades 1–3, Ialongo 

et al. 1999) and TRCBC (Grades 6–12, Petras et al. 2011; 

Liu et al. 2012) have shown predictive validity with a num-

ber of adult outcomes (e.g., marijuana use; Liu et al. 2013).

DNA and genotyping

In young adulthood, DNA was extracted from blood or 

saliva samples and was genotyped using Affymetrix 6.0 

microarrays comprising 1 million single nucleotide poly-

morphisms (SNPs) across the genome (Affymetrix, Santa 

Clara, CA, US). Standard quality control steps were imple-

mented to ensure accurate genotypes were included in sub-

sequent analyses. Subjects with > 5% missing genotype 

data were removed. SNPs were also removed from further 

analysis when they had a minor allele frequency < 0.01, 

missingness > 0.05, or departures from Hardy–Weinberg 

equilibrium at p < 0.0001. These steps were performed using 

PLINK 2.0 (Chang et al. 2015). Genotypes were imputed to 

the 1000 Genomes Phase 3 reference panel (1000 Genomes 

Project Consortium 2010) using IMPUTE2 (Howie et al. 

2009), whereas pre-phasing was performed in SHAPEIT 

(Delaneau et al. 2013). Resulting variants imputed with 

an INFO (quality) score < 0.8 were removed. Uncertainty 

adjusted dosage data, instead of called alleles, were used to 

generate the polygenic score.

When exploring genetic associations, it is important to 

identify and control for population stratification or genetic 

differences between subpopulations so that any signifi-

cant associations observed are not confounded by ancestry 

(Cardon and Palmer 2003). We used principal components 

analysis in PLINK 2.0 to create the population stratification 

control variables (Chang et al. 2015). This process uses an 

orthogonal transformation to reduce the multi-dimensional 

genome-wide SNP data into a smaller number of genetic 

ancestry principal components (PCs). We used all the avail-

able measured SNPs (roughly 900,000) to generate these 

components. Although these were not a priori identified 

ancestry information markers, it has been shown that “ran-

domly” selected SNPs perform equally as well (Pritchard 

and Rosenberg 1999). Our analytic sample includes individ-

uals whose ancestry was geographically homogenous (see 

supplementary material for PC scatterplot). Consistent with 
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prior work that has included 10 PCs in genetic analyses (e.g., 

Derks et al. 2012; Hartz et al. 2017; Vassos et al. 2017), 

we identified and controlled for 10 PCs which sufficiently 

accounted for population stratification.

PGS generation

We used the discovery sample results from a mega GWAS 

conducted recently by Lee et  al. (2018). This GWAS 

included 1.1 million individuals pooled from a large number 

of samples, such as the Netherlands Twin Registry, Finnish 

Twin Cohort, Swedish Twin Registry, the Avon Longitu-

dinal Study of Parents and Children, the UK Biobank, and 

23andMe. The authors conducted a sample size weighted 

meta-analysis of SNPs that were associated with years of 

schooling completed, measured continuously.

Our genotype data contained 741,174 (26.3%) directly 

genotyped SNPs from the discovery list. After imputation, 

2,554,305 (90.5%) SNPs from the discovery dataset were 

available in the current sample. Palindromic (A/T or C/G) 

SNPs were excluded, as methods for properly orienting 

multiple datasets are error-prone. LDPred, a method that 

includes direct modeling of linkage disequilibrium (LD) 

(Vilhjálmsson et al. 2015), was used to generate the PGS 

in our target sample using discovery results derived from 

the GWAS on EA referenced above. In this approach, the 

posterior mean effect size in a target sample is estimated 

based on the LD pattern in the target sample, as well as the 

LD pattern and effect sizes in the discovery sample. The 

reference sample used to estimate the LD pattern was based 

on a local sample that included individuals of European 

ancestry (N = 336), and was used to determine weights for 

each SNP that informed the PGS in our target African Amer-

ican sample. In this way, SNP pruning based on p-value 

thresholding is not necessary. The PGS was regressed on the 

ten principal components described above and standardized 

(M = 0, SD = 1). The residualized, standardized EA PGS was 

used in all the analyses.

Statistical analyses

Bivariate correlations and descriptive statistics were con-

ducted to investigate the relations among the study variables 

using SPSS Version 25 (IBM 2017). The demographic and 

participant variables were coded as follows: (female = 0, 

male = 1; no intervention = 0, received an intervention = 1).

Multiple mediation analyses were conducted using Mplus 

(Muthén and Muthén 1998/2017) to examine the direct and 

indirect effects of the EA PGS on higher education attend-

ance via early childhood and adolescent academic achieve-

ment, impulsivity, concentration problems, and aggres-

sion (see Fig. 2 for analytic model). We also controlled for 

intervention status when examining the outcomes that were 

assessed post-intervention (i.e., aggression, impulsivity, con-

centration problems, and academic achievement in twelfth 

grade). Parental education was also included as a covari-

ate in our analyses given that parental education is robustly 

Fig. 2  Mediation models involving the EA PGS, early childhood and adolescent variables, and higher education. Separate analyses were con-
ducted for each mediator
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associated with children’s achievement-related outcomes and 

educational attainment (Davis-Kean 2005; Grant et al. 2010; 

Belsky et al. 2018). Last, we controlled for early childhood 

variables when considering the adolescent variables given 

that early performance on achievement tests, EF, and aggres-

sion may persist into adolescence (Fergusson and Lynskey 

1998; Rabiner et al. 2016). For example, when we examined 

twelfth grade aggression, first grade aggression was included 

in the model as a covariate. Indirect effects were assessed 

using bias-corrected bootstrapped (1000 times) 95% con-

fidence intervals (CI) (Mackinnon and Luecken 2008). If 

the 95% CI for the indirect effect estimate did not include 

zero, it was concluded that the indirect effect was statisti-

cally significant (Shrout and Bolger 2002). Missing data was 

handled using full information maximum likelihood (FIML) 

(Enders 2011).

Results

Bivariate correlations between the EA PGS and study vari-

ables are presented in Table 2. Small positive correlations 

were observed between the EA PGS and early childhood 

math and reading achievement, impulsivity, and aggression; 

and a very small negative correlation was observed between 

the EA PGS and concentration problems. Moderate, positive 

correlations were observed between the EA PGS and adoles-

cent math and reading achievement, and small, negative cor-

relations were observed between the EA PGS and adolescent 

impulsivity, concentration problems, and aggression. Results 

from the primary analyses are presented below.

Participant sex (b =  − 0.23, p < 0.005) and parental educa-

tion (b = 0.18, p = 0.004) were predictive of higher educa-

tion. As shown in Table 3, first grade reading achievement 

(b = 0.32, p < 0.005), math achievement (b = 0.17, p = 0.011), 

concentration problems (b =  − 0.29, p < 0.005), and aggres-

sion (b =  − 0.19, p = 0.006) were predictive of higher educa-

tion such that individuals who performed better on reading 

and math tests and whose teachers rated them as behav-

ing less aggressively and as having fewer concentration 

problems were more likely to pursue higher education. The 

EA PGS was significantly positively associated with higher 

education (b = 0.13, p = 0.036) and first grade math achieve-

ment (b = 0.12, p = 0.029), but was not associated with read-

ing achievement, impulsivity, concentration problems, or 

aggression. None of the mediation analyses associated with 

first grade achievement, impulsivity, concentration prob-

lems, or aggression were significant.

Twelfth grade reading (b = 0.42, p < 0.005) and math 

achievement (b = 0.49, p < 0.005) positively predicted higher 

educational attainment, whereas twelfth grade aggres-

sion (b =  − 0.29, p = 0.001) and concentration problems 

(b =  − 0.48, p < 0.005) negatively predicted higher education 

(Table 3). The EA PGS was significantly positively asso-

ciated with twelfth grade reading (b = 0.27, p = 0.001) and 

math achievement (b = 0.45, p < 0.005).

In terms of the mediation analyses, there were signifi-

cant indirect effects associated with twelfth grade read-

ing (b = 0.11, 95% CI [0.01, 0.26]) and math achievement 

(b = 0.22, 95% CI [0.06, 0.54] such that a higher EA PGS 

was positively associated with adolescent math and reading 

achievement which, in turn, was associated with a greater 

likelihood of higher educational attainment. None of the 

other mediation analyses involving the adolescent pheno-

types were significant.

Discussion

Upon the completion of secondary schooling, youth are 

faced with the decision to pursue higher education which 

often has a tremendous impact on their future earnings, 

occupation, and health across adulthood. While substantial 

advances in molecular genetics technologies have increased 

our understanding of the role that genetics play in post-sec-

ondary education, this work has failed to consider diverse 

populations, such as African Americans. African Americans 

in the United States often face barriers to educational attain-

ment, including depressed social and economic conditions 

that may compromise their ability to succeed academically 

(Rothstein 2015). Moreover, phenotypes that yield one set 

of outcomes in majority groups may yield substantially dif-

ferent outcomes among African Americans (Conley and 

Conley 2009).

Thus, we argue that it is important to conduct preliminary 

studies in diverse populations, even though we still have 

relatively small samples in non-majority populations. We 

sought to harness recent scientific genetic discoveries on 

EA by examining potential pathways associated with EA 

polygenic influences and higher education among African 

Americans, which may inform developmental models of EA 

in this population. Using an African American, low-income 

sample, the present study examined whether a number of 

Table 2  Bivariate correlations of the EA PGS and study variables

a The EA PGS included in the analyses was regressed on the ten 
genetic ancestry principal components
* p < .05; **p < .01

1st grade 12th grade

Reading 0.06 0.20**

Math 0.12* 0.19**

Impulsivity 0.06  − 0.09

Concentration problems  − 0.04  − 0.07

Aggression 0.05  − 0.12*
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phenotypes (i.e., achievement, EF, and aggression) explained 

the association between polygenic propensity for EA and 

higher education.

We found that the EA PGS was positively associated with 

math achievement in early childhood, and reading and math 

achievement in adolescence. In addition, adolescent aca-

demic achievement mediated the relationship between the 

EA PGS and higher education such that a higher EA PGS 

predicted higher standardized test performance in adoles-

cence which in turn, predicted post-secondary education, 

consistent with our hypotheses. Our findings are in line with 

twin studies indicating that the association between an EA 

PGS and academic performance increased in strength from 

childhood to adolescence (von Stumm et al. 2019). While 

the genes implicated in achievement and higher education 

are the same across the developmental course, genetics may 

better account for achievement-related outcomes as youth 

enter adolescence and young adulthood. Indeed, these 

developmental periods are often characterized by increased 

independence from caregivers and the family (Drabick and 

Steinberg 2011), which may allow youth to make choices 

and construct environments in line with their genetic pre-

dispositions. The qualities associated with greater polygenic 

propensity for EA, such as greater cognitive faculties and 

higher levels of achievement, may give youth greater con-

fidence in their ability to excel and they may accordingly 

seek out more rigorous academic options, particularly during 

adolescence when they have greater volition to pursue them. 

Higher levels of adolescent academic achievement may also 

make youth more competitive for educational and profes-

sional opportunities, which may increase the likelihood of 

youth applying to and being granted entry into higher educa-

tion institutions.

We found that childhood achievement, EF, and aggres-

sion did not mediate the relationship between the EA PGS 

and higher education. As noted previously, during early 

childhood, environmental factors in the family context, for 

example, may better explain youth’s achievement, EF, and 

displays of aggression above that of genetic influences (Plo-

min and Deary 2015). Our findings also indicate that adoles-

cent impulsivity, concentration problems, and aggression did 

not mediate the association between the EA PGS and higher 

education attainment. It is possible that EF and aggression 

did not explain the link between the EA PGS and post-

secondary education because other factors better accounted 

for these behaviors, such as the quality of student–teacher 

relationships, the school climate, and peers. Indeed, more 

negative interactions with teachers has been associated with 

decreased student engagement (Wang and Eccles 2012; Mar-

tin et al. 2018), which may influence compliance with teach-

ers’ expectations and youth’s ability and/or willingness to 

remain on task. In addition, it is developmentally normative 

for youth to engage in risk taking behaviors (e.g., rebelling 

from authority figures) in adolescence and their behaviors in 

the classroom may be heavily influenced by their peers and 

the classroom culture (Barth et al. 2004). Future research is 

needed to examine other factors in developmentally salient 

domains, such as the school context, which may account for 

why teacher reports of student behavior did not explain the 

association between polygenic propensity for EA and higher 

education.

Our results should be interpreted in the context of the fol-

lowing limitations. The EA PGS was based on a GWAS that 

included individuals of predominantly European ancestry. 

Prediction from GWAS is most accurate when the ancestry 

of the discovery sample matches the ancestry of the target 

sample (Scutari et al. 2016). Allelic heterogeneity and differ-

ences in allele frequencies and LD across populations may 

result in the most relevant SNPs for a given phenotype being 

missed if the ancestry of the discovery and target samples 

are dissimilar (Grinde et al. 2019). Indeed, SNP effect sizes 

among African Americans may differ from European ances-

try samples due to epistatic influences or gene by environ-

ment interplay, which may result in a substantial reduction 

in the variance accounted for when discovery results from 

European ancestry GWAS are used to predict phenotypes 

in non-European ancestry samples (Martin et al. 2018). 

Recent approaches have been developed to better predict 

phenotypes in admixed populations, such as the multi-ethnic 

polygenic risk score approach, which involves estimating the 

optimal combination of summary statistics using discovery 

samples from European ancestry and smaller admixed sam-

ples (Marquez-Luna et al. 2017). Simulation and empirical 

work have shown that using both European-ancestry and 

admixed samples to estimate SNP weights improve the 

predictive utility for a number of traits in diverse samples 

(Kranzler et al. 2019; Grinde et al. 2019). Future work is 

warranted to replicate our findings using other methods that 

may reduce bias in cross-ancestry prediction models. More-

over, gene identification efforts must prioritize recruiting 

and maintaining diverse and underrepresented populations 

which may help increase prediction from polygenic scores 

to phenotypes and outcomes in diverse samples and has the 

potential to reduce health disparities (Bentley et al. 2017). 

Future research should also examine whether the present 

findings are generalizable to individuals of other ancestral 

backgrounds (Carlson et al. 2013).

In terms of next steps, consistent with a call for iden-

tifying nomological networks associated with GWAS dis-

covery sample results (Belsky and Harden 2019), future 

research should identify whether genetic variants linked to 

higher education are associated with neurobiological, cogni-

tive, and behavioral outcomes, which may help clarify the 

mechanisms through which the identified SNPs influence 

post-secondary attendance. Moreover, while most GWAS to 

date have identified genetic variants linked with EA among 
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adults, the importance of examining intermediates associ-

ated with these genetic variants is warranted to identify how 

genetic influences unfold across development. Conducting 

this work in underrepresented populations is paramount to 

elucidate how polygenic propensity for EA, in conjunction 

with social contextual factors, influences student learning 

and educational success across the developmental course.
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