
Abstract: 248 words 
Text: 3,982 words 
Tables: 1 
Figures: 2 

 

Phenome-wide analysis of genetically imputed neuroimaging phenotypes reveals associations 

with psychiatric traits in a multi-ancestry cohort 

 

Lina Chihoub,1 Corinde E. Wiers,1 Joel Gelernter,2 Bingxin Zhao,3,4 Christal N. Davis,1,5 and 
Henry R. Kranzler1,5 

 
1 Department of Psychiatry, University of Pennsylvania Perelman School of Medicine, 

Philadelphia, PA 19104 
2 Department of Psychiatry, Yale School of Medicine, New Haven, CT 06511 and VA 

Connecticut Healthcare Center, West Haven, CT 06516 
3 Department of Statistics and Data Science, University of Pennsylvania, Philadelphia, PA 

19104 
4 Division of Translational Medicine and Human Research, University of Pennsylvania Perelman 

School of Medicine, Philadelphia, PA 19104 
5 Mental Illness Research, Education, and Clinical Center, Crescenz VA Medical Center, 

Philadelphia, PA 19104 

 

Address correspondence to Henry R. Kranzler, M.D., Center for Studies of Addiction, University 

of Pennsylvania Perelman School of Medicine, 3535 Market Street, Suite 500, Philadelphia, PA 

19104. Telephone: 215-746-1943. Email: kranzler@pennmedicine.upenn.edu 

 

 

Keywords: Imaging-derived Phenotypes, Imputed Brain Features, Phenome-wide Association 

Study, Yale-Penn Sample, Multi-ancestry Analysis 

 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 17, 2025. ; https://doi.org/10.64898/2025.12.16.25342202doi: medRxiv preprint 

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.

https://doi.org/10.64898/2025.12.16.25342202
http://creativecommons.org/licenses/by-nc-nd/4.0/


1 
 

Abstract 

Background: Understanding how variation in brain structure and function contributes to 

psychiatric and behavioral phenotypes remains a key challenge. The absence of neuroimaging 

data in many study samples limits this effort.  

Methods: We used genome-wide association study (GWAS) summary statistics from the UK 

Biobank to impute 301 brain imaging-derived phenotype (IDP) genetic scores (IGS) in the Yale-

Penn cohort, which is enriched for substance use disorders (n = 10,275; 52.8% European-like 

[EUR] and 47.2% African-like [AFR] genetic ancestry). The brain IDPs include white matter 

microstructure, regional volume, and resting-state functional connectivity measures, for which 

we generated IGS in the Yale-Penn participants. We then conducted a brain-wide phenome-

wide association study (pheWAS) of the 301 IGS across 692 behavioral, psychiatric, and 

environmental traits.  

Results: Among EUR individuals, we identified 19 IGS with significant associations that 

survived within-trait corrections for multiple testing. These included links between genetically 

predicted white matter integrity and sedative abuse, tobacco withdrawal, attention deficit 

hyperactivity disorder (ADHD); structural brain volumes and cocaine dependence, ADHD, and 

conduct disorder; and functional connectivity with substance-related symptoms and social 

phobia. Among AFR individuals, we identified 15 IDPs with significant associations, including 

associations between genetically predicted white matter integrity and stimulant use disorder, 

regional brain volumes and opioid withdrawal/dependence, and functional connectivity and 

cocaine craving.  

Conclusions: Genetically imputed brain features capture biological variation associated with 

psychiatric traits. This work provides a framework for leveraging genetic data to link 

neuroimaging measures to substance use and mental health outcomes in samples that lack 

imaging data.  
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Introduction 

Structural and functional imaging techniques used to characterize the human brain have 

become increasingly powerful tools in psychiatric research. Imaging data have enabled the 

identification of biomarkers of psychiatric disorders by associating clinical traits with imaging-

derived phenotypes (IDPs)—quantitative measurements reflecting white matter tract integrity, 

total and regional volumes, or functional network connectivity (1). For example, recent 

investigations of schizophrenia have identified cerebello-thalamo-cortical hyperconnectivity (1, 

2) and reduced volume of the corpus callosum (3) as possible imaging biomarkers. Thus, the 

use of neuroimaging data may advance our understanding of etiological mechanisms and 

inform risk and treatment stratification of psychiatric disorders (3-5). 

However, brain imaging techniques such as magnetic resonance imaging (MRI) are 

expensive and time consuming to perform at scale (6). Such challenges often limit the size of 

imaging cohorts, yielding insufficient statistical power to detect associations and reducing 

generalizability across populations (7-9). This has led to a reliance on datasets such as the UK 

Biobank (UKB), the world’s largest brain imaging study with over 100,000 participants. It 

features diffusion, structural, and resting-state functional MRI in addition to genotype data and 

electronic health records, making it a valuable resource for studying brain-behavior relationships 

(10, 11). However, the UKB is limited by the predominance of healthy volunteers of white British 

ancestry (12). Thus, it does not, on its own, support a comprehensive analysis of psychiatric 

traits across the diverse populations affected by these conditions. 

One approach to address this limitation is integrating UKB imaging data with the 

phenotypic depth and diversity of non-imaged psychiatric cohorts. Recent efforts to bridge this 

gap have leveraged the heritable nature of brain IDPs—demonstrated through genome-wide 

association studies (GWAS) that link variation in these traits with common genetic variants (13-

16)—to yield genetically derived proxy imaging measures. Notably, Yang et al. applied this 

approach to calculate IDP genetic scores (IGS)—an individual’s genetically estimated value of 
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an IDP—in the All of Us Research Program and Alzheimer’s Disease Neuroimaging Initiative 

Study using GWAS summary statistics from the UKB (17). The resulting IGS were used to 

identify neurobiological differences associated with ocular, cardiovascular, and renal diseases, 

demonstrating the utility of genetically imputed brain IDPs for understanding disease risk (17).  

We built on this work to estimate brain IGS and identify trait associations in the multi-

ancestry, deeply phenotyped Yale-Penn cohort (N = 10,275), which is enriched for individuals 

with substance use disorders (SUDs) and co-occurring psychiatric disorders (18). We obtained 

effect estimates from UKB imaging GWAS to estimate IGS for 301 brain IDPs across three 

imaging domains (white matter microstructure, regional/total brain volumes, and functional 

network connectivity). We then conducted a brain-wide phenome-wide association study 

(pheWAS) across 692 psychiatric and behavioral traits in European-like (EUR) and African-like 

(AFR) genetic ancestry groups to uncover brain-behavior associations. This work expands the 

reach of imaging genetics in psychiatric research by leveraging genetic prediction and 

bypassing direct imaging measurement, thus enhancing the utility of datasets that lack 

neuroimaging. 

Methods and Materials 

Datasets 

Brain Imaging Genetics Knowledge Portal (BIG-KP). We obtained publicly available IGS 

weights derived from GWAS conducted in EUR individuals for 301 brain IDPs 

(https://zenodo.org/records/7709788). The IDPs spanned three imaging modalities (1) 110 white 

matter microstructure measurements (19); (2) 101 structural MRI (sMRI) values for total and 

regional brain volumes (20); and (3) 90 resting state mean functional MRI (rs-fMRI) activity 

values (21). These IDPs were chosen because they demonstrated significant out-of-sample 

prediction in previous research, with the amount of variance explained ranging from .0000024% 

(SE = 0.466%) to 4.72% (SE = 1.48%) for white matter microstructure, from 0.0762% (SE = 

1.49%) to 7.01% (SE = 1.44%) for sMRI IDPs, and from .000015% (SE = 1.51%) to 5.02% (SE 
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= 1.47%) for rfMRI traits (17). SNP-based heritability estimates for the white matter 

microstructure IDPs ranged from 22.4% (SE = 2.2%) to 66.5% (SE = 2.2%) (19), for sMRI IDPs 

from 5.6% (SE = 3.8%) to 72% (SE = 3.7%) (22), and for rs-fMRI IDPs from 3.6% (SE = 2.0%) 

to 46.1% (SE = 2.2%) (23).  

Yale-Penn Sample. The Yale-Penn sample (N = 10,275; Table 1) was recruited and 

assessed at five U.S. academic study sites between 2000 and 2013, with Institutional Review 

Board approval at each site and informed consent obtained prior to the conduct of research 

procedures. Individuals with alcohol, cocaine, or opioid use disorders were enrolled through 

treatment services and local media advertisements. We also recruited control participants with 

no history of an SUD (18, 24). Participants completed the Semi-Structured Assessment for Drug 

Dependence and Alcoholism (SSADDA), a comprehensive interview that yields reliable SUD 

and mental health criteria and diagnoses (25, 26). The SSADDA asks participants regarding 

their substance use, demographics, and psychosocial/medical histories. We focused on 692 

items from the SSADDA that were retained through clinician input and included psychiatric 

diagnoses, symptom-level information, treatments received, and length/number of disorder 

episodes (18).  

IGS Generation and PheWAS 

Because the Yale�Penn sample did not undergo brain imaging, we estimated IGS for 

the 301 brain IDPs using the --score command in PLINK (27, 28), which combines genotype 

data with GWAS effect size estimates to produce a single IGS per person and phenotype. 

Posterior genetic variant effect sizes were trained using PRS-CS software (29). We evaluated 

the performance of the EUR-derived weights in the AFR group to facilitate inclusion of AFR 

individuals in the study despite the likelihood that applying variant weights based on the EUR 

GWAS to AFR individuals would reduce statistical power to detect IGS-phenotype links (30). 

The IGS were standardized within genetic ancestry groups.  
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We used the PheWAS package in R to conduct pheWAS across 692 traits for each IGS 

in the Yale-Penn cohort. Binary and continuous traits were regressed on each standardized IGS 

using logistic or linear regression models, respectively. Covariates included age, sex, and the 

first 10 within-ancestry genetic principal components computed using a principal component 

analysis (18). We controlled for multiple testing of the 692 traits in association with each IGS 

using the Benjamini-Hochberg false discovery rate (BH-FDR) procedure (q < 0.05), which given 

our interest in drawing IGS-specific inferences was our primary method for evaluating 

significance. We also applied more stringent corrections by pooling the 692 p-values per IDP 

across all IGS in each modality (i.e., 110 DTI, 101 sMRI, and 90 rs-fMRI).  

Enrichment Analysis  

 To identify phenotypic domains that show more significant associations with a given 

modality than expected by chance, we performed a one-sided hypergeometric test within each 

genetic ancestry group and imaging modality. We categorized phenotypes by domains identified 

in previous work (18). Tests and significant associations (q < 0.05) were enumerated for each 

ancestry–modality stratum and phenotype domain. These counts, paired with the overall 

numbers of tests and significant results, were subsequently inputted to the hypergeometric 

function in R. Significance levels (corrected via the BH-FDR procedure), the number of 

significant associations expected by chance, and the enrichment ratio (i.e., the number of 

significant associations within each domain divided by the expected hits) were obtained.  

Results 

Sample Characteristics 

Cohort characteristics are presented in Table 1. The Yale-Penn sample is balanced 

across EUR and AFR genetic ancestry groups and sex and is diverse in age and educational 

attainment. Household income is modest among most participants.  

European-like Ancestry Group 
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 The pheWAS identified 19 IDPs of the 301 studied that were associated (q < 0.05) with 

at least one phenotype, for a total of 60 associations (Tables S1-S3; Figure 1). The associations 

spanned all three imaging modalities and a variety of phenotypic domains, particularly mood 

disorders, antisocial personality disorder (ASPD), attention deficit hyperactivity disorder 

(ADHD), conduct disorder, and SUDs. No associations survived the more stringent within-

modality corrections for multiple testing.  

DTI. Five IDPs (radial diffusivity in the genu of the corpus callosum, axial diffusivity in the 

posterior limb of the internal capsule, axial diffusivity in the posterior thalamic radiation, 

fractional anisotropy [FA] in the superior fronto-occipital fasciculus, and FA in the fornix/stria 

terminalis) from the DTI modality survived within-IGS corrections for multiple testing, for 20 total 

associations. Links were observed between white-matter microstructure and depression, ADHD, 

stroke, and tobacco and sedative use. The tobacco-related associations typically involved 

negative links to withdrawal symptoms (e.g. irritability, anxiety), in which genetic liability for 

lower DTI measurements correlated with higher odds of withdrawal symptoms. For sedatives, 

higher FA in the fornix and stria terminalis corresponded to lower odds of meeting abuse 

criteria. Genetic liability for greater axial diffusivity in the posterior thalamic radiation was 

associated with a higher likelihood of exhibiting ADHD diagnostic criteria (e.g., duration of 

symptoms). The relationship between stroke and lower genetic liability to axial diffusivity in the 

posterior limb of the internal capsule was the most robust in this modality (β = -0.62, SE = 0.13, 

q = 0.001). 

sMRI. Of the 101 regional and total brain volume traits tested, 7 were associated with 

phenotypes after within-IGS correction for multiple testing, corresponding to 32 associations. 

Most region-of-interest (ROI) IGS associations were with cocaine, with more limited links to 

sedative, tobacco, and stimulant use. Cocaine-related traits were consistently and strongly 

associated with IGS for reduced total brain volume. Additionally, experiencing two or more 

cocaine withdrawal symptoms was associated with lower IGS for volume of the left precentral 
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gyrus. This IGS was also linked to sedative phenotypes. Another reward processing-related 

phenotype, pathological gambling, was associated with greater genetically predicted volume of 

the right rostral middle frontal gyrus.  

ADHD, particularly impairment-related traits, was consistently associated with reduced 

genetically predicted volume of the left lateral orbitofrontal cortex. Conduct disorder symptoms 

(i.e., engaging in breaking and entering, truancy) were associated with lower IGS for volume of 

the right cerebellar hemisphere and greater IGS for volume of the right basal forebrain. ASPD 

criterion count was similarly associated with lower IGS for volume of the right cerebellar 

hemisphere, while bipolar I disorder was associated with higher IGS for total white matter 

volume.  

rs-fMRI. Of the 90 mean functional connectivity IGS tested, associations with seven 

survived within-trait correction, yielding eight IGS-phenotype links. The connectivity IGS were 

mostly negatively associated with substance-related traits (e.g., cocaine, marijuana, sedatives) 

across various brain networks (e.g. sensorimotor control, attentional control, visuomotor 

integration). Sedative dependence was linked to lower IGS for functional connectivity between 

the primary visual and frontoparietal networks, which was the most robust association among 

this modality group in the EUR cohort. Although most associations were negative, suggesting 

that genetic liability for lower functional connectivity between or within the networks was 

correlated with higher odds of the phenotype, there were exceptions. These included the 

association between lower IGS for connectivity within the language network and an earlier age 

of social phobia diagnosis. Additionally, lower IGS for connectivity between the cingulo-

opercular and default-mode network was associated with a lower likelihood of being arrested in 

participants with ASPD.  

African-like Ancestry Group 

In the AFR cohort, 15 IGS were associated with at least one phenotype, for a total of 97 

associations (Tables S4-S6; Figure 2). Most associations were with substance-related traits, 
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particularly opioids and stimulants. Less prominent were associations with mental health traits, 

including ASPD and suicidal behaviors, and neurodevelopmental disorders. As in the EUR 

cohort, no associations survived the more stringent within-modality corrections. 

DTI. Six IGS had links that survived within-IGS correction, for a total of 41 significant trait 

associations. Stimulant-related traits dominated this category. A higher IGS for mode of 

anisotropy in the corpus callosum was associated with lower propensity for stimulant use 

disorder and dependence (β = -0.28, SE = 0.07, q = 0.02 and β = -0.33, SE = 0.08, q = 0.02, 

respectively). Greater genetically predicted axial and radial diffusivity in the fornix were 

associated with stimulant use, abuse, and dependence. The link between axial diffusivity in the 

fornix and stimulant abuse constituted the strongest relationship of the AFR DTI group (β = 

0.36, SE = 0.08, q = 0.002). Greater genetically predicted mean diffusivity in the fornix was 

similarly positively, robustly associated with stimulant-related traits. Mode of anisotropy in the 

fornix IGS was linked to a later age of first cocaine use and the IGS for greater mean diffusivity 

in the fornix was linked to acting out behaviors in ASPD.  

 sMRI. Five IGS were significantly associated with at least one phenotype, for a total of 

52 associations. Lower genetically predicted volume of the left middle temporal lobe was 

strongly linked to a variety of opioid-related traits, including the number of times used; the 

frequency of use; the mental, social, and cognitive consequences of use; withdrawal symptoms; 

dependence diagnosis; and abuse criteria. The IGS for this region was also linked to tobacco 

and sedative dependence and stimulant withdrawal. There were also  positive associations 

between the left middle temporal lobe IGS and lifetime suicide attempt and suicidal intent.  

The left transverse temporal lobe IGS had the most robust associations within the AFR 

group. Lower genetically predicted volume in this region was associated with greater odds of 

endorsing ADHD-related impairment in multiple settings and prolonged ADHD symptom 

duration. There were also an inverse association between genetically predicted volume of the 
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left pericalcarine region and years of opioid use, and a positive association between volume of 

the right putamen and acting-out behaviors in conduct disorder.  

 rs-fMRI. Four rs-fMRI IGS survived within-IGS corrections, for a total of four 

associations. The most robust association was between greater genetically predicted mean 

functional connectivity within the dorsal attention network and cocaine craving. Additionally, 

lower IGS for functional connectivity within the somatomotor network was linked to a longer 

duration of mania episodes. Greater genetically predicted connectivity between the auditory and 

posterior multimodal networks was linked to impulsive behavior in ASPD.  

Enrichment Testing  

European-like Ancestry. Five phenotype domains were enriched (q < 0.05) for 

associations with an IGS. Sedative (enrichment = 6.3, p = 0.0004), tobacco (enrichment = 6.93, 

p = 0.002), and ADHD (enrichment = 9.45, p = 0.03) phenotypes showed enriched associations 

with DTI IGS. For the ROI IGS, cocaine phenotypes showed enrichment (enrichment ratio = 7.0, 

p = 5.28 � 10-8) as did ADHD (enrichment ratio = 7.86, p = 0.02). 

African-like Ancestry. Two phenotype domains were enriched in the AFR genetic 

ancestry group: stimulant phenotypes in association with DTI IGS (enrichment ratio = 16.0, p = 

1.11 � 10-40), and opioid phenotypes with ROI IGS (enrichment ratio = 9.2, p = 2.46 � 10-27).  

Discussion 

We leveraged genetic imputation of IGS for 301 neuroimaging traits spanning white 

matter microstructure, regional and total brain volumes, and resting-state functional connectivity 

to examine potential neural substrates of psychiatric and substance use traits in the Yale-Penn 

cohort. Despite deep phenotyping for psychiatric traits in this cohort, it lacked imaging data, so 

that imputed measures derived from large-scale imaging GWAS provided informative proxies. 

We identified 157 significant IGS-phenotype associations in EUR and AFR individuals. Across 

ancestry groups and imaging modalities, these associations most frequently involved substance 

use and externalizing traits. Although this likely reflects the characteristics of the Yale-Penn 
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cohort, which was ascertained for substance use, it also provides important insights into neural 

signatures of disinhibited behaviors. Together, these findings demonstrate that genetically 

imputed IDPs capture meaningful variation in neural structure and function relevant to 

substance use, externalizing behaviors, and other psychiatric traits, and that these associations 

can be identified in the absence of direct neuroimaging data.  

DTI Modality 

Among AFR individuals, greater IGS for mean, axial, and radial diffusivity in the fornix 

were associated almost exclusively with stimulant traits, while in EUR individuals, there were 

links between FA measures in the fornix and sedative abuse. Despite phenotypic divergence, 

findings in both ancestry groups consistently show that genetically predicted variations in the 

fornix were associated with substance-related traits. These findings parallel neuroimaging 

studies that have generally shown alterations in diffusivity across major white matter tracts in 

substance-using individuals (31), particularly those who use methamphetamine (32-34). The 

fornix is classically associated with memory formation and may shape reward-seeking behavior 

(35). Its consistent associations across substances and ancestry groups suggest that alterations 

in white matter integrity in this tract may be a common underlying neural substrate among 

individuals who use substances and those with SUDs. Notably, previous neuroimaging studies 

of the effects of substance use have generally reported reduced FA in the fornix (31, 36-38), 

whereas we found greater genetically predicted FA values with sedative abuse. However, the 

direction of FA change appears to depend on the type of substance used, the age of exposure, 

the duration and severity of use, and presence of comorbid psychiatric conditions (39, 40).  

sMRI Modality 

In AFR individuals, lower IGS for gray matter volume in the left middle temporal lobe was 

associated with several opioid use and withdrawal symptoms. Lower gray matter volume in the 

temporal lobe has been demonstrated in individuals who use opioids (41), and our findings add 

genetic support to the potential involvement of this specific subregion in opioid use (42, 43). The 
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middle temporal lobe is classically linked to semantic cognition, sensory integration, and 

language processing (44), but its role in opioid use may relate to attentional and cue-based 

biases that promote craving, possibly mediated by the default mode network (42, 45, 46).  

Notably, we also found that the same region was negatively associated with stimulant 

withdrawal symptoms, duration of sedative use, and tobacco dependence. Thus, the left middle 

temporal gyrus may represent a convergent site of vulnerability across multiple SUDs (47-51).  

In EUR individuals, genetically predicted lower total brain volume was associated with 

cocaine use, which aligns with prior evidence of gray and white matter loss in cocaine 

dependence (52-60). Genetically predicted lower total brain volume was also associated with 

tobacco use and stimulant dependence. As these findings are consistent with total gray and 

white matter volumetric loss reported in prior imaging studies (61-64), they may reflect a 

structural signature for substances with stimulating effects. 

Beyond substance use, several ROI associations pointed to structural correlates of 

externalizing and developmental traits. In EUR individuals, the right rostral middle frontal gyrus 

IGS was linked to gambling disorder, while across EUR and AFR individuals IGS for the right 

basal forebrain, exterior right cerebellar hemisphere, and right putamen were associated with 

conduct disorder. Several of these regions are involved in reward valuation and impulsivity (65-

72), implicating fronto-striatal structures in disinhibitory and antisocial behaviors. 

In AFR individuals, genetically predicted lower volume in the left transverse temporal 

lobe (Heschl’s gyrus) was associated with ADHD criteria, consistent with previous studies (73-

76). Whereas Heschl’s gyrus is involved in auditory processing (77), this finding aligns with 

evidence linking auditory processing deficits to attentional dysregulation in ADHD (78) and 

volumetric differences in Heschl’s gyrus may serve as a biomarker for the disorder (73). In 

contrast, among EUR individuals, associations with ADHD were localized to the left lateral 

orbitofrontal cortex, a region with roles in goal-directed and motivational behaviors (79) that has 

been implicated in structural imaging studies of ADHD (80, 81). These findings highlight neural 
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substrates associated with attentional and behavioral regulation, reinforcing evidence of 

involvement of the temporal and orbitofrontal cortical regions. 

rs-fMRI Modality 

There were fewer associations with the rs-fMRI IGS than with the DTI and sMRI IGS. In 

AFR individuals, greater genetically predicted connectivity within the dorsal attention network 

was associated with cocaine craving, consistent with a potential conceptualization of craving as 

a shift in goal-directed attention toward drug-related cues (82, 83). This observation also aligns 

with an imaging study of formerly cocaine-dependent individuals, which showed reduced 

resting-state within-network connectivity in the dorsal attention network (84).  

In EUR individuals, genetically predicted lower connectivity within the language network 

was associated with an earlier onset of social phobia. Although social phobia has most 

commonly been associated with the emotional and attentional networks (85-87), some studies 

have reported that individuals with the disorder show reduced resting-state functional 

connectivity in regions implicated in speech initiation, the interpretation of social and linguistic 

information, and self-referential processing (88-91). Thus, a genetic predisposition to impaired 

integration of sociolinguistic information may contribute to an earlier development of social 

phobia. 

Greater genetically predicted connectivity between the cingulo-opercular and default 

mode networks was linked to antisocial behaviors in EUR individuals. Although connectivity 

between these networks has not yet been implicated in ASPD, there is evidence supporting 

their individual roles (92-94). Engagement of the cingulo-opercular network during goal-directed 

or executive processes may normally be accompanied by reduced self-referential activity in the 

default mode network (95). Thus, greater connectivity between these networks suggests that a 

deficit in network switching ability could contribute to impulsive behaviors. Thus, collectively, 

genetically imputed connectivity patterns may index meaningful variation relevant to both 

internalizing (e.g., social phobia) and externalizing behaviors (e.g., ASPD). 
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Conceptual and Methodological Implications 

Genetically imputed imaging traits show potential to identify biologically coherent, 

transdiagnostic patterns and can complement traditional imaging studies. Whereas the 

conventional approach of directly imaging cohorts is limited by cost, time, and accessibility (6), 

using genetics to impute these traits constitutes a rapid and scalable alternative that can 

increase cohort diversity and sample size. Thus, the approach helps to address two long-

standing limitations of brain-wide association studies (7, 8). First, the continued 

overrepresentation of White participants and those from higher socioeconomic and educational 

backgrounds confounds much psychiatric neuroimaging work, despite evidence that these 

factors may moderate associations between clinical traits and imaging features (9, 96). 

Additionally, efforts to identify imaging biomarkers for psychiatric traits have been limited by the 

nonspecific, overlapping nature of many reported findings (3, 97). By estimating IGS in deeply 

phenotyped cohorts, it may be possible to enhance biomarker specificity. This would better align 

with emerging conceptualizations of psychiatric research, such as the Research Domain 

Criteria, which emphasize dimensional, functional domains over categorical diagnoses (98, 99). 

The use of genetically imputed IDPs also can inform our understanding of the genetic 

contributions to neural correlates of substance use and mental health disorders. However, the 

precise etiology of the identified IGS-trait relationships requires further research. One possibility 

is that the same genetic factors may independently influence brain structure/function and 

psychiatric traits. Alternatively, genetic variants may influence neuroanatomical features, and in 

turn increase risk for psychiatric conditions. Studies that incorporate Mendelian randomization 

could evaluate potential directional pathways linking brain phenotypes and psychiatric traits 

(100). Additionally, genetic correlation and other analyses of pleiotropy could help to quantify 

the extent of shared genetic architectures between brain structure/function and psychiatric traits 

(101, 102). Resolving the mechanisms that underlie the identified relationships may help to 
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inform more precise, biologically based frameworks for understanding and treating psychiatric 

conditions. 

Finally, comparing genetically predicted imaging traits with directly measured imaging 

traits in samples with both can yield more precise estimates of environmental influences, such 

as substance use, on the brain. This approach may facilitate a greater understanding of the 

potential neurotoxic effects of abused substances than would otherwise be possible. 

Limitations 

In addition to its strengths, our study had several limitations, including the unavailability 

of GWAS for IDPs in AFR individuals. Differences in allele frequencies and linkage 

disequilibrium structure between ancestry groups limit the utility of the EUR IGS weights as 

proxies of brain structure and function in AFR individuals, which reduces the power to detect 

IGS-phenotype associations among AFR individuals (30). Additionally, IGS are not equivalent to 

observed brain imaging measures and account for only a proportion of the variance in such 

measures (17). Thus, findings must be interpreted as reflecting genetic liability. Finally, no IGS-

phenotype associations were significant after correcting for within-modality multiple testing. This 

reflects both the modest effect sizes and large number of tests performed. As larger GWAS of 

IDPs become available, the predictive utility of IGS should increase.  

Conclusions 

By integrating genetic imputation of IDPs with deep phenotyping, we identified 157 

associations predominantly with substance use and externalizing traits. Results converged on 

the relevance of behavioral regulation, attentional, and sensorimotor neural systems across 

ancestries and imaging modalities. This work offers a practical approach to address the 

longstanding question of how variation in brain structure and function underlies neuropsychiatric 

conditions. As our understanding of the links between genetic variation, neural phenotypes, and 

behavior evolves, this approach may facilitate more precise, biologically informed models of 

psychiatric vulnerability. 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 17, 2025. ; https://doi.org/10.64898/2025.12.16.25342202doi: medRxiv preprint 

https://doi.org/10.64898/2025.12.16.25342202
http://creativecommons.org/licenses/by-nc-nd/4.0/


15 
 

Acknowledgments 
 

This research was supported by the Veterans Integrated Service Network 4 Mental Illness 
Research, Education and Clinical Center and by grants I01 BX004820 and R01 AA030056 to 
HRK. 

 
Disclosures 

 
Dr. Kranzler is a member of advisory boards for Altimmune and Clearmind Medicine; a 
consultant to Sobrera Pharmaceuticals, Altimmune, Lilly, and Ribocure; and the recipient of 
research funding and medication supplies for an investigator-initiated study from Alkermes and 
company-initiated studies by Altimmune and Lilly. The other authors have nothing to declare. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 17, 2025. ; https://doi.org/10.64898/2025.12.16.25342202doi: medRxiv preprint 

https://doi.org/10.64898/2025.12.16.25342202
http://creativecommons.org/licenses/by-nc-nd/4.0/


16 
 

References 
 

1. Abi-Dargham A, Moeller SJ, Ali F, DeLorenzo C, Domschke K, Horga G, et al. (2023): 
Candidate biomarkers in psychiatric disorders: state of the field. World Psychiatry. 22:236–262. 
2. Cao H, Chen OY, Chung Y, Forsyth JK, McEwen SC, Gee DG, et al. (2018): Cerebello-
thalamo-cortical hyperconnectivity as a state-independent functional neural signature for 
psychosis prediction and characterization. Nat Commun. 9:3836. 
3. Linden DE (2012): The challenges and promise of neuroimaging in psychiatry. Neuron. 
73:8–22. 
4. Masdeu JC (2011): Neuroimaging in psychiatric disorders. Neurotherapeutics. 8:93–102. 
5. Iorio-Morin C, Sarica C, Elias GJB, Harmsen I, Hodaie M (2022): Chapter 7 - 
Neuroimaging of psychiatric disorders. In: Chernov MF, Rzaev JA, Martínez-Álvarez R, editors. 
Progress in Brain Research: Elsevier, pp 149–169. 
6. Poline JB, Breeze JL, Ghosh S, Gorgolewski K, Halchenko YO, Hanke M, et al. (2012): 
Data sharing in neuroimaging research. Front Neuroinform. 6:9. 
7. Marek S, Tervo-Clemmens B, Calabro FJ, Montez DF, Kay BP, Hatoum AS, et al. 
(2022): Reproducible brain-wide association studies require thousands of individuals. Nature. 
603:654–660. 
8. Han Z, Yang G, Liu T, Funahashi S, Zuo XN, Yan T (2025): Enriching population 
diversity in neuroscience. Sci Bull (Beijing). 70:2560–2564. 
9. Harnett NG, Merrill LC, Fani N (2024): Racial and ethnic socioenvironmental inequity 
and neuroimaging in psychiatry: a brief review of the past and recommendations for the future. 
Neuropsychopharmacology. 50:3–15. 
10. Littlejohns TJ, Holliday J, Gibson LM, Garratt S, Oesingmann N, Alfaro-Almagro F, et al. 
(2020): The UK Biobank imaging enhancement of 100,000 participants:�rationale, data 
collection, management and future directions. Nature Communications. 11:2624. 
11. Miller KL, Alfaro-Almagro F, Bangerter NK, Thomas DL, Yacoub E, Xu J, et al. (2016): 
Multimodal population brain imaging in the UK Biobank prospective epidemiological study. Nat 
Neurosci. 19:1523–1536. 
12. Brayne C, Moffitt TE (2022): The limitations of large-scale volunteer databases to 
address inequalities and global challenges in health and aging. Nature Aging. 2:775–783. 
13. Elliott LT, Sharp K, Alfaro-Almagro F, Shi S, Miller KL, Douaud G, et al. (2018): 
Genome-wide association studies of brain imaging phenotypes in UK Biobank. Nature. 
562:210–216. 
14. Zhao B, Ibrahim JG, Li Y, Li T, Wang Y, Shan Y, et al. (2019): Heritability of Regional 
Brain Volumes in Large-Scale Neuroimaging and Genetic Studies. Cereb Cortex. 29:2904–
2914. 
15. Colclough GL, Smith SM, Nichols TE, Winkler AM, Sotiropoulos SN, Glasser MF, et al. 
(2017): The heritability of multi-modal connectivity in human brain activity. Elife. 6. 
16. Kochunov P, Patel B, Ganjgahi H, Donohue B, Ryan M, Hong EL, et al. (2019): 
Homogenizing Estimates of Heritability Among SOLAR-Eclipse, OpenMx, APACE, and FPHI 
Software Packages in Neuroimaging Data. Front Neuroinform. 13:16. 
17. Yang X, Sullivan PF, Li B, Fan Z, Ding D, Shu J, et al. (2024): Multi-organ imaging-
derived polygenic indexes for brain and body health. medRxiv. 
18. Kember RL, Hartwell EE, Xu H, Rotenberg J, Almasy L, Zhou H, et al. (2023): Phenome-
wide Association Analysis of Substance Use Disorders in a Deeply Phenotyped Sample. 
Biological Psychiatry. 93:536–545. 
19. Zhao B, Li T, Yang Y, Wang X, Luo T, Shan Y, et al. (2021): Common genetic variation 
influencing human white matter microstructure. Science. 372. 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 17, 2025. ; https://doi.org/10.64898/2025.12.16.25342202doi: medRxiv preprint 

https://doi.org/10.64898/2025.12.16.25342202
http://creativecommons.org/licenses/by-nc-nd/4.0/


17 
 

20. Zhao B, Luo T, Li T, Li Y, Zhang J, Shan Y, et al. (2019): Genome-wide association 
analysis of 19,629 individuals identifies variants influencing regional brain volumes and refines 
their genetic co-architecture with cognitive and mental health traits. Nature Genetics. 51:1637–
1644. 
21. Zhao B, Li T, Smith SM, Xiong D, Wang X, Yang Y, et al. (2022): Common variants 
contribute to intrinsic human brain functional networks. Nature Genetics. 54:508–517. 
22. Zhao B, Luo T, Li T, Li Y, Zhang J, Shan Y, et al. (2019): Genome-wide association 
analysis of 19,629 individuals identifies variants influencing regional brain volumes and refines 
their genetic co-architecture with cognitive and mental health traits. Nat Genet. 51:1637–1644. 
23. Zhao B, Li T, Smith SM, Xiong D, Yang Y, Wang X, et al. (2021): Genetic influences on 
the intrinsic and extrinsic functional organizations of the cerebral cortex. 
medRxiv.2021.2007.2027.21261187. 
24. Gelernter J, Kranzler HR, Sherva R, Almasy L, Herman AI, Koesterer R, et al. (2015): 
Genome-Wide Association Study of Nicotine Dependence in American Populations: 
Identification of Novel Risk Loci in Both African-Americans and European-Americans. Biological 
Psychiatry. 77:493–503. 
25. Pierucci-Lagha A, Gelernter J, Feinn R, Cubells JF, Pearson D, Pollastri A, et al. (2005): 
Diagnostic reliability of the Semi-structured Assessment for Drug Dependence and Alcoholism 
(SSADDA). Drug and Alcohol Dependence. 80:303–312. 
26. Pierucci-Lagha A, Gelernter J, Chan G, Arias A, Cubells JF, Farrer L, et al. (2007): 
Reliability of DSM-IV diagnostic criteria using the semi-structured assessment for drug 
dependence and alcoholism (SSADDA). Drug and Alcohol Dependence. 91:85–90. 
27. Chang CC, Chow CC, Tellier LC, Vattikuti S, Purcell SM, Lee JJ (2015): Second-
generation PLINK: rising to the challenge of larger and richer datasets. Gigascience. 4:7. 
28. Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MAR, Bender D, et al. (2007): 
PLINK: a tool set for whole-genome association and population-based linkage analyses. Am J 
Hum Genet. 81:559–575. 
29. Ge T, Chen C-Y, Ni Y, Feng Y-CA, Smoller JW (2019): Polygenic prediction via 
Bayesian regression and continuous shrinkage priors. Nature Communications. 10:1776. 
30. Privé F, Aschard H, Carmi S, Folkersen L, Hoggart C, O'Reilly PF, et al. (2022): 
Portability of 245 polygenic scores when to 9 ancestry groups from the same cohort (vol 109, pg 
12, 2022). American Journal of Human Genetics. 109:373–373. 
31. Hampton WH, Hanik IM, Olson IR (2019): Substance abuse and white matter: Findings, 
limitations, and future of diffusion tensor imaging research. Drug Alcohol Depend. 197:288–298. 
32. Huang S, Yang W, Luo J, Yan C, Liu J (2020): White Matter Abnormalities Based on 
TBSS and Its Correlation With Impulsivity Behavior of Methamphetamine Addicts. Front 
Psychiatry. 11:452. 
33. Roos A, Kwiatkowski MA, Fouche JP, Narr KL, Thomas KG, Stein DJ, et al. (2015): 
White matter integrity and cognitive performance in children with prenatal methamphetamine 
exposure. Behav Brain Res. 279:62–67. 
34. Breen MS, Uhlmann A, Ozcan S, Chan M, Pinto D, Bahn S, et al. (2017): Parallel 
changes in serum proteins and diffusion tensor imaging in methamphetamine-associated 
psychosis. Sci Rep. 7:43777. 
35. Benear SL, Ngo CT, Olson IR (2020): Dissecting the Fornix in Basic Memory Processes 
and Neuropsychiatric Disease: A Review. Brain Connect. 10:331–354. 
36. Kim IS, Kim YT, Song HJ, Lee JJ, Kwon DH, Lee HJ, et al. (2009): Reduced corpus 
callosum white matter microstructural integrity revealed by diffusion tensor eigenvalues in 
abstinent methamphetamine addicts. Neurotoxicology. 30:209–213. 
37. Tobias MC, O'Neill J, Hudkins M, Bartzokis G, Dean AC, London ED (2010): White-
matter abnormalities in brain during early abstinence from methamphetamine abuse. 
Psychopharmacology (Berl). 209:13–24. 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 17, 2025. ; https://doi.org/10.64898/2025.12.16.25342202doi: medRxiv preprint 

https://doi.org/10.64898/2025.12.16.25342202
http://creativecommons.org/licenses/by-nc-nd/4.0/


18 
 

38. Baranger DAA (2024): Evaluating Evidence Supporting an Effect of Prenatal Cannabis 
Exposure on White Matter Integrity. Biol Psychiatry Glob Open Sci. 4:101–102. 
39. Ottino-González J, Uhlmann A, Hahn S, Cao Z, Cupertino RB, Schwab N, et al. (2022): 
White matter microstructure differences in individuals with dependence on cocaine, 
methamphetamine, and nicotine: Findings from the ENIGMA-Addiction working group. Drug and 
Alcohol Dependence. 230:109185. 
40. Cardenas VA, Greenstein D, Fouche JP, Ferrett H, Cuzen N, Stein DJ, et al. (2013): Not 
lesser but Greater fractional anisotropy in adolescents with alcohol use disorders. Neuroimage 
Clin. 2:804–809. 
41. Brown GG, Jacobus J, McKenna B (2016): Structural imaging for addiction medicine: 
From neurostructure to neuroplasticity. Prog Brain Res. 224:105–127. 
42. Zhu J, Wang S, Liu Y, Wang F, Li Q, Li Z, et al. (2021): The influence of methadone on 
cerebral gray matter and functional connectivity. Ann Palliat Med. 10:9497–9507. 
43. Shi Z, Li X, Byanyima JI, O'Brien CP, Childress AR, Lynch KG, et al. (2023): Effects of 
current smoking severity on brain gray matter volume in opioid use disorder - a voxel-based 
morphometry study. Am J Drug Alcohol Abuse. 49:180–189. 
44. Xu J, Wang J, Fan L, Li H, Zhang W, Hu Q, et al. (2015): Tractography-based 
Parcellation of the Human Middle Temporal Gyrus. Sci Rep. 5:18883. 
45. Chen J, Li Y, Wang S, Li W, Liu Y, Jin L, et al. (2023): Methadone maintenance 
treatment alters couplings of default mode and salience networks in individuals with heroin use 
disorder: A longitudinal self-controlled resting-state fMRI study. Front Psychiatry. 14:1132407. 
46. Hassani-Abharian P, Ganjgahi H, Tabatabaei-Jafari H, Oghabian MA, Mokri A, Ekhtiari 
H (2015): Exploring Neural Correlates of Different Dimensions in Drug Craving Self-Reports 
among Heroin Dependents. Basic Clin Neurosci. 6:271–284. 
47. Spindler C, Trautmann S, Alexander N, Bröning S, Bartscher S, Stuppe M, et al. (2021): 
Meta-analysis of grey matter changes and their behavioral characterization in patients with 
alcohol use disorder. Scientific Reports. 11:5238. 
48. Potvin S, Dugre JR, Fahim C, Dumais A (2019): Increased Connectivity Between the 
Nucleus Accumbens and the Default Mode Network in Patients With Schizophrenia During 
Cigarette Cravings. J Dual Diagn. 15:8–15. 
49. Briggs Z, O'Connor M, Jollans EK, O'Halloran L, Dymond S, Whelan R (2015): Flexible 
emotion-based decision-making behavior varies in current and former smokers. Addict Behav. 
45:269–275. 
50. Morales AM, Lee B, Hellemann G, O'Neill J, London ED (2012): Gray-matter volume in 
methamphetamine dependence: cigarette smoking and changes with abstinence from 
methamphetamine. Drug Alcohol Depend. 125:230–238. 
51. Jan RK, Kydd RR, Russell BR (2012): Functional and structural brain changes 
associated with methamphetamine abuse. Brain Sci. 2:434–482. 
52. Ersche KD, Jones PS, Williams GB, Robbins TW, Bullmore ET (2013): Cocaine 
dependence: a fast-track for brain ageing? Mol Psychiatry. 18:134–135. 
53. Sim ME, Lyoo IK, Streeter CC, Covell J, Sarid-Segal O, Ciraulo DA, et al. (2007): 
Cerebellar gray matter volume correlates with duration of cocaine use in cocaine-dependent 
subjects. Neuropsychopharmacology. 32:2229–2237. 
54. Franklin TR, Acton PD, Maldjian JA, Gray JD, Croft JR, Dackis CA, et al. (2002): 
Decreased gray matter concentration in the insular, orbitofrontal, cingulate, and temporal 
cortices of cocaine patients. Biol Psychiatry. 51:134–142. 
55. Pando-Naude V, Toxto S, Fernandez-Lozano S, Parsons CE, Alcauter S, Garza-
Villarreal EA (2021): Gray and white matter morphology in substance use disorders: a 
neuroimaging systematic review and meta-analysis. Transl Psychiatry. 11:29. 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 17, 2025. ; https://doi.org/10.64898/2025.12.16.25342202doi: medRxiv preprint 

https://doi.org/10.64898/2025.12.16.25342202
http://creativecommons.org/licenses/by-nc-nd/4.0/


19 
 

56. Poireau M, Segobin S, Maillard A, Clergue-Duval V, Icick R, Azuar J, et al. (2024): Brain 
alterations in Cocaine Use Disorder: Does the route of use matter and does it relate to the 
treatment outcome? Psychiatry Res Neuroimaging. 342:111830. 
57. Matochik JA, London ED, Eldreth DA, Cadet JL, Bolla KI (2003): Frontal cortical tissue 
composition in abstinent cocaine abusers: a magnetic resonance imaging study. Neuroimage. 
19:1095–1102. 
58. Connolly CG, Bell RP, Foxe JJ, Garavan H (2013): Dissociated grey matter changes 
with prolonged addiction and extended abstinence in cocaine users. PLoS One. 8:e59645. 
59. Beheshti I (2023): Cocaine Destroys Gray Matter Brain Cells and Accelerates Brain 
Aging. Biology (Basel). 12. 
60. Barros-Loscertales A, Garavan H, Bustamante JC, Ventura-Campos N, Llopis JJ, 
Belloch V, et al. (2011): Reduced striatal volume in cocaine-dependent patients. Neuroimage. 
56:1021–1026. 
61. Gray JC, Thompson M, Bachman C, Owens MM, Murphy M, Palmer R (2020): 
Associations of cigarette smoking with gray and white matter in the UK Biobank. 
Neuropsychopharmacology. 45:1215–1222. 
62. Berman S, O'Neill J, Fears S, Bartzokis G, London ED (2008): Abuse of amphetamines 
and structural abnormalities in the brain. Ann N Y Acad Sci. 1141:195–220. 
63. Mackey S, Paulus M (2013): Are there volumetric brain differences associated with the 
use of cocaine and amphetamine-type stimulants? Neurosci Biobehav Rev. 37:300–316. 
64. Cox SR, Lyall DM, Ritchie SJ, Bastin ME, Harris MA, Buchanan CR, et al. (2019): 
Associations between vascular risk factors and brain MRI indices in UK Biobank. Eur Heart J. 
40:2290–2300. 
65. Lopez-Gamundi P, Yao YW, Chong TT, Heekeren HR, Mas-Herrero E, Marco-Pallares J 
(2021): The neural basis of effort valuation: A meta-analysis of functional magnetic resonance 
imaging studies. Neurosci Biobehav Rev. 131:1275–1287. 
66. Daniel R, Pollmann S (2014): A universal role of the ventral striatum in reward-based 
learning: evidence from human studies. Neurobiol Learn Mem. 114:90–100. 
67. Izuma K, Saito DN, Sadato N (2008): Processing of social and monetary rewards in the 
human striatum. Neuron. 58:284–294. 
68. Caravaggio F, Plitman E, Chung JK, Gerretsen P, Kim J, Iwata Y, et al. (2017): Trait 
impulsiveness is related to smaller post-commissural putamen volumes in males but not 
females. Eur J Neurosci. 46:2253–2264. 
69. Luo X, Mao Q, Shi J, Wang X, Li CR (2019): Putamen gray matter volumes in 
neuropsychiatric and neurodegenerative disorders. World J Psychiatry Ment Health Res. 3. 
70. Hwang EK, Zapata A, Hu V, Hoffman AF, Wang HL, Liu B, et al. (2024): Basal forebrain-
lateral habenula inputs and control of impulsive behavior. Neuropsychopharmacology. 49:2060–
2068. 
71. Hegedus P, Sviatko K, Kiraly B, Martinez-Bellver S, Hangya B (2023): Cholinergic 
activity reflects reward expectations and predicts behavioral responses. iScience. 26:105814. 
72. Tashakori-Sabzevar F, Ward RD (2018): Basal Forebrain Mediates Motivational 
Recruitment of Attention by Reward-Associated Cues. Front Neurosci. 12:786. 
73. Serrallach BL, Gross C, Christiner M, Wildermuth S, Schneider P (2022): 
Neuromorphological and Neurofunctional Correlates of ADHD and ADD in the Auditory Cortex 
of Adults. Front Neurosci. 16:850529. 
74. Seither-Preisler A, Parncutt R, Schneider P (2014): Size and synchronization of auditory 
cortex promotes musical, literacy, and attentional skills in children. J Neurosci. 34:10937–
10949. 
75. Serrallach B, Gross C, Bernhofs V, Engelmann D, Benner J, Gundert N, et al. (2016): 
Neural Biomarkers for Dyslexia, ADHD, and ADD in the Auditory Cortex of Children. Front 
Neurosci. 10:324. 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 17, 2025. ; https://doi.org/10.64898/2025.12.16.25342202doi: medRxiv preprint 

https://doi.org/10.64898/2025.12.16.25342202
http://creativecommons.org/licenses/by-nc-nd/4.0/


20 
 

76. Gennatas ED, Wren-Jarvis J, Powers R, Lazerwitz MC, Bourla I, Cai LT, et al. (2024): 
Gray matter correlates of attention-deficit hyperactivity disorder in boys versus girls with sensory 
processing dysfunction. Imaging Neurosci (Camb). 2. 
77. Morosan P, Rademacher J, Schleicher A, Amunts K, Schormann T, Zilles K (2001): 
Human primary auditory cortex: cytoarchitectonic subdivisions and mapping into a spatial 
reference system. Neuroimage. 13:684–701. 
78. Zhang M, Yu J, Li H, Jin R, Zhou J, Zhu T, et al. (2025): Altered auditory attention and 
functional connectivity in the auditory cortex of children with Attention-Deficit/Hyperactivity 
Disorder. BMC Psychiatry. 25:1033. 
79. Tegelbeckers J, Kanowski M, Krauel K, Haynes JD, Breitling C, Flechtner HH, et al. 
(2018): Orbitofrontal Signaling of Future Reward is Associated with Hyperactivity in Attention-
Deficit/Hyperactivity Disorder. J Neurosci. 38:6779–6786. 
80. Hesslinger B, Tebartz van Elst L, Thiel T, Haegele K, Hennig J, Ebert D (2002): 
Frontoorbital volume reductions in adult patients with attention deficit hyperactivity disorder. 
Neurosci Lett. 328:319–321. 
81. Shou Q, Yamashita M, Hirano Y, Yao A, Li M, Wang Y, et al. (2025): Brain structure 
characteristics in children with attention-deficit/hyperactivity disorder elucidated using traveling-
subject harmonization. Mol Psychiatry. 
82. Copersino ML, Serper MR, Vadhan N, Goldberg BR, Richarme D, Chou JC, et al. 
(2004): Cocaine craving and attentional bias in cocaine-dependent schizophrenic patients. 
Psychiatry Res. 128:209–218. 
83. Zhao K, Fonzo GA, Xie H, Oathes DJ, Keller CJ, Carlisle NB, et al. (2024): 
Discriminative functional connectivity signature of cocaine use disorder links to rTMS treatment 
response. Nat Ment Health. 2:388–400. 
84. Kelly C, Zuo XN, Gotimer K, Cox CL, Lynch L, Brock D, et al. (2011): Reduced 
interhemispheric resting state functional connectivity in cocaine addiction. Biol Psychiatry. 
69:684–692. 
85. Zhang X, Yang X, Wu B, Pan N, He M, Wang S, et al. (2023): Large-scale brain 
functional network abnormalities in social anxiety disorder. Psychol Med. 53:6194–6204. 
86. Liao W, Qiu C, Gentili C, Walter M, Pan Z, Ding J, et al. (2010): Altered effective 
connectivity network of the amygdala in social anxiety disorder: a resting-state FMRI study. 
PLoS One. 5:e15238. 
87. Zhang P, Zhang J, Wang M, Feng S, Yuan Y, Ding L (2024): Research hotspots and 
trends of neuroimaging in social anxiety: a CiteSpace bibliometric analysis based on Web of 
Science and Scopus database. Front Behav Neurosci. 18:1448412. 
88. Fujii M, Maesawa S, Motomura K, Futamura M, Hayashi Y, Koba I, et al. (2015): 
Intraoperative subcortical mapping of a language-associated deep frontal tract connecting the 
superior frontal gyrus to Broca's area in the dominant hemisphere of patients with glioma. J 
Neurosurg. 122:1390–1396. 
89. Redcay E (2008): The superior temporal sulcus performs a common function for social 
and speech perception: implications for the emergence of autism. Neurosci Biobehav Rev. 
32:123–142. 
90. Yun JY, Kim JC, Ku J, Shin JE, Kim JJ, Choi SH (2017): The left middle temporal gyrus 
in the middle of an impaired social-affective communication network in social anxiety disorder. J 
Affect Disord. 214:53–59. 
91. Cui Q, Vanman EJ, Long Z, Pang Y, Chen Y, Wang Y, et al. (2017): Social anxiety 
disorder exhibit impaired networks involved in self and theory of mind processing. Soc Cogn 
Affect Neurosci. 12:1284–1295. 
92. Tang Y, Long J, Wang W, Liao J, Xie H, Zhao G, et al. (2016): Aberrant functional brain 
connectome in people with antisocial personality disorder. Sci Rep. 6:26209. 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 17, 2025. ; https://doi.org/10.64898/2025.12.16.25342202doi: medRxiv preprint 

https://doi.org/10.64898/2025.12.16.25342202
http://creativecommons.org/licenses/by-nc-nd/4.0/


21 
 

93. Philippi CL, Pujara MS, Motzkin JC, Newman J, Kiehl KA, Koenigs M (2015): Altered 
resting-state functional connectivity in cortical networks in psychopathy. J Neurosci. 35:6068–
6078. 
94. Lee Y, Chahal R, Gotlib IH (2024): The default mode network is associated with changes 
in internalizing and externalizing problems differently in adolescent boys and girls. Dev 
Psychopathol. 36:834–843. 
95. Dosenbach NUF, Raichle ME, Gordon EM (2025): The brain's action-mode network. Nat 
Rev Neurosci. 26:158–168. 
96. Harnett NG (2020): Neurobiological consequences of racial disparities and 
environmental risks: a critical gap in understanding psychiatric disorders. 
Neuropsychopharmacology. 45:1247–1250. 
97. Ekhtiari H, Sangchooli A, Carmichael O, Moeller FG, O'Donnell P, Oquendo M, et al. 
(2024): Neuroimaging Biomarkers in Addiction. medRxiv. 
98. Etkin A (2019): A Reckoning and Research Agenda for Neuroimaging in Psychiatry. Am 
J Psychiatry. 176:507–511. 
99. Cuthbert BN (2022): Research Domain Criteria (RDoC): Progress and Potential. Curr Dir 
Psychol Sci. 31:107–114. 
100. Guo J, Yu K, Dong SS, Yao S, Rong Y, Wu H, et al. (2022): Mendelian randomization 
analyses support causal relationships between brain imaging-derived phenotypes and risk of 
psychiatric disorders. Nat Neurosci. 25:1519–1527. 
101. Stauffer EM, Bethlehem RAI, Dorfschmidt L, Won H, Warrier V, Bullmore ET (2023): The 
genetic relationships between brain structure and schizophrenia. Nat Commun. 14:7820. 
102. Sha Z, Warrier V, Bethlehem RAI, Schultz LM, Merikangas A, Sun KY, et al. (2023): The 
overlapping genetic architecture of psychiatric disorders and cortical brain structure. bioRxiv. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 17, 2025. ; https://doi.org/10.64898/2025.12.16.25342202doi: medRxiv preprint 

https://doi.org/10.64898/2025.12.16.25342202
http://creativecommons.org/licenses/by-nc-nd/4.0/


22 
 

Figure Legends 
 
Figure 1: Summary of significant IGS-phenotype associations in European-like ancestry 
individuals from the Yale-Penn sample. The dot size reflects the number of associations 
between each imaging-derived phenotype genetic score (IGS) and phenotype domain. Dot and 
y-axis label color indicate the imaging modality of the IGS (diffusion tensor imaging [DTI], 
resting-state functional magnetic resonance imaging [rs-fMRI], or structural magnetic resonance 
imaging [sMRI]).  
 
Figure 2: Summary of significant IGS-phenotype associations in African-like ancestry individuals 
from the Yale-Penn sample. The dot size reflects the number of associations between each 
imaging-derived phenotype genetic score (IGS) and phenotype domain. Dot and y-axis label 
color indicate the imaging modality of the IGS (diffusion tensor imaging [DTI], resting-state 
functional magnetic resonance imaging [rs-fMRI], or structural magnetic resonance imaging 
[sMRI]). 
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Table 1. Sample characteristics (N = 10,275). 
 European Ancestry (n = 5424) African Ancestry (n = 4851) 
 Mean (SD) or N (%) Mean (SD) or N (%) 

Sex   
     Female 2326 (42.9%) 2174 (44.8%) 
     Male 3098 (57.1%) 2677 (55.2%) 
Age 39.8 (12.9) 41.5 (10.2) 
Race and ethnicity   
     African American/Black, Hispanic 53 (1%) 166 (3.4%) 
     African American/Black, non-
Hispanic 58 (1.1%) 4310 (88.8%) 

     White, Hispanic 424 (7.8%) 35 (0.7%) 
     White, non-Hispanic 4550 (83.9%) 21 (0.4%) 
     Other 339 (6.3%) 319 (6.6%) 
Marital status   
     Divorced 1061 (19.6%) 768 (15.8%) 
     Married 1134 (20.9%) 702 (14.5%) 
     Never Married 2900 (53.5%) 2946 (60.7%) 
     Separated 226 (4.2%) 329 (6.8%) 
     Widowed 103 (1.9%) 106 (2.2%) 
Annual household income   
     <$9,999 2061 (38%) 2380 (49.1%) 
     $10,000 - 19,999 826 (15.2%) 887 (18.3%) 
     $20,000 - $29,999 629 (11.6%) 545 (11.2%) 

     $30,000 - $39,999 387 (7.1%) 357 (7.4%) 

     $40,000 - $49,999 351 (6.5%) 198 (4.1%) 

     $50,000 - $74,999 465 (8.6%) 250 (5.2%) 

     $75,000 - $99,000 290 (5.3%) 94 (1.9%) 

     $100,000 + 360 (6.7%) 101 (2.1%) 

Education   

     Less than high school 1305 (24.1%) 1627 (33.5%) 

     High school 1228 (22.6%) 1363 (28.1%) 
     Some college/technical school or 
higher 2891 (53.3%) 1860 (38.3%) 

Lifetime DSM-IV Substance dependence   

     Alcohol 2742 (50.6%) 2493 (51.4%) 

     Cocaine 2607 (48.1%) 2907 (59.9%) 

     Marijuana 1502 (27.7%) 1318 (27.2%) 

     Opioids 2216 (40.9%) 917 (18.9%) 

     Sedatives 542 (10%) 129 (2.7%) 

     Stimulants 362 (6.7%) 140 (2.9%) 

     Tobacco 2928 (54%) 2507 (51.7%) 
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     Other 759 (14%) 497 (10.2%) 

Mental health     

     Antisocial personality disorder 698 (12.9%) 582 (12%) 
     Attention deficit hyperactivity 
disorder 

458 (8.4%) 209 (4.3%) 

     Conduct disorder 124 (2.3%) 99 (2%) 

     Major depressive disorder 837 (15.4%) 529 (10.9%) 

     Manic episode 33 (0.6%) 25 (0.5%) 

     Panic disorder 383 (7.1%) 134 (2.8%) 

     Pathological gambling 330 (6.1%) 466 (9.6%) 

     Social phobia 324 (6%) 161 (3.3%) 

     Suicidal ideation 2011 (37.1%) 1517 (31.3%) 
Note: DSM-IV = Diagnostic and Statistical Manual, version 4. Percentages are based on available data; 
some categories do not sum to 100% due to missing or unknown values. 
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Figure 1. 
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Figure 2. 
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