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Abstract
The genetics of educational attainment is well characterized in adults, but little is known about how it
operates during childhood, when cognitive development underlying academic achievement is
developing. In this study, we investigated the associations of the genetic architecture of educational
attainment with childhood cognitive function. We used summary statistics from a published genome-
wide association study for educational attainment and its cognitive and non-cognitive components to
create polygenic scores (PGSEA, PGSCog, PGSnonCog) in a multi-ethnic, longitudinal, and prospective birth
cohort in Singapore. Validation with the adults in our sample revealed that the PRSs were significantly
associated with university completion rates, explaining up to 6.3% of the variance (n = 1,688).
Additionally, PGSEA was notably lower in children who required additional learning support at age 7 (n = 
887). Children’s PGSCog and PGSnonCog were significantly associated with cognitive and emotional
regulation of executive function respectively (n = 110). Genes derived from PGSCog were largely brain-
specific and related to cognition and psychiatric disorders. In contrast, genes from PGSnonCog were less

represented in the brain and linked to risk-taking and broader health outcomes. Our findings suggest that
the genetics of educational attainment associate with childhood cognitive-emotional phenotypes that
strongly influence academic performance, mirroring previous findings in adults.

INTRODUCTION
Educational attainment has long been examined in adulthood both as a function of socio-economic
status and as a robust predictor of health outcomes1,2. Beyond its social determinants, educational

attainment is also a heritable trait that is highly polygenic and represents more than intelligence3. As
such, genetic approaches offer a powerful avenue to uncover the biological mechanisms underlying
cognitive development that are beneficial to later success in life4. A polygenic score (PGS) derived from
a genome-wide association study (GWAS) for educational attainment with 1.1 million participants of
European ancestry accounted for 11–13% of phenotypic variance5, revealing an increase in predictive
power compared to earlier studies. Notable, the PGS from a meta-analysis of cognitive performance
represented 7–10% of the variance in educational attainment, suggesting contribution from an
additional, yet meaningful non-cognitive component. Demange et al. (2021)6 addressed this issue using
a “GWAS-by-subtraction” method to isolate the non-cognitive genetic construct, removing genetic
variants related to cognitive ability from the genetic educational attainment construct. The cognitive
construct had a higher genetic correlation with academic performance, indicated by self-reported math
ability and childhood IQ. Conversely, the non-cognitive construct correlated with greater general risk-
taking, lower health-risk behaviors such as smoking, and personality traits such as agreeableness,
conscientiousness, extraversion, and openness.

Childhood is a dynamic period for developing cognitive skills required for educational attainment. Key
among these cognitive skills is executive functions, which are higher-order processes guiding goal-
directed behaviors7,8. Executive functions emerge primarily from 3–7 years of age and continue into late
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childhood, adolescence, and even adulthood9,10. There are three core executive functions: (1) inhibition,
the ability to restrain prepotent responses; (2) cognitive flexibility, the capacity to adapt in response to
changing situations; and (3) working memory, the ability to hold and manipulate information. These skills
support abilities such as planning and organizing, or self-monitoring of emotions and behavior. Executive
functions have greater importance than intelligence (such as IQ metrics) for school readiness11.
Numerous studies indicate the involvement of various facets of executive functions on academic
outcomes, with attention supporting literacy and working memory underpinning math abilities12–15.

The existing GWASs for educational attainment provide compelling evidence for the influence of
heritable genetic variations on educational attainment3,5.These GWASs focus on adults, as educational
attainment can only be fully assessed when educational history is complete. However, since the
outcome of educational attainment is closely linked to performance in earlier phases of schooling, it is
critical to understand how the genetic architecture of educational attainment is represented in school-
aged children. We addressed this question by examining measures of executive function using the
teacher-reported Behavioral Rating Inventory of Executive Function 2 (T-BRIEF2). Designed to assess
executive functions in school-aged children within the school environment16, the T-BRIEF2 is ideally
positioned for studies of skills relevant to educational attainment.

The T-BRIEF2 comprises three indices: the behavioral regulation index (BRI), which measures behavioral
inhibition and self-monitoring; the cognitive regulation index (CRI), which includes items such as working
memory and task monitoring that are essential in completing daily tasks such as schoolwork; and the
emotional regulation index (ERI) which measures the ability to adapt to changing environments and to
regulate and manage one’s emotions. Some subscales, such as Working Memory, reflect core constructs
measured through performance-based tasks. In contrast, other subscales, such as Organization of
Materials and Tasks Monitoring, do not have a direct performance-task equivalent, making them valuable
for detecting difficulties in achieving daily tasks that require executive functions17.

In this study, we used European population-based GWAS summary statistics for educational attainment5

and the derived cognitive and non-cognitive components6 to create PGSs for educational attainment
(PGSEA), cognitive (PGSCog), and non-cognitive components (PGSnonCog) in a longitudinal, multi-ethnic
Asian birth cohort study, the Growing Up in Singapore Towards healthy Outcomes (GUSTO). We aim to:
(1) evaluate the validity and predictive utility of European-derived PGSs in an adult Asian population; (2)
assess the relevance of child PGSs in educational settings by examining if the PGSs are distinct between
children enrolled in learning support programs and their peers; (3) examine how the cognitive and non-
cognitive genetic components of educational attainment relate to childhood executive functions; and (4)
explore the biological processes through which these genetic influences may shape early child executive
function abilities. We hypothesized that all three PGSs would predict adult educational attainment in our
Asian cohort and distinguish children receiving learning support from those who are not. We also
hypothesized that the PGSEA would associate with childhood executive functions, with PGSCog more
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strongly related with cognitive regulation, and PGSnonCog aligning with the cognitive regulation and
emotional/behavioral regulation domains, respectively.

METHODS

Participants and measures
Healthy pregnant women aged ≥ 18 years were recruited into the GUSTO longitudinal cohort study from
two public hospital maternity units in Singapore between 2009 and 201018. All women and their spouses
were of homogenous parental Chinese, Indian, or Malay ethnicity. Pregnant women who were receiving
chemotherapy, had chronic diseases or were taking psychotropic drugs, decided to deliver outside the
study hospital or leave Singapore within the next 5 years, were past 14 weeks of gestation, had a
miscarriage, planned to terminate the pregnancy, or had in vitro fertilization for multiple pregnancies
were excluded from the study. Mothers self-reported their age, ethnicity, monthly household income, and
highest education level attained upon recruitment. Fathers reported their highest education level
attained when the child turned 2–3. Parental education levels were categorized as: (1) up to secondary
school education, (2) pre-tertiary education, and (3) university degree and above.

Upon entering primary school (approximately 7 years old), students were screened for English and
Mathematics competency. Those requiring additional learning support were enrolled in centrally
developed early intervention programs for literacy and/or numeracy. Children (n = 887) were categorized
into those who did or did not require learning support. These data were obtained from the Ministry of
Education in Singapore with parental consent. As a follow-up measure of academic achievement, self-
reported Primary School Leaving Examination scores (n = 469) were used as an outcome measure. This
is a nationwide standardized examination which children in Singapore take at 12 years old, where lower
scores means better academic achievement.

Teachers completed the T-BRIEF216 to rate the behavioral features of executive functions in real-world
settings (i.e., educational environments) when the child was 8.5 years old (n = 110). The T-BRIEF2
consists of 63 items in nine scales, which are combined to form three composite indices: the BRI
comprised the subscales Inhibit and Self-Monitor; the ERI comprised the subscales Shift and Emotional
Control; and the CRI comprised the subscales Initiate, Working Memory, Plan/Organize, Task Monitor and
Organization of Materials. Together, these three indices form the Global Executive Composite (GEC). The
T-BRIEF2 T-scores were used for analyses, with higher scores indicating poorer executive functioning.

Written informed consent was obtained from all participants, with mothers consenting on behalf of their
children. The study was approved by the National Health Care Group Domain Specific Review Board
(D/09/02) and SingHealth Centralized Institutional Review Board (໿2009/280/D). All research was
conducted in accordance with the relevant institutional, national, and international guidelines and
regulations, including the Declaration of Helsinki.
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A flow chart representing the number of adults and children participants from the GUSTO cohort, along
with both genetic and academic measures used for analyses, is presented in Supplementary Figure S1.

Genotyping
The GUSTO cohort was genotyped using the Infinium OmniExpressExome array and split by ethnicity for
quality checks. Single nucleotide polymorphisms (SNPs) with call rates < 95%, minor allele frequencies
(MAF) < 0.05 and p ≤ 10− 6 for Hardy-Weinberg equilibrium (HWE) were removed. Allele frequencies were
compared with the 1000G reference panels19 (East Asian panel for Chinese and Malay; South Asian
panel for Indian). SNPs with allele frequency differences > 0.2 for Chinese and Indian, and > 0.3 for Malay
were removed. Data were pre-phased using SHAPEIT v2.83720 with family trio information, then imputed
with 1000G Phase 3 as the reference panel and choosing “with PBWT, no pre-phasing” pipeline using the
Sanger Imputation Service (https://www.sanger.ac.uk/tool/sanger-imputation-service/). Imputed data
that were non-monomorphic (MAF > 0), biallelic SNPs with HWE p > 10− 6, INFO score > 0.80, MAF > 0.05,
and were common across all three ethnicities were retained.

Linkage disequilibrium pruning was applied to remove SNPs with r2 <0.2 within a window size of 50
SNPs at each step size of 5 using PLINK v1.9 (https://www.cog-genomics.org/plink/1.9). Principal
component analysis (PCA) was conducted on the pruned data set using EIGENSTRAT21

(https://github.com/DReichLab/EIG/archive/v7.2.1.tar.gz) to assess population structure. The first three
principal components (PCs) were considered the most informative of the population structure in the
GUSTO cohort and included in all analyses.

Polygenic scores (PGSs)

PGSs22 for parents and children in the GUSTO cohort were calculated using the GWAS summary
statistics for educational attainment5 and its cognitive and non-cognitive components 6. We applied both

LDpred223 (see Supplementary Information) and PRSice v2.3.1.e (PRSice224). LDpred2, a Bayesian
approach that includes information from linkage disequilibrium when approximating effect sizes, offers
improved accuracy compared to the clumping and thresholding approach used in PRSice2. The LDpred2
auto model was used, which estimated parameters such as heritability and proportion of SNPs directly
from the data without requiring a validation sample. For PRSice2, variants with MAF < 0.05 were
excluded and default clumping parameters were used. The PGSs were calculated at 19 p-value
thresholds (pT), from 0.01 to 0.1 in increments of 0.01, and from 0.1 to 1 in increments of 0.1, and
standardized as z-scores. The total number of SNPs used to calculate PGSEA, PGSCog and PGSnonCog

were 91,311, 86,851 and 86,698, respectively (Supplementary Figures S2-S3).

Statistical analyses
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Polygenic prediction of educational attainment. We applied logistic regression to examine if the PGSs
predicted adult educational attainment in our Asian population, by using GUSTO parents’ university-
completion status as an outcome. We selected participants above the minimum age for university
completion in Singapore, specifically > 23 years for mothers (n = 1,005) and > 25 years for fathers (n = 
683). We included sex and the first 3 PCs of the maternal and paternal genetics to control for population
stratification. The PGS with the highest incremental R2, calculated as the difference between the
Nagelkerke R2 of the full model compared to the model with only the covariates, was used in subsequent
analyses (Supplementary Figure S4). One-way ANOVA with Tukey post-hoc test was used to examine the
mean PGS difference between the GUSTO parents in the three groups of education levels attained, i.e.:
university (n = 370 mothers; n = 280 fathers), pre-tertiary (n = 354 mothers; n = 245 fathers) and
secondary and lower (n = 281 mothers; n = 158 fathers).

To assess the use of the PGSs with children, we used the learning support status of the GUSTO child as
a proxy for academic ability to model educational attainment. Children were divided into those who
enrolled in learning support programs in English and/or Mathematics at 7 years of age (n = 98) and those
who did not (n = 789). The child PGSs used for analyses were at the same pT as the parental PGSs. A
two-sided Welch two-sample t-test was used to examine the mean difference in scores of those
requiring learning support and those who did not.

Polygenic prediction of child executive functions. Data from the four indices (GEC, CRI, ERI, and BRI) of
the T-BRIEF2 scales were regressed onto the GUSTO children’s PGSEA, PGSCog and PGSnonCog. The first
three child genetic PCs and child sex were included as covariates. The PGSs with the largest variance
explained (R2) across T-BRIEF2 indices were selected for further analyses (Supplementary Figures S5-
S7). Regression analyses using the T-BRIEF2 subscales were restricted to the indices that exhibited a
significant association with their respective PGS. Two-tailed significance tests were applied, with p < .05
set as the threshold for statistical significance. Multiple testing corrections were done using the
Benjamini-Hochberg method25 on the indices and subscales separately. All regression analyses were

done in R v4.2.126.

Biological process network, transcription factor and tissue specificity analyses.

All SNPs (pT = 1) for each PGS were mapped onto unique genes (PGSEA: 91,311 SNPs to 10,219 genes;
PGSCog: 86,851 SNPs to 9,935 genes; PGSnonCog: 86,698 SNPs to 9,917 genes) using biomaRt

v2.40.427,28 and used as references for the rest of the bioinformatic analyses. The SNPs of PGSEA,

PGSCog and PGSnonCog at pTs that accounted for the greatest variance in T-BRIEF2 indices were mapped
onto genes (PGSEA pT = 0.03: 25,284 SNPs to 5,540 genes; PGSCog pT = 0.03: 19,934 SNPs to 4,703
genes; PGSnonCog pT = 0.3: 56,138 SNPs to 8,294 genes). These gene sets were compared to the
reference genes and analyzed for process network and transcription factor enrichment using MetaCore™
(v23.1.71200, Clarivate Analytics). P-values for transcription factor analyses were determined using
hypergeometric intersection. We used FUMA v1.3.729 to examine whether the gene sets overlapped with
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other GWAS traits and to investigate the up-regulated expression of these genes compared to tissue-
specific gene expression data from the publicly available Genotype-Tissue Expression project (GTex v8
RNA-seq data) using Bonferroni-corrected p-values30. A control gene set was also created for each PGS,
by randomly selecting an equivalent number of genes at the most significant PGS pT from the full set of
GWAS genes. Bioinformatic analyses were repeated with these control gene sets.

RESULTS

Study characteristics
The GUSTO parental demographic characteristics are summarized in Table 1. The parents were on
average 32.7 years of age at recruitment, were 59.5% mothers, comprised of 59.5% Chinese, 16.5%
Indian, and 24.1% Malay ethnicity, and 38.5% university completion. 10.9% of the cohort fell below the
nominal poverty level (< SGD$2,000 a month per family), which maps onto the population. We note that
because of recruitment limited to public birthing hospitals and the inclusion criteria, the GUSTO sample
should not be considered as representative of the Singapore population.
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Table 1
Study characteristics of parents

Characteristic N = 1,6881

Sex  

Female 1,005 (59.5%)

Male 683 (40.5%)

Missing information 0

Ethnicity  

Chinese 1,003 (59.5%)

Indian 278 (16.5%)

Malay 406 (24.1%)

Missing information 1

Age at recruitment 32.7 (5.2)

Missing information 0

Household income (SGD)  

< $2000 170 (10.9%)

$2000 - $3999 429 (27.4%)

$4000 - $5999 408 (26.1%)

> $6000 557 (35.6%)

Missing information 124

Education level  

Secondary and lower 439 (26.0%)

Pre-tertiary 599 (35.5%)

Tertiary 650 (38.5%)

Missing information 0

1n (%); Mean (SD)

PGS PGS and PGS predict education levels in mothers and fathers
The GWASs for educational attainment, cognitive and non-cognitive abilities were based on European
populations5,6.We used the weighted sum of genetic variants from these GWASs (Supplementary
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Figures S2-S3) to create PGSs in our Asian cohort. As a validation, we regressed the university
completion status onto PGSEA, PGSCog and PGSnonCog of the GUSTO parents. The variance explained in
adult educational attainment was better with LDpred2-derived PGSEA and PGSCog compared with
PRSice2 (PGSEA: 10.8% with LDpred2 vs 6.1% with PRSice2; PGSCog: 3.8% with LDpred2 vs 1.7% for

PRSice2) but was similar in both methods for PGSnonCog (6.1% with LDpred2 vs 6.3% with PRSice2;
Supplementary Table S1). Overall, PGSEA and PGSnonCog explained university completion better than
PGSCog. To understand the biological pathways associated with educational attainment, we continued

with PRSice2’s clumping and thresholding method, selecting the PGSs with the highest incremental R2

for subsequent analyses (i.e. PGSEA and PGSnonCog: pT = 0.01; PGSnonCog: pT = 0.02; Supplementary

Figure S4).

We next assessed the percentage of university completion in PGS quintiles (Figs. 1a, d, g). As expected,
higher PGSEA, PGSCog and PGSnonCog predicted a higher percentage of university completion. A one-way
ANOVA revealed significant differences in mean PGSs among adults categorized into different
educational attainment levels (PGSEA: F(2) = 40.6, p < .001, Fig. 1b; PGSCog: F(2) = 12.1, p < .001, Fig. 1e;
PGSnonCog: F(2) = 44.4, p < .001, Fig. 1h). Post-hoc multiple comparisons tests showed a significant
difference in PGSs between the university and pre-tertiary levels for PGSEA (p < .001, 95% CI [0.26, 0.51];
Fig. 1c), PGSCog (p = .002, 95% CI [0.06, 0.32]; Fig. 1f) and PGSnonCog (p < .001, 95% CI [0.26, 0.52];

Fig. 1i). PGSs were also significantly different between adults who obtained university education and
those with secondary and lower levels of education in PGSEA (p < .001, 95% CI [0.34, 0.62]; Fig. 1c),
PGSCog (p < .001, 95% CI [0.14, 0.43]; Fig. 1f) and PGSnonCog (p < .001, 95% CI [0.38, 0.67]; Fig. 1i).
However, no significant differences were observed between pre-tertiary and secondary and lower levels
for all three PGSs. These results suggest that the PGSEA, PGSCog and PGSnonCog distinguish university
education from lower levels of education in our adult Asian sample.

PGS, PGS and PGS predict child academic performance
We investigated if PGSs that best predicted the GUSTO parental educational attainment would predict
the GUSTO children in learning support programs at age 7. The lowest tertile of all child PGSs had the
highest percentage of children who required learning support (Figs. 2a, g, d). The largest percentage
difference between the highest and lowest tertiles was observed in PGSnonCog (9.6%, Fig. 2g), followed by
PGSEA (8.4%, Fig. 2a), and PGSCog (6.4%, Fig. 2d).

Children in learning support programs had lower mean PGSs than their peers, with significant
differences for PGSEA (t(115) = 4.32, p < .001, 95% CI [0.29, 0.77]; Figs. 2b, c), PGSCog (t(119) = 2.32, p =

.02, 95% CI [0.04, 0.48]; Figs. 2e, f), and PGSnonCog (t(122) = 4.66, p < .001, 95% CI [0.29, 0.71]; Figs. 2h, i).
Interestingly, we observed a wide inter-individual variation of PGSEA, PGSCog and PGSnonCog (Figs. 2j, k, l).
As a follow-up, we associated the PGSs with self-reported scores of a nationwide standardized
examination administered at age 12 (Supplementary Figure S8). Children in different tertiles of PGSs had
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significantly different mean examination scores (PGSEA: F(2) = 75.0, p < .001; PGSCog: F(2) = 23.9, p
< .001; PGSnonCog: F(2) = 84.3, p < .001). The difference between the highest and lowest tertile was
greater with PGSEA and PGSnonCog compared with PGSCog (PGSEA: p < .001, 95% CI [-5.00, -1.72]; PGSCog:

p = .012, 95% CI [-3.79, -0.37]; PGSnonCog: p = .005, 95% CI [-4.04, -0.60]). Overall, these analyses with child
PGSs recapitulate the results from the parents that PGSEA and PGSnonCog were better in distinguishing
academic capabilities compared to PGSCog.

PGSEA, PGSCog and PGSnonCog associate with measures of
executive function
Executive functions are critical for academic achievement11,31,32. We used the PGSEA, PGSCog and
PGSnonCog to predict child executive functioning in the ‘real world’ classroom setting using the four main

indices of T-BRIEF2 (i.e. CRI, ERI, BRI, and the GEC) when the child was 8.5 years old. We selected the
PGSs that explained the most variance in T-BRIEF2 indices for subsequent analyses, specifically PGSEA

and PGSCog at pT = 0.03, and PGSnonCog at pT = 0.3 (Supplementary Figures S5-S7).

After Benjamini-Hochberg multiple testing corrections, PGSEA was significantly associated with the CRI,
GEC, and ERI. PGSCog was significantly associated with the CRI, GEC, and BRI, In contrast, PGSnonCog was
associated only with the ERI, with multiple ERI subscales also significantly associated (Fig. 3, see
Supplementary Table S2 for more details). Higher PGSEA was associated not only with better cognitive
regulation in working memory, task monitoring, and information organizational skills, but also with a
greater ability to consciously modulate an emotional state. Higher PGSCog expectedly associated with

better cognitive regulation across all subscales, and fewer behavioral monitoring problems. Conversely,
higher PGSnonCog associated with increased emotional flexibility in response to changing situations.
These results suggest that the separation of the genetic architecture into cognitive and non-cognitive
aspects could distinguish between the cognitive and emotional functions as indexed by the T-BRIEF2.

Biological annotation of SNPs in PGSs that associate with
executive functions
To investigate the genetic networks underlying cognitive and non-cognitive aspects of educational
attainment, we mapped the SNPs from the previously selected PGSs that explained the greatest variance
in T-BRIEF2 indices onto genes.

Analyses from the FUMA software29 revealed that the genes from PGSEA significantly overlapped with
those from GWASs for various traits from the database (Supplementary Figure S9). Genetically
associated traits could be categorized into chronotype (p = 1.75 x 10− 21), cognition (intelligence: p = 1.01

x 10− 19; and general cognitive ability: p = 8.45 x 10− 13), psychiatric diseases (schizophrenia: p = 1.44 x
10− 15; attention-deficit/hyperactive disorder p = 2.42 x 10− 5; bipolar disorder p = 2.46 x 10− 6; and major
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depressive disorder p = 2.53 x 10− 5), risk-taking behaviors (adventurousness: p = 3.85 x 10− 6; and
general risk tolerance: p = 1.50 x 10− 11), and metabolic health (BMI: p = 9.88 x 10− 8; Type II diabetes: p = 

7.21 x 10− 8; and waist circumference: p = 4.72 x 10− 5). Genes from PGSCog showed similar overlap, with

the strongest associations with intelligence (p = 1.51 x 10− 31) and general cognitive ability (p = 1.05 x

10− 19). Conversely the genes from PGSnonCog overlapped with chronotype (p = 1.23 x 10− 4), systemic

traits such as systolic blood pressure and pulse pressure (p = 2.28 x 10− 3 and 4.34 x 10− 3 respectively),
general risk tolerance (p = 4.34 x 10− 3), smoking status (ever vs never smokers; p = 7.13 x 10− 3),
cognitive ability (p = .020) and intelligence (p = .045). Our results are consistent with a similar analysis
using genomic correlations from selected traits6 with the addition of health and cognitive outcomes.

Tissue-specific expression analysis using FUMA showed that all PGS gene sets were significantly
upregulated in brain tissue (Supplementary Figure S10). Genes from PGSEA and PGSCog were largely
upregulated in the frontal cortex, anterior cingulate cortex, hippocampus, amygdala, and nucleus
accumbens (all Bonferroni-corrected p < .001). Conversely, genes from PGSnonCog were only significantly
upregulated in the anterior cingulate cortex, hippocampus, and putamen (Bonferroni-corrected ps = .008,
.010 and .049 respectively). This brain-specific expression pattern was not observed in control analyses
using randomly selected genes (Supplementary Figure S11).

We identified the biological process networks represented by the gene sets related to executive function.
Significant process networks in both PGSEA and PGSCog that passed multiple testing corrections

(Supplementary Tables S3-S4) were related to neuronal development, such as cell adhesion in synaptic
contact (PGSEA: p = 1.73 x 10− 8; PGSCog: p = 7.42 x 10− 4), and cadherins (PGSEA: p = 9.14 x 10− 5; PGSCog:

p = 3.57 x 10− 3), synaptogenesis (PGSEA: p = 1.33 x 10− 4; PGSCog: p = 3.57 x 10− 3) and axonal guidance

(PGSEA: p = 1.33 x 10− 4; PGSCog: p = 3.57 x 10− 3). Cell adhesion for synaptic contact (p = .03) was the
only significant process network for the genes in PGSnonCog (Supplementary Table S5). These
associations were all non-significant in a control gene set (Supplementary Tables S6-S8).

Transcription factor enrichment analyses revealed that all three PGSs had common enriched
transcription factors (Supplementary Figures S12 and Supplementary Tables S9-S11) that were not
observed in controls (Supplementary Tables S12-S14). The most prominent transcription factors were
the Wnt signaling pathway gene TCF7L2, the estrogen-related receptor ESSRG, and a ubiquitous
transcriptional enhancer TEAD1. Notably, the glucocorticoid receptor NR3C1 was highly enriched in both
PGSEA and PGSnonCog but not PGSCog. Interestingly, the circadian regulator BMAL1 was enriched in
PGSEA, PGSCog and PGSnonCog.

Discussion
We used published GWASs to create PGSs for educational attainment, together with the cognitive and
non-cognitive components of educational attainment. The PGSEA, although derived from a GWAS study
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of Caucasians, was significantly associated with educational attainment in an adult Asian population of
mixed East and South Asian ancestry. We then examined the associations of the PGS in childhood, a
period of life when the origin of academic success is established. The PGSEA differentiated children with
limited English literacy/numeracy skills at entry to primary school from those with proficient early
academic skills. These findings provide validation for the use of the PGSEA in the research analyses of
biological pathways underlying academic achievement in the GUSTO children, as distinct from a tool for
screening or intervention.

Our primary aim was to examine the potential influence of the genetic architecture of educational
attainment on cognitive-emotional skills critical for success in early schooling, focusing on executive
function performance in the classroom. There is extensive evidence for the importance of executive
functions for academic achievement11,31,32 in primary school. Accordingly, children in the learning
support group had elevated teacher-reported BRIEF2 scores, indicating worse cognitive and emotional
regulation, as well as general executive function. PGSEA, PGSCog and PGSnonCog were lower in the
learning support group compared to the non-learning support group, indicating that these measures are
relevant for early academic achievement. While our results show a distinction in PGSs between those in
learning support versus those who are not, the wide inter-individual variation in the PGSs also suggests
that early learning is subject to various influences beyond genetics and may thus reflect the capacity for
intervention to facilitate better learning and therefore lead to attaining higher education levels.

PGSEA and PGSCog were significantly associated with the cognitive regulation in children, where higher
PGSs associated with better working memory, task monitoring and materials organization. PGSCog was
additionally associated with the initiation of planning, organizing information, and executing tasks. In
contrast, higher PGSEA and PGSnonCog were associated with better emotional flexibility. In sum, these
findings suggest that the genetic architecture of educational attainment defined in adult populations is
associated with both ‘hot’ (or affective) and ‘cold’ (or cognitive) forms of executive functions essential
for success in primary school. For example, in our study, PGSCog of the child was associated with

working memory and self-monitoring, which are known to underlie mathematical ability11,15. This finding
is consistent with other studies where PGSCog better predicts mathematical ability compared to

PGSnonCog
6. Interestingly, PGSnonCog better predicted both adult and child academic outcomes. Our

results therefore suggest that PGSCog and PGSnonCog capture complementary pathways, where PGSCog

reflects cognitive skills that support academic domains, while PGSnonCog reflects emotional regulatory
skills that promote general academic success.

Twin studies suggest a genetic contribution to inter-individual variation of executive function33. However,
these findings do not inform on potential biological mechanisms. Our bioinformatic analyses identified
pathways related to executive functions and educational attainment. Interestingly, the genes significantly
associated with executive functions from PGSEA and PGSnonCog significantly overlapped with those

found in chronotype GWAS. Additionally, the transcription factor BMAL1, a key regulator of circadian
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rhythms34, featured prominently within the gene sets. The influence of chronotype on academic
achievement in primary school was reported to be mediated by conscientiousness35, a personality trait

genetically correlated with PGSnonCog
6. The gene set from PGSCog was also related to psychiatric

disorders, where polygenic risk scores for psychiatric disorders have been reported to predict
performance in executive function tests36. Also, one of the prominent transcription factors in the gene
set for PGSnonCog was the glucocorticoid receptor NR3C1, an important moderator of the stress

response37.

The gene sets derived from PGSEA and PGSCog were highly expressed in the brain, particularly the
prefrontal cortex and anterior cingulate cortex, regions prominently involved in executive function and
cognitive control38. Furthermore, the bioinformatic analyses emphasized neurodevelopmental
processes, implying that the genetic architecture of educational attainment might directly influence
developmental processes relevant to educational attainment.

A limitation of the study is that the analyses do not include task-based measures commonly associated
with executive functioning13. The teacher-reported rating in the T-BRIEF2 assesses executive functioning
in a classroom setting, which, although seemingly relevant for educational attainment, may not
necessarily be directly associated with performance-based measures39,40. Compared to performance
tasks assessing cognitive efficiency under supervision, the ratings represent the achievement of daily
goals in an unsupervised environment17, which may be more relevant to our genetic scores for
educational attainment. In a study conducted in low-income environments, there were high correlations
between the cognitive aspects of the T-BRIEF2 and achievement test scores, whereas performance-
based measures did not show this association15. Also, an executive function rating scale was found to
better predict favorable life outcomes, such as social interactions, handling daily responsibilities, and
occupational functioning (including current salary and self-rated quality of work), compared to
performance tests of executive functioning41. Analyses of genotype–outcome associations can be
population and context-specific. This study should therefore be considered as exploratory with the
requirement for replication across diverse populations, including additional Asian contexts.

In sum, our findings underscore the importance of both cognitive and emotional executive functions in
children’s academic achievements. We demonstrate that the genetic architecture of educational
attainment, when delineated into cognitive and non-cognitive components, is most prominently
represented by working memory and emotional flexibility respectively, and offer insights into biological
mechanisms such as brain regions, processes, and transcription factors supporting these functions.
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Figures
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Figure 1

PGSs and educational attainment in parents.PGSs were divided into quintiles to assess the percentage
of individuals completing university within each quintile (a, d, g). Mean differences in PGSs across the
educational attainment categories (i.e, secondary and lower, pre-tertiary, and university) were analysed
using one-way analysis of variance with Tukey post-hoc tests (b, e, h). The points represent the mean
PGS and the error bars represent the 95% confidence interval (CI). The mean difference in PGS between
pairs of educational attainment categories was plotted (c, f, i), with points representing the mean and the
error bars representing the 95% CI. Group means are considered statistically significant if the error bar
intervals do not include zero (red line). ns: p > .05, * p ≤ .05, ** p ≤.01, *** p ≤ .001, *** p ≤ .0001.

Figure 2

PGSs and learning support in children.PGSs were divided into tertiles and the percentage of children who
required learning support was assessed (a, d, g). T-tests were used to determine if there were significant
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differences between children who required learning support and those who did not (b, e, h). The points
represent the mean PGS and the error bars represent the 95% confidence interval (CI). The mean
difference in PGS between pairs of educational attainment categories was plotted (c, f, i), with points
representing the mean and the error bars representing the 95% CI. The distribution of PGSs for the two
groups was plotted (j, k , l) with each point representing an individual, where the black points represent
the group means and the error bars represent the 95% CI. ns: p > .05, * p ≤ .05, ** p ≤ .01, *** p ≤ .001, ***
p ≤ .0001.

Figure 3

Association of PGSEA, PGSCog and PGSnonCog with subscales of the T-BRIEF2. T-BRIEF2 items were
regressed onto the PGSs with the first three genetic principal components and sex as covariates. The
indices were regressed first (top row). Only items of the indices that passed multiple testing corrections
(black, filled circles) were regressed onto the PGSs (second, third, and fourth rows). Points represent the
standardised regression coefficients of each regression and error bars represent the 95% confidence
intervals. Associations that did not pass the false discovery rate (FDR) level of 0.05 were plotted as grey
unfilled circles.
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