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Abstract 

 

Genetic risk for schizophrenia influences substance use in emerging 

adulthood: an event-level polygenic prediction model 
 

Travis Triplett Mallard, M.A. 

The University of Texas at Austin, 2017 

 

Supervisor:  Kim Fromme 

 
Background: Emerging adulthood is a peak period of risk for alcohol and illicit drug use, 

as well as psychiatric disorders. Recent advances in statistical genetics suggest that the 

co-occurrence of these phenomena is due, in part, to a shared genetic etiology. Here, we 

examined how genetic risk for schizophrenia influenced trajectories of five substance use 

behaviors as they occurred in daily life across emerging adulthood.  

 

Method: Non-Hispanic European participants provided DNA samples and completed 

daily reports of alcohol and drug use for one month per year across four years (N=28,372 

unique observations of N=318 participants).  A two-level hierarchical linear model was 

then used to analyze the relationships between genetic risk for schizophrenia, participant 

age, and the five substance use phenotypes. 
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Results: The present study yields two major insights. First, results indicated that genetic 

risk for schizophrenia predicted emerging adults’ overall likelihood to engage in illicit 

drug use and polysubstance use (concurrent illicit drug use and alcohol use or binge 

drinking), but did not predict alcohol use-only phenotypes. Second, the present findings 

indicated that genetic variants related to schizophrenia predicted the rate of age-related 

change in substance use. 

 

Conclusions: The present study used a novel combination of polygenic prediction and 

repeated phenotyping to characterize the influence of genetic risk for schizophrenia on 

patterns of age-related change in substance use across emerging adulthood. Results 

suggest that genes implicated in schizophrenia exert both broad and developmentally-

specific influences on substance use behaviors in healthy individuals.  
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Chapter 1:  Introduction 

Emerging adulthood, which spans the ages 18 to 25 years, is a peak 

developmental period for the initiation and escalation of alcohol and drug use1,2. 

Approximately 75% of lifetime cases of substance use disorders develop by the mid- to 

late-20s3–5. Moreover, problematic substance use often co-occurs with other forms of 

psychopathology6,7, which further increases risk for negative health outcomes. Alcohol 

and drug use, therefore, continue to be two of the greatest contributors to preventable 

morbidity and mortality in the United States8,9. 

Substance use behaviors are heritable and highly polygenic10,11, and several twin 

studies have reported that multiple genetic factors contribute to a rather heterogeneous 

genetic etiology of substance use12,13. Furthermore, advances in statistical genetics 

suggest that the co-occurrence of substance use and other mental health problems is due, 

in part, to a shared genetic etiology. That is, while a portion of the underlying genetic 

etiology may specifically increase liability for alcohol and/or drug use, other genetic risk 

factors for substance use may also be related to psychopathology more broadly14–16. 

Recently, genome-wide polygenic scores (GPS) have been used to examine 

shared, cross-trait genetic influences on several psychiatric phenotypes17. Notably, GPS 

provide individual-specific estimates of genetic liability for a given trait by aggregating 

the effects of thousands of single nucleotide polymorphisms (SNPs) identified in large 

genome-wide association studies (GWASs). Because GPS leverage the results from well-

powered GWASs, GPS approaches are well-suited to investigate aggregate genetic 
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effects with modest sample sizes18. Here, we examine the extent to which trajectories of 

alcohol and illicit drug use in a university sample of emerging adults are influenced by 

GPS for schizophrenia. 

Our focus on the schizophrenia GPS is motivated by evidence suggesting that 

schizophrenia and substance use disorders (SUDs) share a portion of their underlying 

genetic architecture19. For instance, a recent study identified a significant genetic 

correlation (rg=.22) between schizophrenia and lifetime cannabis use by using bivariate 

linkage disequilibrium (LD) score regression20. Similarly, numerous cross-sectional GPS 

studies have reported that genetic liability for schizophrenia predicted alcohol, 

amphetamine, cannabis, cocaine, opioid, and sedative use disorders20–25. While previous 

studies have related genetic risk for schizophrenia to substance use disorders, no study 

has considered how the influence of genetic risks function in the context of 

development—when do genetic risks manifest during emerging adulthood?  

In the present manuscript, we sought to extend this research through a “deep 

phenotyping” approach to investigate the effect of GPS for schizophrenia (henceforth 

referred to as GPSSCZ) on substance use as it occurred in daily life within a longitudinal 

study of emerging adults. To accomplish this aim, we first collected daily self-report data 

related to substance use from across a four-year period (N=28,372 observations, M=89.22 

observations). We then extended polygenic prediction methods to event-level 

phenotypes, which increase measurement precision of behavior in the natural 

environment and reduce recall bias common to cross-sectional research. Finally, we used 
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a longitudinal design to elucidate whether genetic risk shapes how substance use changes 

across emerging adulthood.  

To calculate GPSSCZ, we leveraged results from the Psychiatric Genomic 

Consortium’s (PGC) most recent GWAS of schizophrenia26. We then investigated the 

effect of GPSSCZ on five event-level phenotypes: any alcohol use, binge drinking, illicit 

drug use, any concurrent alcohol and drug use, and concurrent binge drinking and drug 

use. Specifically, we tested: (1) whether GPSSCZ predicted an individual’s overall 

likelihood to engage in substance use on a given day, and (2) whether GPSSCZ predicted 

the rapidity of longitudinal, age-related change in substance use. As a result, our findings 

lend critical insight into the heterogeneous genetic etiology of substance use behaviors 

and how they manifest in daily life during emerging adulthood. 
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Chapter 2:  Materials and Method 

PARTICIPANTS 

The present sample (Final n = 318) was recruited from a larger cohort of 

participants who participated in a longitudinal investigation of alcohol abuse and 

behavioral risks among college students. Briefly, matriculating students at a large public 

university were recruited for a longitudinal study of substance use and related behaviors 

and were surveyed at 10 waves over 5 years. The university’s Institutional Review Board 

approved all study procedures and protocol. Recruitment procedures for the full study 

have been described in previously published articles27,28, and additional information is 

provided in below. 

 In 2004, incoming 1st-year students at a large Southwestern university were 

invited to participate in the UT Experience (UTE) study if they: (1) were between 17 and 

19 years of age, (2) had never previously attended college or university, and (3) were 

unmarried.  Of the approximately 6,800 incoming students, 4,832 were eligible and 

expressed interest in participating by completing a contact information form. Participants 

were then randomly assigned to one of three study samples: high school and Year 4 

assessments only (n = 976), Year 4 assessment only (n = 810), and semiannual 

longitudinal assessments across ten Waves (n = 3,046). In the present study, all 

participants were drawn from the sample of 3,046 students randomly assigned to the 

semiannual assessment condition. Of this sample, 73.7% of participants (n = 2,245) 



 5 

provided informed consent and completed the initial high school survey. Descriptive 

statistics for the sample can be found for all Waves in Table 2.1. 

For the purposes of the present study, a subset of the larger sample completed a 

daily monitoring protocol (described below) and provided DNA for genotyping 

procedures (n = 517, 64% non-Hispanic European, 67% female). To avoid potential 

effects associated with population stratification, the analyses in the present study were 

limited to the non-Hispanic European portion of the sample (n = 330, 65% female). 

Twelve participants were excluded from analyses following the quality control 

procedures described in the manuscript (Final n = 318, 65% female, Mage = 18.44 years, 

SDage = 0.32 years). A summary of the recruitment process is illustrated in Figure 2.1. 

Table 2.1. Descriptive statistics for sample at each wave of data collection  

Wave Time period N % Original N Mean Age (SD) 
1 Summer 2004 2,245 100% 18.4 (.35) 
2 Fall 2004 2,077 92.5% 18.8 (.35) 
3 Spring 2005 2,026 90.2% 19.2 (.35) 
4 Fall 2005 1,896 88.5% 19.8 (.35) 
5 Spring 2006 1,790 79.7% 20.2 (.35) 
6 Fall 2006 1,675 74.6% 20.8 (.36) 
7 Spring 2007 1,639 73.0% 21.2 (.35) 
8 Fall 2007 1,539 68.6% 21.8 (.35) 
9 Fall 2008 1,429 63.7% 22.8 (.35) 
10 Fall 2009 1,407 62.7% 23.8 (.35) 
Note: N = sample size. SD = standard deviation. 
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Figure 2.1. A flow chart of study recruitment illustrating how the final sample was 
ascertained. GENES = Genes and New Experiences Study. DM = Daily 
Monitoring Study. 
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GENOTYPING PROCEDURES 

Participants provided 2 mL of saliva in Oragene-Discover (Oragene™, 

DNAgenotek, Ottawa, Ontario, Canada) collection kits that were distributed and returned 

via mail. DNA for 691 participants was then extracted, purified, and diluted from saliva 

samples at the Institute for Behavior Genetics at the University of Colorado, Boulder. 

Purified and diluted samples were sent to the Neuroscience Genomics Core at the 

University of California, Los Angeles, for chip-based genotyping. Samples were assayed 

on an Illumina BeadLab platform using an Illumina Infinium PsychArray BeadChip array 

(San Diego, CA), which assays ~265,000 SNPs across the genome—approximately 

50,000 of which are expected to be associated with common psychiatric disorders. Chips 

were scanned on an Illumina iScan confocal laser and genotype calls were performed 

using the manufacturer’s parameters in GenomeStudio (Illumina, v 2011.1, genotyping 

module v1.9.5). 

All genotypic data was subjected to quality control procedures recommended for 

chip-based genomic data29,30. Samples were excluded from statistical analyses on the 

basis of poor call rate (< 98%), non-European ancestry (sigma > 6.0), inconsistent self-

reported sex and biological sex, and relatedness (p̂ > .125). SNPs were excluded from 

analyses if the minor allele frequency (MAF) was < 0.05, if more than 2% of genotype 

data was missing, or if the SNP was not in Hardy-Weinberg equilibrium (HWE P < 

0.00005). Furthermore, although the present analyses are limited to participants of non-

Hispanic European descent, EIGENSTRAT31 was used to extract genomic principal 

components of ancestry. Default parameters were used in accordance with 
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recommendations for this procedure30 and genotypic data was pruned at a linkage 

disequilibrium threshold of R2 < 0.50 to reduce computational burden. The top ten 

eigenvectors were then extracted and included as grand-centered covariates in all 

statistical analyses. 

IMPUTATION 

Unknown genotypes were imputed on the Michigan Imputation Server 

(https://imputationserver.sph.umich.edu). Variants were phased with Eagle v2.332 and 

imputed with Minimac3 1.0.1333, using Phase 3 v5 of the 1000 Genomes Project34 as a 

reference panel. To ensure all markers were of high quality, several post-imputation 

quality control thresholds were applied. Imputed SNPs with a MAF < .01, INFO score < 

.50, or HWE P-value < .00005 were excluded from all statistical analyses. As a result, the 

final set of 6,945,034 genotyped and imputed variants was of high quality. 

GENOME-WIDE POLYGENIC SCORES 

Genome-wide polygenic scores (GPS) were calculated for 318 unrelated non-

Hispanic European participants using β-weights and P-values from summary statistics 

provided by the PGC. Summary statistics for 102,636 LD-pruned SNPs were derived 

from the PGC’s 2014 GWAS of schizophrenia, which consisted of up to 36,989 cases and 

113,075 controls26. All SNPs had a MAF > .01, INFO > .90, and pairwise LD < .25. 

PLINK 1.935 was then used to calculate a GPS for each participant in the sample by 

summing trait-associated SNPs weighted by the β coefficients and P-values derived from 
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the PGC GWAS. To aid interpretation of results, GPS were then z-standardized, 

establishing a mean (M) of 0 and a standard deviation (SD) of 1. This procedure was 

repeated to generate GPS at five discrete P¬-value thresholds (PT = 1.00, 0.50, 0.30, 

0.10, and 0.01), as well as a GPS using only the 128 independent markers identified by 

the PGC as associated with schizophrenia (i.e., PT = 5e-8). As each substance use 

phenotype was tested at six PT, an α level of P = 0.0017 (α = 0.05/30 = 0.0017) was 

established to correct for multiple testing. Descriptive statistics for each PT are reported 

in Table 2.2. 

Table 2.2. Descriptive statistics for genome-wide polygenic scores stratified at each PT 

PT 
Number of markers in 

summary statistics 
Number of markers in 

dataset Minimum Maximum 
1.00 102,636 93,783 (91.37%) -3.40 2.72 
.50 81,423 74,831 (91.90%) -2.60 2.79 
.30 64,106 59,176 (92.31%) -2.53 2.83 
.10 35,895 33,368 (92.96%) -2.73 2.34 
.01 10,681 10,054 (94.13%) -3.18 2.96 
5e-8 128 106 (82.81%)* -2.79 3.41 
Note: PT = P-value threshold. M = mean. SD = standard deviation. All values are 
representative of the z-standardized polygenic scores. *When considering only SNPs, 
match rate was 92.98%. 

LONGITUDINAL EVENT-LEVEL DESIGN & PHENOTYPIC MEASURES 

Participants were invited to complete up to 30 consecutive days of online self-

monitoring in each of their first four years of college. In August of the first year, a 

random selection of 200 students was initially invited to participate to ensure sufficient 

monitoring in the first weeks. Then, a random selection of 40-43 students were invited in 

each subsequent week throughout the calendar year. Participants completed their daily 
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monitoring measures during the same 30-day period each year. During their annual 

reporting period, participants were instructed to use the self-monitoring website 

(maintained by DatStat, Seattle, WA) to answer questions about the previous day. 

Participants were compensated $1 per day of completed measures, and received a $5 

bonus for completing all 30 days of monitoring within a given year.  

Each day, participants answered questions about the previous day related to time-

varying demographics (e.g., weight), alcohol consumption (“How many drinks did you 

consume yesterday?” and “Of the times that you drank this day, how long was your 

heaviest drinking episode?”), and illicit drug use (“Did you use illicit drugs 

yesterday?”). If participants endorsed illicit drug use on any given day, they were asked 

to specify whether the drug use occurred while sober or during a drinking episode. Five 

event-level substance use phenotypes were assessed: any alcohol use, binge drinking, 

illicit drug use, any concurrent alcohol and drug use, and concurrent binge drinking and 

drug use. The self-monitoring website recorded the time and date of each daily report, 

which was subsequently used to determine the participant’s age (rounded to two decimal 

points) on a given day. Operant definitions for all substance use phenotypes are presented 

below and descriptive statistics are reported in Table 2.3.  

• Alcohol use (AU): AU was defined as any consuming at least one standard drink 

during the reporting day. 

• Binge drinking (BD): BD was defined as consuming alcohol at a rate of 2 to 2.5 

standard drinks per hour for at least two hours (i.e., equivalent to the NIAAA 

definition of 4/5 drinks within a 2 hour period).  
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• Illicit drug use (DU): DU was defined as consumption of any illicit drugs during the 

reporting day. 

• Concurrent alcohol and drug use (PSU1): PSU1 was defined as any simultaneous 

consumption of alcohol and drugs during the reporting day. 

• Concurrent binge drinking and drug use (PSU2): PSU2 was defined as simultaneous 

binge drinking and drug use during the reporting day. 

Table 2.3. Descriptive statistics for event-level substance use phenotypes 

Outcome M SD Number of events 
AU 0.20 0.40 5815 
BD 0.07 0.25 1907 
DU 0.04 0.19 1008 
PSU1 0.01 0.12 414 
PSU2 0.01 0.09 250 
Note: AU = alcohol use. BD = binge drinking. DU = illicit drug use. PSU1 = concurrent 
alcohol and drug use. PSU2 = concurrent binge drinking and drug use. M = mean. SD = 
standard deviation. 
 

To reduce potential bias attributable to over-exclusion or inclusion of 

noncompliant participants, participants who did not provide at least 14 days of 

monitoring data (N = 8) were excluded from statistical analyses. These procedures 

yielded a final sample of 318 participants with 28,372 event-level observations. 

ANALYTIC APPROACH 

A two-level hierarchical linear model with robust standard errors (HLM)36 was 

used to analyze the relationships between GPSSCZ, participant age (AGE), and the five 

substance use phenotypes. Events were nested within participants for all statistical 
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analyses. Notably, the HLM included a random intercept and random slope to 

simultaneously assess the person-centered general and developmentally-specific effects 

of GPSSCZ. Genomic principal components of ancestry (GPC1 … GPC10), biological sex 

(SEX), and age at beginning of college (AGEW1) were included as trait-level covariates in 

all analyses. The full model is described below. 

 

!"#"!	%	&'("! 	

Prob OUTCOME = 1 π = 	φ 	

Log φ
1	– 	φ = η	 

	

η = π$	 +	π'	(AGE) 	
!"#"!	%	&'("! 	

π" = β""	 +	β"'	 GPS+,- +	β".…"''	 GPC' …GPC'"  	

												+	β$%&	(SEX) +	β$%,	(AGE/%) + 	0$ 	

π" = β"%	 + 	β""	 GPS+,- +	β".…"""	 GPC" …GPC"%  	

												+	β$$%	(SEX) +	+$  

 

All substance use phenotypes were analyzed using a logit model. The Level 1 

(event level) equation modeled the likelihood of a participant engaging in substance use 

on a given day as a function of a person-specific random intercept (π0) and a person-

centered random slope describing within-person variability in the likelihood of using 

substances as a function of event-level age (π1). Importantly, event-level age was 
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centered on the person mean and thus reflects within-person, age-related change in 

substance use over time36. Overall, the Level 1 equation tested whether an individual’s 

age on a given reporting day predicted whether they were more likely to use illicit drugs 

on some days relative to others. 

The Level 2 (person level) equation modeled between-person variability in the 

likelihood to use substances when aggregating across all occasions. Here, the intercept 

for substance use phenotypes (π0), which represents the person-average likelihood to 

engage in substance use across all events, was modeled as a function of the effect of 

GPSSCZ (β01), as well as the effects of ancestry (β02 … β11), sex (β12), and age at first wave 

of data collection (β13). We additionally modeled the random slopes for event-level age as 

a function of the effects of GPSSCZ (β11), ancestry (β12 … β111), and sex (β112). The top ten 

principal components of ancestry and age at first wave were centered on the grand mean, 

while GPSSCZ and sex were uncentered. Between-person residuals were included for all 

event-level slopes (r0 and r1) to allow for heterogeneity in the magnitude of within-person 

effects. Overall, the Level 2 model tested whether GPSSCZ, sex, and age predicted (1) 

participants’ overall likelihood to use substances when aggregating across all events and 

(2) age-related changes in the likelihood to use substances as participants grew older. 
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Chapter 3:  Results 

The general and developmentally-specific effects of GPSSCZ on all five substance 

use phenotypes are presented in Tables 3.1 and 3.2, respectively. The unique effects of 

GPSSCZ on the intercept and slope of substance use phenotypes are also illustrated in 

Figures 3.1A and 3.1B. Here, we represent the effects of GPSSCZ as odds ratios, which 

reflect change in the odds of an outcome given a one unit increase in the predictor. 

Moreover, as we standardized all GPS prior to analysis, we can characterize the effect of 

a 1 SD increase in genetic risk for schizophrenia on the odds of substance use in our 

event-level data. 

After correcting for multiple testing, we observed significant effects of GPSSCZ on 

illicit drug use, any concurrent alcohol use and drug use, and concurrent binge drinking 

and drug use. GPSSCZ did not predict the likelihood to engage in any alcohol use or binge 

drinking. Additionally, we did not observe any consistently significant effect of age at the 

beginning of college (range=17.10 to 19.26) or biological sex on the likelihood to engage 

in any substance use. However, event-level age (that is, getting older over the course of 

college) was positively associated with a greater likelihood to engage in all forms of 

substance use (all P<.001). The specific results for each substance use phenotype are 

detailed below. 
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Table 3.1. The effect of genetic risk for schizophrenia on the intercept of substance use 
outcomes 

 PT=1.00 PT=.50 PT=.30 

Outcome B OR 95% CI B OR 95% CI B OR 95% CI 

AU -.039 0.961 (0.869,1.064) -.010 0.990 (0.896,1.094) -.030 0.970 (0.872,1.079) 

BD -.040 0.961 (0.870,1.062) -.001 0.999 (0.905,1.102) -.058 0.944 (0.860,1.036) 

DU .153 1.165 (1.057,1.285) .111 1.117 (1.013,1.233) .081 1.085 (0.953,1.234) 

PSU1 .133* 1.142 (1.070,1.219) .121* 1.129 (1.062,1.199) .095 1.100 (1.025,1.181) 

PSU2 .086* 1.090 (1.035,1.148) .086* 1.090 (1.034,1.148) .037 1.037 (0.982,1.096) 

 PT=.10 PT=.01 PT=5e-8 

Outcome B OR 95% CI B OR 95% CI B OR 95% CI 

AU .046 1.047 (0.955,1.148) .011 1.011 (0.925,1.105) .118 1.125 (1.024,1.237) 

BD .010 1.010 (0.927,1.101) -.014 0.986 (0.904,1.076) .072 1.075 (0.977,1.183) 

DU .107 1.113 (1.008,1.229) .082 1.085 (1.002,1.176) .120* 1.128 (1.057,1.202) 

PSU1 .133* 1.143 (1.076,1.214) .062 1.064 (0.997,1.134) .209* 1.233 (1.175,1.294) 

PSU2 .085* 1.089 (1.038,1.142) .046 1.047 (1.000,1.097) .184* 1.203 (1.157,1.250) 

Note: * = significant after correction for multiple comparisons (P = .0017). AU=alcohol use, BD=binge drinking, 
DU=drug use, PSU1=concurrent alcohol and drug use, PSU2=concurrent binge drinking and drug use. 



 16 

 
 

Table 3.2. The effect of genetic risk for schizophrenia on the slope between age and 
substance use outcomes 

 PT=1.00 PT=.50 PT=.30 

Outcome B OR 95% CI B OR 95% CI B OR 95% CI 

AU -.006 0.994 (0.943,1.047) -.009 0.991 (0.945,1.040) -.003 0.997 (0.950,1.046 

BD -.004 0.996 (0.955,1.039) -.017 0.984 (0.944,1.025) -.027 0.974 (0.937,1.012) 

DU -.030 0.970 (0.891,1.056) -.025 0.975 (0.895,1.062) .001 1.001 (0.899,1.116) 

PSU1 -.009 0.991 (0.942,1.042) .029 1.030 (0.981,1.080) .046 1.048 (0.994,1.104) 

PSU2 -.002 0.998 (0.970,1.026) .054* 1.056 (1.024,1.089) .041 1.042 (1.009,1.076) 

 PT=.10 PT=.01 PT=5e-8 

Outcome B OR 95% CI B OR 95% CI B OR 95% CI 

AU .015 1.015 (0.967,1.065) .026 1.026 (0.979,1.076) -.002 0.998 (0.950,1.049) 

BD .018 1.019 (0.980,1.059) .026 1.027 (0.986,1.070) -.033 0.968 (0.932,1.004) 

DU .016 1.016 (0.939,1.099) -.016 0.984 (0.937,1.033) -.090 0.914 (0.876,0.954) 

PSU1 .090* 1.095 (1.046,1.145) .015 1.015 (0.972,1.059) -.078* 0.925 (0.894,0.957) 

PSU2 .093* 1.097 (1.063,1.133) .002 1.002 (0.969,1.037) -.020 0.980 (0.955,1.005) 

Note: * = significant after correction for multiple comparisons (P = .0017). AU=alcohol use, BD=binge drinking, 
DU=drug use, PSU1=concurrent alcohol and drug use, PSU2=concurrent binge drinking and drug use. 
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Figure 3.1. Odds ratios illustrating the effects of genetic risk for schizophrenia on the (A) 
intercept and (B) age-related slope of the five substance use phenotypes. 
Note: CI=confidence interval, GPS=genome-wide polygenic score, PT=P-
value threshold, AU=alcohol use, BD=binge drinking, DU=drug use, 
PSU1=concurrent alcohol and drug use, PSU2=concurrent binge drinking 
and drug use. 
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ILLICIT DRUG USE 

Our results indicated that GPSSCZ predicted a greater overall likelihood to use 

illicit drugs at PT=1.00 and 5e-8. We additionally observed nominally significant effects 

of GPSSCZ at PT=.50, .10, and .01 (all P<.05). We detected the most robust effect at 

PT=1.00 (B=.120, OR=1.128, P<.001). Here, a 1 SD increase in GPSSCZ was associated 

with a relative 12.8% increase in the likelihood to engage in illicit drug use on any given 

day.  

Furthermore, the results of our HLM indicated that age-related changes in illicit 

drug use varied as a function of GPSSCZ at PT=5e-8. Specifically, we found that GPSSCZ 

was negatively associated with the event-level slope between age and illicit drug use (B=-

.090, OR=.914, P<.001). So, although participants with higher GPSSCZ at PT=5e-8 were 

more likely to use illicit substances overall, they also experienced a less substantial 

increase in the likelihood of using drugs as they grew older. This effect is illustrated in 

Figure 3.2. 
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Figure 3.2. The effects of genetic risk for schizophrenia (GPSSCZ) on the likelihood to use 
illicit drugs as a function of increasing age at PT=5e-8. Results show that 
GPSSCZ predicted a greater overall likelihood to engage in illicit drug use, 
but individuals with lower genetic liability for schizophrenia experienced a 
more substantial age-related increase in drug use. 
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CONCURRENT ALCOHOL AND DRUG USE 

GPSSCZ predicted a greater overall likelihood to engage in concurrent alcohol and 

drug use at PT=1.00, .50, .10, and 5e-8. We also observed a nominally significant 

association at PT=.30 (P<.05). The most robust effect of GPSSCZ on contemporaneous 

alcohol and drug use was observed at PT=5e-8 (B=.209, OR=1.233, P<.001). At PT=5e-8, 

a 1 SD increase in GPSSCZ was associated with a relative 23.3% increase in the likelihood 

to use alcohol and drugs at the same time on any given reporting day.  

Moreover, age-related change in concurrent alcohol and drug use varied as a 

function of GPSSCZ at PT=.10 and 5e-8. These age × genotype interaction effects differed 

by PT. Whereas GPSSCZ at PT=.10 was positively associated with the slope between each 

participant’s age and concurrent alcohol and drug use (B=.090, OR=1.095, P<.001), 

GPSSCZ at PT=5e-8 was negatively associated with the slope of age-related change in 

concurrent alcohol and drug use (B=-.078, OR=0.925, P<.001). These effects are 

illustrated in Figures 3.3A and 3.3B. 
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Figure 3.3. The effects of genetic risk for schizophrenia (GPSSCZ) on the likelihood to 
engage in concurrent alcohol and drug use as a function of increasing age. 
Figure 3.3A illustrates the effect of GPSSCZ at PT=5e-8, whereas Figure 3.3B 
illustrates the effect of GPSSCZ at PT =.10. Here, we see that GPSSCZ predicts 
a greater overall likelihood to use illicit drugs in both cases, but the 
developmentally-specific effects of genetic liability for schizophrenia 
depend on the variants that are included. 
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CONCURRENT ALCOHOL AND DRUG USE 

We observed a similarly robust association between genetic risk for schizophrenia 

and concurrent binge drinking and drug use. Specifically, GPSSCZ predicted participants’ 

overall likelihood to simultaneously binge drink and use drugs at all PT except for 

PT=.30. Once more, we observed the most robust signal at PT=5e-8 (B=.184, OR=1.203, 

P<.001), where a 1 SD increase in GPSSCZ was associated with a relative 20.3% increase 

in the likelihood to engage in concurrent binge drinking and drug use on any given day. 

Genetic risk for schizophrenia was also positively associated with age-related change in 

concurrent binge drinking and drug use at PT=.50 and .10. We observed the most robust 

association of GPSSCZ on the slope at PT=.10 (B=.093, OR=1.097, P<.001). 

POWER CALCULATIONS FOR THE PRESENT WITHIN-PERSON DESIGN 

To characterize the advantages of the present longitudinal and event-level design, 

we sought to conduct supplementary power analyses; however, consensus on the proper 

method to estimate power in two-level HLMs with binomial outcomes has yet to be 

achieved. To illustrate the advantages of repeated measurement in an established manner, 

we instead present a series of power simulations for two-level HLMs with continuous 

outcomes under a variety of conditions. Specifically, we used OptimalDesign37 to 

estimate statistical power for each substance use phenotype with different assumptions 

concerning the effect size and reliability of the outcome. These results are reported in 
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Table 3.3, illustrated in Figure 3.4, and described below. Note that the following power 

estimates should be interpreted as illustrative and not definitive. 

As statistical power in HLMs is partially dependent on the degree to which units 

in the same group resemble each other, it is integral to first calculate the intraclass 

correlation coefficient (ρ). In random intercept models with a binomial outcome, ρ is 

calculated by comparing the variance component of the outcome (т00) to itself plus the 

residual variance (π2/3), which is a constant attribute of the logistic distribution. This 

equation is shown below. 

ρ = 
т""

т""#$%/'
   

In random intercept and slope models (like the one presented in this paper), 

calculating ρ is complicated by the fact that ρ will depend on the value of the within-

person predictor. Although estimates of ρ in random intercept and slope models is more 

complicated and less precise38, a general estimate of ρ can be obtained by including the 

variance components of the event-level predictor(s) in the denominator. Here, the 

variance component of participant age (т01) is added to the equation described below. 

ρ = 
т""

т""#т"$#%&/(
   

However, given the uncertainty of ρ in random intercept and slope models, ρ was 

calculated for each outcome using both the random intercept and random intercept and 

slope formulae. These ρ values and their resulting power estimates are reported in Table 

3.3. An additional power analysis that contrasts the present longitudinal study design 

(318 participants with 89 observations each) with a traditional cross-sectional design (318 
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participants with only 1 observation each) is presented in Figure 3.4. As previous studies 

of cross-trait GPS have generally explained small proportions of variance in the target 

phenotype21–23, we present power estimates for a small effect size of r2 = .01 (d = .201), 

as well as a slightly larger effect size of r2 = .02 (d = .286). In all cases, results indicate 

that statistical power to investigate small genetic effects is substantially improved by 

repeated longitudinal measurement.  

Table 3.3. Intraclass correlation coefficients and power estimates for each substance use 
outcome 

   r2 = .01 r2 = .02 
Outcome ρRI ρRIS PowerRI PowerRIS PowerRI PowerRIS 
AU .24 .26 .95 .93 1 1 
BD .31 .31 .89 .89 .99 .99 
DU .58 .51 .64 .70 .92 .94 
PSU1 .49 .44 .72 .76 .95 .97 
PSU2 .47 .43 .73 .77 .96 .97 
Note: ρ = intraclass correlation coefficient. ρRI = ρ estimate using the random intercept null model. ρRIS = 
ρ estimate using the random intercept and slope null model. PowerRI = power estimate using ρRI. PowerRIS 
= power estimate using ρRIS. AU = any alcohol use. BD = binge drinking. DU = illicit drug use. PSU1 = 
concurrent alcohol use and drug use. PSU2 = concurrent binge drinking and drug use. 
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Figure 3.4. Power analysis comparing the present event-level longitudinal study to a 
cross-sectional study with the same number of participants. The vertical 
dotted line represents a small effect size of d = .201, r2 = .01, whereas the 
vertical dashed line represents a slightly larger effect size of d = .286, r2 = 
.02. Note: ρ = intraclass correlation coefficient. J = number of participants. n 
= number of observations per participant.  

 

 



 26 

Chapter 4:  Discussion 

Here, we described the first longitudinal event-level examination of genetic risk 

for schizophrenia and its effects on daily substance use in a sample of university 

undergraduates. Specifically, we tested whether (1) GPSSCZ predicted a greater overall 

likelihood to engage in substance use on a given day and (2) whether within-person age-

related changes in substance use varied as a function of GPSSCZ. We report two major 

findings. First, we found that GPSSCZ predicted an individual’s overall likelihood to 

engage in illicit drug use and polysubstance use (concurrent illicit drug use and alcohol 

use or binge drinking), but it did not predict alcohol use-only phenotypes. Second, we 

found preliminary support for the hypothesis that genetic variants related to 

schizophrenia predict the rate of age-related change in substance use. Additionally, our 

power simulations illustrate the advantages of using an intensive longitudinal design 

when investigating small genetic effects. 

Overall, a greater polygenic loading for schizophrenia consistently predicted more 

recurrent substance use. We observed robust associations between GPSSCZ and the event-

level likelihood to engage in illicit drug use, concurrent alcohol and drug use, and 

concurrent binge drinking and drug use at several PT, ranging from the most liberal 

threshold (PT=1.00) to the most conservative threshold (PT=5e-8). Whereas many prior 

studies have only examined the effect of GPSSCZ on substance use with diagnostic 

phenotypes, we identified genetic influences on trajectories of substance use in daily life. 

As a result, our findings both corroborate and build upon recent studies that have reported 



 27 

GPSSCZ predicted problematic alcohol and drug use20–24. Taken together, our results align 

with growing evidence of a shared genetic architecture between schizophrenia and 

substance use. 

Moreover, the effect of GPSSCZ on substance use also predicted age-related 

change in substance use over four years; however, these effects on intraindividual change 

varied depending on the PT used to construct the GPS. Generally, the most conservative 

PT threshold (PT=5e-8) resulted in a negative effect of GPSSCZ on the slope between 

participant age and substance use. This indicated that the SNPs most strongly associated 

with schizophrenia conferred greater risk for substance use during late adolescence and 

early emerging adulthood, but became less impactful over time, as individuals with low 

polygenic risk for schizophrenia “caught up” in terms of their substance use behaviors. 

Conversely, when GPSSCZ was calculated with a more liberal PT threshold, we observed a 

positive effect of GPSSCZ on the slope between participant age and substance use, which 

indicated that the effect of broad genetic risk for schizophrenia on substance use grows 

stronger over time. We postulate that these nuances could be explained by the inclusion 

and/or exclusion of certain causal variants in schizophrenia, but further investigation is 

beyond the scope of this paper. 

 Interestingly, GPSSCZ did not predict phenotypes that involved only alcohol 

consumption (alcohol use and binge drinking). In contrast, a small genetic correlation 

between schizophrenia and alcohol consumption was recently reported in a sample of 

older adults39. Given the relatively small genetic correlation between schizophrenia and 

alcohol consumption (rg=.13), it is possible that we were not powered to detect cross-trait 
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effects. Alternatively, different genetic factors may influence alcohol consumption at 

different stages of development40. In the present sample of emerging adults, alcohol use 

and binge drinking are relatively normative behaviors and, as such, they may be less 

influenced by genetic factors during this developmental period. Indeed, research has 

demonstrated that genetic influences on alcohol consumption typically increase across the 

lifespan2,41.  

 Our findings should be interpreted in light of several limitations. First, our 

measure of illicit drug use did not identify the specific substance that was consumed, so 

we have limited insight into substance-specific patterns of drug use. However, as 

previous investigations have identified cannabis as the most commonly used illicit drug 

in this cohort27, we would hypothesize cannabis to be the most commonly used drug in 

the present study. Second, we restricted the analyses reported here to non-Hispanic 

European participants to reduce the risk of spurious findings caused by population 

stratification. Consequently, the findings of our study may not generalize to other 

ancestral populations. A third potential limitation is our relatively moderate sample size. 

However, concerns about statistical power in the present study are partially attenuated by 

the fact that (1) we were well-powered for our within-person approach, (2) we leveraged 

a priori effect size estimates from a well-powered GWAS of schizophrenia26, and (3) we 

examined aggregate genomic variation rather than individual SNPs of small effect. 

 Despite these limitations, this study exhibited notable strengths in its novel 

approach. As the first longitudinal, event-level investigation of genetic risk for 

schizophrenia and its effects on substance use in daily life, this work provides 
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ecologically valid evidence that these two psychiatric conditions are influenced, in part, 

by shared genetic factors. This finding is consistent with previous research that has 

identified shared genetic influences between schizophrenia and substance use20–24. 

Notably, this study demonstrated that genetic variants associated with schizophrenia 

predict important behavioral phenotypes in a sample of healthy, university students, 

where schizophrenia prevalence is expected to be minimal. In doing so, we present a 

critical extension of previous work, which has primarily examined the genetic 

underpinnings of substance use in clinical samples. Moreover, the present study 

contributes to the broader literature by providing a framework to characterize broad and 

developmentally-specific effects of genetic variation. Here, we used a novel combination 

of GPS and repeated phenotyping to characterize the influence of genetic risk for 

schizophrenia on patterns of age-related change in substance use across emerging 

adulthood. Future studies that employ similar methods will be uniquely poised to identify 

novel targets for prevention and intervention by elucidating mechanisms that contribute 

to the development and maintenance of psychiatric traits and disorders. 
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