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Abstract

Background and Aims.—The associations between low educational attainment and substance 

use disorders (SUDs) may be related to a common genetic vulnerability. We aimed to elucidate the 

associations between polygenic scores for educational attainment and clinical criterion counts for 

three SUDs (alcohol, nicotine, and cannabis).

Design.—Polygenic association and sibling comparison methods. The latter strengthens 

inferences in observational research by controlling for confounding factors that differ between 

families.

Setting.—Six sites in the United States.

Participants.—European ancestry participants 25 years of age and older from the Collaborative 

Study on the Genetics of Alcoholism (COGA). Polygenic association analyses included 5582 

(54% female) participants. Sibling comparisons included 3098 (52% female) participants from 

1226 sibling groups nested within the overall sample.

Measurements.—Outcomes included criterion counts for DSM-5 Alcohol Use Disorder 

(AUDSX), Fagerström Nicotine Dependence (NDSX), and DSM-5 Cannabis Use Disorder 

(CUDSX). We derived polygenic scores for educational attainment (EduYears-GPS) using 

summary statistics from a large (>1 million) genome-wide association study of educational 

attainment.

Findings.—In polygenic association analyses, higher EduYears-GPS predicted lower AUDSX, 

NDSX, and CUDSX (p<0.01, effect sizes (R2) ranging from 0.30%−1.84%). These effects were 

robust in sibling comparisons, where sibling differences in EduYears-GPS predicted all three 

SUDs (p<0.05, R2 0.13%−0.20%).

Conclusions.—Individuals who carry more alleles associated with educational attainment tend 

to meet fewer clinical criteria for alcohol, nicotine, and cannabis use disorders, and these effects 

are robust to rigorous controls for potentially confounding factors that differ between families 

(e.g., socioeconomic status, urban-rural residency, and parental education).
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Researchers have studied the associations between educational attainment and substance use 

disorders (SUDs) for more than a century [1, 2]. Cross-sectional studies consistently link use 

of tobacco, alcohol, and cannabis with high school dropout [2], and greater educational 
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attainment with lower rates of SUD diagnoses [3–5]. There is a substantial body of work 

exploring the hypotheses that SUDs influence early termination of education, and that early 

termination of education influences SUDs [6], with evidence supporting both temporal 

orderings [5, 7–10]. A third hypothesis is also plausible: that the associations between low 

educational attainment and SUDs are attributable at least in part to a common general 

vulnerability. Genetic factors represent one type of general vulnerability. Consistent with 

this possibility, genetic epidemiologic data indicate that there is a set of genetic factors that 

influence both low educational attainment and a higher likelihood of developing SUDs [11–

14]. There is also evidence that familial factors confound the associations between 

educational attainment and multiple forms of substance use and dependence [6, 15], 

although the specific source of this familial confounding (i.e., genes or the rearing 

environment) was not specified in those studies.

Recent advances in characterizing the molecular genetic basis of complex traits and 

behaviors have stimulated interest in translating findings from genetic epidemiological 

studies, which use patterns of resemblance among individuals of known genetic relatedness 

to make inferences about latent genetic influences on traits and behaviors, into a molecular 

genetic framework [16, 17]. This is typically accomplished using a polygenic scoring 

approach, where researchers leverage genome-wide association results from large, well-

powered discovery samples to calculate personalized indices of the weighted number of 

trait-associated alleles carried by each participant in an independent sample [18, 19]. In 

polygenic analyses, one examines the associations between these polygenic scores and other 

traits and behaviors to examine their shared genetic etiology.

In this study, we combined polygenic association and sibling comparison methods to 

elucidate the associations between polygenic scores for educational attainment [20] and 

clinical criterion counts for three common SUDs (alcohol, nicotine, and cannabis) in a 

sample of adults of European ancestry. Sibling comparisons [21–24] provide a 

complementary tool to clarify the nature of associations observed in polygenic analyses. 

Biological full siblings reared together share the same home environment and a substantial 

portion of their genetic variation (50% on average), allowing for control of measured and 

unmeasured familial factors such as socioeconomic status, religious upbringing, urban-rural 

residency, parental education, and familial polygenic load, that are also known to influence 

SUD outcomes. Controlling for these potential confounders shared by siblings is important 

because too often polygenic associations are over-interpreted as evidence that a particular set 

of alleles has pleiotropic effects across traits or disorders. For this reason, testing the 

alternative explanation that polygenic associations are attributable to familial confounding is 

important for understanding the molecular genetic basis underlying the links between low 

educational attainment and SUDs. This is particularly critical in view of the enthusiasm to 

incorporate polygenic scores as part of precision medicine efforts to identify and intervene 

with individuals deemed genetically at risk.

Significant associations between an educational attainment polygenic score and SUD 

criterion counts within a sibling comparison design would be consistent with the 

interpretation that carrying more alleles associated with educational attainment is associated 

with a lower likelihood of developing SUD problems. In contrast, if sibling differences in 
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educational attainment polygenic scores do not predict SUD criterion counts it suggests that 

polygenic associations are confounded by other shared familial factors. This difference is 

important, considering that social advantage is related to both educational attainment 

polygenic scores [25–27] and rates of SUDs [28].

Materials and Methods

Participants

Participants came from the Collaborative Study on the Genetics of Alcoholism (COGA) 

[29–31], whose objective is to identify genes involved in alcohol dependence and related 

disorders. Probands (i.e., index individuals) were identified through alcohol treatment 

programs at six U.S. sites. Probands and their families were invited to participate if the 

family was sufficiently large (usually sibships > 3 with parents available) with two or more 

members in the COGA catchment area. Comparison families were recruited from the same 

communities. The Institutional Review Boards at all data gathering sites approved this study 

and written consent was obtained from all participants. COGA data are available via dbGaP 

(phs000763.v1.p1, phs000125.v1.p1) or through the National Institute on Alcohol Abuse 

and Alcoholism.

We defined two study samples within COGA. The first sample included all participants of 

European ancestry 25 years of age or older with both genome-wide association data and 

relevant SUD phenotypic information (n = 5582 individuals from 1093 extended families; 

3009 (54%) female; Mage = 42.29 years, age range = 25 – 91 years). We limited the sample 

to those of European ancestry to avoid population stratification [32] because the educational 

attainment genome-wide association study (GWAS) weights come from a European ancestry 

discovery sample. SNPrelate [33] was implemented to estimate principal components from 

GWAS data and subsequently used to determine European ancestry. We implemented the 

age minimum to balance the needs to ensure that the majority of participants had passed 

through the period of highest risk for onset of the SUDs without unduly limiting sample 

size. Epidemiological data regarding age of onset for SUDs [34–36] guided our decision to 

select age 25 as the cutoff, which also mirrors the cutoff used in analyses of educational 

attainment in US Census data [37].

The second sample was a subset of the first sample, limited to groups of European ancestry 

biological full siblings (confirmed by genotyping) nested within the larger COGA sample. 

This process identified 4733 individuals nested within 1655 sibling groups (2–12 siblings 

per group). As detailed below, the n = 4733 sibling GWAS samples were used to calculate 

the educational attainment polygenic scores used for the sibling comparison analyses. The 

sample was subsequently filtered by age at phenotypic assessment for the linear mixed 

model analyses. In total, the sibling comparison analyses included 3098 individuals [1616 

(52%) female] who were 25 years of age or older (Mage = 37.89 years) from 1226 sibling 

groups nested within 773 extended families.
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Measures

Genotyping.—Genotyping for the COGA European ancestry participants was performed 

using the Illumina 1M, Illumina OmniExpress (Illumina, San Diego, CA), and Smokescreen 

(BioRealm, Walnut, CA) arrays. Quality control and imputation procedures are described in 

Lai et al. [31] and in the Supporting Information section 1.

Substance Use Disorder Clinical Criterion Counts.—Clinical criterion counts for 

alcohol (AUDSX), nicotine (NDSX), and cannabis (CUDSX) were obtained from the 

reliable and valid Semi-Structured Assessment for the Genetics of Alcoholism (SSAGA) 

[38, 39]. Criterion counts for alcohol and cannabis use disorder were made according to 

DSM-5 [40] and thus each had a possible range of 0–11. The criterion count for NDSX 

came from the Fagerström Test for Nicotine Dependence [41] and had a possible range of 0–

10. The criterion count distributions showed right skews; to address this in inferential 

analyses, we applied a logarithmic transformation (left anchored at 1).

Covariates and Measures for Robustness and Sensitivity Analyses.—We 

included sex, age at last interview, cohort (indexed using three dummy-coded variables 

derived from participant year of birth: [1896–1930) set as reference; [1930–1950); [1950–

1970); [1970–2010)) and the first two principal components for genetic ancestry in all 

analyses.

We conducted a series of robustness and sensitivity analyses to probe and interpret the 

effects from our primary analyses. For robustness analyses, we used participants’ 

educational attainment, assessed as highest level of education completed. Potential responses 

ranged from 0–17 years (primary or secondary school = actual year; technical school/1 year 

college = 13 years; 2 years college = 14 years; 3 years college = 15 years; 4 years college = 

16 years; any graduate degree = 17 years). In sensitivity analyses of the sibling data, we used 

participants’ reports of their living arrangements while growing up from a set of thirteen 

options (see Supporting Information section 2) to evaluate whether the pattern of effects 

changed when the sample was limited to siblings who reported the same living arrangements 

(and thus likely shared the same rearing environment). An early version of the SSAGA did 

not query living arrangements; accordingly, we were only able to confirm that siblings grew 

up together for a subset of the sample (see Supporting Information section 2).

Statistical Methods

Educational Attainment Genome-Wide Polygenic Scores (EduYears-GPS).—
We used results from the Social Science Genetic Association Consortium (SSGAC) GWAS 

of educational attainment [20], to construct educational attainment genome-wide polygenic 

scores (EduYears-GPS) in the COGA sample. Although polygenic scores are often described 

as polygenic risk scores, we prefer the term genome-wide polygenic score for this study. 

This is because ‘risk’ connotes a negative outcome, whereas educational attainment is 

typically valued. After removing palindromic SNPs (which can be ambiguous with respect 

to the reference allele in different samples), we used the clump and score procedures in 

PLINK [42] to sum each individual’s total number of minor alleles from the score SNPs, 

with each SNP weighted by the negative log of the GWAS association p value and sign of 
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the association (beta) statistic. Clumping was done with respect to the linkage disequilibrium 

(LD) pattern in the COGA EA sample (founders only) using a 500 kb physical distance and 

an LD threshold of r2≥0.25. Following conventions for polygenic scoring using the pruning-

and-thresholding approach [18], we calculated a series of GPS in COGA that included SNPs 

meeting increasingly stringent p-value thresholds in the discovery GWAS (P<0.50, P<0.40, 

P<0.30, P<0.20, P<0.10, P<0.01, P<0.001, P<.0001).

Association of EduYears-GPS and SUDs.—We examined associations between 

EduYears-GPS and the SUD criterion counts in separate linear mixed models using the nlme 

package version 3.1–128 [43] for R version 3.2.3 [44]. We conducted preliminary analyses 

to identify the EduYears-GPS most strongly associated with criterion counts for each SUD 

(see Supporting Information Table 1), and present results using the threshold with the 

strongest association. We conducted these preliminary analyses separately for polygenic 

scores meeting increasingly stringent p-value thresholds using linear mixed models, which 

allowed us to account for the nested structure of the COGA family-based data; other 

methods for optimizing the p-value threshold [e.g., PRSice; 45] do not allow for nested data. 

In addition to the covariates described above, we also included a count measure of the 

number of SNPs available for scoring for each participant. Marginal effect sizes for fixed 

effects were calculated using the MuMIn package version 1.15.6 [46].

Sibling Comparisons of EduYears-GPS and SUDs.—We used the n = 4733 sibling 

GWAS sample to calculate the EduYears-GPS-mean (for each sibling group) and EduYears-
GPS-deviation scores (for each individual within that sibling group). We then filtered the 

sample based on participants’ age at last interview to retain those who were 25 years of age 

or older (age cutoff selected to ensure that participants had passed through the period of 

highest risk for onset of the SUDs) for our primary sibling comparisons sample; additional 

information regarding this process can be found in Supporting Information section 3. Using 

all available GWAS data from a sibling group to calculate the EduYears-GPS-mean and 

EduYears-GPS-deviation scores has the advantage of providing a more precise estimate for 

these variables (since genotype does not change with age), versus limiting calculation of 

EduYears-GPS-mean to those siblings who also met the phenotypic age threshold. In 

separate linear mixed models, we then examined whether EduYears-GPS-deviation predicted 

SUDs after controlling for EduYears-GPS-mean. The sibling comparison is captured by the 

EduYears-GPS-deviation parameter, and indicates whether sibling differences in EduYears-
GPS predict SUDs; this parameter captures the within-family effect. The EduYears-GPS-

mean parameter captures whether family-level differences in EduYears-GPS predict SUDs, 

reflecting the between-family effect.

Robustness and Sensitivity Analyses.—We conducted robustness analyses to 

examine whether findings changed when statistically controlling for educational attainment 

in both the association and sibling comparison analyses. Sibling differences and family 

means for phenotypic educational attainment (i.e., EduYears-deviation and EduYears-mean) 

were calculated using the same procedure described above for EduYears-GPS-deviation and 

EduYears-GPS-mean.
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We conducted sensitivity analyses to see whether effects changed when using a more 

conservatively defined subsample of siblings who were known to have the same living 

arrangements while growing up or who were born within 3 years of the eldest. These more 

conservative definitions assume that siblings who report the same living arrangements 

growing up and who are born in closer proximity to one another are likely to share more 

features of their home environment than siblings who report different living arrangements or 

who are born further apart. In total, 1702 individuals (54% female) from 739 sibling groups 

were available for this analysis. We also examined whether the effects were robust when 

sibships that included monozygotic twins (8 sibling groups) were removed from the 

analysis. Monozygotic twins share 100% of their genetic variation, and we wanted to ensure 

that our results were not driven by genotyping errors or PLINK’s handling of SNPs set to 

missing (as part of cleaning for Mendelian errors) during polygenic score calculation. 

Sample size as a function of the filters employed for these sensitivity analyses are shown in 

Supporting Information Figure 1.

Results

Descriptive statistics

Descriptive statistics for the SUD criterion counts and educational attainment for the full 

sample (n = 5582) and the sibling subsample (n = 3098) are summarized in Table 1. 

Representativeness analyses of the sibling subsample are summarized in Supporting 

Information section 4.

Polygenic Association for EduYears-GPS and SUDs

We identified the P<0.30 threshold for AUDSX, P<0.20 for NDSX, and P<0.01 for CUDSX 

as the EduYears-GPS thresholds most strongly associated with each SUD criterion count. As 

shown in Table 2, higher EduYears-GPS was associated with lower SUD criteria. The 

EduYears-GPS accounted for 0.79%, 1.84%, and 0.30% of the variance in AUDSX, NDSX, 

and CUDSX, respectively.

Sibling Comparisons of EduYears-GPS and SUDs

We carried forward the substance-specific thresholds that were most strongly associated with 

each criterion count from above into the sibling comparisons to examine whether EduYears-
GPS-deviation predicted each SUD criterion count after controlling for EduYears-GPS-
mean.

The results of the sibling comparisons are shown in Table 3. Individuals with higher 

EduYears-GPS compared to their siblings had lower alcohol, nicotine, and cannabis criterion 

counts. Sibling differences in EduYears-GPS accounted for 0.17%, 0.20%, and 0.13% of the 

variance in AUDSX, NDSX, and CUDSX, respectively. There were also family-level effects, 

whereby those in sibling groups with higher EduYears-GPS-mean had lower alcohol, 

nicotine, and cannabis criterion counts. These family-level effects accounted for 0.29%, 

1.89%, and 0.22% of the variance in AUDSX, NDSX, and CUDSX, respectively.

Salvatore et al. Page 7

Addiction. Author manuscript; available in PMC 2021 February 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Robustness Analyses

After controlling for participants’ measured (phenotypic) educational attainment in the 

polygenic analyses, EduYears-GPS continued to be associated with AUDSX and NDSX (but 

not CUDSX) (Supporting Information Table 2). After controlling for sibling and family 

differences in educational attainment in the sibling comparison analyses, the effects of 

sibling differences in EduYears-GPS on SUD criterion counts were attenuated for NDSX 

and CUDSX (P = 0.09 to 0.13) but remained significant for AUDSX (P = 0.01) (Supporting 

Information Table 3). Sibling and family differences in educational attainment were also 

significantly associated with SUD criterion counts. Individuals with higher educational 

attainment compared to their siblings, and individuals from sibling groups with higher 

educational attainment had lower AUDSX, NDSX, and CUDSX.

Sensitivity Analyses

In the first set of sensitivity analyses, we examined whether effects held when the sample 

was limited to the groups of siblings who were known to have grown up together (N = 739 

sibling groups). In the second set of sensitivity analyses, we examined whether the effects 

held when the sample was limited to those who were born within 3 years of the first born in 

a sibling group. In the third set of sensitivity analyses, we examined whether the effects were 

also robust when sibships that included monozygotic twins (8 sibling groups) were removed 

from the analysis. Across all three sets of sensitivity analyses in smaller, more conservative 

test samples, we continued to find that individuals with higher EduYears-GPS than their 

siblings had lower SUD criterion counts (Supporting Information Tables 4–6). The only 

exception to this was that the effect of sibling differences in EduYears-GPS on CUDSX was 

attenuated (P = 0.08) in the sensitivity analyses limited to those born within 3 years of the 

first born in a sibling group.

Discussion

The present study illustrates how sibling comparisons can improve our understanding of the 

shared genetic etiology underlying educational attainment and substance use problems. 

Consistent with previous findings that educational attainment has a negative genetic 

correlation with alcohol problems [11, 13], cannabis use disorder [14], and smoking [12], we 

found that individuals met fewer SUD criteria when they carried more alleles associated 

with educational attainment. We replicated these effects within a sibling comparisons design, 

where we found that individuals met fewer clinically significant substance use criteria when 

they carried more alleles associated with higher educational attainment than their siblings. 

Sibling comparisons are uniquely powerful because they control for unmeasured 

confounding factors shared by siblings that could otherwise explain the association between 

educational attainment polygenic scores and substance use disorder criteria: factors such as 

socioeconomic status, urban-rural residency, and parental education. Thus, our findings 

suggest that the association between educational attainment polygenic scores and SUDs is 

not completely explained by confounders that differ between families.

These findings add important nuance to discussions regarding the nature of associations 

between educational attainment and problematic substance use. First, our findings are 
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consistent with previous findings that educational outcomes reflect many genetically 

influenced traits and behaviors, including SUD-associated factors like behavior problems, 

attention-deficit hyperactivity disorder, and personality [25, 26, 47–50], not simply 

intelligence or cognitive ability. Interestingly, in our robustness analyses, the educational 

attainment polygenic scores predicted alcohol use disorder and nicotine dependence 

criterion counts above and beyond participants’ observed (phenotypic) educational 

attainment. This highlights that these polygenic scores index factors linked to educational 

persistence and SUDs that are not fully captured by educational attainment itself. In contrast, 

for cannabis, the educational attainment polygenic score did not have unique predictive 

power above and beyond the educational attainment phenotype.

Second, our sibling comparison analyses demonstrated that polygenic scores were 

significant predictors of SUD criteria even within families. For outcomes like SUDs, which 

have considerable influences that vary among families, ruling out familial confounding is 

particularly important. In addition to significant sibling differences, we also found that 

between-family differences in EduYears-GPS predicted SUDs. This suggests that both the 

overall polygenic loading of one’s family and one’s relative polygenic loading within that 

family are important predictors of risk for SUDs. The associations between sibling 

differences in polygenic scores and SUDs were attenuated somewhat after controlling for 

sibling differences in phenotypic educational attainment. This attenuation may reflect the 

relative statistical power of polygenic scores compared to the phenotypes from which they 

are derived, as well the likelihood that some of the effect of sibling differences in 

educational attainment polygenic scores is likely to be mediated through sibling differences 

in educational persistence, as has been documented previously [26].

These results should be considered in the context of several limitations. First, the COGA 

sample is enriched with individuals with SUDs, and the results may not generalize to lower-

risk samples. Second, the sibling comparison design assumes that siblings are reared 

together. Not all COGA participants were asked about their living arrangements while 

growing up, and so we could not test whether this assumption was met for all sibling groups. 

However, to address this concern, we restricted the analyses to the sibling groups where it 

was possible to determine that they grew up together, and to siblings who were born close 

together in time (and thus more likely to share aspects of their rearing environment 

compared to siblings born further apart). The pattern of effects remained significant and in 

the same direction in these sensitivity analyses, suggesting that the effects observed in our 

sibling comparisons of polygenic scores were not driven by differences in siblings’ rearing 

environments.

Third, because genetic associations can differ across ancestral groups, we focused here on 

the European ancestry subset of COGA because the discovery GWAS for educational 

attainment used a European ancestry sample. It is unknown whether the same pattern of 

effects would be observed in samples of non-European ancestry.

Fourth, polygenic scores by design only capture common genetic variation. Fifth, despite 

evidence for polygenic association even after controlling for family-level confounders, the 

polygenic scores accounted for a relatively small amount of variance. This limited predictive 
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power cautions against incorporating polygenic scores into clinical screening or intervention 

efforts for substance use disorders.

As efforts to characterize how polygenic predispositions influence complex behavioral 

outcomes increase in popularity [16], we believe that environmentally-informed designs 

such as sibling comparisons will become a particularly useful tool to illuminate the “chains 

of risk” from genotype to phenotype. For example, sibling differences can be elaborated 

upon to include examination of how subtle differences in polygenic loading between siblings 

impact individual differences or selection into particular environments. In turn, these 

mediating phenotypes may be particularly actionable targets for prevention and intervention 

efforts.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Table 1.

Descriptive Statistics

Full sample (n = 5582; 54% Female)

Measure N Mean SD Min Max

Age 5582 42.29 13.26 25 91

AUDSX 5582 3.77 3.83 0 11

NDSX 4754 2.61 3.00 0 10

CUDSX 5578 1.56 2.81 0 11

Educational Attainment (years) 5578 13.43 2.33 2 17

Sibling subsample (n = 3098; 52% Female)

Measure N Mean SD Min Max

Age 3098 37.89 10.85 25 81

AUDSX 3098 4.39 3.90 0 11

NDSX 2752 2.58 3.00 0 10

CUDSX 3097 1.94 3.04 0 11

Educational Attainment (years) 3095 13.55 2.29 5 17
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