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Abstract 

 Attention-deficit/hyperactivity disorder (ADHD) is a highly heritable 

neurodevelopmental disorder that is known to have a polygenic (i.e., many genes of individually 

small effects) architecture. Polygenic scores (PGS), which characterize this polygenicity as a 

single score for a given individual, are considered the state-of-the-art in psychiatric genetics 

research. Despite the proliferation of ADHD studies adopting this approach and its clinical 

implications, remarkably little is known about the utility of PGS in ADHD research to date, 

given that there have not yet been any systematic or meta-analytic reviews of this rapidly 

developing literature. We meta-analyzed 10 unique effect sizes from ADHD PGS studies, 

yielding a pooled N = 28,386. These studies, which included a mixture of large population-based 

cohorts and case-control samples, yielded a pooled ADHD PGS effect size of Zpooled = .060 (95% 

CI = [.040, .080]) and an r2
pooled = .004 (95% CI = [.001, .008]) in predicting phenotypic ADHD. 

Moreover, PGS computed from more recent and larger GWAS discovery samples did not differ 

in predictive performance from PGS computed from less recent and smaller discovery samples, 

suggesting that sample size alone could not account for its low predictive power. Results of the 

meta-analysis indicate that current enthusiasm over its clinical applications should be tempered 

until several key limitations are addressed. Findings also provide important insights into the 

genetics of psychiatric outcomes and raise several key questions about the impact of PGS on 

psychiatric research moving forward. 

Keywords: Polygenic scores, genome-wide association study, ADHD, psychiatric genetics, 

meta-analysis 

Public Significance Statement: This meta-analysis revealed that state-of-the-art polygenic 

scores for ADHD remain limited in their predictive power, explaining approximately .4% of the 
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variance in phenotypic ADHD. Although polygenic scores are a promising model for psychiatric 

genetics research and future clinical applications, their present utility is largely constrained by a 

constellation of methodological limitations.  
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The Utility of Polygenic Scores for ADHD: A Meta-Analytic Review and Future Directions for 

the Broader Field 

Attention-deficit/hyperactivity disorder (ADHD) is a neurodevelopmental disorder with 

an estimated worldwide prevalence of 7.2% (Thomas, Sanders, Doust, Beller, & Glasziou, 

2015). ADHD is reliably associated with a range of adverse social, behavioral, and emotional 

outcomes in later life, including low educational attainment (Kuriyan et al., 2013), depression 

and substance misuse (Agnew-Blais et al., 2018; Lee, Humphreys, Flory, Liu, & Glass, 2011), 

criminality (Fletcher & Wolfe, 2009), and poor physical health (Brook, Brook, Zhang, Seltzer, & 

Finch, 2013; Kuriyan et al., 2013). The negative impact of childhood ADHD is pervasive in 

ways beyond its effects on the individual; it disrupts family dynamics and relationships (Theule, 

Wiener, Tannock, & Jenkins, 2013) and also affects society through the substantial economic 

burden it places on mental health systems and education services (Doshi et al., 2012; Pelham, 

Foster, & Robb, 2007).   

Although decades of behavioral and molecular genetics research have indicated the 

critical role that genes play in the etiology of ADHD, recent studies leveraging genome-wide 

methods have begun to challenge some of our previous knowledge about the genetics of ADHD 

while ushering in a new set of tools to our pursuit of uncovering its genetic architecture. One 

method that has gained considerable traction in psychiatric genetics research is the polygenic 

score (PGS) (Wray, Goddard, & Visscher, 2007). The theory behind PGS is that there are 

potentially thousands of individually small signals from across the genome that collectively 

account for the variation in the genetic risk for a given disorder (The International Schizophrenia 

Consortium, 2009). But instead of testing thousands of associations for each genetic signal, PGS 

aggregates all of these signals into a single score for each individual.  
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Study adoption of PGS methods has been rapid; from 2007 to 2013, there were a total of 

138 published studies cataloged on PubMed involving the use of PGS (three of which were 

related to ADHD). In just 2018 alone, there were 279 studies published on PGS (13 on ADHD), 

which is more than double the total number of published PGS studies prior to 2013. Given the 

high degree of heritability of many complex traits and disorders, there is optimism that PGS can 

eventually be used in the prediction of human health and behavioral outcomes (Anderson, Shade, 

DiBlasi, Shabalin, & Docherty, 2019; Lewis & Vassos, 2017; A. R. Martin et al., 2019; 

Torkamani, Wineinger, & Topol, 2018).  

Despite its tremendous promise, remarkably little is known about whether psychiatric 

PGS are particularly useful for clinical prediction at the moment. Furthermore, as more studies 

involving PGS are published, it is paramount to consider the limitations and future directions of 

PGS research. In this review article, we introduce a historical overview of the behavioral and 

molecular genetics literature that has given rise to the current proliferation of PGS studies in 

ADHD. We then examine the predictive performance of ADHD PGS by conducting the first 

meta-analytic review of the ADHD PGS literature. Finally, we conclude our review by providing 

extensive commentary on the issues around the use of PGS in psychiatric genetics research 

broadly (highlighting its applications in ADHD research in particular) and suggest new ways in 

which PGS can spur new scientific discoveries.  

Behavioral genetic studies of ADHD 

Decades of evidence from behavioral genetic studies, including those based on family 

and twin designs, have established that genes play a crucial role in the pathogenesis of ADHD. 

ADHD runs in families, with an estimated five- to nine-fold increase in risk of ADHD among 

proband families relative to controls (Biederman et al., 1992; Faraone & Doyle, 2001; Faraone & 
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Larsson, 2018). However, familial aggregation of ADHD may be due to either genetic or 

environmental factors, especially in studies that feature only first-degree relatives of the proband 

(i.e., their parents and siblings). More powerful family studies that include extended family 

members have shown that one’s liability for ADHD increases as a function of increased genetic 

relatedness to an affected family member with ADHD (Chen et al., 2017; Faraone et al., 2005). 

The largest extended family study of ADHD to date was conducted by Chen and colleagues 

(2017), who explored the familial aggregation of ADHD in a cohort of Swedish relatives 

(N=1,656,943) including pairs of twins, full and half-siblings, and full and half cousins. 

Concordance rates (for ADHD diagnosis) were highest among monozygotic (MZ) twins (r = 

.56), followed by dizygotic (DZ) twins and full siblings (r = .16 and .12, respectively), and 

maternal and paternal half-siblings (r = .09 and .06, respectively). This suggests that the familial 

aggregation of ADHD is at least partly driven by genetic influences, although the extent of the 

genetic effect is unclear.   

In contrast to family studies, twin studies can discern the relative contributions of genetic 

and environmental influences on ADHD via twin comparisons (Knopik, Neiderhiser, DeFries, & 

Plomin, 2016). The classical twin design compares MZ (identical) twins, who share 100% of 

their genes on average, to DZ (fraternal) twins, who share 50% of their genes on average. Given 

these assumptions, trait differences within MZ twin-pairs are assumed to be due to 

environmental factors (i.e., non-shared environmental influences). Researchers can subsequently 

quantify heritability and environmentality by comparing how correlated MZ and DZ twins are 

for a trait of interest (M. C. Neale, Eaves, & Kendler, 1994). Higher trait correlations among MZ 

twins relative to DZ twins suggest the prominence of a genetic effect whereas equal correlations 

between MZ and DZ twins suggest the likelihood of a strong environmental effect. Larsson, 
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Larsson and Lichtenstein (2004) conducted a 5-year longitudinal study (children were age 8-9 at 

baseline) of ADHD symptoms among 1,480 monozygotic and dizygotic twin pairs born in 

Sweden and found that genetic factors accounted for 62% and 55% of the variance for boys and 

girls, respectively. Moreover, the stability of ADHD symptoms across the 5-year span was 

primarily due to genetic factors (Larsson, Larsson, & Lichtenstein, 2004). The previously 

described Swedish familial aggregation study by Chen and colleagues (2017) found that MZ 

twins in their sample were 90% concordant for ADHD (compared to 51% and 44% concordant 

for DZ twins and full siblings, respectively), and that additive genetic influences accounted for 

89% of the variance in ADHD even after accounting for sex and birth year effects (Chen et al., 

2017). Overall, meta-analysis of twin studies of ADHD suggest that 70-75% of the variance in 

ADHD symptom dimensions can be attributed to genetic differences in the population (Chang, 

Lichtenstein, Asherson, & Larsson, 2013; Faraone & Larsson, 2018; Nikolas & Burt, 2010). In 

sum, behavioral genetic studies in the form of family and twin designs have provided the field 

with compelling evidence that ADHD is significantly influenced by genetics.  

Molecular genetic studies of ADHD 

However, family and twin designs are limited to inferring genetic influences rather than 

directly isolating the genes believed to underlie ADHD. Molecular genetic studies of ADHD first 

began with a focus on candidate genes, so called because genes of interest were selected based 

on their theoretical and/or putative biological association with ADHD. Genes involved in the 

dopaminergic system are among the most widely-studied candidates for ADHD (Brookes et al., 

2006; Gizer, Ficks, & Waldman, 2009; Hawi et al., 2015) because they were believed to be 

involved in transcribing the proteins involved in the therapeutic action of pharmacotherapies for 

ADHD (i.e., methylphenidates and amphetamines). These drugs specifically block dopamine 



POLYGENIC SCORES AND ADHD  8 

reuptake, which increase intracellular release of dopamine in the brain and presumably lead to a 

therapeutic response (Rothman & Baumann, 2003). The therapeutic effects of ADHD 

medications led scholars to theorize that individual differences in dopamine transmission might 

play an important role in ADHD (Castellanos & Tannock, 2002). Indeed, several candidate genes 

that are functionally involved in protein transcription related to dopamine transmission have 

showed evidence of association with ADHD (Hawi et al., 2015), including the DAT1 40-base 

pair (bp) variable number of tandem repeat polymorphism (VNTR), the DRD4 48-bp VNTR, and 

the DRD5 148-bp dinucleotide repeat polymorphism. Details about the other candidate genes 

that have been studied in the context of ADHD, including those involved in non-dopaminergic 

pathways, have been exhaustively reviewed by others (Brookes et al., 2006; Gizer et al., 2009; 

Hawi et al., 2015). Pertinent to this review is that while candidate gene studies have helped to 

elucidate the potential mechanisms involved in the pathogenesis of ADHD, their collectively 

small effects on ADHD and their high degree of pleiotropy (i.e., associations with other 

psychiatric disorders) (Jain et al., 2007; Naaijen et al., 2017; Schuch et al., 2016) suggest that 

looking across the genome may be more fruitful when identifying genes is the goal. Indeed, the 

candidate gene approach has largely fallen out of favor, especially given that the cost of 

performing more powerful genome-wide analysis has declined year-over-year (Visscher, Brown, 

McCarthy, & Yang, 2012; Visscher et al., 2017).  

Where candidate gene association studies typically focus on one or a few loci selected via 

theory, genome-wide association studies (GWAS) are theory-agnostic and examine the 

association between single nucleotide polymorphism (SNP) variation in the entire genome and a 

quantitative trait of interest (Hirschhorn & Daly, 2005). Most GWAS to-date have employed 

microarrays to genotype hundreds of thousands to several million SNPs in individuals. 
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Ungenotyped variants can be statistically imputed based on their physical proximity to 

genotyped variants (i.e., within a haplotype block) using data from densely-typed individuals in 

large reference panels (Howie, Fuchsberger, Stephens, Marchini, & Abecasis, 2012), such as the 

International HapMap Project (“The International HapMap Project,” 2003) and the 1000 

Genomes Project (The 1000 Genomes Project Consortium, 2010). Because of the volume of 

SNP-phenotype associations tested and the expected small effect of even a significant 

association, GWAS have far larger sample size requirements than behavioral genetic or 

candidate gene studies (Visscher et al., 2017). Thus, nearly all major GWAS of psychiatric 

outcomes are led by consortia, consisting of international research teams that combine their 

cohorts to form a large pooled sample (e.g., Psychiatric Genomics Consortium; PGC) (Sullivan, 

2010).  

PGC-led efforts have produced two meta-analyses specific to ADHD GWAS, the first of 

which was performed by B. M. Neale and colleagues (2010). This GWAS was comprised of four 

independent child and adolescent cohorts of predominantly Western European descent, resulting 

in a pooled study sample of 2,064 parent-ADHD proband trios, 896 ADHD probands and 2,455 

controls. Participants in all cohorts were assessed for ADHD using a semi-structured clinical 

interview (keyed to either the DSM-IV or ICD-10, depending on the population) conducted with 

a caregiver. The majority of ADHD probands were diagnosed with combined-type ADHD (n = 

868). Genetic data were imputed using the HapMap Phase III reference panel, resulting in 

1,206,463 SNPs analyzed in the GWAS. Test statistics from each cohort were transformed into Z 

scores, which was the effect size statistic in the GWAS. The GWAS yielded no genome-wide 

significant findings (typically defined as p < 5×10-8). Regions on chromosome 7 (e.g., SHFM1), 

8 (e.g., CHMP7), and 11 (e.g., DHCR7 and NADSYN1) were implicated based on having the 
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most SNPs that were among the top 50 associations, but the authors pointed to being 

underpowered in their sample to detect small genetic effects. Other noted limitations of the 

GWAS included: measurement variability and differences in ADHD referral patterns across 

cohorts, unmeasured effects from rare and copy number variants, and unaccounted 

environmental differences (e.g., diet, culture) due to having drawn from different populations (B. 

M. Neale et al., 2010).  

The most recent meta-analysis of ADHD GWAS was conducted by Demontis and 

colleagues (2019). The research team analyzed genetic data from 12 child and adult cohorts, 

resulting in 20,183 ADHD probands and 35,191 controls. However, the vast majority of the 

probands and controls (n = 14,583 and 22,494 respectively) came from a single child and adult 

cohort from Denmark (iPSYCH). The 11 other cohorts were aggregated by the PGC and 

represented smaller child and adult samples from Europe, Canada, United States and China. To 

address the possibility of population stratification, genetic principal components were included in 

their analysis. Imputation was performed using the 1000 Genomes Project Phase 3 reference 

panel, resulting in 8,047,421 variants analyzed in the GWAS. In iPSYCH, ADHD status was 

determined by a psychiatrist according to the ICD-10. ADHD status in the PGC samples were 

assessed using semi-structured clinical interviews (e.g., Schedule for Affective Disorders and 

Schizophrenia for School-Age Children, K-SADS; Child and Adolescent Psychiatric 

Assessment, CAPA). Twelve unique SNPs were identified in the full GWAS sample, including a 

locus in the FOXP2 gene, which is believed to play a role in learning and speech (Schreiweis et 

al., 2014) and SEMA6D, which is believed to play a role in embryonic brain development and 

educational attainment (Okbay et al., 2016). Notably, none of the regions that were implicated in 

the earlier B.M. Neale et al. (2010) GWAS were genome-wide significant in the more recent 
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GWAS. Furthermore, one of the loci (in SPAG16 on chromosome 2) failed to pass the 

significance threshold when only the European ancestry subsample was meta-analyzed. And the 

12 loci that were genome-wide significant only captured a small fraction of variance in ADHD, 

with odds ratios for each of the loci ranging from 1.077 to 1.198 (the SNP heritability of ADHD 

was an estimated .22). A number of important limitations should be noted, including the high 

degree of age heterogeneity in the pooled sample (combining children and adults), diagnostic 

heterogeneity from the use of different measures of ADHD, and an overrepresentation of cases 

and controls from a single Western European cohort (i.e., iPSYCH).  

Still, results from these GWAS have made it abundantly clear that many genes with 

individually small effects, rather than a few genes with large effects, are likely involved in the 

etiology of ADHD. The same phenomenon has been observed across GWAS of other highly to 

moderately heritable psychiatric disorders including schizophrenia (Schizophrenia Working 

Group of the Psychiatric Genomics Consortium, 2014), bipolar disorder (Stahl et al., 2019), 

autism spectrum disorder (Grove et al., 2019), and major depressive disorder (Howard et al., 

2019). And as sample sizes for these GWAS have increased, so too has the rate of genetic 

discovery (Visscher et al., 2017). Given the prominence of consortia-led efforts towards gene 

identification, GWAS sample sizes are projected to be large enough to capture a substantial 

amount of the common genetic variation underlying the psychiatric disorders in time (Sullivan, 

2010).  

Polygenic scores (PGS)  

PGS leverage of our knowledge from GWAS into a single score that characterizes an 

individual’s polygenic (via common SNPs) liability for a trait of interest (Wray et al., 2007). 

Notably, PGS have been widely referred to as a polygenic “risk” scores (PRS) in the broader 
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literature (Anderson et al., 2019; Bogdan, Baranger, & Agrawal, 2018). The inclusion of the term 

“risk” is perhaps a misnomer because the traditional scoring approach does not differentiate true 

risk alleles (i.e., those that confer an increased liability to a trait in question) from unassociated 

variants (The International Schizophrenia Consortium, 2009). Furthermore, there is emerging 

evidence that PGS may also have promotive associations, particularly for those on the “low” end 

of the distribution (Krapohl et al., 2016; Li, 2019b; Peyrot et al., 2014; Plomin, Haworth, & 

Davis, 2009; Torkamani et al., 2018). We therefore prefer the more general term “polygenic 

score,” which is the nomenclature used throughout the review.   

The traditional PGS approach takes an ensemble of genetic variants from a GWAS 

sample, referred to as the “discovery” population, and computes a weighted linear composite of 

these variants for individuals sampled from an independent “target” population (Anderson et al., 

2019; The International Schizophrenia Consortium, 2009): 

PGS = ∑ 𝑆𝑁𝑃  𝛽  

where PGS for individual i in a target population is the summation of the total number of alleles, 

j, for a SNP in individual i multiplied by the SNP’s effect size, β, taken from GWAS conducted 

on an separate discovery population. In PGS, the number of SNPs included in the computation is 

based on the p-value threshold (PT) set in the discovery GWAS. A more liberal threshold, e.g. PT 

= 1, captures much more of the genetic signal into the PGS computation, but also more 

unassociated variants as well. Conversely, setting a more conservative threshold, e.g. PT < .01, 

captures less of the genetic signal but also fewer unassociated variants that may contribute to a 

noisy signal (Dudbridge, 2013). Although most studies have used PT < 0.5 as a matter of 

convention (see example set by The International Schizophrenia Consortium, 2009), a “best fit” 

PT can also be empirically derived by selecting the PT  that explains the largest amount of 
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variance in the phenotype as measured in the target population (Euesden, Lewis, & O’Reilly, 

2016). There are, however, issues with model overfit (Benjamini, Drai, Elmer, Kafkafi, & 

Golani, 2001) and a lack of generalizability when using a PT  that is optimally-predictive only for 

a particular phenotype in a particular target population. It is thus preferable to have another 

discovery population, independent from the GWAS, that can be used to select an optimal PT for 

the target population.  

Purcell and colleagues (2009) published the first major application of PGS in psychiatric 

genetics (The International Schizophrenia Consortium, 2009). Using a discovery GWAS on 

schizophrenia, which at the time consisted of 3,322 European proband individuals and 3,587 

controls, schizophrenia PGS (at GWAS PT < 0.5) explained approximately 3% of the variance in 

schizophrenia in a completely independent target sample, with larger effects at increasingly more 

liberal GWAS PT. Moreover, they replicated the schizophrenia PGS association in two European 

ancestry target samples, once again showing that schizophrenia PGS (at GWAS PT < 0.5) 

explained between 2.3 – 3.2% of the variance in schizophrenia (interestingly, schizophrenia PGS 

explained a significant, albeit substantially smaller, amount of the variance in schizophrenia in 

an African American target sample, r2 = .4%). A systematic review identified 31 studies 

involving the use of schizophrenia PGS in relation to a broad set of outcomes (Mistry, Harrison, 

Smith, Escott-Price, & Zammit, 2018b). The authors noted that a meta-analysis was not 

conducted due to a lack of sufficient information provided by most PGS studies as well 

excessive variability in both the types of outcomes examined and discovery populations across 

each study. The same authors also conducted a review of studies on bipolar and major depressive 

disorder PGS, making similarly limited conclusions with respect to the state-of-the-field (Mistry, 

Harrison, Smith, Escott-Price, & Zammit, 2018a). Excessive outcome heterogeneity and the 
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current lack of reporting standards in PGS studies of psychiatric disorders obfuscates our 

knowledge about the predictive utility of PGS for these outcomes, which has crucial implications 

on future research in this area and its eventual clinical applications. 

The current review 

Recent years have seen psychiatric genetics research developed rapidly, given the 

combination of publicly-available GWAS summary statistics for psychiatric disorders 

(https://www.med.unc.edu/pgc/), the relatively low cost of microarrays and genotyping (Visscher 

et al., 2017), and the availability of open-source software for GWAS and PGS computations 

(Euesden et al., 2016; Purcell et al., 2007). Although there are now several ADHD PGS studies, 

there has yet to be a systematic or meta-analytic review of this literature to date. Several critical 

questions concerning its utility still remain. For instance, how well does ADHD PGS predict 

phenotypic ADHD across studies? Have larger ADHD GWAS discovery sample sizes translated 

to more powerful prediction estimates of phenotypic ADHD, as would be expected given 

simulations (Chatterjee et al., 2013)? If not, what GWAS sample size is required to attain PGS 

prediction estimates in line with the heritability inferred from twin studies? The primary goal of 

this article is to address these and several other crucial questions pertinent to the field.  

Method 

Eligibility criteria 

This review followed the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) guidelines (Moher, Liberati, Tetzlaff, & Altman, 2009). Eligibility criteria 

for the meta-analysis were as follows: 1) published in a peer reviewed journal, 2) written in 

English, 3) used an ADHD GWAS discovery sample, 4) used an independent target population 

(i.e., target participants cannot overlap with those in the ADHD GWAS discovery sample), 5) 
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derived ADHD PGS on said target population, and 6) examined associations between ADHD 

PGS and ADHD (broadly defined). The decision to focus on phenotypic ADHD in the ADHD 

PGS meta-analysis was driven by 1) the larger number of studies having measured this 

phenotype relative to a non-ADHD phenotype, and 2) the importance of establishing the 

construct validity of the ADHD PGS, which remains a crucial endeavor in the psychological 

sciences (Cronbach & Meehl, 1955). Furthermore, there were not enough studies testing similar 

non-ADHD outcomes to conduct a meta-analysis. In order to facilitate comparisons between 

ADHD PGS studies as well as to reduce some of the heterogeneity that typifies this literature, we 

only included ADHD PGS studies that employed ADHD GWAS disseminated by the PGC: B. 

M. Neale et al. (2010), the Cross-Disorder Group of the Psychiatric Genomics Consortium 

(2013), and Demontis et al. (2019).  

Search procedure and data extraction 

 A flow chart of the meta-analysis procedure is presented in Figure 1. Data collection was 

primarily conducted by Q.H. with supervision from J.J.L. The review focused on all studies 

published from January 2010 to December of 2018. Potential studies were identified in PubMed 

and Google Scholar databases. Searches targeted studies with all possible variants of the term 

“ADHD” (e.g., “attention deficit disorder,” “attention,” “hyperactivity”) and variants of the term 

“polygenic score” (e.g., “polygen*”, “polygenic risk scores,” “profile scores,” “risk profile 

scores”). A list of the search terms that were used in the database search is listed in Supplemental 

Table 1. Over 6,600 articles were identified in our search, 853 of which were not duplicates 

found in both databases. After removing articles that contained irrelevant titles and/or abstracts, 

31 articles that possibly met study criteria remained. Supplemental Table 2 provides the list of 

these 31 articles and whether or not they met each of the eligibility criteria for the meta-analysis. 
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We identified nine articles that met full eligibility criteria for the current meta-analysis, although 

one of these articles failed to report ADHD PGS effect sizes. All eligible studies were 

independently coded by J.J.L. and Q.H. We directly contacted the corresponding authors of 

studies where relevant information about a study was missing (e.g., sample demographics, 

association statistics, p-values, etc.).  

Effect sizes 

 To determine the overall effect size of the association between ADHD PGS on 

phenotypic ADHD, we converted odds ratios (ORs) or standardized betas (βs) reported in most 

studies into Fisher’s Z, thus allowing us to combine studies that used a case-control design (i.e., 

logistic regression) with population-based cohorts (i.e., linear regression). We also provided 

effect sizes as the square of correlation coefficient, r2, given the field’s convention of reporting 

PGS effects as a proportion of the amount of phenotypic variance explained. We used studies’ 

analyzed (rather than total) sample size in the effect size computation. Some studies reported 

ORs or βs for multiple ADHD phenotypes (e.g., parent versus teacher report, questionnaire 

versus interview) and at multiple GWAS PT.  Rather than including each of these effect sizes into 

the meta-analysis, we instead included only the strongest reported association of the ADHD PGS 

on ADHD for each study. We assumed that these estimates would be more consistent with the 

effects reported in studies that did not test multiple ADHD PGS associations at multiple 

thresholds and phenotypes.   

Analyses   

 All analyses were performed in R, Version 3.6.1. The meta-analysis was performed in the 

R package “meta”. We used a random-effects model to the estimate the pooled effect size across 

ADHD PGS studies, given that the observed effect sizes for these studies were expected to differ 
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by population (Borenstein, Hedges, Higgins, & Rothstein, 2010). Between-study heterogeneity 

was estimated using Cochran’s Q test, which measures the weighted and summed difference 

between the observed effect sizes and the pooled effect, and Higgin’s and Thompson’s I2, which 

assesses the percentage of variability in effect sizes not due to sampling error (Higgins & 

Thompson, 2002). High heterogeneity may be suggestive of excessive study differences, which 

can complicate interpretations of the meta-analytic pooled effect size (Higgins & Thompson, 

2002). We also explored potential moderator effects on the association between ADHD PGS and 

phenotypic ADHD by testing the effects of the discovery sample as well as publication year via 

meta-regression. These moderators were examined to test the hypothesis that ADHD PGS 

studies using more recently published (and larger) discovery samples will produce larger effect 

sizes than ADHD PGS studies using older (and smaller) discovery samples (Chatterjee et al., 

2013). Publication bias was evaluated through visual inspection of Begg’s funnel plot (Begg & 

Mazumdar, 1994), which plots study effect sizes with its standard errors. Significant asymmetry 

indicates potential publication bias.  

Results 

Summary of ADHD PGS and phenotypic ADHD studies 

 We identified nine studies that met criteria for inclusion in the meta-analysis (Benca et 

al., 2017; Brikell et al., 2018; Groen-Blokhuis et al., 2014; Jansen et al., 2018; J. Martin, 

O’Donovan, Thapar, Langley, & Williams, 2015; Nigg et al., 2018; Riglin et al., 2016; 

Stergiakouli et al., 2017; Stojanovski et al., 2019). Table 1 provides an abbreviated summary for 

each study (more detailed characteristics of each study can be found in Supplemental Table 3).   

There were an equal number of studies using the three ADHD GWAS discovery 

summary statistics. Three studies used ADHD GWAS summary statistics published by B. M. 
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Neale et al., (2010) (Benca et al., 2017; J. Martin et al., 2015; Riglin et al., 2016), three used 

ADHD GWAS summary statistics published by the Cross Disorder PGC (2013) (Groen-

Blokhuis et al., 2014; Jansen et al., 2018; Stergiakouli et al., 2017), and the remaining three used 

ADHD GWAS summary statistics published by Demontis et al., (2019) (Brikell et al., 2018; 

Nigg et al., 2018; Stojanovski et al., 2019). The most commonly used GWAS PT was PT  < .5 

(Brikell et al., 2018; J. Martin et al., 2015; Nigg et al., 2018; Riglin et al., 2016). Two studies did 

not report the GWAS PT  (Benca et al., 2017; Stojanovski et al., 2019).  

ADHD was measured across studies in a variety of ways, including parent-rated 

questionnaires (e.g., Child Behavior Checklist, CBCL; Strengths and Difficulty Questionnaire, 

SDQ) (Benca et al., 2017; Brikell et al., 2018; Groen-Blokhuis et al., 2014; Jansen et al., 2018; 

Nigg et al., 2018; Riglin et al., 2016; Stergiakouli et al., 2017), semi or fully-structured clinical 

interview (e.g., Kiddie Schedule for Affective Disorders and Schizophrenia; K-SADS, 

Diagnostic Interview Schedule for Children; DISC) (Benca et al., 2017; J. Martin et al., 2015; 

Nigg et al., 2018; Stojanovski et al., 2019), or a combination of both methods (Benca et al., 

2017; Nigg et al., 2018). Although two of the studies were drawn from the same target 

population (Avon Longitudinal Study of Parents and Children, ALSPAC) (i.e., Riglin et al., 2016 

and Stergiakouli et al., 2017), they focused on different outcomes related to ADHD (i.e., 

longitudinal trajectories of symptoms versus cross-sectional symptom counts, respectively). 

Seven studies used population-based target samples where ADHD was measured continuously 

(e.g., symptom counts or latent factors). The other two studies (i.e., J. Martin et al., 2015 and 

Nigg et al., 2018) used a community case-control target population, where ADHD was measured 

both continuously and categorically.  
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Finally, nearly all studies reported covariates in their association analyses. The most 

commonly included covariates were age, sex, and genetic principal components (to account for 

population stratification). All of the studies consisted of target populations that were 

predominantly or entirely of Western European descent. 

Meta-analysis  

Ten effect sizes were ultimately included in the meta-analysis, yielding a pooled N = 

28,386. One study (Benca et al., 2017) did not report effect sizes in their publication and could 

not be included in the meta-analysis1. Two studies (i.e., Brikell et al., 2018 and Stojanovski et al., 

2018) contained ADHD PGS effects in two subsamples. Thus, each of these subsamples were 

included in the meta-analysis as separate effect sizes.  

The pooled random effect size of the ADHD PGS was Zpooled = .060, 95% CI = [.040, 

.080], p < .001 (r2
pooled = .004, 95% CI = .001, .008], p < .001) (see Figure 2). There was minimal 

evidence of excessive heterogeneity, Cochran’s Q = 5.05, df = 9, p = .831; I2 = 0% (95% CI = 

[0% - 32.9%]). As such, a meta-regression showed no significant association of the discovery 

sample, F = 1.093, df1 = 3, df2 = 6, p = .422, or publication year, F = 1.976, df1 = 1, df2 = 8, p = 

.197 as moderators on the association of ADHD PGS and phenotypic ADHD. Visual inspection 

of the Begg’s funnel plot for publication bias showed no clear indication of asymmetry, 

suggesting no publication bias (see Figure 3).  

Because two of the studies (i.e., Riglin et al., 2016 and Stergiakouli et al., 2017) were 

drawn from the same cohort (ALSPAC), we re-analyzed the data by removing one of the studies 

and keeping the other. Removing Riglin et al. (2016) yielded no discernable difference in the 

pooled effect size (Zpooled = .062, 95% CI = [.040, .085], p < .001; r2
pooled = .004, 95% CI = .001, 

 
1 We were unable to attain these estimates despite having reached out to the corresponding authors via email 
communication.  
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.009], p < .001). Similarly, removing Stergiakouli et al. (2017) made no difference in the pooled 

effect size (Zpooled = .062, 95% CI = [.040, .085], p < .001; r2
pooled = .004, 95% CI = .001, .009], p 

< .001). 

Discussion 

To our knowledge, this is the first meta-analysis of ADHD PGS studies examining 

outcomes related to phenotypic ADHD. The meta-analysis included eight studies with 10 unique 

effect sizes spanning population-based and case-control target samples (pooled N = 28,386). 

Overall, ADHD PGS was consistently and significantly associated with phenotypic ADHD 

across samples. The pooled random effect size of ADHD PGS was Zpooled = .060, accounting for 

about 0.4% of the variance in broadly defined phenotypic ADHD. A meta regression indicated 

no evidence that ADHD PGS studies that used the larger and more recent ADHD GWAS 

discovery summary statistics (i.e., Demontis et al., 2019) were more predictive of phenotypic 

ADHD than the studies that relied on summary statistics from smaller samples (i.e., B. M. Neale 

et al., 2010 and Cross Disorder Group, 2013). Despite the emergence of larger discovery GWAS 

samples and well-powered target populations, results from this meta-analysis showed that 

ADHD PGS still only account for a small proportion of the variance in phenotypic ADHD, 

suggesting that our optimism for its clinical applications may need be tempered at this time. Our 

findings provide important insights into the current predictive performance of ADHD PGS, but 

also raise several key questions about its impact on psychiatric research making moving forward. 

We focus our discussion on addressing two of these major questions: 1) how can we improve the 

predictive performance of PGS? and 2) how can PGS be leveraged to advance our understanding 

about the etiology of psychiatric outcomes?  

How can we improve the predictive performance of PGS?  
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Adequate answers to this question will first require a brief reminder of how far we have 

come in the ADHD genetics literature to get to this point. Just prior to the advent of PGS, the 

dominant methodology for directly quantifying genetic risk was via candidate genes, an 

approach that not only failed to capture much of the variation in ADHD, but also required us to 

suspend our long-held belief that most complex traits (including ADHD) are driven by 

polygenic, rather than monogenic, influences (Comings, 2001; Comings et al., 2000; Franke, 

Neale, & Faraone, 2009; Lander & Schork, 1994). With this perspective in mind, one might view 

ADHD PGS as a significant methodological evolution in the field. And as our meta-analysis 

indicated, ADHD PGS are indeed a powerful prediction tool, given that this score reliably 

predicts ADHD symptoms and diagnosis across many different samples. Similar conclusions 

could not be made across studies using candidate genes of ADHD (Brookes et al., 2006; Gizer et 

al., 2009; Hawi et al., 2015).  

On the other hand, consider that simply having knowledge about one’s family history for 

ADHD is not only also predictive of ADHD (Biederman et al., 1992; Faraone & Doyle, 2001; 

Faraone & Larsson, 2018), but this information is also less costly to ascertain and considerably 

less invasive from a privacy perspective. Thus, if the endgame of ADHD PGS are clinical 

applications, then this approach still has a very long way to go before it is ready for primetime. 

Furthermore, ADHD PGS lacks specificity with ADHD in that it overlaps and predicts several 

other psychiatric disorders as well (Brikell et al., 2018; Carey et al., 2016; Du Rietz et al., 2017; 

Jansen et al., 2018). This reflects the likelihood of a shared etiology between ADHD and other 

psychiatric disorders, thus complicating the interpretation of ADHD PGS. In light of these issues 

and several others, we offer five recommendations to enhance the predictive performance of 

PGS.  
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 1. Wait for GWAS sample sizes to increase. The most obvious factor that will directly 

improve the predictive performance of PGS moving forward is the sample size of the discovery 

GWAS. The increase from just a few thousand (B. M. Neale et al., 2010) to several tens of 

thousands of ADHD cases and controls (Demontis, Walters, et al., 2019) in GWAS have only 

just enabled the detection of genome-wide significant results. However, simulations of the data 

indicate that increases in the proportion of phenotypic variance explained by PGS in several 

complex traits is non-linearly associated with the GWAS sample size (Chatterjee et al., 2013). 

Furthermore, greater prediction accuracy depends on the heritability of the trait as well, where 

more heritable traits (e.g., height) require fewer samples to achieve the same gains in prediction 

accuracy than less heritable and presumably more complex traits.  

What ADHD GWAS sample size will allow us to achieve a PGS effect size in line with 

twin heritability estimates2? We used an R package called “genesis” (Chatterjee et al., 2013; 

Zhang, Qi, Park, & Chatterjee, 2018) to project the predictive power of ADHD PGS as a 

function of the GWAS sample size (see Figure 4). This model suggests that we are still very 

much in the “trough” of the GWAS sample size needed to achieve ADHD PGS prediction 

estimates in line with twin heritability estimates. By doubling of our current sample size to at 

least 100,000 cases-controls, we should theoretically reach the asymptote, placing us within the 

range of twin heritability. Achieving this sample size should be imminently attainable given the 

projected rate of sample acquisition in ADHD GWAS.    

2. Consider rare variants. Unfortunately, simply waiting for GWAS sample sizes to 

increase in the hopes that this will bridge the gap between PGS and its clinical applications may 

 
2 Of course, attaining this prediction estimate can only be true when assuming that all of the genetic variation in our 
twin heritability estimates of ADHD is driven exclusively by common SNP effects, which is highly unlikely 
(Demontis, Satterstrom, et al., 2019; J. Martin, O’Donovan, Thapar, Langley, & Williams, 2015).  
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betray the significant influence of rare variants, which GWAS had previously ignored. GWAS 

was borne out of the “common-disease, common-variant” hypothesis of human complex traits, 

which stipulated that most of the genetic risk for complex diseases could be attributed to loci 

with a single (or a small number of) common variants (Gibson, 2012; Lander, 1996; Pritchard & 

Cox, 2002). However, decades of GWAS research on complex traits has returned a substantial 

degree of “missing heritability,” where the loci that have been detected in GWAS have only been 

able to explain a fraction of the inferred genetic variance based on behavioral genetic (i.e., twin) 

studies (Gibson, 2012). It is now quite clear that common variants alone cannot explain all of the 

genetic variation for complex traits.    

Rare variants are typically characterized as variants with minor allele frequencies of less 

than either 1% or 5% in the population. Because of their low frequencies, these variants are 

typically filtered out during quality control of GWAS performed with microarrays, which only 

capture a snapshot (~500,000 to a few million) of the approximately six billion SNPs that 

comprise the human genome. A significant portion of the genetic variance are neglected when 

rare variants are not considered. Using more powerful whole exome sequencing, the combination 

of rare and common variants was found to explain essentially all of the variation in height and 

body mass index (BMI) that could have been attributable to genetic influences (Wainschtein et 

al., 2019). In fact, variants with minor allele frequencies between .0001 and .1 explained over 

50% of the variance in height and BMI respectively. In other words, rare variants were found to 

play an even larger role than common variants in contributing to individual differences in two 

model traits (Wainschtein et al., 2019).  

Studies on rare variants in ADHD are quite rare but have also converged on the 

importance of rare variation in the etiology of ADHD (Corominas et al., 2018; Demontis, 
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Satterstrom, et al., 2019; Hawi et al., 2017; J. Martin et al., 2015; Yang et al., 2013). For 

instance, whole exome sequencing (which sequenced ~5.5 billion SNPs per individual) was 

recently performed on three affected, multigenerational families with ADHD (NTotal = 70, NADHD 

= 41) (Corominas et al., 2018). The researchers detected 38 rare variants within 25 genes that 

were present in each family. For two of these rare variants (rs151326868 in AAED1 and SNV 

chr8:124346225T>C in ATAD2), 93% of the affected individuals in the families carried at least 

one of the variants, and 60% carried both. Interestingly, one of the variants (in AAED1) was 

significantly associated with ADHD in an independent validation sample. Whole exome 

sequencing studies of schizophrenia and autism spectrum disorder, both of which feature far 

larger sample sizes, have similarly shown a significant role of rare variants contributing to the 

polygenic burden in either disorder (Purcell et al., 2014; Werling et al., 2018).  

Corominas et al. (2018) was limited by its small sample size of only three families, but it 

should be noted that attaining larger sample sizes for whole exome sequencing is difficult 

because they are more costly and typically necessitate a more rigorous recruitment strategy (i.e., 

trios or multiple affected members of the same family) than GWAS. Including rare variation in 

PGS computations will likely require whole exome sequenced discovery samples for ADHD, 

which do not exist at this time. However, we remain optimistic of a whole exome database being 

built in time, especially as more rare variants become identified in relation to psychiatric 

outcomes and the cost of whole exome sequencing declines (Schwarze, Buchanan, Taylor, & 

Wordsworth, 2018).  

 3. Match the population of the discovery GWAS to the target sample. In the current 

review, the meta-analyzed GWAS cohorts from Demontis et al. (2019) were largely recruited 

from clinical populations at university hospitals and clinics, whereas the ADHD PGS studies 
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used primarily population-based (i.e., non-clinical) target samples. Qualitative differences 

between the discovery sample and target populations might have contributed to the poor 

predictive performance of ADHD PGS. Savage et al. (2018) recently compared the cross-

predictive performance of alcohol use disorder (AUD) PGS weighted according to GWAS 

summary statistics from population-based (i.e., ALSPAC and FinnTwin) versus clinically-

ascertained samples (i.e., the Collaborative Study on the Genetics of Alcoholism and the Irish 

Affected Sib Pair Study on Alcohol Dependence) (Savage et al., 2018). The researchers showed 

that AUD PGS were marginally predictive of AUD symptoms in similarly ascertained sample 

types, but not significantly cross-predictive between the sample types. This same phenomenon 

has also been observed in psychometric studies of ADHD rating scales, which have shown that 

rating scales perform differently (i.e., in terms of item difficulty and discrimination) in clinical 

populations (Li, Reise, Chronis-Tuscano, Mikami, & Lee, 2016) than in non-clinical populations 

(Gomez, 2008; Purpura, Wilson, & Lonigan, 2010). 

The classic liability threshold model provides one plausible rationale for this 

phenomenon (Gottesman & Shields, 1967). Given that psychiatric disorders are influenced by 

many genes that contribute to a continuum of polygenic liability, some individuals will 

conceivably carry more genetic liability than others. The liability threshold model states that 

while this risk is distributed normally in the population, the disorder should only occur once a 

threshold of liability has been met or exceeded (pp. 36-37, Knopik et al., 2016). For instance, 

individuals with affected relatives are more likely to exceed the liability threshold than those 

without, due to having inherited more genetic liability for the disorder than those in the general 

population. What is important to note, also, is the possibility that disorders may also reflect a 

discontinuity between normality and pathology (Rutter & Sroufe, 2000). That is, individuals who 
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meet or exceed this liability threshold may also carry a different set of causal risk factors that 

differentiate them from those at the extreme ends of the normal range. For instance, the genes 

(and environments) associated with having a low IQ score (e.g., 75) may be quite different than 

the genes and environments associated with having an intellectual disability (Rutter, Simonoff, & 

Plomin, 1996; Rutter & Sroufe, 2000).  

Clinical populations (e.g., participants recruited from hospitals and clinics) may have a 

different genetic liability distribution than those in the general population, as individuals from 

clinical populations also typically present with more severe psychopathology and additional 

comorbidities (Savage et al., 2018). Thus, sampling from a clinical population in the ADHD 

GWAS may have attenuated the ADHD PGS effect in the general population (Figure 5a), where 

a higher PGS would be required to meet the liability threshold in a general population than a 

clinical population. Circumstantial evidence of this phenomenon was observed in one study in 

the meta-analysis that did employ a target clinical population (Nigg et al., 2018), which also 

reported (by far) the largest effect size of the ADHD PGS. Thus, existing GWAS discovery 

samples for ADHD seem optimized for studies where the target population is also a case-control 

sample and/or a clinical population, and possibly less so for samples featuring a general 

population.  

For the PGS studies focusing on population-based target samples, it may be more suitable 

to use a GWAS discovery sample that is also drawn from a general population. In the case of 

ADHD, there are several publicly available and genotyped population-based datasets that contain 

relevant ADHD phenotype data, such as the UK Biobank, ALSPAC, National Longitudinal 

Study of Adolescent to Adult Health. These cohorts can also be meta-analyzed to potentially 

feature a pooled GWAS sample size that is even larger than pooled case-control GWAS. We 
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note, however, that there may be other crucial differences besides sampling type that could 

contribute to differences in the PGS distribution (e.g., age, informant, ancestry, etc.). Future 

studies should examine these effects by comparing the performance of PGS based on various 

discovery samples as they pertain to different target populations.  

4. Account for the “general” factor of psychiatric disorders. Consider that nearly two-

thirds of individuals with ADHD also present with features of autism spectrum disorder (ASD) 

(Davis & Kollins, 2012). Twin studies have shown that a substantial degree (between 72-90%) of 

the phenotypic correlation between ASD and ADHD can be explained by genetic factors 

(Rommelse, Franke, Geurts, Hartman, & Buitelaar, 2010; Ronald, Larsson, Anckarsäter, & 

Lichtenstein, 2014; Stergiakouli et al., 2017). And the recent meta-analytic GWAS performed on 

ASD showed that one of the most robust genetic correlations to emerge in cross-trait analyses 

was between ASD and ADHD (rG=.36) (Grove et al., 2019). There is strong evidence of a 

common genetic etiology between these disorders.  

In fact, there is substantial evidence of shared common genetic variation between most of 

the major disorders in the DSM (Cross-Disorder Group of the Psychiatric Genomics Consortium, 

2013). Psychiatric comorbidity complicates the interpretation of PGS for a single disorder 

because this score likely contains a mixture of pleiotropic variants and variants that are unique to 

the disorder. Psychiatric disorders possibly reflect a “hierarchy of increasingly specific etiologic 

influences” (pp. 142; Lahey et al., 2017), a theory that is supported by consistent observations of 

a “general” (or “p”) factor in confirmatory factor analytic studies of psychiatric disorders. The 

general factor has been shown to explain a significant portion of the covariation between the 

discrete psychiatric disorders (Caspi et al., 2014; Kotov et al., 2017; Lahey, Krueger, Rathouz, 

Waldman, & Zald, 2017; O’Donovan & Owen, 2016). The general factor even emerges in factor 
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analyses of samples stratified by age, sex, and racial-ethnic subgroups (Carragher, Krueger, 

Eaton, & Slade, 2015; de Jonge et al., 2018; Eaton et al., 2012; Krueger, Chentsova-Dutton, 

Markon, Goldberg, & Ormel, 2003; Lahey et al., 2017; Patalay et al., 2015). Clearly, it is 

important to disambiguate the genetic signals that are shared from those that are specific to 

discrete disorders in order to enhance the prediction accuracy of trait-specific PGS. In the 

absence of accounting for this phenomenon, it is unsurprising that psychiatric GWAS, and by 

extension, PGS studies informed by these GWAS, have yet to yield any high impact discoveries 

and large effect sizes, respectively.  

Most well-powered psychiatric GWAS do not allow for the direct identification of 

higher-order or pleiotropic SNP effects because they must necessarily sacrifice diagnostic 

breadth for increased power (via sample size). Genomic Structural Equation Modeling (GSEM) 

was developed as a way to identify the variants that affect cross-trait liability (i.e., influencing a 

general factor) and trait-specific liability by modeling multivariate genetic associations among 

many phenotypes with shared etiologies, leveraging only the GWAS summary statistics for these 

phenotypes (Grotzinger et al., 2019). One of the more promising applications of GSEM is in 

PGS. The proof of this concept was demonstrated by modeling a general factor PGS from 

GWAS summary statistics of schizophrenia and major depressive disorder in GSEM (Grotzinger 

et al., 2019). The general factor PGS was more predictive of the phenotypic general factor, 

psychotic experiences, depression, mania, anxiety and post-traumatic stress disorder in the 

completely independent UK Biobank dataset than any univariate version of the PGS (Grotzinger 

et al., 2019). Their findings not only show what a substantial effect that the general factor has on 

any single psychiatric outcome, but also potential gains in prediction accuracy and specificity 

when we control for the general factor disorder specific PGS studies.  
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5. Integrate bioinformatics into PGS computations. A common criticism of PGS is that 

the presence of a statistical association does not necessarily reveal information about the 

biological mechanisms underlying the trait (Schaub, Boyle, Kundaje, Batzoglou, & Snyder, 

2012; Subramanian et al., 2005). While gene expression panels such as the Encyclopedia of 

DNA Elements (The ENCODE Project Consortium, 2011) and the Epigenomics Roadmap 

Project (Roadmap Epigenomics Consortium et al., 2015) have generated a wealth of data on the 

linkages between genetic variation and gene function, their applications for PGS have yet to fully 

develop and take hold in the field. Methodological innovations in bioinformatics have now made 

it possible to leverage insights from these gene expression panels into GWAS interpretations, 

allowing for the creation of biologically informed PGS models. Prioritizing the SNP signals that 

are biologically, rather than solely statistically relevant, should enhance its prediction accuracy.  

Software are available to functionally annotate GWAS summary statistics from gene 

expression panels like ENCODE and the Roadmap Project (e.g., DAVID; Dennis et al., 2003; 

GenoSkyline; Lu, Powles, Wang, He, & Zhao, 2016). These software integrate bioinformatics 

with GWAS to partition the SNP heritability by how strongly enriched the genetic signals are in 

human cells and tissues. Using GenoSkyline, which corrects for multiple testing and linkage 

disequilibrium (LD), we showed that genes for ADHD were only significantly overrepresented 

in the anterior caudate of the brain, although enrichment in other brain regions were also 

implicated to a lesser degree (see Figure 6). Another gene expression assay for ADHD GWAS 

(which did not control for multiple testing or LD) detected gene enrichment across a broader 

range of brain regions, including the anterior cingulate gyrus (ACC), the anterior caudate, and 

the dorsolateral prefrontal cortex (DLPFC) (Demontis, Walters, et al., 2019). These structures 

collectively play a crucial role in human reward processing and decision-making (Balleine, 
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Delgado, & Hikosaka, 2007; Ding & Hikosaka, 2006; Smittenaar, Fitzgerald, Romei, Wright, & 

Dolan, 2013; Volkow, Wang, Fowler, Tomasi, & Telang, 2011). Thus, in the case of ADHD, 

functional annotations of the GWAS confirmed the regions of the brain that we had long 

suspected in its etiology (Becker et al., 2013; Kohls et al., 2014; Li, 2018; Luman, Oosterlaan, & 

Sergeant, 2005; Ma et al., 2016), but they also provide us with clues as to which brain regions 

are more relevant to ADHD than others.  

Once GWAS summaries have been mapped onto gene expression panels, the resultant 

information can then be directly leveraged into PGS computations. One application for PGS is 

called Annotation Prediction (AnnoPred; Hu et al., 2017), where SNPs that are overrepresented 

in functionally annotated sites are prioritized and weighted in the PGS computation. This 

contrasts with the traditional approach to computing PGS that prioritizes SNPs based solely on 

statistical significance. PGS using highly enriched GWAS signals via AnnoPred significantly 

outperformed prediction estimates from a traditional PGS approach in predicting several 

complex phenotypes, including Crohn’s disease, breast cancer, rheumatoid arthritis, Type-II 

diabetes, and celiac disease (Hu et al., 2017). We are not aware of any applications of this 

approach in psychiatric genetics at this time but integrating bioinformatics into PGS 

computations can promisingly lead to new hypotheses or provide evidence in support of existing 

hypotheses with respect to the biological processes underlying many complex traits.  

Summary. It may be disappointing to some that ADHD PGS only account for about .4% 

of the variance in phenotypic ADHD, especially given our access to state-of-the-art methods and 

a well-powered GWAS discovery sample. Yet, it is also impressive how quickly psychiatric 

genetics research has evolved to be able to explain this amount of phenotypic variance, 

considering that just over a decade ago that this field was still dominated by candidate gene 
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studies. We are optimistic that PGS will become more powerful predictors of psychiatric 

outcomes in time, especially as: 1) discovery sample sizes increase, 2) well-powered whole 

exome sequencing studies emerge (and thus, can account for the effects of rare variants), 3) 

characteristics of the GWAS discovery samples match our target samples, 4) psychiatric 

comorbidity is accounted for, and 5) functional annotations of the genetic data are incorporated 

into PGS models. As these advancements unfold in concert with one another, PGS may 

eventually be used for clinical applications down the line, albeit with some important caveats 

that we discuss later in the review.  

How can PGS be used to advance our understanding about the etiology of psychiatric outcomes?  

While its uses for clinical prediction are apparent, less obvious is how PGS can help to 

uncover the etiology of psychiatric outcomes, which is the main endeavor of psychopathologists  

(Rutter & Sroufe, 2000). Considered on their own, PGS carry no directly relevant information 

about how genetic risks unfold across development to affect downstream and distal behavioral 

outcomes. Because PGS reflect aggregated information from across the genome, formulating 

hypotheses regarding how they proximally affect highly specific intervening processes (e.g., 

molecules, proteins, cognition) of distal complex behaviors can be difficult. Yet, this step is 

crucial because identifying the mechanisms that lie between genes and complex behaviors will 

provide clinicians with amenable targets for intervention. Here, we propose two ways in which 

PGS can be leveraged to elucidate potential mechanisms that underlie psychiatric disorders.   

1. PGS can be a powerful tool to test mechanistic theories of psychiatric outcomes. PGS 

can be leveraged to validate psychological constructs or to test new or existing models of 

heritable psychiatric disorders. This framework, which we call the Polygenic-Phenotypic 

Mediation Model (PPMM) (Li, 2019a; Li et al., 2019), involves comparing two mediational 
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models of a given trait B: 1) a phenotypic model, in which the independent variable for trait A is 

measured using traditional psychological methods, such as self-report or a behavioral paradigm, 

and 2) a polygenic model, in which the independent variable is characterized by PGS of trait A. 

In essence, both models are tested in relation to another trait B, where concordance between the 

phenotypic and polygenic mediation models provides robust validation of a mechanism involved 

in trait B and robust evidence of a genetic relationship between the two traits. The strength of 

PPMM is that the two models complement each other by addressing their respective limitations. 

Polygenic models, which are obviously derived mechanically from completely independent 

GWAS datasets, are impervious to many of the methodological confounds that typify a 

traditional phenotypic model (i.e., common method variance, self-reporter bias). Phenotypic 

models on the other hand, address limitations of the polygenic model by virtue of providing 

construct validity of the PGS, whereby the genetic associations between the two traits also reflect 

observed associations as well. Furthermore, temporally separating measures of traits A and B 

allow researchers to test even more robust models of causality, particularly in cases where 

specific mechanisms are theorized to intervene in these pathways.  

PPMM could be used to address a troubling pattern we noticed in our review of the 

ADHD PGS literature, which is that there are currently more studies utilizing ADHD PGS to 

predict other phenotypes (e.g., cognitive-related outcomes, other psychiatric disorders, health 

and behavioral outcomes) than phenotypic ADHD itself (see Table 2). One problem with cross-

trait ADHD PGS studies is that they assume that ADHD PGS are a suitable proxy for phenotypic 

ADHD, and that the association of ADHD PGS (trait A) and trait B is due to a genetic 

relationship between the two. This assumption rest on the premise that ADHD PGS is strongly 

associated with ADHD in the first place, which we did not observe to be the case from the 
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current meta-analysis. Conclusions made by these studies could have been strengthen 

considerably by incorporating a phenotypic model along with their polygenic models, thus 

providing some degree of validation that the genetic associations between traits A and B also 

reflect observed associations as well.  

PPMM was first illustrated in the context of ADHD through a population-based, 

prospective longitudinal dataset in the National Longitudinal Study on Adolescent to Adult 

Health (Add Health) (Li, 2019a). The author used PPMM to test the hypothesis that the link 

between childhood ADHD and adult antisocial behaviors might be mediated by psychosocial 

influences experienced during adolescence, including poor school connectedness, negatively 

influential close peers, and poor parental support. The PPMM framework produced two major 

findings. First, Li showed that both the phenotypic and polygenic models of ADHD predicted 

membership into only the less chronic forms of antisocial development in adulthood, not the 

more severe, persistent forms. This result was notable because it suggests that the heterotypic 

continuity observed among the subset of children with ADHD who exhibit antisocial behaviors 

during adulthood may actually desist in these behaviors by their early-30’s. Second, PPMM 

revealed unique causal pathways of psychosocial risk from early childhood ADHD to later 

antisocial behaviors in adulthood; children with ADHD specifically exhibited greater difficulties 

in school, which in turn predicted their antisocial development during adulthood even after 

accounting for the simultaneous effects of supportive parenting and peer effects during 

adolescence. Importantly, this indirect effect was completely replicated in the polygenic model 

of ADHD (Figure 2). Notably, Li and colleagues (2019) also used PPMM in the Wisconsin 

Longitudinal Study by showing that phenotypic and polygenic models of neuroticism indirectly 

predict late life depression via mid-life stressful life events and low social support (Li et al., 
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2019). These studies show how PPMM could be used to validate theories about the psychosocial 

mechanisms involved in antisocial behavior development and late life depression, respectively.  

Two important considerations about PPMM should be discussed. First, the previous 

examples focused on psychosocial factors as mechanisms rather than as moderators of genetic 

liability. This represents a significant departure from convention in the gene-environment 

literature, which we note is beyond the scope of this review. In fact, gene-environment 

correlation effects are quite pervasive in the psychopathology literature and are likely to explain 

why gene-environment interactions are so difficult to detect and replicate (Knafo & Jaffee, 

2013). When a correlation between genotype and environment is clearly indicated, it may be 

more suitable to test for evidence of environmental mediation, rather than moderation, with 

respect to gene-environment interplay. Second, PPMM can be used to test more proximal 

mechanisms of genetic liability, including neurobiological or cognitive endophenotypes 

(Gottesman & Gould, 2003). Endophenotypes describe constructs that intervene in the pathway 

between the genotype and a distal outcome (e.g., behavior). One of the studies included in the 

meta-analysis (Nigg et al., 2018) showed that ADHD PGS was indirectly associated with 

phenotypic ADHD via working memory and arousal/alertness. New paradigms such as PPMM 

can be used to incorporate measures at multiple levels of analysis, including those rigorously 

assayed in the laboratory, to shed new light on biological as well as psychosocial mechanisms of 

risk for ADHD and other psychiatric outcomes (Hinshaw, 2018).  

2. PGS may lead to new models of psychiatric risk and resilience. Psychiatric PGS are 

distributed normally in population-based samples (Krapohl et al., 2016), reflecting the continuum 

of genetic liability in a population (Plomin et al., 2009). Yet, all of the studies we identified in 

this meta-analysis, as well as other expert reviews commenting on the broader PGS field thus far, 



POLYGENIC SCORES AND ADHD  35 

have focused exclusively on the negative associations of being in the “high risk” end of the PGS 

distribution (Anderson et al., 2019; Bogdan et al., 2018; Khera et al., 2018; Torkamani et al., 

2018). Few researchers have been “thinking positively” (pp. 875, Plomin et al., 2009) about 

PGS, and thus, may have been neglecting the important functional implications of being in the 

low end of the PGS distribution (see Figure 5b).  

Low PGS reflect having few weighted alleles that confer liability to a psychiatric 

outcome. Thus, it is not particularly compelling that low psychiatric PGS convey a reduction in 

risk relative to individuals with higher PGS (Demontis, Walters, et al., 2019; Wray et al., 2018). 

On the other hand, remember that the prevalence rate of ADHD in the general population is 7.2% 

(Thomas et al., 2015). Rather than comparing individuals with low PGS to those with higher 

PGS, it may be more interesting to examine whether low PGS reduce one’s risk relative to the 

risk observed in the general population. That is, we can ask whether there might be a protective 

effect of low ADHD PGS. Furthermore, we can also ask whether individuals with low 

psychiatric PGS may be more resilient to environmental adversity. That is, does carrying a low 

genetic liability for a psychiatric outcome also confer the added benefit of being less susceptible 

to adverse environments, such as being maltreated? Answers to these questions have potentially 

important implications towards uncovering the mechanisms of risk and resilience for psychiatric 

disorders (Plomin et al., 2009).   

These questions were recently addressed in the context of ADHD PGS using prospective 

longitudinal data from the National Longitudinal Study of Adolescent to Adult Health (Li, 

2019b). Individuals with ADHD PGS at the mean of the distribution (i.e., ADHD PGS = 0) had a 

predicted probability of 8.19% for meeting diagnostic criteria for ADHD (95% CI=7.57-8.81%), 

which fell entirely within the observed prevalence of ADHD in Add Health (8.3%). Youths at 
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the lowest end of the ADHD PGS distribution (<20th percentile) had a two-fold risk reduction of 

ADHD (95% CI=2.8-5.3%) relative to the observed prevalence rate in sample. Furthermore, low 

PGS individuals had superior adult functional outcomes relative to the majority of individuals 

along the PGS distribution, including those who were in the medium and high ADHD PGS 

groups. They had significantly higher IQ and educational attainment, as well as lower rates of 

depression, illicit drug dependence, arrest rates, perceived stress, lower BMI and hypertension 

compared to those in the medium and high ends of the PGS distribution. This importantly 

suggests a protective effect of having low ADHD PGS, not only in terms of ADHD risk, but also 

in terms of downstream health, behavioral and cognitive outcomes. Just as noteworthy was the 

finding that individuals in the lowest ADHD PGS percentile were just as sensitive to the effects 

of childhood maltreatment as those at higher percentiles, suggesting that low psychiatric PGS 

may not necessarily relate to resilience in the face of adversity, insofar as childhood 

maltreatment is concerned. This study was among the first to show that low psychiatric PGS may 

relate to long-term functional consequences that differ considerably from those with higher PGS.  

Other studies focused on low PGS have shown differential associations of PGS when 

compared across the distribution, although these results have been mixed. Krapohl and 

colleagues (2015) used data from the UK Twins Early Development Study to show that 

individuals in the lowest septile PGS for educational attainment had the greatest amount of 

parent-reported behavior problems relative to individuals in the highest PGS septile, who had the 

fewest behavior problems (Krapohl et al., 2016). However, no associations were detected 

between low (or high) psychiatric PGS, including for ADHD, with various behavioral and 

socioemotional outcomes. In a sample 1,985 depressed patients and controls from the 

Netherlands, the odds of having a major depressive disorder (MDD) was highest among those 
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who had the highest MDD PGS and experienced severe childhood maltreatment (relative to 

individuals experiencing moderate or no/low maltreatment) (Peyrot et al., 2014). However, 

individuals at the lowest end of the MDD PGS distribution showed low odds of MDD regardless 

of maltreatment severity (Peyrot et al., 2014). Notably, this finding was inconsistent with 

findings from a similar study featuring depressed patients and controls from the United Kingdom 

(Mullins et al., 2016).  

In sum, there is some evidence to suggest that PGS capture more than just the risk and the 

absence of risk for a psychiatric outcome. Where one lies along the PGS distribution may predict 

diverging functional consequences, for better and for worse. New models of biological risk and 

resilience can be developed with this perspective in mind, especially considering that both 

environmental adversity and enrichment may differentially moderate genetic associations on 

psychiatric outcomes (i.e., differential susceptibility hypothesis) (Belsky & Pluess, 2009). For 

instance, studies have shown that individuals at the high end of the PGS distribution might 

potentially profit more from environmental enrichment or intervention than those at the lower 

end of the PGS distribution (Mega et al., 2015; Pradeep et al., 2017).  

Summary. We outlined a number of ways in which PGS research can accelerate our 

progress in uncovering the mechanisms of mental illness, such as by using it as a form of 

validation for observed relationships between two heritable traits through PPMM and opening 

new lines of research on biological risk and resilience. These lines of studies also highlight the 

important contribution that experimental research will have in the PGS era and beyond 

(Koellinger & Harden, 2018). In addition to the large-scale data collection efforts led by 

consortia, well-designed and rigorously conducted laboratory studies will always be needed to 

validate the constant stream of novel discoveries made in psychiatric genetics.   
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Limitations of the meta-analysis  

 A few limitations of the meta-analysis should be noted. First, we focused our review on 

studies that exclusively used ADHD GWAS summary statistics that were publicly available via 

the PGC, rather than studies that used GWAS summary statistics from smaller samples. This 

decision was motivated by our desire to enhance the comparability across ADHD PGS studies 

and to subsequently perform a meta-analysis of these studies. However, we have already noted 

that the small overall effect size of the ADHD PGS across studies may have been due to the 

discrepancy between the ADHD discovery sample (i.e., case-control samples) and the target 

samples (predominantly population-based). Meta-analyzed GWAS of population-based samples 

for ADHD have yet to emerge at this time and thus offer a compelling direction for future 

research in this area. Second, there were several ADHD PGS studies that focused on non-ADHD 

phenotypes, including other psychiatric outcomes, cognitive outcomes, and brain-related 

outcomes. We made a deliberate decision not to include these studies in our review, in part 

because we felt that it was problematic that ADHD PGS studies focusing on non-ADHD 

outcomes must first make a strong assumption that ADHD PGS serve as a suitable proxy for 

ADHD, and this had yet to be established prior to our meta-analysis. We were also concerned 

that several of these studies used PGS to make strong inferences about the genetic relationship 

between two or more complex traits (Du Rietz et al., 2017; Gurriarán et al., 2019), even though 

their respective genetic architectures had yet to be clearly elucidated. Furthermore, the lack of 

sufficient studies focusing on any single non-ADHD outcome, as well as the excessive 

heterogeneity in the measurement methods used across these studies, precluded our ability to 

conduct a meta-analysis of these effects. Third, we noted that some studies reported multiple 

ADHD outcomes at multiple PT, thus providing multiple effect sizes with which to include in our 
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meta-analysis. We mentioned that we selected the most significant effect size that was reported 

in each study, in part because we assumed that studies that did not report multiple effect sizes 

likely also just reported what was most robust. Thus, the pooled effect size reported in this meta-

analysis is likely more liberal of an estimate than if we had only included the least significant 

effect sizes across studies. Fourth, nearly every study in our meta-analysis (as well as the GWAS 

discovery cohorts) consisted of individuals of predominantly (Western) European ancestries. 

PGS are known to be imprecise in non-European populations because these populations are 

underrepresented in GWAS discovery samples (A. R. Martin et al., 2019). Although well-

powered transancestral GWAS studies of psychiatric outcomes have just recently emerged 

(Bigdeli et al., 2017; Walters et al., 2018), the lack of racial diversity this field is concerning and 

has the potential for exacerbating health disparities if and when genomic information becomes 

widely used for clinical applications (A. R. Martin et al., 2019). 

Overall conclusion 

The rapid rise in PGS studies published in just the last half decade reflects the 

multidisciplinary enthusiasm the approach has garnered, from scientists who view PGS as a new 

model for explaining the genetic variation underlying complex traits (Wray et al., 2014), to those 

who view PGS as a tool for clinical prediction and diagnosis (Anderson et al., 2019; A. R. 

Martin et al., 2019; Torkamani et al., 2018). PGS are projected to be a major part of precision 

medicine moving forward as our technology improves and the science becomes more refined.  

At the same time, it is also important to mitigate any unbridled enthusiasm around this 

conceivably not-too-distant future where our genes are used to predict our health and behavior. 

History has been fraught with infamous examples of the social consequences that stemmed from 

strong beliefs about genetic determinism (Epstein, 2003; Galton, 1904; Largent, 2011; McCabe 
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& McCabe, 2008). Prominent experts have already warned about the potential invasions of 

privacy and cavalier presentations of genetic information that direct-to-consumer genetic testing 

companies have introduced to mass audiences (Annas & Elias, 2014; Zettler, Sherkow, & 

Greely, 2014). As psychiatric genetics continues to rise, we must be careful not to also 

perpetuate the old and dangerous stereotype that our destiny is in our genes. Despite the valuable 

information they provide about us, genes alone do not determine who we become.  



POLYGENIC SCORES AND ADHD  41 

References 

Agnew-Blais, J. C., Polanczyk, G. V., Danese, A., Wertz, J., Moffitt, T. E., & Arseneault, L. 

(2018). Young adult mental health and functional outcomes among individuals with 

remitted, persistent and late-onset ADHD. The British Journal of Psychiatry, 213(3), 

526–534. doi: 10.1192/bjp.2018.97 

Anderson, J. S., Shade, J., DiBlasi, E., Shabalin, A. A., & Docherty, A. R. (2019). Polygenic risk 

scoring and prediction of mental health outcomes. Current Opinion in Psychology, 27, 

77–81. doi: 10.1016/j.copsyc.2018.09.002 

Annas, G. J., & Elias, S. (2014). 23andMe and the FDA. New England Journal of Medicine, 

370(11), 985–988. doi: 10.1056/NEJMp1316367 

Balleine, B. W., Delgado, M. R., & Hikosaka, O. (2007). The Role of the Dorsal Striatum in 

Reward and Decision-Making. Journal of Neuroscience, 27(31), 8161–8165. doi: 

10.1523/JNEUROSCI.1554-07.2007 

Becker, S. P., Fite, P. J., Garner, A. A., Greening, L., Stoppelbein, L., & Luebbe, A. M. (2013). 

Reward and punishment sensitivity are differentially associated with ADHD and sluggish 

cognitive tempo symptoms in children. Journal of Research in Personality, 47(6), 719–

727. doi: 10.1016/j.jrp.2013.07.001 

Begg, C. B., & Mazumdar, M. (1994). Operating Characteristics of a Rank Correlation Test for 

Publication Bias. Biometrics, 50(4), 1088–1101. doi: 10.2307/2533446 

Belsky, J., & Pluess, M. (2009). Beyond diathesis stress: Differential susceptibility to 

environmental influences. Psychological Bulletin, 135(6), 885–908. doi: 

10.1037/a0017376 



POLYGENIC SCORES AND ADHD  42 

Benca, C. E., Derringer, J. L., Corley, R. P., Young, S. E., Keller, M. C., Hewitt, J. K., & 

Friedman, N. P. (2017). Predicting Cognitive Executive Functioning with Polygenic Risk 

Scores for Psychiatric Disorders. Behavior Genetics, 47(1), 11–24. doi: 10.1007/s10519-

016-9814-2 

Benjamini, Y., Drai, D., Elmer, G., Kafkafi, N., & Golani, I. (2001). Controlling the false 

discovery rate in behavior genetics research. Behavioural Brain Research, 125(1), 279–

284. doi: 10.1016/S0166-4328(01)00297-2 

Biederman, J., Faraone, S. V., Keenan, K., Benjamin, J., Krifcher, B., Moore, C., … Tsuang, M. 

T. (1992). Further Evidence for Family-Genetic Risk Factors in Attention Deficit 

Hyperactivity Disorder: Patterns of Comorbidity in Probands and Relatives in 

Psychiatrically and Pediatrically Referred Samples. Archives of General Psychiatry, 

49(9), 728–738. doi: 10.1001/archpsyc.1992.01820090056010 

Bigdeli, T. B., Ripke, S., Peterson, R. E., Trzaskowski, M., Bacanu, S.-A., Abdellaoui, A., … 

Kendler, K. S. (2017). Genetic effects influencing risk for major depressive disorder in 

China and Europe. Translational Psychiatry, 7(3), e1074. doi: 10.1038/tp.2016.292 

Bogdan, R., Baranger, D. A. A., & Agrawal, A. (2018). Polygenic Risk Scores in Clinical 

Psychology: Bridging Genomic Risk to Individual Differences. Annual Review of 

Clinical Psychology, 14(1), 119–157. doi: 10.1146/annurev-clinpsy-050817-084847 

Borenstein, M., Hedges, L. V., Higgins, J. P. T., & Rothstein, H. R. (2010). A basic introduction 

to fixed-effect and random-effects models for meta-analysis. Research Synthesis 

Methods, 1(2), 97–111. doi: 10.1002/jrsm.12 

Brikell, I., Larsson, H., Lu, Y., Pettersson, E., Chen, Q., Kuja-Halkola, R., … Martin, J. (2018). 

The contribution of common genetic risk variants for ADHD to a general factor of 



POLYGENIC SCORES AND ADHD  43 

childhood psychopathology. Molecular Psychiatry, 1–13. doi: 10.1038/s41380-018-0109-

2 

Brook, J. S., Brook, D. W., Zhang, C., Seltzer, N., & Finch, S. J. (2013). Adolescent ADHD and 

Adult Physical and Mental Health, Work Performance, and Financial Stress. Pediatrics, 

131(1), 5–13. doi: 10.1542/peds.2012-1725 

Brookes, K., Xu, X., Chen, W., Zhou, K., Neale, B., Lowe, N., … Johansson, L. (2006). The 

analysis of 51 genes in DSM-IV combined type attention deficit hyperactivity disorder: 

Association signals in DRD4, DAT1 and 16 other genes. Molecular Psychiatry, 11(10), 

934. doi: 10.1038/sj.mp.4001869 

Carey, C. E., Agrawal, A., Bucholz, K. K., Hartz, S. M., Lynskey, M. T., Nelson, E. C., … 

Bogdan, R. (2016). Associations between Polygenic Risk for Psychiatric Disorders and 

Substance Involvement. Frontiers in Genetics, 7. doi: 10.3389/fgene.2016.00149 

Carragher, N., Krueger, R. F., Eaton, N. R., & Slade, T. (2015). Disorders without borders: 

Current and future directions in the meta-structure of mental disorders. Social Psychiatry 

and Psychiatric Epidemiology, 50(3), 339–350. doi: 10.1007/s00127-014-1004-z 

Caspi, A., Houts, R. M., Belsky, D. W., Goldman-Mellor, S. J., Harrington, H., Israel, S., … 

Moffitt, T. E. (2014). The p Factor: One General Psychopathology Factor in the Structure 

of Psychiatric Disorders? Clinical Psychological Science, 2(2), 119–137. doi: 

10.1177/2167702613497473 

Castellanos, F. X., & Tannock, R. (2002). Neuroscience of attention-deficit/hyperactivity 

disorder: The search for endophenotypes. Nature Reviews Neuroscience, 3(8), 617–628. 

doi: 10.1038/nrn896 



POLYGENIC SCORES AND ADHD  44 

Chang, Z., Lichtenstein, P., Asherson, P. J., & Larsson, H. (2013). Developmental Twin Study of 

Attention Problems: High Heritabilities Throughout Development. JAMA Psychiatry, 

70(3), 311–318. doi: 10.1001/jamapsychiatry.2013.287 

Chatterjee, N., Wheeler, B., Sampson, J., Hartge, P., Chanock, S. J., & Park, J.-H. (2013). 

Projecting the performance of risk prediction based on polygenic analyses of genome-

wide association studies. Nature Genetics, 45(4), 400–405. doi: 10.1038/ng.2579 

Chen, Q., Brikell, I., Lichtenstein, P., Serlachius, E., Kuja‐Halkola, R., Sandin, S., & Larsson, H. 

(2017). Familial aggregation of attention-deficit/hyperactivity disorder. Journal of Child 

Psychology and Psychiatry, 58(3), 231–239. doi: 10.1111/jcpp.12616 

Comings, D. E. (2001). Clinical and Molecular Genetics of ADHD and Tourette Syndrome. 

Annals of the New York Academy of Sciences, 931(1), 50–83. doi: 10.1111/j.1749-

6632.2001.tb05773.x 

Comings, D. E., Gade‐Andavolu, R., Gonzalez, N., Wu, S., Muhleman, D., Blake, H., … 

MacMurray, J. P. (2000). Comparison of the role of dopamine, serotonin, and 

noradrenaline genes in ADHD, ODD and conduct disorder: Multivariate regression 

analysis of 20 genes. Clinical Genetics, 57(3), 178–196. doi: 10.1034/j.1399-

0004.2000.570304.x 

Corominas, J., Klein, M., Zayats, T., Rivero, O., Ziegler, G. C., Pauper, M., … Lesch, K.-P. 

(2018). Identification of ADHD risk genes in extended pedigrees by combining linkage 

analysis and whole-exome sequencing. Molecular Psychiatry, 1–11. doi: 

10.1038/s41380-018-0210-6 

Cronbach, L. J., & Meehl, P. E. (1955). Construct validity in psychological tests. Psychological 

Bulletin, 52(4), 281–302. doi: 10.1037/h0040957 



POLYGENIC SCORES AND ADHD  45 

Cross-Disorder Group of the Psychiatric Genomics Consortium. (2013). Identification of risk 

loci with shared effects on five major psychiatric disorders: A genome-wide analysis. 

Lancet (London, England), 381(9875), 1371–1379. doi: 10.1016/S0140-6736(12)62129-1 

Davis, N. O., & Kollins, S. H. (2012). Treatment for Co-Occurring Attention 

Deficit/Hyperactivity Disorder and Autism Spectrum Disorder. Neurotherapeutics, 9(3), 

518–530. doi: 10.1007/s13311-012-0126-9 

de Jonge, P., Wardenaar, K. J., Lim, C. C. W., Aguilar-Gaxiola, S., Alonso, J., Andrade, L. H., 

… Scott, K. (2018). The cross-national structure of mental disorders: Results from the 

World Mental Health Surveys. Psychological Medicine, 48(12), 2073–2084. doi: 

10.1017/S0033291717003610 

Demontis, D., Satterstrom, K., Duan, J., Lescai, F., Dinesen Østergaard, S., Lesch, K.-P., … 

Børglum, A. D. (2019). The Role of Ultra-Rare Coding Variants In ADHD. European 

Neuropsychopharmacology, 29, S724–S725. doi: 10.1016/j.euroneuro.2017.06.042 

Demontis, D., Walters, R. K., Martin, J., Mattheisen, M., Als, T. D., Agerbo, E., … Neale, B. M. 

(2019). Discovery of the first genome-wide significant risk loci for attention 

deficit/hyperactivity disorder. Nature Genetics, 51(1), 63. doi: 10.1038/s41588-018-

0269-7 

Dennis, G., Sherman, B. T., Hosack, D. A., Yang, J., Gao, W., Lane, H. C., & Lempicki, R. A. 

(2003). DAVID: Database for Annotation, Visualization, and Integrated Discovery. 

Genome Biology, 4(9), R60. doi: 10.1186/gb-2003-4-9-r60 

Ding, L., & Hikosaka, O. (2006). Comparison of Reward Modulation in the Frontal Eye Field 

and Caudate of the Macaque. Journal of Neuroscience, 26(25), 6695–6703. doi: 

10.1523/JNEUROSCI.0836-06.2006 



POLYGENIC SCORES AND ADHD  46 

Doshi, J. A., Hodgkins, P., Kahle, J., Sikirica, V., Cangelosi, M. J., Setyawan, J., … Neumann, 

P. J. (2012). Economic Impact of Childhood and Adult Attention-Deficit/Hyperactivity 

Disorder in the United States. Journal of the American Academy of Child & Adolescent 

Psychiatry, 51(10), 990-1002.e2. doi: 10.1016/j.jaac.2012.07.008 

Doyle, A. E., Willcutt, E. G., Seidman, L. J., Biederman, J., Chouinard, V.-A., Silva, J., & 

Faraone, S. V. (2005). Attention-Deficit/Hyperactivity Disorder Endophenotypes. 

Biological Psychiatry, 57(11), 1324–1335. doi: 10.1016/j.biopsych.2005.03.015 

Du Rietz, E., Coleman, J., Glanville, K., Choi, S. W., O’Reilly, P. F., & Kuntsi, J. (2017). 

Association of Polygenic Risk for Attention-Deficit/Hyperactivity Disorder With Co-

occurring Traits and Disorders. Biological Psychiatry: Cognitive Neuroscience and 

Neuroimaging. doi: 10.1016/j.bpsc.2017.11.013 

Dudbridge, F. (2013). Power and predictive accuracy of polygenic risk scores. PLOS Genetics, 

9(3), e1003348. doi: 10.1371/journal.pgen.1003348 

Eaton, N. R., Keyes, K. M., Krueger, R. F., Balsis, S., Skodol, A. E., Markon, K. E., … Hasin, 

D. S. (2012). An invariant dimensional liability model of gender differences in mental 

disorder prevalence: Evidence from a national sample. Journal of Abnormal Psychology, 

121(1), 282–288. doi: http://dx.doi.org.ezproxy.library.wisc.edu/10.1037/a0024780 

Epstein, C. J. (2003). Is modern genetics the new eugenics? Genetics in Medicine, 5(6), 469–

475. doi: 10.1097/01.GIM.0000093978.77435.17 

Euesden, J., Lewis, C. M., & O’Reilly, P. F. (2016). PRSice: Polygenic Risk Score software 

v1.25. 24. 



POLYGENIC SCORES AND ADHD  47 

Faraone, S. V., & Doyle, A. E. (2001). The Nature and Heritability of Attention-

Deficit/Hyperactivity Disorder. Child and Adolescent Psychiatric Clinics of North 

America, 10(2), 299–316. doi: 10.1016/S1056-4993(18)30059-2 

Faraone, S. V., & Larsson, H. (2018). Genetics of attention deficit hyperactivity disorder. 

Molecular Psychiatry, 1. doi: 10.1038/s41380-018-0070-0 

Faraone, S. V., Perlis, R. H., Doyle, A. E., Smoller, J. W., Goralnick, J. J., Holmgren, M. A., & 

Sklar, P. (2005). Molecular Genetics of Attention-Deficit/Hyperactivity Disorder. 

Biological Psychiatry, 57(11), 1313–1323. doi: 10.1016/j.biopsych.2004.11.024 

Fletcher, J., & Wolfe, B. (2009). Long-term Consequences of Childhood ADHD on Criminal 

Activities. The Journal of Mental Health Policy and Economics, 12(3), 119–138. 

Franke, B., Neale, B. M., & Faraone, S. V. (2009). Genome-wide association studies in ADHD. 

Human Genetics, 126(1), 13–50. doi: 10.1007/s00439-009-0663-4 

Galton, F. (1904). Eugenics: Its Definition, Scope, and Aims. American Journal of Sociology, 

10(1), 1–25. 

Gibson, G. (2012). Rare and common variants: Twenty arguments. Nature Reviews Genetics, 

13(2), 135–145. doi: 10.1038/nrg3118 

Gizer, I. R., Ficks, C., & Waldman, I. D. (2009). Candidate gene studies of ADHD: A meta-

analytic review. Human Genetics, 126(1), 51–90. doi: 10.1007/s00439-009-0694-x 

Gomez, R. (2008). Item Response Theory Analyses of the Parent and Teacher Ratings of the 

DSM-IV ADHD Rating Scale. Journal of Abnormal Child Psychology, 36(6), 865–885. 

doi: 10.1007/s10802-008-9218-8 

Gottesman, I I, & Shields, J. (1967). A polygenic theory of schizophrenia. Proceedings of the 

National Academy of Sciences of the United States of America, 58(1), 199–205. 



POLYGENIC SCORES AND ADHD  48 

Gottesman, Irving I., & Gould, T. D. (2003). The Endophenotype Concept in Psychiatry: 

Etymology and Strategic Intentions. American Journal of Psychiatry, 160(4), 636–645. 

doi: 10.1176/appi.ajp.160.4.636 

Groen-Blokhuis, M. M., Middeldorp, C. M., Kan, K.-J., Abdellaoui, A., Beijsterveldt, C. E. M. 

van, Ehli, E. A., … Boomsma, D. I. (2014). Attention-Deficit/Hyperactivity Disorder 

Polygenic Risk Scores Predict Attention Problems in a Population-Based Sample of 

Children. Journal of the American Academy of Child & Adolescent Psychiatry, 53(10), 

1123-1129.e6. doi: 10.1016/j.jaac.2014.06.014 

Grotzinger, A. D., Rhemtulla, M., Vlaming, R. de, Ritchie, S. J., Mallard, T. T., Hill, W. D., … 

Tucker-Drob, E. M. (2019). Genomic structural equation modelling provides insights into 

the multivariate genetic architecture of complex traits. Nature Human Behaviour, 1. doi: 

10.1038/s41562-019-0566-x 

Grove, J., Ripke, S., Als, T. D., Mattheisen, M., Walters, R. K., Won, H., … Børglum, A. D. 

(2019). Identification of common genetic risk variants for autism spectrum disorder. 

Nature Genetics, 51(3), 431. doi: 10.1038/s41588-019-0344-8 

Gurriarán, X., Rodríguez‐López, J., Flórez, G., Pereiro, C., Fernández, J. M., Fariñas, E., … 

Costas, J. (2019). Relationships between substance abuse/dependence and psychiatric 

disorders based on polygenic scores. Genes, Brain and Behavior, 18(3), e12504. doi: 

10.1111/gbb.12504 

Hawi, Z., Cummins, T. D. R., Tong, J., Arcos-Burgos, M., Zhao, Q., Matthews, N., … 

Bellgrove, M. A. (2017). Rare DNA variants in the brain-derived neurotrophic factor 

gene increase risk for attention-deficit hyperactivity disorder: A next-generation 

sequencing study. Molecular Psychiatry, 22(4), 580–584. doi: 10.1038/mp.2016.117 



POLYGENIC SCORES AND ADHD  49 

Hawi, Z., Cummins, T. D. R., Tong, J., Johnson, B., Lau, R., Samarrai, W., & Bellgrove, M. A. 

(2015). The molecular genetic architecture of attention deficit hyperactivity disorder. 

Molecular Psychiatry, 20(3), 289–297. doi: 10.1038/mp.2014.183 

Higgins, J. P. T., & Thompson, S. G. (2002). Quantifying heterogeneity in a meta-analysis. 

Statistics in Medicine, 21(11), 1539–1558. doi: 10.1002/sim.1186 

Hinshaw, S. P. (2018). Attention Deficit Hyperactivity Disorder (ADHD): Controversy, 

Developmental Mechanisms, and Multiple Levels of Analysis. Annual Review of Clinical 

Psychology, 14(1), 291–316. doi: 10.1146/annurev-clinpsy-050817-084917 

Hirschhorn, J. N., & Daly, M. J. (2005). Genome-wide association studies for common diseases 

and complex traits. Nature Reviews Genetics, 6(2), 95–108. doi: 10.1038/nrg1521 

Howard, D. M., Adams, M. J., Clarke, T.-K., Hafferty, J. D., Gibson, J., Shirali, M., … 

McIntosh, A. M. (2019). Genome-wide meta-analysis of depression identifies 102 

independent variants and highlights the importance of the prefrontal brain regions. Nature 

Neuroscience, 22(3), 343–352. doi: 10.1038/s41593-018-0326-7 

Howie, B., Fuchsberger, C., Stephens, M., Marchini, J., & Abecasis, G. R. (2012). Fast and 

accurate genotype imputation in genome-wide association studies through pre-phasing. 

Nature Genetics, 44(8), 955–959. doi: 10.1038/ng.2354 

Hu, Y., Lu, Q., Powles, R., Yao, X., Yang, C., Fang, F., … Zhao, H. (2017). Leveraging 

functional annotations in genetic risk prediction for human complex diseases. PLOS 

Computational Biology, 13(6), e1005589. doi: 10.1371/journal.pcbi.1005589 

Jain, M., Palacio, L. G., Castellanos, F. X., Palacio, J. D., Pineda, D., Restrepo, M. I., … 

Muenke, M. (2007). Attention-Deficit/Hyperactivity Disorder and Comorbid Disruptive 



POLYGENIC SCORES AND ADHD  50 

Behavior Disorders: Evidence of Pleiotropy and New Susceptibility Loci. Biological 

Psychiatry, 61(12), 1329–1339. doi: 10.1016/j.biopsych.2006.06.026 

Jansen, P. R., Polderman, T. J. C., Bolhuis, K., Ende, J. van der, Jaddoe, V. W. V., Verhulst, F. 

C., … Tiemeier, H. (2018). Polygenic scores for schizophrenia and educational 

attainment are associated with behavioural problems in early childhood in the general 

population. Journal of Child Psychology and Psychiatry, 59(1), 39–47. doi: 

10.1111/jcpp.12759 

Khera, A. V., Chaffin, M., Aragam, K. G., Haas, M. E., Roselli, C., Choi, S. H., … Kathiresan, 

S. (2018). Genome-wide polygenic scores for common diseases identify individuals with 

risk equivalent to monogenic mutations. Nature Genetics, 50(9), 1219. doi: 

10.1038/s41588-018-0183-z 

Knafo, A., & Jaffee, S. R. (2013). Gene–environment correlation in developmental 

psychopathology. Development and Psychopathology, 25(1), 1–6. doi: 

10.1017/S0954579412000855 

Knopik, V., Neiderhiser, J. M., DeFries, J. C., & Plomin, R. (2016). Behavioral Genetics (7th 

ed.). New York: Worth. 

Koellinger, P. D., & Harden, K. P. (2018). Using nature to understand nurture. Science, 

359(6374), 386–387. doi: 10.1126/science.aar6429 

Kohls, G., Thönessen, H., Bartley, G. K., Grossheinrich, N., Fink, G. R., Herpertz-Dahlmann, B., 

& Konrad, K. (2014). Differentiating neural reward responsiveness in autism versus 

ADHD. Developmental Cognitive Neuroscience, 10, 104–116. doi: 

10.1016/j.dcn.2014.08.003 



POLYGENIC SCORES AND ADHD  51 

Kotov, R., Krueger, R. F., Watson, D., Achenbach, T. M., Althoff, R. R., Bagby, R. M., … 

Zimmerman, M. (2017). The Hierarchical Taxonomy of Psychopathology (HiTOP): A 

dimensional alternative to traditional nosologies. Journal of Abnormal Psychology, 

126(4), 454–477. doi: 10.1037/abn0000258 

Krapohl, E., Euesden, J., Zabaneh, D., Pingault, J.-B., Rimfeld, K., von Stumm, S., … Plomin, 

R. (2016). Phenome-wide analysis of genome-wide polygenic scores. Molecular 

Psychiatry, 21(9), 1188–1193. doi: 10.1038/mp.2015.126 

Krueger, R. F., Chentsova-Dutton, Y. E., Markon, K. E., Goldberg, D., & Ormel, J. (2003). A 

cross-cultural study of the structure of comorbidity among common psychopathological 

syndromes in the general health care setting. Journal of Abnormal Psychology, 112(3), 

437–447. doi: 10.1037/0021-843X.112.3.437 

Kuriyan, A. B., Pelham, W. E., Molina, B. S. G., Waschbusch, D. A., Gnagy, E. M., Sibley, M. 

H., … Kent, K. M. (2013). Young Adult Educational and Vocational Outcomes of 

Children Diagnosed with ADHD. Journal of Abnormal Child Psychology, 41(1), 27–41. 

doi: 10.1007/s10802-012-9658-z 

Lahey, B. B., Krueger, R. F., Rathouz, P. J., Waldman, I. D., & Zald, D. H. (2017). A 

hierarchical causal taxonomy of psychopathology across the life span. Psychological 

Bulletin, 143(2), 142–186. doi: 10.1037/bul0000069 

Lander, E. S., & Schork, N. J. (1994). Genetic dissection of complex traits. Science, 265(5181), 

2037–2048. doi: 10.1126/science.8091226 

Lander, Eric S. (1996). The New Genomics: Global Views of Biology. Science, 274(5287), 536–

539. Retrieved from JSTOR. 



POLYGENIC SCORES AND ADHD  52 

Largent, M. A. (2011). Breeding Contempt: The History of Coerced Sterilization in the United 

States. Rutgers University Press. 

Larsson, J.-O., Larsson, H., & Lichtenstein, P. (2004). Genetic and Environmental Contributions 

to Stability and Change of ADHD Symptoms Between 8 and 13 Years of Age: A 

Longitudinal Twin Study. Journal of the American Academy of Child & Adolescent 

Psychiatry, 43(10), 1267–1275. doi: 10.1097/01.chi.0000135622.05219.bf 

Lee, S. S., Humphreys, K. L., Flory, K., Liu, R., & Glass, K. (2011). Prospective association of 

childhood attention-deficit/hyperactivity disorder (ADHD) and substance use and 

abuse/dependence: A meta-analytic review. Clinical Psychology Review, 31(3), 328–341. 

doi: 10.1016/j.cpr.2011.01.006 

Lewis, C. M., & Vassos, E. (2017). Prospects for using risk scores in polygenic medicine. 

Genome Medicine, 9(1), 96. doi: 10.1186/s13073-017-0489-y 

Li, J. J. (2018). Children’s Reward and Punishment Sensitivity Moderates the Association of 

Negative and Positive Parenting Behaviors in Child ADHD Symptoms. Journal of 

Abnormal Child Psychology, 1–14. doi: 10.1007/s10802-018-0421-y 

Li, J. J. (2019a). Assessing phenotypic and polygenic models of ADHD to identify mechanisms 

of risk for longitudinal trajectories of externalizing behaviors. Journal of Child 

Psychology and Psychiatry, 0(0). doi: 10.1111/jcpp.13071 

Li, J. J. (2019b). The Positive End of the Polygenic Score Distribution for ADHD: A Risk, 

Protective or Resilience Factor? BioRxiv, 611897. doi: 10.1101/611897 

Li, J. J., Hilton, E. C., Lu, Q., Hong, J., Greenberg, J. S., & Mailick, M. R. (2019). Validating 

psychosocial pathways of risk between neuroticism and late life depression using a 



POLYGENIC SCORES AND ADHD  53 

polygenic score approach. Journal of Abnormal Psychology, 128(3), 200–211. doi: 

10.1037/abn0000419 

Li, J. J., Reise, S. P., Chronis-Tuscano, A., Mikami, A. Y., & Lee, S. S. (2016). Item Response 

Theory Analysis of ADHD Symptoms in Children With and Without ADHD. 

Assessment, 23(6), 655–671. doi: 10.1177/1073191115591595 

Lu, Q., Powles, R. L., Wang, Q., He, B. J., & Zhao, H. (2016). Integrative Tissue-Specific 

Functional Annotations in the Human Genome Provide Novel Insights on Many Complex 

Traits and Improve Signal Prioritization in Genome Wide Association Studies. PLOS 

Genetics, 12(4), e1005947. doi: 10.1371/journal.pgen.1005947 

Luman, M., Oosterlaan, J., & Sergeant, J. A. (2005). The impact of reinforcement contingencies 

on AD/HD: A review and theoretical appraisal. Clinical Psychology Review, 25(2), 183–

213. doi: 10.1016/j.cpr.2004.11.001 

Ma, I., van Holstein, M., Mies, G. W., Mennes, M., Buitelaar, J., Cools, R., … Scheres, A. 

(2016). Ventral striatal hyperconnectivity during rewarded interference control in 

adolescents with ADHD. Cortex, 82, 225–236. doi: 10.1016/j.cortex.2016.05.021 

Martin, A. R., Kanai, M., Kamatani, Y., Okada, Y., Neale, B. M., & Daly, M. J. (2019). Clinical 

use of current polygenic risk scores may exacerbate health disparities. Nature Genetics, 

51(4), 584. doi: 10.1038/s41588-019-0379-x 

Martin, J., O’Donovan, M. C., Thapar, A., Langley, K., & Williams, N. (2015). The relative 

contribution of common and rare genetic variants to ADHD. Translational Psychiatry, 

5(2), e506. doi: 10.1038/tp.2015.5 

McCabe, L. L., & McCabe, E. R. B. (2008). DNA: Promise and Peril. University of California 

Press. 



POLYGENIC SCORES AND ADHD  54 

Mega, J. L., Stitziel, N. O., Smith, J. G., Chasman, D. I., Caulfield, M. J., Devlin, J. J., … 

Sabatine, M. S. (2015). Genetic risk, coronary heart disease events, and the clinical 

benefit of statin therapy: An analysis of primary and secondary prevention trials. The 

Lancet, 385(9984), 2264–2271. doi: 10.1016/S0140-6736(14)61730-X 

Mistry, S., Harrison, J. R., Smith, D. J., Escott-Price, V., & Zammit, S. (2018a). The use of 

polygenic risk scores to identify phenotypes associated with genetic risk of bipolar 

disorder and depression: A systematic review. Journal of Affective Disorders, 234, 148–

155. doi: 10.1016/j.jad.2018.02.005 

Mistry, S., Harrison, J. R., Smith, D. J., Escott-Price, V., & Zammit, S. (2018b). The use of 

polygenic risk scores to identify phenotypes associated with genetic risk of 

schizophrenia: Systematic review. Schizophrenia Research, 197, 2–8. doi: 

10.1016/j.schres.2017.10.037 

Moher, D., Liberati, A., Tetzlaff, J., & Altman, D. G. (2009). Preferred reporting items for 

systematic reviews and meta-analyses: The PRISMA statement. PLoS Medicine, 6(7), 

e1000097–e1000097. doi: 10.1371/journal.pmed.1000097 

Mullins, N., Power, R. A., Fisher, H. L., Hanscombe, K. B., Euesden, J., Iniesta, R., … Lewis, C. 

M. (2016). Polygenic interactions with environmental adversity in the aetiology of major 

depressive disorder. Psychological Medicine, 46(4), 759–770. doi: 

10.1017/S0033291715002172 

Naaijen, J., Bralten, J., Poelmans, G., The IMAGE Consortium, Faraone, S., Asherson, P., … 

Buitelaar, J. K. (2017). Glutamatergic and GABAergic gene sets in attention-

deficit/hyperactivity disorder: Association to overlapping traits in ADHD and autism. 

Translational Psychiatry, 7(1), e999. doi: 10.1038/tp.2016.273 



POLYGENIC SCORES AND ADHD  55 

Natarajan Pradeep, Young Robin, Stitziel Nathan O., Padmanabhan Sandosh, Baber Usman, 

Mehran Roxana, … Kathiresan Sekar. (2017). Polygenic Risk Score Identifies Subgroup 

With Higher Burden of Atherosclerosis and Greater Relative Benefit From Statin 

Therapy in the Primary Prevention Setting. Circulation, 135(22), 2091–2101. doi: 

10.1161/CIRCULATIONAHA.116.024436 

Neale, B. M., Medland, S. E., Ripke, S., Asherson, P., Franke, B., Lesch, K.-P., … Nelson, S. 

(2010). Meta-Analysis of Genome-Wide Association Studies of Attention-

Deficit/Hyperactivity Disorder. Journal of the American Academy of Child & Adolescent 

Psychiatry, 49(9), 884–897. doi: 10.1016/j.jaac.2010.06.008 

Neale, M. C., Eaves, L. J., & Kendler, K. S. (1994). The power of the classical twin study to 

resolve variation in threshold traits. Behavior Genetics, 24(3), 239–258. doi: 

10.1007/BF01067191 

Nigg, J. T., Gustafsson, H. C., Karalunas, S. L., Ryabinin, P., McWeeney, S. K., Faraone, S. V., 

… Wilmot, B. (2018). Working Memory and Vigilance as Multivariate Endophenotypes 

Related to Common Genetic Risk for Attention-Deficit/Hyperactivity Disorder. Journal 

of the American Academy of Child & Adolescent Psychiatry, 57(3), 175–182. doi: 

10.1016/j.jaac.2017.12.013 

Nikolas, M. A., & Burt, S. A. (2010). Genetic and environmental influences on ADHD symptom 

dimensions of inattention and hyperactivity: A meta-analysis. Journal of Abnormal 

Psychology, 119(1), 1–17. doi: 10.1037/a0018010 

O’Donovan, M. C., & Owen, M. J. (2016). The implications of the shared genetics of psychiatric 

disorders. Nature Medicine, 22(11), 1214–1219. doi: 10.1038/nm.4196 



POLYGENIC SCORES AND ADHD  56 

Okbay, A., Beauchamp, J. P., Fontana, M. A., Lee, J. J., Pers, T. H., Rietveld, C. A., … 

Benjamin, D. J. (2016). Genome-wide association study identifies 74 loci associated with 

educational attainment. Nature, 533(7604), 539–542. doi: 10.1038/nature17671 

Patalay, P., Fonagy, P., Deighton, J., Belsky, J., Vostanis, P., & Wolpert, M. (2015). A general 

psychopathology factor in early adolescence. British Journal of Psychiatry, 207(01), 15–

22. doi: 10.1192/bjp.bp.114.149591 

Pelham, W. E., Foster, E. M., & Robb, J. A. (2007). The Economic Impact of Attention-

Deficit/Hyperactivity Disorder in Children and Adolescents. Journal of Pediatric 

Psychology, 32(6), 711–727. doi: 10.1093/jpepsy/jsm022 

Peyrot, W. J., Milaneschi, Y., Abdellaoui, A., Sullivan, P. F., Hottenga, J. J., Boomsma, D. I., & 

Penninx, B. W. J. H. (2014). Effect of polygenic risk scores on depression in childhood 

trauma. The British Journal of Psychiatry, 205(2), 113–119. doi: 

10.1192/bjp.bp.113.143081 

Plomin, R., Haworth, C. M. A., & Davis, O. S. P. (2009). Common disorders are quantitative 

traits. Nature Reviews Genetics, 10(12), 872–878. doi: 10.1038/nrg2670 

Pritchard, J. K., & Cox, N. J. (2002). The allelic architecture of human disease genes: Common 

disease–common variant… or not? Human Molecular Genetics, 11(20), 2417–2423. doi: 

10.1093/hmg/11.20.2417 

Purcell, S. M., Moran, J. L., Fromer, M., Ruderfer, D., Solovieff, N., Roussos, P., … Sklar, P. 

(2014). A polygenic burden of rare disruptive mutations in schizophrenia. Nature, 

506(7487), 185–190. doi: 10.1038/nature12975 

Purcell, S., Neale, B., Todd-Brown, K., Thomas, L., Ferreira, M. A. R., Bender, D., … Sham, P. 

C. (2007). PLINK: A Tool Set for Whole-Genome Association and Population-Based 



POLYGENIC SCORES AND ADHD  57 

Linkage Analyses. The American Journal of Human Genetics, 81(3), 559–575. doi: 

10.1086/519795 

Purpura, D. J., Wilson, S. B., & Lonigan, C. J. (2010). Attention-deficit/hyperactivity disorder 

symptoms in preschool children: Examining psychometric properties using item response 

theory. Psychological Assessment, 22(3), 546–558. doi: 10.1037/a0019581 

Riglin, L., Collishaw, S., Thapar, A. K., Dalsgaard, S., Langley, K., Smith, G. D., … Thapar, A. 

(2016). Association of Genetic Risk Variants With Attention-Deficit/Hyperactivity 

Disorder Trajectories in the General Population. JAMA Psychiatry, 73(12), 1285–1292. 

doi: 10.1001/jamapsychiatry.2016.2817 

Roadmap Epigenomics Consortium, Kundaje, A., Meuleman, W., Ernst, J., Bilenky, M., Yen, 

A., … Kellis, M. (2015). Integrative analysis of 111 reference human epigenomes. 

Nature, 518(7539), 317–330. doi: 10.1038/nature14248 

Rommelse, N. N. J., Franke, B., Geurts, H. M., Hartman, C. A., & Buitelaar, J. K. (2010). Shared 

heritability of attention-deficit/hyperactivity disorder and autism spectrum disorder. 

European Child & Adolescent Psychiatry, 19(3), 281–295. doi: 10.1007/s00787-010-

0092-x 

Ronald, A., Larsson, H., Anckarsäter, H., & Lichtenstein, P. (2014). Symptoms of autism and 

ADHD: A Swedish twin study examining their overlap. Journal of Abnormal 

Psychology, 123(2), 440–451. doi: 10.1037/a0036088 

Rothman, R. B., & Baumann, M. H. (2003). Monoamine transporters and psychostimulant drugs. 

European Journal of Pharmacology, 479(1), 23–40. doi: 10.1016/j.ejphar.2003.08.054 



POLYGENIC SCORES AND ADHD  58 

Rutter, M., Simonoff, E., & Plomin, R. (1996). Genetic influences on mild mental retardation: 

Concepts, findings and research implications. Journal of Biosocial Science, 28(4), 509–

526. doi: 10.1017/S0021932000022562 

Rutter, M., & Sroufe, L. A. (2000). Developmental psychopathology: Concepts and challenges. 

Development and Psychopathology, 12(3), 265–296. doi: 10.1017/S0954579400003023 

Savage, J. E., Salvatore, J. E., Aliev, F., Edwards, A. C., Hickman, M., Kendler, K. S., … Dick, 

D. M. (2018). Polygenic Risk Score Prediction of Alcohol Dependence Symptoms 

Across Population-Based and Clinically Ascertained Samples. Alcoholism, Clinical and 

Experimental Research, 42(3), 520–530. doi: 10.1111/acer.13589 

Schaub, M. A., Boyle, A. P., Kundaje, A., Batzoglou, S., & Snyder, M. (2012). Linking disease 

associations with regulatory information in the human genome. Genome Research, 22(9), 

1748–1759. doi: 10.1101/gr.136127.111 

Schizophrenia Working Group of the Psychiatric Genomics Consortium. (2014). Biological 

insights from 108 schizophrenia-associated genetic loci. Nature, 511(7510), 421–427. 

doi: 10.1038/nature13595 

Schreiweis, C., Bornschein, U., Burguière, E., Kerimoglu, C., Schreiter, S., Dannemann, M., … 

Graybiel, A. M. (2014). Humanized Foxp2 accelerates learning by enhancing transitions 

from declarative to procedural performance. Proceedings of the National Academy of 

Sciences, 111(39), 14253–14258. doi: 10.1073/pnas.1414542111 

Schuch, J. B., Polina, E. R., Rovaris, D. L., Kappel, D. B., Mota, N. R., Cupertino, R. B., … Bau, 

C. H. D. (2016). Pleiotropic effects of Chr15q25 nicotinic gene cluster and the 

relationship between smoking, cognition and ADHD. Journal of Psychiatric Research, 

80, 73–78. doi: 10.1016/j.jpsychires.2016.06.002 



POLYGENIC SCORES AND ADHD  59 

Schwarze, K., Buchanan, J., Taylor, J. C., & Wordsworth, S. (2018). Are whole-exome and 

whole-genome sequencing approaches cost-effective? A systematic review of the 

literature. Genetics in Medicine, 20(10), 1122–1130. doi: 10.1038/gim.2017.247 

Smittenaar, P., FitzGerald, T. H. B., Romei, V., Wright, N. D., & Dolan, R. J. (2013). Disruption 

of Dorsolateral Prefrontal Cortex Decreases Model-Based in Favor of Model-free Control 

in Humans. Neuron, 80(4), 914–919. doi: 10.1016/j.neuron.2013.08.009 

Stahl, E. A., Breen, G., Forstner, A. J., McQuillin, A., Ripke, S., Trubetskoy, V., … Sklar, P. 

(2019). Genome-wide association study identifies 30 loci associated with bipolar 

disorder. Nature Genetics, 51(5), 793–803. doi: 10.1038/s41588-019-0397-8 

Stergiakouli, E., Davey Smith, G., Martin, J., Skuse, D. H., Viechtbauer, W., Ring, S. M., … St 

Pourcain, B. (2017). Shared genetic influences between dimensional ASD and ADHD 

symptoms during child and adolescent development. Molecular Autism, 8(1), 18. doi: 

10.1186/s13229-017-0131-2 

Stojanovski, S., Felsky, D., Viviano, J. D., Shahab, S., Bangali, R., Burton, C. L., … Wheeler, A. 

L. (2019). Polygenic Risk and Neural Substrates of Attention-Deficit/Hyperactivity 

Disorder Symptoms in Youths With a History of Mild Traumatic Brain Injury. Biological 

Psychiatry, 85(5), 408–416. doi: 10.1016/j.biopsych.2018.06.024 

Subramanian, A., Tamayo, P., Mootha, V. K., Mukherjee, S., Ebert, B. L., Gillette, M. A., … 

Mesirov, J. P. (2005). Gene set enrichment analysis: A knowledge-based approach for 

interpreting genome-wide expression profiles. Proceedings of the National Academy of 

Sciences, 102(43), 15545–15550. doi: 10.1073/pnas.0506580102 

Sullivan, P. F. (2010). The Psychiatric GWAS Consortium: Big Science Comes to Psychiatry. 

Neuron, 68(2), 182–186. doi: 10.1016/j.neuron.2010.10.003 



POLYGENIC SCORES AND ADHD  60 

The 1000 Genomes Project Consortium. (2010). A map of human genome variation from 

population-scale sequencing. Nature, 467(7319), 1061–1073. doi: 10.1038/nature09534 

The ENCODE Project Consortium. (2011). A User’s Guide to the Encyclopedia of DNA 

Elements (ENCODE). PLOS Biology, 9(4), e1001046. doi: 10.1371/journal.pbio.1001046 

The International HapMap Project. (2003). Nature, 426(6968), 789–796. doi: 

10.1038/nature02168 

The International Schizophrenia Consortium. (2009). Common polygenic variation contributes to 

risk of schizophrenia and bipolar disorder. Nature, 460(7256), 748–752. doi: 

10.1038/nature08185 

Theule, J., Wiener, J., Tannock, R., & Jenkins, J. M. (2013). Parenting Stress in Families of 

Children With ADHD: A Meta-Analysis. Journal of Emotional and Behavioral 

Disorders, 21(1), 3–17. doi: 10.1177/1063426610387433 

Thomas, R., Sanders, S., Doust, J., Beller, E., & Glasziou, P. (2015). Prevalence of Attention-

Deficit/Hyperactivity Disorder: A Systematic Review and Meta-analysis. Pediatrics, 

135(4), e994–e1001. doi: 10.1542/peds.2014-3482 

Torkamani, A., Wineinger, N. E., & Topol, E. J. (2018). The personal and clinical utility of 

polygenic risk scores. Nature Reviews Genetics, 19(9), 581. doi: 10.1038/s41576-018-

0018-x 

Visscher, P. M., Brown, M. A., McCarthy, M. I., & Yang, J. (2012). Five Years of GWAS 

Discovery. The American Journal of Human Genetics, 90(1), 7–24. doi: 

10.1016/j.ajhg.2011.11.029 



POLYGENIC SCORES AND ADHD  61 

Visscher, P. M., Wray, N. R., Zhang, Q., Sklar, P., McCarthy, M. I., Brown, M. A., & Yang, J. 

(2017). 10 Years of GWAS Discovery: Biology, Function, and Translation. The 

American Journal of Human Genetics, 101(1), 5–22. doi: 10.1016/j.ajhg.2017.06.005 

Volkow, N. D., Wang, G.-J., Fowler, J. S., Tomasi, D., & Telang, F. (2011). Addiction: Beyond 

dopamine reward circuitry. Proceedings of the National Academy of Sciences, 108(37), 

15037–15042. doi: 10.1073/pnas.1010654108 

Wainschtein, P., Jain, D. P., Yengo, L., Zheng, Z., TOPMed Anthropometry Working Group, T.-

O. for P. M. C., Cupples, L. A., … Visscher, P. M. (2019). Recovery of trait heritability 

from whole genome sequence data. BioRxiv, 588020. doi: 10.1101/588020 

Walters, R. K., Polimanti, R., Johnson, E. C., McClintick, J. N., Adams, M. J., Adkins, A. E., … 

Agrawal, A. (2018). Transancestral GWAS of alcohol dependence reveals common 

genetic underpinnings with psychiatric disorders. Nature Neuroscience, 21(12), 1656–

1669. doi: 10.1038/s41593-018-0275-1 

Werling, D. M., Brand, H., An, J.-Y., Stone, M. R., Zhu, L., Glessner, J. T., … Sanders, S. J. 

(2018). An analytical framework for whole-genome sequence association studies and its 

implications for autism spectrum disorder. Nature Genetics, 50(5), 727–736. doi: 

10.1038/s41588-018-0107-y 

Wray, N. R., Goddard, M. E., & Visscher, P. M. (2007). Prediction of individual genetic risk to 

disease from genome-wide association studies. Genome Research, 17(10), 1520–1528. 

doi: 10.1101/gr.6665407 

Wray, N. R., Lee, S. H., Mehta, D., Vinkhuyzen, A. A. E., Dudbridge, F., & Middeldorp, C. M. 

(2014). Research Review: Polygenic methods and their application to psychiatric traits. 



POLYGENIC SCORES AND ADHD  62 

Journal of Child Psychology and Psychiatry, 55(10), 1068–1087. doi: 

10.1111/jcpp.12295 

Wray, N. R., Ripke, S., Mattheisen, M., Trzaskowski, M., Byrne, E. M., Abdellaoui, A., … 

Sullivan, P. F. (2018). Genome-wide association analyses identify 44 risk variants and 

refine the genetic architecture of major depression. Nature Genetics, 50(5), 668. doi: 

10.1038/s41588-018-0090-3 

Yang, L., Neale, B. M., Liu, L., Lee, S. H., Wray, N. R., Ji, N., … Wang, Y. (2013). Polygenic 

transmission and complex neuro developmental network for attention deficit 

hyperactivity disorder: Genome-wide association study of both common and rare 

variants. American Journal of Medical Genetics Part B: Neuropsychiatric Genetics, 

162(5), 419–430. doi: 10.1002/ajmg.b.32169 

Zettler, P. J., Sherkow, J. S., & Greely, H. T. (2014). 23andMe, the Food and Drug 

Administration, and the Future of Genetic Testing. JAMA Internal Medicine, 174(4), 

493–494. doi: 10.1001/jamainternmed.2013.14706 

Zhang, Y., Qi, G., Park, J.-H., & Chatterjee, N. (2018). Estimation of complex effect-size 

distributions using summary-level statistics from genome-wide association studies across 

32 complex traits. Nature Genetics, 50(9), 1318–1326. doi: 10.1038/s41588-018-0193-x 



POLYGENIC SCORES AND ADHD  63 

Table 1. Abbreviated summary of ADHD PGS studies included in meta-analysis 
 

Author and year Discovery GWAS Target sample 
Analytic 

N 
Target 
ages 

Strongest 
reported effect 

size 
S.E. or C.I.  p* 

Groen-Blokuis et al., 2014 Cross Disorder PGC (2013)  Young Netherlands Twin Register 1612 7-13 β = .08 S.E. = .03 .0067 

Martin et al., 2015 Neale (2010) "UK-based" cases and controls 4670 6-17 OR = 1.15 
95% CI = 
1.04-1.27 

.009 

Riglin et al., 2016 Neale (2010) 
Avon Longitudinal Study of 
Parents and Children (ALSPAC) 

3870 4-17 β = .35 S.E. = .13 .01 

Jansen et al., 2018 Cross Disorder PGC (2013)  Generation R 2202 6 β = .07 S.E. = .02 .002 

Stergiakouli et al., 2017 Cross Disorder (2013)  
Avon Longitudinal Study of 
Parents and Children (ALSPAC) 

4164 7-17 β = .07 S.E. = .03 .0043 

Benca et al., 2017 Neale (2010) 
Colorado Longitudinal Twin Study 
(LTS) and Colorado Community 
Twin Study (CTS) 

259 7-16 Not reported Not reported 
N.S., 
Not 

reported 

Brikell et al., 2018 Demontis (2019) 
Child and Adolescent Twin Study 
in Sweden (CATSS), A-TAC 
subsample 

6603 9 or 12 β = .11 S.E. = .02 <.0001 

 Demontis (2019) 
CATSS, SMFQ/SCARED 
subsample 

6854 9 or 12 β = .13 S.E. = .02 <.0001 

Nigg et al., 2018 Demontis (2019) Community case-control 656 7-11 β = .24 S.E. = .05 <.001 

Stojanovski et al., 2018 
Demontis (2019) - 
Caucasian Only 

Philadelphia Neurodevelopmental 
Cohort (PNC), TBI subgroup 

205 8-21 
T = -.04, df = 

196 
Not 

applicable 
.7 

  
Demontis (2019) - 
Caucasian Only 

PNC, No-TBI subgroup 1233 8-21 
T = 3.5, df = 

1224 
Not 

applicable 
.004 

 
Note. Additional information about the ADHD PGS studies are available in Supplemental Table 3; A-TAC = Autism-Tics, ADHD, and Other 
Comorbidities inventory; SMFQ = Short Mood and Feelings Questionnaire; SCARED = Screen for Child Anxiety Related Emotional Disorders; 
N.S. = not significant; TBI = traumatic brain injury. 
 
* Decimal values shown here reflect the number of the decimals that were reported in the original article. 
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Table 2. Summary of ADHD PGS association studies 
 

  

 Outcome 
Number of 

studies 

Number of these 
studies that also 

measured phenotypic 
ADHD 

Authors 

ADHD phenotype 9 9 

Benca et al., 2017; Brikell et 
al., 2018; Nigg et al., 2018; 
Groen-Blokuis et al., 2014; 

Jansen et al., 2018; Martin et 
al., 2015; Riglin et al., 2016; 

Stergiakouli et al., 2017; 
Stojanovski et al., 2018 

Non-ADHD psychiatric phenotype 12 4 

Brikell et al., 2018; Carey et 
al., 2016, 2017; Du Rietz et 
al., 2018; Gurriarán et al., 

2018; Hamshere et al., 2013; 
Jansen et al., 2018; 

Rabinowitz et al., 2018; Rice 
et al., 2018; Riglin et al., 
2016; Ritter et al., 2017; 
Stergiakouli et al., 2017 

Cognition-related phenotype 6 4 

Benca et al., 2017; Clarke et 
al., 2016; Du Rietz et al., 
2018; Martin et al., 2015; 

Nigg et al., 2018; Riglin et al., 
2016 

Brain-related phenotype 4 0 
Carey et al., 2017; Wang et 

al., 2017; Szekely et al., 2018; 
Whalley et al., 2015 
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Figure 1. ADHD PGS meta-analysis flow chart 
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Figure 2. Forest plot of ADHD PGS effect sizes (in Z scores) 
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Figure 3. Begg’s funnel plot 
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Figure 4. ADHD PGS prediction power as a function of the GWAS discovery sample size 
 

 
 
Caption. Following Zhang et al. (2018), we assumed that SNPs’ effect sizes followed a mixture of three 
normal distributions; parameters of the distribution were estimated through the Expectation-Maximization 
algorithm; PCC2 = the square of predictive correlation coefficient; AUC = area under the receiver 
operating characteristic curve; yellow line represents ADHD PGS prediction accuracy as a function of 
GWAS sample size; black lines represent the 95% upper and lower bounds of the prediction accuracy 
confidence intervals; dotted red line represents current ADHD GWAS sample size.  
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Figure 5. Adapted liability threshold models for PGS 

 
 
Caption. Figure A (above) shows the PGS liability threshold model for a clinical population (in gray) that 
is shifted to the right of general population (in black), indicating that higher PGS would be required to 
meet the high liability threshold in a general population than a clinical population. Figure B (below) 
shows the PGS liability threshold model with a demarcation for those in the low end of the PGS liability 
distribution, where individuals to the left of the low liability threshold may exhibit low risk or possibly 
resilience.      
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Figure 6. Gene enrichment in human cells and tissues based on GenoSkyline functional annotation of 
ADHD GWAS via Demontis, Walters, et al. (2019) 
 

 
 
Caption. Bars represent the p-values for genetic enrichment across each cell and tissue, after Bonferroni 
and LD correction; dotted line indicates significance threshold for enrichment; results indicate that 
genetic signals were significantly enriched in the anterior caudate nucleus; note that the functional 
annotation was performed on the Caucasian-only subsample of the GWAS (i.e., 19,099 cases versus 
34,194 controls).   
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Figure 7.  Phenotypic-polygenic mediation model  
 

 
 
Caption. Figure A (above) shows the phenotypic model of mediation, where the independent variable for 
trait A is assayed using traditional psychological methods, such as self-report or a behavioral paradigm 
and the outcome. Figure B (below) shows the polygenic model, where the independent variable for trait A 
is characterized by its PGS. Both models are tested in relation to another trait B, where concordance 
between the phenotypic and polygenic mediation models provides robust validation of a mechanism 
involved in trait B and strong evidence of a genetic relationship between the two traits.  
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Figure 8. Low to high distribution of ADHD PGS in the National Longitudinal Study of Adolescent to 
Adult Health.  
 

 
Caption. Individuals in the bottom 20th percentile of ADHD PGS exhibited a two-fold risk reduction 
(95% CI=2.8-5.3%) of ADHD relative to the observed prevalence rate of 8.3% in sample, indicating a 
protective effect of low PGS. Furthermore, low PGS individuals had significantly higher IQ and 
educational attainment, as well as lower rates of depression, illicit drug dependence, arrest rates, 
perceived stress, lower BMI and hypertension relative to individuals with medium and high ADHD PGS 
(Li, 2019b).   
 

 

 


