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Abstract

Understanding how genetic variation shapes brain-related traits with complex heritability
requires models capable of capturing the multifaceted regulatory architecture of gene ex-
pression. Non-coding variants are thought to influence disease risk primarily by modulating
transcriptomic regulation rather than through direct coding changes. Gene-level prediction
models, which impute expression from genetic data, offer a framework for linking genetic
variation to transcriptional consequences; however, current approaches predominantly rely
on cis-eQTLs—capturing primarily local regulatory effects—thus limiting their ability to
model the distributed architecture of gene regulatory networks.

To address these limitations, the present work develops an integrative framework that
incorporates gene co-expression network information into genetically regulated expression
(GReX) models. By leveraging the structure of transcriptional networks, the approach guides
the detection of trans-regulatory (distal) effects and improves transcriptomic prediction.

In the first study, I implemented this framework through the development of two comple-
mentary algorithms, INGENE and MODULE, which integrate co-expression module struc-
ture into trans-eQTL selection and dimensionality reduction for gene-level prediction. Using
RNA-seq and genotype data from postmortem brain cohorts (LIBD, CMC, and GTEx),
I trained and validated these models across six brain regions (amygdala, caudate nucleus,
dorsal/subgenual anterior cingulate cortex, dorsolateral prefrontal cortex, hippocampus).
Benchmarking against both an original cis-based model and EpiXcan—the leading bench-
mark for cis-model performance on our training dataset—demonstrated that the integration
of cis- and trans-predictions significantly improves gene coverage and predictive accuracy
across independent datasets.

In the second study, I applied the co-expression-informed prediction models to large-scale
schizophrenia (SCZ) cohorts from the Psychiatric Genomics Consortium wave 3 (PGC3) to
evaluate their utility in gene-trait association discovery. By imputing gene expression across
brain regions and performing association testing, I identified 1,764 SCZ-associated genes
across regions (pFDR < .01), including 1,515 novel associations not captured by cis-only

approaches.
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In the third study, I evaluated the generalizability and boundaries of the network-
informed prediction framework by applying integrated cis- and trans-regulatory models to
impulsivity, a behavioural proxy for antisocial tendencies, in a high-risk forensic cohort. Us-
ing genetically imputed brain expression scores and machine learning models, I evaluated
the capacity of GReX predictors to account for individual differences in impulsivity. Despite
incorporating trans-regulatory information, predictive accuracy remained limited, consistent
with the modest heritability and substantial environmental modulation characteristic of the
trait.

Together, these studies demonstrate the utility of integrating co-expression network in-
formation into GReX models for improving transcriptomic prediction and gene association in
brain-related traits. The methodological framework developed in this thesis offers a flexible
foundation that can be adapted to diverse datasets, genetic ancestries, and transcriptomic
resources, enabling future efforts to more fully capture the regulatory mechanisms link-
ing genetic variation to phenotypes. At the same time, the findings delineate the current
boundaries of transcriptomic prediction, particularly for behaviourally complex and environ-
mentally modulated traits, underscoring the need for multimodal approaches that integrate

genetic, developmental, and environmental data.
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Chapter 1

Introduction

In this thesis, I develop and apply predictive models of gene expression grounded in functional
genomics to investigate the genetic architecture of complex traits. By integrating expression
quantitative trait loci (eQTL) with transcriptomic datasets and gene co-expression network
resources, | aim to improve genotype-based prediction of gene expression. A central focus
of this work is on modeling distal (trans) regulatory effects—long-range genetic influences
that extend beyond local genomic proximity and are often overlooked by conventional cis-
eQTL-based approaches.

Rather than focusing solely on predictive performance, this work emphasizes mechanis-
tic interpretability and biological coherence, achieved through cross-modal integration of
genomic and transcriptomic data. The proposed models are evaluated across two distinct
contexts: transcriptome-wide association analyses (TWAS) in schizophrenia (SCZ)—a pro-
totypical polygenic disorder hypothesized to involve widespread regulatory disruption—and
individual-level prediction of antisocial behaviour, a behaviourally complex and environ-
mentally sensitive trait with less prominent heritability. Together, these case studies illus-
trate the versatility and boundaries of co-expression-informed GReX modeling across both
association- and prediction-focused applications, and highlight its potential to bridge the
gap between statistical genetics and precision medicine. A more detailed overview of the

research objectives is provided in Chapter 2.



1.1 Genetic Influence in Human Disease

Diseases with complex heritability—such as several major psychiatric conditions—pose sig-
nificant challenges in modern genetics. Unlike monogenic disorders, which result from muta-
tions in single genes and follow Mendelian inheritance patterns, these conditions arise from
the cumulative effects of widespread genetic variation observed across individuals in a pop-
ulation. In most complex traits, genetic risk is spread across the genome, with numerous
variants each exerting small effects—a hallmark of polygenic architecture. This complexity is
further compounded by gene—gene interactions, gene—environment interplay, and epigenetic
regulation, all of which contribute to the dynamic nature of trait expression and disease
susceptibility (Feinberg and Fallin, 2015; Cavalli and Heard, 2019).

Twin studies have been pivotal in demonstrating the substantial role of genetic factors in
shaping inter-individual differences. By comparing concordance rates between monozygotic
twins, who share nearly identical genomes, and dizygotic twins, who share on average 50% of
their genetic material, researchers have consistently estimated high levels of heritability (Pol-
derman et al., 2015). For example, psychiatric disorders such as Schizophrenia (SCZ) show
heritability estimates ranging from 40% to 80% (Sullivan et al., 2003; Purcell et al., 2009).
However, while twin studies quantify the proportion of phenotypic variance attributable to
genetic factors, they do not reveal which specific genetic variants or mechanisms are involved.
Addressing this gap has required direct investigation of genomic data at the population level.

Genetic variation across individuals provides the substrate for such investigations. Ge-
netic variation includes single nucleotide polymorphisms (SNPs), insertions and deletions,
and structural variants. A major focus has been on common variants, typically defined as
alleles with a minor allele frequency (MAF) greater than 1% in the population. Because they
are widespread and often evolutionarily older, common variants are well-powered for discov-
ery in large cohorts and have formed the basis of most genetic association studies. Although

individual common variants tend to have small effects, their cumulative impact—across thou-



sands of loci—can significantly influence disease susceptibility. Importantly, they do not act
in a deterministic way: the same variant may be present in both healthy and affected indi-
viduals. This observation aligns with the threshold-liability model (Gottesman and Shields,
1967), which posits that a categorical outcome (such as disease presence) arises from a nor-
mally distributed liability-a continuous composite of genetic and environmental risk factors.
Once this liability surpasses a certain threshold, the phenotype manifests.

These insights have shifted the field from simple Mendelian models to a nuanced under-
standing of polygenic inheritance in which numerous loci each contribute a small amount
to overall risk. The need to map these variants and interpret their biological consequences
has driven the development of high-resolution genomic technologies—most notably DNA se-
quencing and Genome-Wide Association Study (GWAS)—which allow systematic analysis

of common genetic variation and its relationship to human traits.

1.2 From Linkage Studies to GWAS

The completion of the Human Genome Project in 2003 (Collins et al., 2003) marked a pivotal
milestone in genetic research, delivering the first complete reference sequence of the human
genome and laying the groundwork for systematic studies of genetic variation (International
Human Genome Sequencing, 2004). Building on this foundation, large-scale initiatives such
as the HapMap Project (Altshuler et al., 2005) and the 1000 Genomes Project (Auton et al.,
2015a) cataloged common genetic variants across diverse populations, establishing a critical
resource for GWAS.

GWAS rapidly became a transformative tool in human genetics, guiding the identification
of thousands of genetic loci associated with disease risk. Unlike traditional linkage analyses,
which were limited to familial data, GWAS provided the statistical power to scan the genome
at high density across large cohorts of unrelated individuals. This approach allowed for

the unbiased interrogation of millions of variants simultaneously, revealing that much of



the heritable signal for phenotypic traits and diseases lies in common non-coding variants,
particularly SNPs (Purcell et al., 2009). GWAS significantly accelerated our understanding
of genetic architectures and facilitated the identification of potential biological pathways
underlying major conditions (Visscher et al., 2017; Uffelmann et al., 2021).

In the field of psychiatric genetics, GWAS has been particularly impactful. Landmark
studies by the Psychiatric Genomics Consortium (PGC) have demonstrated the polygenic
nature of disorders. For SCZ in particular, the latest GWAS has identified 287 genome-
wide significant loci, implicating genes involved in synaptic transmission, calcium signaling,
immune response, and neurodevelopment (Trubetskoy et al., 2022). These findings have con-
tributed to a nuanced, system-level understanding of psychiatric disease and have provided

foundational targets for transcriptomic follow-up, functional annotation, and drug discovery.

Limitations. Despite their impact, GWAS methodologies face significant limitations. Most
notably, GWAS consist of mass univariate statistics, testing each SNP independently for as-
sociation with a trait. This single-variant framework limits their ability to capture the poly-
genic complexity of human diseases, particularly where risk is distributed across multiple
interacting loci or mediated through subtle regulatory effects.

Interpretation of GWAS findings is further complicated by pleiotropy——where a single
genetic locus influences multiple traits. Large-scale analyses have shown that more than
90% of trait-associated loci are pleiotropic (Watanabe et al., 2019), particularly in domains
like psychiatry, where disorders such as SCZ, bipolar disorder (BP), and major depressive
disorder (MDD) share overlapping genetic architectures (Purcell et al., 2009; of the Psy-
chiatric Genomics Consortium, 2019). While this suggests shared biological underpinnings,
pleiotropy at the SNP level often lacks mechanistic resolution. Associations may arise from
linkage disequilibrium (LD) with different causal variants, or reflect distinct pathways within
the same locus acting on separate traits. Moreover, SNP-level associations can be confounded

by ancestry-specific effects or sample-specific biases (Ding et al., 2023). These complexities



limit the biological interpretability of pleiotropy inferred from GWAS and highlight the need
for integrative approaches that move beyond isolated variant-trait links to uncover shared
regulatory mechanisms.

Furthermore, most GWAS-identified variants have small effect sizes and reside in non-
coding regions, where biological interpretation is challenging (Maurano et al., 2012; Edwards
et al., 2013). Moreover, GWAS are largely designed around the ” common disease—common
variant” hypothesis, which posits that common disorders arise from the additive effects of
multiple common alleles—typically defined as variants with a MAF greater than 5% —each
contributing a small increase in risk. While this framework has proven useful for discovering
broadly replicable loci, it also imposes important blind spots: GWAS tend to overlook
disease heterogeneity, rare variants, and context-specific effects, limiting their utility for
understanding individual-level risk or mechanistic heterogeneity (Boyle et al., 2017; Tam
et al., 2019; Woodward et al., 2022; Gurdasani et al., 2019). On average, the effect size
for candidate SNPs identified in GWAS is around 1.33, underscoring the small and often
scattered contributions of each variant (Hindorff et al., 2009).

The “missing heritability” problem remains a persistent challenge in complex trait genet-
ics. Although increasing GWAS sample sizes has improved the ability to detect genome-wide
significant associations, the incremental gain in explained phenotypic variance has been lim-
ited. In the case of SCZ, for instance, early large-scale studies successfully identified dozens
of associated loci (Allen et al., 2008; Ripke et al., 2014); however, more recent efforts involv-
ing substantially larger cohorts have yielded only modest improvements in the proportion of
variance explained (Trubetskoy et al., 2022). This pattern of diminishing returns suggests
that simply scaling up GWAS may not be sufficient to fully capture the genetic basis of such
disorders.

To address these limitations, Polygenic Risk Scoress (PRSs) have been developed as a
way to summarize the cumulative effect of many common variants across the genome (Chat-

terjee et al., 2016). By aggregating individually weak signals into a single composite score,



PRS aims to enhance predictive power for disease risk stratification. This approach has
shown promise in several conditions with well-characterized genetic architectures (Inouye
et al., 2018), and continues to improve with methodological refinements and larger reference
datasets. However, in highly polygenic and clinically heterogeneous disorders such as SCZ
and MDD, current PRS explains only a modest portion of disease liability (Wray et al.,
2018; Howard et al., 2019), and their predictive accuracy at the individual level remains lim-
ited (Ripke et al., 2014; Sullivan and Geschwind, 2019). Importantly, genetic risk does not
act in isolation; it is often intertwined with environmental exposures and socio-demographic
factors (Caspi and Moffitt, 2006), suggesting that future models integrating both genetic and
environmental data may offer greater utility for understanding and mitigating psychiatric
disease risk.

In summary, while GWAS and PRS have been instrumental in identifying statistical
associations between genetic variants and disease susceptibility, they often fall short of ex-
plaining the biological mechanisms through which these variants exert their effects. This
limitation has fueled growing interest in functional genomics approaches, which aim to link
genetic variation to intermediate molecular phenotypes—such as gene expression, chromatin
accessibility, or protein abundance—that more directly reflect cellular function (Tam et al.,
2019; van der Sijde et al., 2014). In this context, expression quantitative trait loci (eQTLs)
analysis has emerged as a key framework for connecting regulatory variants to gene expres-
sion levels, offering a mechanistic view of how inherited variation influences phenotype at

the transcriptomic level.

1.3 Bridging Genotype and Phenotype

As gene expression is intermediate between the DNA sequence and phenotype, mRNA can be
considered the proximal functional readout of non-coding genetic variants affecting disease

susceptibility (Mostafavi et al., 2023). In psychiatric genetics, integrating GWAS findings



with gene expression profiles from postmortem human brain tissue has proven pivotal for
elucidating the functional consequences of risk loci (Gandal et al., 2016). While DNA defines
the blueprint of biological potential, it is the spatiotemporal regulation of gene expression
that determines how this potential unfolds across cell types, developmental stages, and brain
regions. Thus, understanding how genetic variants influence mRNA levels is crucial for

studying mechanisms of disease.

1.3.1 How non-coding variants confer susceptibility to diseases

To disentangle how genetic variation contributes to susceptibility, it is essential to understand
the mechanisms by which genetic variants influence disease risk and how these variants can
be identified.

Genetic variation affects disease susceptibility primarily in two ways: either by altering
the protein structure directly (e.g., amino-acid substitution) or by influencing gene expression
(e.g., transcription or translation efficiency) (Figure 1). Because the vast majority of disease-
associated SNPs are located in non-coding regions of the genome, such as introns, UTRs,
and intergenic areas, it is unlikely that their effects are simply due to LD with nearby coding
variants. Instead, these non-coding SNPs are thought to directly influence gene regulation,
most often by modulating gene expression. Such regulatory effects represent a complex and
subtle manifestation of genetic predisposition and may be exerted through various molecular
mechanisms. For example, promoter variants can markedly impact the transcriptional activ-
ity of a gene by altering transcription factor binding sites, modifying chromatin accessibility,
or disrupting core promoter elements that recruit the transcriptional machinery (Greenwood
and Kelsoe, 2003; Lemonde et al., 2003). Intronic SNPs can also affect transcription or alter
mRNA splicing or stability, i.e. resistence to degradation, and thus the relative abundance
and proportions of isoforms (Greenwood and Kelsoe, 2003; Tokuhiro et al., 2003); SNPs in
the 3/ UTRs may alter mRNA stability and translation (Mill et al., 2002; Miller and Madras,

2002). Even synonymous exonic SNPs; usually non-functional from the translational point of



view, can influence mRNA structure and translation (Shen et al., 1999; Duan et al., 2003b).
Finally, the effects of individual SNPs cannot be interpreted in isolation, as their functional
impact is often influenced by the haplotype background (Duan et al., 2003a)—that is, the
combination of alleles at adjacent loci that are inherited together on the same chromosome.
These linked variants can interact functionally or co-regulate gene activity, implying that
the effect of an individual SNP may depend on its broader genomic context. Furthermore,
changes in the expression of disease-relevant genes can result from variants that are not
themselves directly associated with the trait. Many such genes encode proteins that act
as key nodes within molecular signaling networks, making them susceptible to regulation
through multiple upstream inputs. As a result, genetic variation in other components of
the same pathway can lead to compensatory or downstream changes in expression, further

complicating the identification of causal variants in genetic studies.

1.3.2 Expression Quantitative Trait Loci

Transcriptomics provides a comprehensive approach to profiling RNA transcripts gener-
ated by the genome under specific cellular or tissue contexts. Advances in high-throughput
methodologies such as RNA sequencing have substantially enhanced the capability to mea-
sure transcript abundance on a genome-wide scale across diverse biological conditions. These
advancements have significantly contributed to the study of how genetic variation influences
different patterns of gene expression among individuals.

A critical tool in deciphering these genetic regulatory mechanisms is the study of eQTLs,
which tests associations between SNPs and variations in gene expression. In traditional eQTL
mapping, individual SNPs are independently tested for their associations with the expression
levels of nearby or distant genes within a population (Gilad et al., 2008; Stranger et al.,
2007). Crucially, eQTL analysis relies on matched genotype and transcriptomic datasets
and is usually conducted in a tissue- or cell-type-specific manner, highlighting the context-

dependent nature of gene regulation (GTEx, 2017, 2020).



One significant advantage of eQTL studies is their applicability to tissues that are chal-
lenging or impossible to directly profile, such as human brain tissue or tissues at inaccessible
developmental stages. In such scenarios, where direct transcriptomic measurements from
living individuals are not feasible, eQTLs allow researchers to indirectly infer the regulatory
impact of genetic variation from genotyping alone (Nicolae et al., 2010; Fromer et al., 2016).
By capturing the heritable components of gene regulation, eQTL analyses offer a comple-
mentary approach to GWAS for interpreting non-coding genetic variation in the absence of

direct transcriptomic evidence.

eQTL classification. eQTLs can be broadly divided into two categories (Figure 1): cis-
eQTLs and trans-eQTLs. Cis-eQTLs are genetic variants located near the genes they reg-
ulate, typically within 1 Mb of the transcription start site. These variants often influence
gene expression through local regulatory elements such as enhancers and promoters and have
received significant attention in large-scale studies due to their relatively strong and readily
detectable effects (Liu et al., 2019; Yao et al., 2020). However, cis-eQTLs only partially
account for gene expression heritability, indicating that distal regulatory mechanisms also
play important roles (Umans et al., 2021).

In contrast, trans-eQTLs influence the expression of genes located at distant loci, often
on different chromosomes, typically through intermediaries such as transcription factors,
chromatin remodelers, or noncoding RNAs (Battle et al., 2014; Liu et al., 2022; Pierce et al.,
2014). Although these long-range regulatory interactions are critical for elucidating gene
regulatory networks, they are considerably more challenging to detect due to their smaller
effect sizes—often an order of magnitude weaker than those of cis-eQTLs—and their broader
genomic dispersion (Liu et al., 2019). For instance, while over 90% of expressed genes exhibit
at least one significant cis-eQTL, fewer than 10% have reliably detectable trans-eQTLs at
typical sample sizes (Liu et al., 2019). Consequently, accurate identification of trans-eQTLs

requires substantially larger cohorts, stringent multiple testing correction, and integrative
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Figure 1: Mediation Mechanisms of eQTLs. Genetic variants can affect traits through
the following mechanisms: (1) missense SNP affects protein structure/function; (2) non-
coding SNP affects gene expression (cis); (3) non-coding SNP affects remote (trans) gene
expression directly or by (4) cis-eGene mediation of the trans-eQTL-trans-eGene association;
or (5) reverse causality (trait has feedback effect on gene expression). Figure from Yao et al.
(2017).

modeling strategies. While cis-eQTLs have proven valuable for linking genetic variation
to gene regulation, they account for only a fraction of expression variance. Trans-eQTLs,

though individually weaker, may collectively explain a large component of gene expression

variability and contribute meaningfully to complex trait heritability.

Tissue and Cellular Context of eQTLs. eQTL studies also indicate that the regula-
tory impact of genetic variation is not static but is fundamentally shaped by tissue- and
cell-specific factors (GTEx, 2017, 2015, 2020). The Genotype-Tissue Expression (GTEx)
Project has been designed to advance our understanding of tissue-specific genetic regulation
of gene expression. Their foundational work mapped genetic effects across 49 human tissues,
revealing thousands of cis-eQTLs and demonstrating the extensive tissue-specificity of regu-
latory variation (GTEx, 2017). These studies demonstrate how even subtle genetic variation
can affect gene expression in tissue-specific ways, forming a critical resource for interpreting

the functional implications of such variants.
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Both cis- and trans-eQTL discovery strongly depend on tissue and cell type. While
cis-eQTLs are generally robust and more consistently detected across diverse tissues, they
predominantly capture local regulatory effects that often lack fine-grained specificity for
particular biological contexts (GTEx, 2020). In contrast, trans-eQTLs are typically much
more context-dependent, with effects that can vary dramatically across tissues, develop-
mental stages, and cellular states. Because trans-eQTLs often act through intermediaries
such as transcription factors or signaling pathways, they are especially sensitive to cellular
type and physiological conditions. As a result, while cis-eQTLs provide important baseline
information about genetic regulation, they may miss the dynamic, higher-order regulatory
interactions that shape tissue- and cell-specific phenotypes. Recent single-cell studies further
stress this point, revealing that many eQTL effects are masked in bulk tissue analyses and
become detectable only when examined at the level of specific cell types (van der Wijst et al.,
2018).

Despite eQTL advances, significant challenges persist in translating findings into clear
biological insights, especially concerning diseases with complex heritability. A large propor-
tion of GWAS-identified risk variants reside in non-coding regions without clear overlap with
known eQTLs (Chun et al., 2017; Umans et al., 2021; Mostafavi et al., 2023). This gap is
likely attributable to incomplete representation of relevant tissues, cell types, and develop-
mental stages in current datasets, as well as the difficulty of detecting rare or trans-acting
regulatory variants. Therefore, trans-eQTL models should capture subtle, context-dependent

regulatory effects comprehensively.

Genetically Regulated Gene Expression. To overcome the limitations of traditional
eQTL approaches—particularly their fragmented treatment of regulatory variation and lim-
ited biological interpretability—gene-level predictive models have been developed to estimate
genetically regulated gene expression (GReX) directly from genotype data (Gamazon et al.,

2015). These models aggregate the effects of multiple cis-acting SNPs, weighting each by its
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contribution to expression variance, to generate a single predictive score per gene. By cap-
turing weak, distributed regulatory signals that may not achieve genome-wide significance
individually (Zhang et al., 2019; Huckins et al., 2019), they enhance statistical power, reduce
environmental and technical noise, and improve signal-to-noise ratios in downstream anal-
yses. Crucially, their gene-centric output facilitates biological interpretation and functional
prioritization of disease-associated loci, providing a more coherent framework for linking
genetic variation to molecular phenotypes.

Among these methodologies, the Predixcan framework (Gamazon et al., 2015) is a
foundational innovation. It uses regularized regression models (e.g., elastic net) trained on
large-scale eQTL reference datasets to impute GReX from genotype data alone (Figure 2A).
In one benchmarking study, PREDIXCAN successfully imputed expression levels for 6,695
genes using GTEx whole blood models; of these, 6,127 genes produced valid performance
metrics when evaluated in the testing cohort from the 1000 Genomes Project (Li et al.,
2018a).

MetaXcan (Barbeira et al., 2018) extends the utility of these models by enabling gene-
based association tests using GWAS summary statistics rather than individual-level genotype
data. In doing so, it allows broader applications in large-scale consortia where only summary
data are available, and integrates expression prediction models across tissues and populations
to enhance statistical power and generalizability.

EpiXcan (Zhang et al., 2019) extends the PREDIXCAN framework by integrating epige-
nomic annotations—such as histone modifications, chromatin accessibility, and transcription
factor binding sites—into the gene expression prediction pipeline. This multi-layered ap-
proach improves model performance, particularly for genes with weak cis-eQTL signals or
in tissues where epigenetic regulation is more prominent. By incorporating regulatory con-
text, EPIXCAN enhances variant prioritization and facilitates the identification of functional
elements within noncoding regions. In their foundational study, Zhang et al. (2019) trained

models across 49 GTEx tissues, achieving significant cross-validated prediction accuracy (R?
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> 0.01) for 9,259 out of 14,961 genes across tissues. These enhanced models enabled the
discovery of novel, tissue-specific gene-trait associations that were previously undetectable

using earlier approaches such as PREDIXCAN.
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Figure 2: Concept of GReX and overview of TWAS methodology.A) The left
panel illustrates the composition of gene expression variance, highlighting the GReX com-
ponent as distinct from trait-altered expression and other non-genetic factors. B) The
right panel outlines the general framework of TWAS, emphasizing two analytical strategies:
(A) Individual-level TWAS, where gene expression levels predicted from cis-genotypes in
reference panels are directly tested for association with traits in individual datasets; and
(B) Summary-based TWAS, which utilizes precomputed SNP-trait associations information
to infer gene-trait associations without requiring individual-level genotype data. Figure A
from Gamazon et al. (2015); Figure B from Gusev et al. (2016).

Limitations. Despite their utility, current gene-level prediction models are constrained by
a critical limitation: their reliance on local cis-regulatory variation. Because these models
typically restrict the training to SNPs within a narrow window around each gene, they fail
to capture the influence of distal trans-regulatory elements that contribute to shaping the
transcriptional landscape. As a consequence, a substantial proportion of genes—especially
those lacking strong cis-heritability—cannot be reliably predicted. The restricted scope of
these models not only reduces the number of genes available for downstream analyses but
also introduces systematic bias in phenotypic association studies, where statistical power

and discovery are directly linked to the number of imputable genes and the accuracy of their
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predicted expression. Even in well-characterized tissues, many genes yield low cross-validated
performance or fall below predictive thresholds, limiting their inclusion in association models
and complicating the interpretation of negative findings (Zhang et al., 2019; Huckins et al.,
2019).

1.3.3 Genetic Association Studies via TWAS

Building on gene-level predictive models, Transcriptome-Wide Association Studies (TWAS)
integrate genetically predicted gene expression with complex trait association analyses (Gu-
sev et al., 2016). Rather than testing millions of individual SNPs as in GWAS, TWAS
shift the focus to a smaller, biologically informed set of gene-level predictors, reducing the
multiple-testing burden and enhancing interpretability (Figure 2B). By imputing GReX
across large cohorts, TWAS enables systematic evaluation of gene-trait associations, offering
mechanistic insights that are often unavailable in variant-level analyses.

However, as discussed above, the power and resolution of TWAS are fundamentally lim-
ited by the scope and accuracy of the underlying expression prediction models. Only genes
with reliably imputable GReX—typically those with strong cis-regulatory architecture—are
eligible for association testing. This dependency introduces both statistical and biological
constraints: poor model performance reduces discovery power, while genes predominantly
influenced by trans-regulatory elements or context-specific mechanisms are systematically
underrepresented. Consequently, the accuracy of GReX models, in terms of performance
and number of imputable genes, critically determines the extent and interpretability of as-

sociations uncovered by TWAS.

Limitations and Challenges. Despite methodological advances, TWAS face persistent
limitations related to data availability, predictive accuracy, interpretability, and causal in-
ference. The scarcity of tissue-specific eQTL datasets—particularly for critical tissues such

as the brain and during key developmental stages—undermines the reliability and generaliz-
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ability of TWAS findings (Li and Ritchie, 2021; Mai et al., 2023; Wainberg et al., 2019). For
many genes, predictive accuracy remains low, constrained by modest eQTL effect sizes and
inherent model uncertainties. Moreover, conducting TWAS across multiple tissues inflates
the multiple-testing burden, requiring stringent corrections that can reduce discovery power.
Classical TWAS frameworks, primarily focused on common cis-eQTLs, often miss rare vari-
ants and context-specific regulatory effects, leading to a systematic bias against distal and
noncanonical regulatory mechanisms (Li and Ritchie, 2021; Luningham et al., 2020).
Interpreting TWAS results in complex disorders is further complicated by the intricate
architecture of gene regulatory networks and the confounding effects of linkage disequilib-
rium, which can obscure the distinction between causal genes and correlated neighbours. In
multifactorial conditions, where gene regulation is highly context-dependent and often non-
linear, conventional TWAS models—built on linear additive assumptions—risk overlooking

critical trans-acting regulation and co-regulatory modules central to disease pathogenesis.

1.4 Network-Based Strategies: Capturing Polygenic Ar-
chitecture via Gene Co-expression

As discussed in previous sections, both traditional eQTL models and TWAS-based ap-
proaches are limited in their ability to capture the full scope of gene regulation—particularly
for trans-acting, context-specific, and polygenic mechanisms. Gene co-expression network
analyses offer a complementary, system-level strategy to address these gaps. By clustering
genes with correlated expression patterns across individuals, co-expression networks reveal
biologically coherent modules that often reflect shared regulation, cell-type specificity, and

functional pathways (Gandal et al., 2018a; Pergola et al., 2023c).

From Polygenic Risk to Co-regulated Modules. In contrast to single-gene models,

co-expression approaches enable the aggregation of weak, distributed regulatory signals into
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interpretable functional units. This is particularly valuable for complex traits like SCZ,
where genome-wide risk loci—although scattered across the genome—often converge within
specific co-regulated gene modules (Fromer et al., 2016; Gandal et al., 2018a; Hartl et al.,
2021). These modules are not static: their structure and functional relevance vary across
brain regions, developmental stages, and cellular environments (Panagiotakos and Pasca,
2022; Cameron et al., 2023).

For example, Hartl et al. (2021) constructed a brain-wide co-expression map from RNA-
seq data across 12 regions, identifying modules enriched for neurodevelopmental and activity-
dependent processes—including synaptic signaling and splicing—that overlap genetic risk
for SCZ and autism (Hartl et al., 2021). In more focused analyses of the prefrontal cortex,
Pergola et al. (2019) demonstrated that SCZ risk genes cluster within regulatory modules
associated with clinical treatment response (Pergola et al., 2019a). Their follow-up study
extended this analysis across developmental windows and brain regions, identifying a core
set of 28 co-expressed SCZ-risk genes—23 of which had not been previously linked to the
disorder (Pergola et al., 2023b).

Functional and Mechanistic Insights. Co-expression modules not only reveal conver-
gence of genetic risk but also guide downstream biological validation. Fromer et al. (2016)
identified SCZ-associated genes such as FURIN and SNAP91 via co-expression-informed
analysis, then validated their effects on neuronal development in zebrafish and human neu-
ral progenitors (Fromer et al., 2016). Pergola et al. (2017) further demonstrated that co-
expression-based polygenic scores could predict neuropsychological traits relevant to SCZ,
linking molecular patterns to behavioural phenotypes (Pergola et al., 2017). More recently,
Pergola et al. (2023) identified microRNA hubs and transcriptional regulators of disease-
enriched modules, highlighting upstream mechanisms that modulate neurodevelopmental
risk (Pergola et al., 2023c). Complementing these findings, Sportelli et al. (2024) identified

a striatal dopamine-related module differentially expressed in SCZ, which not only tracked
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polygenic risk scores but also predicted functional neuroimaging phenotypes.
Together, these studies highlight the power of co-expression modules to bridge genetic
risk with molecular function, cellular phenotypes, and clinically relevant outcomes, making

them a critical tool for mechanistic insight and translational research in psychiatric disorders.

Methodological Advantages for trans-eQTL Mapping Co-expression network anal-
ysis provides a critical solution to one of the most persistent challenges in human genetics:
the detection of trans-eQTLs. Traditional genome-wide trans-eQTL mapping suffers from
a massive multiple-testing burden, involving millions of SNP-gene combinations across the
genome. This makes it severely underpowered for identifying weak and dispersed effects,
which are common in complex traits. Early efforts to infer trans-regulatory effects—such as
those by Gamazon et al. (2015) using PREDIXCAN—produced limited results, likely because
true signals were diluted by noise in the absence of biological priors.

Co-expression analysis addresses this limitation directly. By clustering genes into modules
of co-regulated expression, methods like WGCNA allow researchers to prioritize subsets of
genes that are not only co-expressed, but also likely co-regulated (Fromer et al., 2016; Hartl
et al., 2021). This targeted approach drastically reduces the number of tests, allowing for
focused, biologically plausible hypotheses about trans-regulatory relationships. Instead of
performing a full GWAS for every individual gene, researchers can map variants to entire
modules—effectively compressing the problem from millions of tests to thousands, while
increasing the interpretability of the results.

This shift from single-gene to module-based analysis not only enhances statistical power
but also reflects the true architecture of gene regulation, which is modular and hierarchical.
By identifying module-QTLs—variants associated with entire gene networks—co-expression
frameworks expose regulatory loci that would be invisible to standard approaches. Further-
more, these networks enable the construction of polygenic expression scores that integrate

weak signals across genes, tissues, and variants—making them ideally suited for modeling

17



polygenic risk in psychiatric and neurological conditions (Fazio et al., 2018; Borcuk et al.,
2024).

In summary, co-expression is not merely a complement to trans-eQTL mapping—it is a
prerequisite for making it tractable and biologically meaningful. In the context of complex
brain disorders, where regulation is distributed and noisy, co-expression-based strategies offer
a statistically coherent and mechanistically grounded alternative to conventional, genome-

wide trans-mapping.
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Chapter 2

Research Proposal

Building on the context presented in Chapter 1, this chapter outlines the research proposal
of this thesis and elaborates on the conceptual motivations, methodological framework, and
scientific objectives that guide the work. The proposal is situated at the intersection of
statistical genetics, transcriptomics, and neuropsychiatric research, aiming to improve the
predictive power of GReX models. Central to this effort is the integration of co-expression
networks—data-driven maps of gene-gene relationships—into gene expression imputation
models. This strategy is designed to better capture the distributed and context-dependent
architecture of gene regulation, particularly in the brain.

The core motivation stems from the limitations of traditional TWAS, which primarily
rely on cis-eQTLs to impute gene expression and test for trait associations. While effective in
some contexts, these approaches often neglect the broader regulatory landscape, including
trans-eQTLs and the coordinated behaviour of genes across co-expression modules. As a
result, they may miss critical components of the genetic architecture underlying complex
traits, especially those involving long-range regulatory effects and functionally interconnected
pathways.

To address these challenges, this thesis proposes a novel framework that integrates co-

expression networks into gene expression prediction and downstream association analyses.
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By doing so, it seeks to (1) improve the detection of trans-regulatory effects, (2) enhance the
biological relevance of genetically imputed expression scores, and (3) explore the applicability
of TWAS-style analyses to phenotypes influenced by high heritability and gene-environment
interactions, while acknowledging the challenges these traits pose for genetically anchored
prediction models. Detailed descriptions of the selected phenotypes are provided in Section

2.2.

2.1 Thesis Objectives and Structure

This work pursues three interconnected objectives (Figure 3):

Objective 1: Develop and validate co-expression-informed trans-eQTL models
to complement cis-based approaches and improve gene expression prediction
across the brain transcriptomes. The first objective focuses on building integrative
gene expression prediction models that incorporate co-expression network structures to bet-
ter capture the distributed nature of gene regulation—particularly distal (¢rans) effects often
missed by conventional cis-eQTL approaches. By embedding genes within biologically coher-
ent co-expression modules, the framework models gene expression as an emergent property
of regulatory networks rather than as an isolated, variant-to-gene local signal.

To achieve this objective, elastic net-based predictive models were trained using post-
mortem transcriptomic and genotype data from large-scale resources including the Lieber
Institute for Brain Development (LIBD), GTEx, and the CommonMind Consortium (CMC).
Co-expression networks derived from prior studies guided SNP selection and dimensionality
reduction, giving rise to two complementary trans-identification modeling strategies: ” Im-
puted Network Gene Expression trans-eQTLs (INGENE)’, which infers expression based on
the cis-predicted expression of co-expressed partners, and " MODule qUantitative trait Loci
Figengene (MODULE)”, which uses eigengene-linked trans-eQTLs to predict gene-level ex-

pression within modules.
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These models were benchmarked against both a self-trained cis-based model (CIS) and
the publicly available EPIXCAN framework (Zhang et al., 2019) to assess improvements
in transcriptome-wide coverage, predictive accuracy, and cross-cohort generalizability. By
validating performance across independent datasets, this objective establishes a biologically

grounded and scalable framework for improving GReX models in human brain tissue.

Objective 2: Apply prediction models to SCZ cohorts to identify novel genetic
associations — SCZ as a case study. Building on the predictive models developed
in Objective 1, this phase applies co-expression-informed scores to large-scale SCZ cohorts
from the PGC3. SCZ serves as a powerful case study given its high heritability, extreme
polygenicity, and rich catalog of transcriptomic alterations across brain regions and cell
types.

The main aim is to assess whether integrating trans-regulatory architecture via co-
expression networks improves the detection of gene-trait associations beyond conventional
cis-based TWAS approaches. By imputing expression across diverse brain regions and ap-
plying these models to over 100,000 individuals, this objective seeks to identify novel risk
genes—many of which are invisible to proximity-based or cis-only frameworks.

Analyses will also evaluate the functional relevance of the identified genes, including
their enrichment in neurodevelopmental and immune-related pathways and their specificity
across brain cell types. More broadly, this case study illustrates how network-informed
transcriptomic models can complement traditional GWAS approaches by refining variant-to-
gene attribution. By incorporating regulatory context and gene co-expression, these models
help uncover distal targets of risk variants that might be missed by proximity-based methods.
In doing so, they offer a pathway toward more biologically grounded interpretations of genetic

associations in psychiatric disorders.

Objective 3: Evaluate the generalizability of prediction models in behaviourally

complex phenotypes—Antisocial Behavior as a case study. In this final objective,
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the focus shifts toward evaluating the boundaries of transcriptomic prediction for behavioural
traits, using antisocial behaviour—proxied by impulsivity—as a case study. Leveraging ge-
netically imputed brain expression scores derived from combined cis- and trans-regulatory
models, this objective explores whether these predictors can account for individual variation
in behavioural outcomes within a high-risk forensic cohort. The long-term aim is to em-
ploy these genetic predictions in a gene-environment interaction framework (e.g., parenting,
trauma, socioeconomic adversity). However, the current results highlight substantial limi-
tations in predictive power. Indeed, the GReX scores showed minimal utility in forecasting
impulsivity, likely due to the trait’s modest heritability, environmental plasticity, and mea-
surement noise. This study, therefore, provides a proof of concept for future refinement of
scores aimed at testing gene-environment interplay.

Rather than demonstrating successful prediction, this objective contributes a critical
boundary analysis: clarifying the current limits of GReX-based models for behavioural phe-
notypes and identifying key barriers—statistical, biological, and conceptual—that future
studies must address. It underscores the need for richer, multimodal frameworks that incor-
porate dynamic environmental measures, developmental timing, and brain-based intermedi-

ate phenotypes.
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Figure 3: Project Overview. The analytical pipeline consists of five main stages. Step 1:
Model Training. CIS, INGENE, and MODULE gene expression prediction models are de-
veloped using Elastic Net regularized regression applied to postmortem brain transcriptomic
data from the LIBD dataset (Chapter 3, Section 3.3.1). Step 2: Model Testing. cis-
(CIS, EPiXCAN) and trans-based (INGENE, MODULE) models are used to impute gene
expression in an independent genotype dataset (GTEx) (Chapter 3, Section 3.4.2). Step 3:
Score Integration. For genes with multiple predictors, we combine cis- and trans-derived
scores following the integration strategy described in Chapter 3, Section 3.3.5. Step 4/5:
Association Testing and Prediction. The final integrated gene expression scores are
evaluated in two primary applications: (i) association with SCZ diagnosis using individual-
level genotype data from 62 PGC3 cohorts, as detailed in Chapter 4; and (ii) prediction of
impulsivity in a forensic cohort of 468 adult inmates from the Mind Research Network, as
presented in Chapter 5.

2.2 Case Studies

To ground the methodological framework of this thesis in real-world applications, the fol-
lowing case studies illustrate how co-expression-informed genetic models can enhance our
understanding of complex psychiatric phenotypes. By applying the proposed integrative ap-
proach to SCZ and impulsivity as a proxy of antisocial behaviour—two conditions marked by

polygenic architectures—we study the utility of combining network-based prediction models
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with clinical, neurobiological, and environmental data. These case studies serve as both
validation and extension of the proposed methodology, highlighting its potential to reveal

biologically meaningful patterns that traditional approaches may overlook.

2.2.1 Schizophrenia as a Window into Polygenic Regulation

SCZ exemplifies the complexity of polygenic disorders with multifactorial transmission, where
both genetic and environmental factors contribute to disease risk (Davis et al., 2016). Affect-
ing approximately 1% of the global population and associated with a 15-year reduction in
life expectancy, SCZ highlights the challenges of linking high heritability estimates (60-80%;
Gottesman and Shields 1967) to specific biological mechanisms.

Large-scale GWAS, as those by the PGC consortium, have identified hundreds of com-
mon variants of small effect, collectively explaining ~25% of SCZ heritability. Yet, PRS
built from these variants capture only about 7% of phenotypic variance in case-control com-
parisons (Trubetskoy et al., 2022). This gap emphasizes a fundamental limitation: GWAS-
identified loci, dispersed across the genome, often lack functional cohesion when aggregated
additively, obscuring their potential convergence within biological networks and regulatory
circuits (Arnedo et al., 2015; Pergola et al., 2019a, 2023b,c).

TWAS have emerged as a promising strategy to bridge this gap (Gusev et al., 2016,
2018). By leveraging GReX as an intermediate phenotype, TWAS can prioritize disease-
relevant genes and provide more interpretable biological insights than SNP-based analyses
alone.

Early applications of TWAS to SCZ, as summarized in ST8 in the Appendix A.1, in-
clude the study by Gusev et al. (2018), which integrated GWAS data from 79,845 individ-
uals with gene expression profiles from brain, blood, and adipose tissues. This large-scale
analysis identified 157 genes significantly associated with SCZ through TWAS, including 35
located outside previously established GWAS loci. Notably, 42 of these genes were associated

with specific chromatin features, suggesting regulatory mechanisms that merit experimental
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follow-up. The study also demonstrated that brain-derived expression and splicing patterns
captured the majority of TWAS signals, underscoring the central role of brain-specific reg-
ulation in SCZ risk.

Building on this foundation, Gandal et al. (2018a) further demonstrated the utility of
TWAS in prioritizing SCZ-associated genes. By imputing cis-regulated gene expression in
the brain and integrating it with GWAS data, they identified 193 significant genes (164
outside the MHC) at Bonferroni-corrected thresholds, with 107 showing conditionally inde-
pendent signals.

Collado-Torres et al. (2019) further expanded this approach by integrating GWAS
and eQTL data across four expression feature types (gene, exon, junction, and transcript)
from the dorsolateral prefrontal cortex (DLPFC) and hippocampus (HP). Their TWAS anal-
yses uncovered 1,656 features spanning 624 genes significantly associated with SCZ in both
regions, including many beyond known GWAS loci, highlighting novel risk associations.

Another major advancement came from Huckins et al. (2019), who applied TWAS
across 12 brain tissues, identifying 413 significant gene-tissue associations with SCZ, in-
cluding 67 independent signals and 19 genes not previously linked to GWAS loci, thereby
highlighting the power of transcriptome-based approaches to uncover novel risk genes.

Building on this foundation, Hall et al. (2020) further advanced biological specificity
by employing TWAS models based on UK brain bank datasets, identifying 89 genes sig-
nificantly associated with SCZ, 20 of which had not been previously reported. Their work
prioritized genes involved in presynaptic and postsynaptic signaling, reinforcing synaptic
dysfunction—particularly in neurotransmitter release and vesicle cycling pathways—as a
key component of SCZ pathophysiology.

Most recently, Bhattacharya et al. (2023) introduced isoTWAS, a multivariate frame-
work that integrates genetic data with isoform-level expression to enhance the discovery of
trait-associated genes. Applying isoTWAS to SCZ, they identified multiple associations at

the isoform level that were undetectable when analyzing total gene expression alone. No-
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tably, the study prioritized specific isoforms of genes such as AKT3, CULS3, and HSPD1,
highlighting the critical importance of incorporating isoform-level resolution into integrative
genomic approaches, particularly for brain-related traits where alternative splicing plays a
major role.

Despite these advances, most TWAS frameworks,including those cited above, remain cis-
focused, relying on local genetic regulation within 1 Mb of gene loci. However, cis-eQTLs
typically explain only 10-20% of gene expression variance, leaving much of the regulatory
architecture uncharted. Critically, trans-eQTLs—variants that regulate gene expression at
distant or even interchromosomal loci—are increasingly recognized as essential for under-
standing the diffuse, network-based nature of SCZ risk. Yet their detection remains statis-
tically challenging due to modest effect sizes and the severe multiple testing burden.

To address these limitations, emerging approaches have begun to incorporate co-expression
network structures, such as those identified by WGCNA, to organize genes into biologically
coherent modules. Studies have shown that SCZ risk variants are non-randomly distributed
across these transcriptional modules, often converging on hub genes that coordinate complex
regulatory programs (Borcuk et al., 2024; Rodriguez-Lopez et al., 2020).

Integrating co-expression architecture and trans-eQTL information into gene mapping
frameworks offers a way to capture additional heritable signals while improving biological
interpretability through regulatory and network context. Rather than treating genes in
isolation or relying solely on local cis-effects, this approach leverages the modular structure
of gene regulation to prioritize those genes most likely to be functionally impacted by genetic
variation. This recognition motivates the central methodological innovation of this thesis:
using biologically grounded, network-informed strategies to refine gene-level discovery in
complex disorders like SCZ, moving from co-regulated modules toward identifying specific

genes that mediate genetic risk.
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2.2.2 Impulsivity as a Test Case for Transcriptomic Prediction

Antisocial behaviour encompasses a spectrum of actions that violate societal norms or in-
fringe upon the rights of others, ranging from overt aggression and property destruction to
more subtle traits such as impulsivity, deceitfulness, and social manipulation (Tuvblad and
Beaver, 2013). Although clinically and behaviourally heterogeneous, antisocial behaviours
share common neurodevelopmental and neuropsychological substrates, particularly deficits
in attention, emotional regulation, and executive function. Among these dimensions, impul-
sivity is considered a fundamental trait that predisposes individuals to a variety of antisocial
outcomes, including aggression, risk-taking, and noncompliance with social norms.

Heritability estimates for antisocial behaviour range from 40% to 50% (Rhee and Wald-
man, 2002; Burt, 2009). The genetic influence parallels those observed in core personality
traits such as impulsivity and emotional reactivity, which not only correlate with antisocial
behaviour but also mediate the social consequences of genetic predispositions (McAdams
et al., 2013). Notably, the impact of personality traits on interpersonal dynamics suggests
a gene—environment correlation mechanism: individuals with greater genetic similarity tend
to experience more comparable life events, particularly within the social domain (Kendler
and Baker, 2007).

However, antisocial behaviour does not arise solely from genetic predisposition; rather,
it emerges from dynamic gene—environment interactions (GxE) across development. One of
the earliest demonstrations of a genetic contribution to social reactions involved the associa-
tion between rule-breaking behaviour in adolescents and a genetic variant affecting serotonin
neurotransmission (Burt, 2009). This form of gene-environment interplay has substantial
relevance for mental health, given its long-term consequences into adulthood. For instance,
Pergola et al. (2019b) showed that genetic risk for SCZ was associated with adverse social
experiences during early adolescence, which in turn predicted later psychosis. Further in-

dependent studies have supported this link between genetic risk, adverse social experiences

27



in adolescence, and adult-onset psychiatric disorders (Guloksuz et al., 2019; Schoeler et al.,
2019). This emerging literature is consistent with well-established evidence that childhood
maltreatment interacts with genetic vulnerability to shape unfavorable mental health out-
comes (Caspi et al., 2002). Collectively, these studies provide empirical support for the
idea that molecular sensitivity to environmental contexts plays a crucial role in behavioural
trajectories.

Although early research primarily focused on candidate genes, subsequent GWAS have
demonstrated that antisocial traits may be highly polygenic (Sanchez-Roige et al., 2018).
Tielbeek et al. (2017) estimated SNP-based heritability for impulsivity and antisocial be-
haviour at 8-16% in a cohort of over 16,000 individuals, although individual loci exhibited
only small effect sizes. Further studies have shown that personality traits genetically corre-
lated with antisocial behaviour—such as impulsivity (h? = 0.25-0.36) and risk-taking—are
associated with multiple loci implicated in serotonergic and dopaminergic signaling path-
ways (Lo et al., 2017).

Beyond methodological challenges, an additional biological constraint limits the feasibil-
ity of genetic prediction: impulsivity, a key dimension underlying antisocial behaviour, is,
for instance, itself only modestly heritable. Meta-analytic studies estimate the heritability of
impulsivity-related traits for about 45% (Congdon and Canli, 2008), while self-reported mea-
sures such as the Barratt Impulsiveness Scale (BIS-11) often capture even lower genetically
driven variance due to strong environmental modulation and situational factors (Sharma
et al., 2014). Consequently, even under ideal modeling conditions, the theoretical ceiling for
genetically based prediction of impulsivity remains constrained.

In summary, this biological limitation motivated the selection of impulsivity as the fo-
cus of the present case study. Rather than targeting a highly heritable trait to maximize
predictive success, the study sought to test whether improving GReX models—through the
integration of trans-eQTL information—could expand the explainable variance for a be-

haviour characterized by modest genetic influence. In this context, impulsivity served as a
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stringent and informative benchmark: if enhanced GReX models could recover significant
predictive power for impulsivity, it would suggest broader applicability even to complex,
environmentally sensitive traits. Conversely, failure to achieve meaningful prediction would
reveal intrinsic boundaries in the capacity of transcriptomic proxy models to capture indi-

vidual behavioural differences.
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Chapter 3

Study 1: Training & Testing of trans-
eQTL Algorithms

A slightly edited version of this chapter is currently under revision for publication in Na-
ture Genetics: Rossi F., et al. Co-expression-based models improve eQTL predictions and

highlight many novel transcriptome-wide genes associated with schizophrenia.

3.1 Introduction

The role of genetic variation in modulating gene expression and contributing to traits with
complex heritability—through mechanisms such as cis- and trans-eQTLs—has been outlined
in Chapter 1. The following sections focus on the specific challenges of identifying trans-

eQTLs and explore methods aimed at improving their detection.

Challenges in trans-eQTL Discovery. Despite their biological significance, trans-eQTLs
remain among the most difficult regulatory elements to map and interpret (Yao et al., 2017;
Battle et al., 2014; Umans et al., 2021). Unlike cis-eQTLs, whose effects are often stronger
and more localized, trans-eQTLs typically exhibit modest effect sizes and are scattered across

the genome, often separated from their target genes by megabases or even located on different
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chromosomes (Liu et al., 2022). This weak signal amplifies the statistical burden of testing,
which can involve billions of SNP-gene pairs, dramatically increasing the false discovery rate
if not adequately controlled (Wang et al., 2018). Nevertheless, stringent multiple testing cor-
rection, while necessary, drastically reduces the detection rate of true positives—especially
when sample sizes are limited.

These issues are further amplified in postmortem brain tissue studies. Critical con-
founders such as RNA integrity (RIN), postmortem interval, batch effects, and cell-type
heterogeneity can mask or mimic true trans effects (Jaffe et al., 2018; GTEx, 2017). For
example, expression differences driven by cell-type proportions can lead to spurious corre-
lations (GTEx, 2017; Mostafavi et al., 2018), and technical variability across brain regions
and sequencing protocols can introduce additional noise, entangling replication efforts across
cohorts (Fromer et al., 2016; GTEx, 2020).

Projects like GTEx (GTEx, 2015, 2017, 2020) and the CMC (Fromer et al., 2016) have
made significant strides by increasing sample sizes and developing sophisticated normaliza-
tion pipelines. However, even in these landmark datasets, trans-eQTL discovery remains
difficult, with most studies reporting relatively few replicable associations outside of cis loci

(Gamazon et al., 2015; Battle et al., 2014; Vosa et al., 2021).

Value of Postmortem Brain Datasets. Despite the inherent complexities of working
with postmortem tissues, these datasets offer an irreplaceable window into the transcrip-
tional and regulatory architecture of the human brain (Hawrylycz et al., 2012; Fromer et al.,
2016), which likely is the most complex and least accessible organ in human genetics. Unlike
peripheral tissues, the brain is highly heterogeneous in structure and function, with gene
expression patterns that vary dramatically across regions, cell types, and developmental
stages (GTEx, 2020; Hartl et al., 2021). Postmortem brain datasets provide a rare oppor-
tunity to study these differences by delivering matched genotype and transcriptome data

from neuroanatomically defined areas, enabling researchers to explore region-specific regu-
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latory mechanisms with unprecedented resolution (Hawrylycz et al., 2012; Collado-Torres
et al., 2019; Benjamin et al., 2022; Sportelli et al., 2024; Pergola et al., 2023a; Huckins et al.,
2019).

Moreover, these resources often include deep phenotypic characterization of donors, cov-
ering variables such as age, sex, psychiatric diagnosis, medication status, and neuropathology,
allowing for integrative analyses that link genetic regulation to neurobiological traits and dis-
orders. Projects like the Brainseq,CMC, and GTEx have demonstrated that such datasets
are essential for uncovering brain-specific eQTLs, many of which are not detectable in blood
or other accessible tissues (GTEx, 2020).

Importantly, postmortem brain studies allow researchers to move beyond proxy tissues
and generate gene expression prediction models that are biologically and anatomically rel-
evant (Hall et al., 2021). This is especially critical in psychiatric and neurodevelopmental
disorders, where pathogenic mechanisms are expected to unfold within specific circuits or
developmental windows (Hall et al., 2021; Pergola et al., 2023a; Gandal et al., 2018a). The
spatial and molecular precision afforded by postmortem resources enables modeling efforts to
incorporate transcriptional features that would otherwise be missed, facilitating the discovery
of new risk mechanisms and therapeutic targets.

A central strength of this work is the use of the LIBD resource, part of which is publicy
available in the Brainseq and PsychENCODE projects—one of the most comprehensive
brain tissues—specific postmortem resources available. LIBD provides high-depth RNA-
sequencing and genotype data across six anatomically and functionally distinct brain re-
gions: amygdala (Jaffe et al., 2022; Zandi et al., 2022), caudate nucleus (CN) (Benjamin
et al., 2022), dorsal anterior cingulate cortex (dACC) (Jaffe et al., 2022), dorsolateral pre-
frontal cortex (DLPFC) (Jaffe et al., 2018; Collado-Torres et al., 2019; Jaffe et al., 2022),
hippocampus (HP) (Collado-Torres et al., 2019; Daskalakis et al., 2024), and subgenual an-
terior cingulate cortex (SACC) (Zandi et al., 2022). This anatomical granularity supports

brain-region—specific modeling of gene regulation, enabling the development of tailored pre-
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diction models with high biological fidelity.

A co-expression-Guided Framework for Trans Modeling. While prior work has
used co-expression networks for pathway enrichment, functional annotation, and gene pri-
oritization (Radulescu et al., 2020; Walker et al., 2019; Werling et al., 2020; Pergola et al.,
2017, 2019a; Fromer et al., 2016; Li et al., 2018b; Gandal et al., 2018a; Hartl et al., 2021),
the framework presented in this thesis introduces a novel strategy: integrating co-expression
relationships directly into the modeling of trans-regulatory effects. Specifically, we use gene
co-expression modules to constrain the trans-eQTL search space, based on the hypothesis
that co-expressed genes are more likely to share upstream regulators or operate within the
same functional circuits (Pergola et al., 2023c; Borcuk et al., 2024; Pergola et al., 2023b).

There is strong empirical support for this hypothesis. Co-expression-based clustering has
repeatedly revealed biologically meaningful gene modules that reflect shared transcriptional
regulation, often uncovering regulatory hotspots where single genetic variants influence large
groups of co-expressed genes (Pergola et al., 2023c; Fagny et al., 2017; Fromer et al., 2016).
These modules can increase power by reducing the dimensionality of trans-eQTL searches
and by aggregating weak signals that would be missed in single-gene analyses.

In the brain, this modular structure is particularly relevant. Pergola and colleagues (Per-
gola et al., 2017, 2019a) have demonstrated that SCZ risk genes are embedded within tightly
regulated co-expression modules in the prefrontal cortex, and that these modules predict
both clinical response and brain function (Fromer et al., 2016; Radulescu et al., 2020; Gan-
dal et al., 2018a). These findings underscore the utility of co-expression not only for defining
biologically coherent gene sets, but also for linking genetic risk to neurobiological processes

in a developmentally and regionally specific manner (Pergola et al., 2023c,a).

Modeling Strategy and Statistical Approach. Building on prior work, the framework
presented in this thesis leverages co-expression information not just as an annotation layer,

but as a core structural prior in trans-eQTL modeling. In particular, two algorithms were
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developed: INGENE, which infers trans predictors via the cis-eQTLs of co-expressed part-
ner genes; and MODULE, which directly links trans-regulators to gene modules. These
co-expression-informed trans-predictive strategies enable generalizable modeling across the
transcriptome by reducing dimensionality and improving interpretability. Rather than con-
ducting exhaustive genome-wide trans scans, both approaches use data-driven priors to guide
SNP inclusion, thereby preserving statistical power and biological relevance.

To estimate the relationship between genetic variation and gene expression, we employed
elastic net regression (Zou and Hastie, 2005), a regularized linear modeling approach that
balances the sparsity of LASSO with the stability of ridge regression. This method is partic-
ularly well-suited for genomic settings characterized by high dimensionality and correlated
predictors, such as SNPs in LD. For each gene, we trained predictive models using both
proximal cis-SNPs and distal trans-SNPs identified through our INGENE and MODULE
pipelines.

In addition to developing a custom cis-based model (CIS), we incorporated predic-
tions from the publicly available EPIXCAN framework (Zhang et al., 2019), which enhances
cis-eQTL-based expression modeling by integrating tissue-specific epigenomic annotations.
While cis and trans regulatory mechanisms are biologically distinct, their integration has
the potential to yield complementary improvements in prediction accuracy and transcrip-
tome coverage. However, to our knowledge, no prior studies have incorporated trans-eQTL
signals into unified predictive models alongside cis signals to enhance gene-level prediction
accuracy. Our framework addresses this gap by generating composite models that merge
four layers of regulatory information: cis-based signals from both EPIXcAN and CIS mod-
els, and trans-based signals from INGENE and MODULE. This integrated strategy allows
for a more complete representation of gene regulation, capturing both local and long-range
effects, and enhances the potential for accurate transcriptomic imputation in downstream

analyses.
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Preview of Results. This chapter presents the development, training, and evaluation of a
co-expression-informed trans-eQTL modeling framework (Figure 4). We begin by outlining
the datasets and quality control procedures, using the LIBD dataset as the primary training
resource. We then describe the methodological pipeline for co-expression network integration,
SNP prioritization, model training, and performance benchmarking.

We show that the INGENE and MODULE approaches successfully predict expression
for over 20,000 genes across brain regions with cross-validated R? > 0.01, nearly doubling
the transcriptome coverage achieved by traditional cis-only models. When evaluated in
independent cohorts (GTEx and CMC), prediction performance remained robust across di-
verse brain regions, confirming cross-cohort generalizability. Furthermore, integrating cis
and trans predictors substantially improved gene-level prediction accuracy. These results
establish a strong foundation for the downstream application of these models to gene-trait

association and prediction analyses, which will be presented in Chapter 4 and 5.
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Figure 4: Integrative pipeline for genetically regulated gene expression modeling
across brain transcriptomic datasets. Postmortem transcriptomic and genotype data
from the LIBD, GTEx, and CMC brain repositories were used to train and evaluate elastic-
net models of GReX. Models were trained on LIBD data using cis-eQTLs (CIS model) and
co-expression-informed trans features (INGENE and MODULE models) across six brain
regions. Independent testing was performed in the GTEx and CMC datasets. Predictions
from the cis and trans models were combined using linear modeling in the GTEx dataset
and then evaluated for predictive power in the CMC cohort across available brain regions.

36



3.2 Data

3.2.1 Overview of Postmortem Datasets (LIBD, GTEx, CMC)

To develop, train, and evaluate predictive models of gene expression incorporating both cis
and co-expression-informed trans-eQTLs, we leveraged three large-scale postmortem human
brain transcriptomic resources: LIBD (https://www.libd.org/), GTEx (GTEx, 2015, 2017,
2020), and CMC data (Fromer et al., 2016). These datasets offer high-quality genotype and
RNA-sequencing data from neuroanatomically defined brain regions (Table 1) and represent
independent cohorts. To maximize robustness and minimize bias in our predictive modeling
framework, we structured dataset usage based on their respective characteristics. The LIBD
dataset was selected for training because it provides the largest sample size and includes
six brain regions (Table 1), offering a strong substrate for building stable prediction models.
GTEx was employed as an independent validation resource: although it has a smaller sample
size, it includes overlapping brain regions, which allowed us to assess predictor performance
in an external cohort while guarding against overfitting. Finally, the CMC dataset, which
includes two regions (Table 1), was reserved for replication, ensuring that findings general-
ized to an additional independent cohort. Collectively, they provide a robust substrate for

modeling genetically regulated expression in the human brain.

Demographic Summary and Selection criteria. The discovery dataset of this study
(LIBD) included postmortem brain specimens and genotype data from both neurotypical
controls (NC) as well as individuals diagnosed with SCZ, bipolar disorder (BP), and major
depressive disorder (MDD). To keep consistency with our primary postmortem replication
dataset (GTEx) and enhance the statistical power of our predictive pipeline, we included
only individuals of European ancestry aged 17 years or older. Table 1 summarizes the
demographic characteristics of subjects included in the postmortem datasets across brain

regions.
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Table 1: Postmortem data demographics across brain regions and datasets. Ab-
breviations: CN = caudate nucleus; dACC = dorsal anterior cingulate cortex; sACC =
subgenual anterior cingulate cortex; DLPFC = dorsolateral prefrontal cortex; HP = hip-
pocampus.

Region LIBD GTEx CMC

N Age | % Fe- N Age | % Fe- N Age | % Fe-

(mean| male (mean| male (mean| male
+ + +
SD) SD) SD)
AMY 461 47416 | 29.0% 114 58410 | 30.0% — — —
CN 211 50+16 | 25.1% 199 59410 | 25.0% — — —

dACC 176 | 47+15 | 35.3% 141 60+10 | 28.4% 159 61+£18 | 33%
sACC 508 | 47£16 | 31.0% — — — — — —
DLPFC 584 | 46+15 | 31.5% 160 59+9 | 27.0% 405 70+17 | 40%

HP 236 | 4616 | 23.0% 145 | 59+11 | 26.2% — — —

3.2.2 Gene Expression and Genotype Data Processing

Postmortem RNA-seq Data. LIBD samples included homogenate RNA-seq from the
following brain regions: amygdala (Jaffe et al., 2022; Zandi et al., 2022), CN (Benjamin et al.,
2022), dACC (Jaffe et al., 2022), DLPFC (Jaffe et al., 2018; Collado-Torres et al., 2019; Jaffe
et al., 2022), HP (Collado-Torres et al., 2019; Daskalakis et al., 2024), and sACC (Zandi
et al., 2022). GTEx RNA-seq data (v8, dbGaP phs000424.v8.p2) were downloaded from
the following brain regions: ACC, amygdala, CN, DLPFC (BA9), and HP. CMC RNA-
seq data were obtained from the CommonMind Knowledge Portal for DLPFC (release 3.0,
syn18097439) and ACC (version 6.0, syn29442240).

38



For each dataset and brain region, gene-level quantification, filtering, and normalization
were performed using standard pipelines, including expression filtering, TPM conversion,
log-transformation, and outlier removal. Expression residualization was conducted through
linear modeling to adjust for technical and biological confounders, followed by Blom nor-
malization to mitigate deviations from the normal distribution (Pergola et al., 2017). Full
methodological details, including quality control steps, covariate specifications, and data

processing workflows, are provided in the Appendix section B.1.

Genotype Data LIBD, GTEx and CMC genotype data were generated as previously
described (Jaffe et al., 2018; Benjamin et al., 2022; GTEx, 2015; Fromer et al., 2016) and
as detailed in the Appendix section B.2. Post-imputation quality control was conducted
uniformly with PLINK toolkit version 1.07 (Purcell et al., 2007). SNPs were excluded
based on MAF < 0.01, Hardy-Weinberg equilibrium p-value < 1075, or > 5% missingness.
Individuals were excluded for > 2% missing genotypes or relatedness 7« > 0.125. Population
structure was inferred using principal components aligned to HapMap3 (Altshuler et al.,
2010), retaining only individuals with > 90% overlap with European reference clusters.
The final number of genotypes after processing was as follows: LIBD = 7,521,829; GTEx
= §8,623,182; CMC = 5,859,752. Additionally, we subset LIBD genotypes with overlapping
SNPs in the GTEx cohort to maximize the power of the analyses, resulting in a final number

of 6,819,569 SNPs.

3.2.3 Source of Co-Expression Networks

A defining feature of the modeling framework presented in this thesis is the incorporation of

trans-regulatory information through biologically informed co-expression networks.
Critically, co-expression modules were not constructed de novo in this study. Instead,

we used co-expression networks published in prior large-scale transcriptomic studies (Hartl

et al., 2021; Pergola et al., 2019a, 2023b; Radulescu et al., 2020; Gandal et al., 2018b,a;
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Fromer et al., 2016; Werling et al., 2020; Li et al., 2018b; Walker et al., 2019), which had
already identified robust modules of co-expressed genes in brain tissues using the WGCNA
method (Langfelder and Horvath, 2008) (see Table ST3 for details). These networks group
genes based on consistent expression correlation patterns across individuals and the gene
clusters within them (called modules) are often enriched for biological functions, pathways,
or cell-type-specific signatures. By leveraging previously validated modules, we ensured
biological relevance while minimizing the influence of specific methodological choices—such
as dataset characteristics or parameter settings—that can introduce variability in de novo
module detection.

For each target gene, the corresponding co-expression module was identified from these
reference networks, and its member genes were leveraged to guide the selection of putative

trans-regulatory variants as described in the Methods section 3.3.1.

3.3 Methods

3.3.1 Predictive Algorithms: CIS, INGENE, and MODULE

To model genetically regulated gene expression and capture both cis- and trans-regulatory
effects, we developed three complementary predictive frameworks: (i) CIS, a baseline model
relying solely on local cis-regulatory variants; (ii)) INGENE (Imputed Network Gene Ez-
pression trans-eQTLs), which leverages co-expression networks to predict a gene’s expression
from its distal partners’ genetically imputed profiles; and (iii) MODULE (MODule qUanti-
tative trait Loci Figengene), which models gene expression via trans-acting SNPs associated
with co-expression module eigengenes.

All models were trained using matched genotype and expression data from the LIBD
dataset. While the CIS model relied solely on local genetic variation, INGENE and MOD-
ULE further incorporated network structure by leveraging 48 co-expression modules (Ta-

ble ST3). Model fitting was performed using elastic net (EN) regularization with nested
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cross-validation to optimize predictive performance (see Appendix B.3 for EN algorithmic

details).

The following sections provide detailed descriptions of CIS, INGENE, and MODULE al-
gorithms, including training procedures, feature selection strategies, and performance bench-

marks.

CIS and EpiXcan Models: Baseline cis-Regulatory Predictors

The CIS model serves as a baseline framework for predicting gene expression based solely on
local cis-regulatory variation. Following the widely adopted PREDIXCAN approach (Gama-
zon et al., 2015), each gene’s expression was modeled from SNPs located within +£1 Mb of
its transcription start site (Figure 5).

Model training used EN regression implemented via the cv.glmnet R package, with
nested 4-fold cross-validation to optimize the penalty parameter \. Models were retained if
they met minimal predictive performance thresholds: R%y, > 0.01, pcy < 0.05, and Pearson’s

r>0.1.

SNP SNP

Gene

SNP SNP

Figure 5: CIS model graphical representation. Gene expression is modeled from local
cis-acting genetic variation. A single EN model is trained per gene, independent of co-
expression structure.

EpiXcan Integration. To benchmark and complement our in-house CIS models, we

incorporated external prediction weights from the EPIXCAN resource (Zhang et al., 2019),
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publicly available at https://predictdb.org/. Specifically, we downloaded the DLPFC
models, which integrate epigenetic priors to enhance prediction accuracy. EPIXCAN models
served two purposes: (1) independent benchmarking against our CIS models, and (2) ex-
panding the pool of cis-based predictors available for downstream network-based frameworks
such as INGENE.

Together, the CIS and EPIXCAN models establish a consistent cis-regulatory prediction
layer, against which our co-expression-informed trans-models (INGENE and MODULE) are

compared.

INGENE: Imputed Network Gene-Expression trans-eQTL

INGENE predicts the expression of a target gene by aggregating the cis-predicted expression
of its co-expressed partners within a given module—thus it does not use cis-SNPs for the
target gene directly, but rather builds on cis-based predictions of genes within the same co-
regulatory context (Figure 6A). This indirect approach allows it to capture trans-regulatory

signals encoded within the broader network architecture.
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Figure 6: Overview of the INGENE framework. A) Target gene expression is modeled
using the cis-predicted expression of co-expressed genes. B) INGENE training pipeline:
candidate predictors are imputed in LIBD, their performance is benchmarked in GTEx to
retain only robust predictors and to choose between CIS and EPIXCAN models, and final
target gene models are trained exclusively in LIBD. GTEx is thus used solely as an external
predictor-validation step, while CMC serves as an independent replication dataset.

Mathematically, INGENE models the expression of a target gene g weighted sum of the

genetically predicted expression levels of its co-expressed partner genes:
P
Yy = Zwm Yy, (3.1)
p=1

where ng is the cis-predicted expression of co-expression partner g,, and w,, is the EN-

derived weight for that partner. Training procedure. To implement INGENE, we de-

signed a multi-step pipeline (Figure 6B) to generate gene-level prediction models from co-

expression networks. Below, we outline the main stages.
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1. Ezpression Imputation and Predictor Generation. We first computed cis-predicted
gene expression values using two models: (1) the in-house CIS model, and (2) the EPIXCAN
model (Zhang et al., 2019). These models were applied to LIBD genotypes to generate
candidate predictors (co-expression partners) for each target gene. Predictors were retained
only if they showed reliable out-of-sample performance when benchmarked against observed
expression in GTEx, ensuring that weak or spurious predictors were excluded. At this stage,
GTEx functioned solely as an external filter, while all subsequent target gene training was

performed in LIBD.

2. Model Selection. For each predictor that passed Step 1, we compared the performance
of the CIS and EPIXCAN models in GTEx using adjusted R? and selected the better-
performing model as the source of predicted expression. This ensured that the final INGENE
feature set was composed of robust, GTEx-validated predictors, without involving GTEx in

target gene training.

3. Co-Ezpression Partner Assembly and Trans-Filtering. For each target gene, we then
identified its co-expression partners within each of the 48 network modules. We filtered
this list to retain only partners with validated cis-predicted expression. To preserve the
trans-only nature of INGENE, we additionally removed any co-expression partner located
within +1 Mbp of the transcription start site of the target gene. This genomic distance filter
prevents potential contamination by shared cis-regulatory SNPs between partner and target

genes.

4. Model Training in LIBD. Using the selected and filtered co-expression predictors,
we trained EN regression models to predict expression of each target gene within each co-
expression module. Importantly, all training was performed exclusively in LIBD, using LIBD
genotype-predicted expression values as input. We adapted the original PrediXcan training
pipeline (Gamazon et al., 2015), applying the cv.glmnet R function with nested 4-fold cross-

validation to tune the regularization parameters A. This process was repeated for every gene
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across all modules and tissues, resulting in multiple models per gene, each reflecting a unique

co-expression context.

5. Model Filtering and Final Selection. After training, we retained only models that
passed performance thresholds (adjusted RZ%,, > 0.01, p < 0.05, Pearson’s r > 0.1). For
each gene, we selected the best-performing model across all 48 networks based on these
metrics. This selection yielded a robust, biologically informed atlas of INGENE models,
each capturing distal, co-regulation-mediated expression patterns. Non-zero weights and

associated summary statistics were extracted.
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Algorithm 1 INGENE Training Pipeline

Require: Co-expression networks { M ™14 predicted expressions }A/gp from LIBD, valida-
tion metrics from GTEx
1: for each gene g do
2: for each co-expression network n =1 to 48 do
3: Identify co-expression module ME,”) containing ¢
4: Select co-expression partners g, € Mﬁ,”)
5: Filter out partners within +1 Mbp of ¢’s TSS
6: Retain only partners with validated cis-predictions (from GTEx)
7: if fewer than 2 predictors remain then
8: continue
9: end if
10: Train elastic net model: predict Y, on {ng} using LIBD
11: Tune A via nested 4-fold cross-validation
12: Store model weights w;(f) and performance metrics
13: end for
14: Select best model for gene g across 48 networks based on cross-validated R?, p-

value, and Pearson r
15: Retain model if R? > 0.01, p < 0.05, r > 0.1

16: end for

MODULE: MODule qUantitative trait Loci Eigengene

MODULE is a co-expression-informed model designed to predict gene-level expression us-
ing trans-eQTLs identified through their association with the eigengene of a co-expression
module. The module eigengene (ME)——defined as the first principal component of the ex-
pression matrix for each module—is used as a proxy for coordinated gene activity (Figure

7A). This model assumes that a gene g with P co-expressed partners and a set of markers
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K associated with the ME can be predicted through trans-acting regulatory effects. Figure
7B illustrates MODULE pipeline flow.

A B
Rank and
SNP SNP Compute
aggregate SNPs
ME of co-
by p-value
SNP SNP expression matrix
across folds
Module
Map SNPs
SNP SNP LD pruning and
within 100 kbp
top 5% selection
SNP SNP

CV Robust LM:

Train gene-level

regress ME on
MODULE
SNP dosage

on LIBD

Figure 7: Overview of the MODULE framework. (A) Genetic regulation is modeled at
the module level using SNPs associated with the module eigengene (PC1 of expression). (B)
MODULE training pipeline: SNP-to-ME associations are identified using cross-validated
robust regression, prioritized via rank product, LD-pruned, and used to train gene-level
elastic net models.

Model and Assumption. For each gene g, MODULE models expression as a linear
combination of co(expression)-eQTLs associated with its module’s eigengene. Importantly,
to preserve a strictly trans-acting regulatory architecture, we excluded all SNPs within the

cis-window (£1 Mbp) of the gene. The resulting trans-prediction is formulated as:

kEK—cis

where }A/;] is the predicted expression of gene g, K_.; is the set of co-eQTLs excluding
SNPs in the cis-region of g, wy 4 is the learned weight of SNP £, and X}, is the genotype

dosage of the reference allele for SNP k.
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1. Co-eQTL D:iscovery. To identify co-eQTLs for each module, we first computed
the ME for each co-expression module independently within each brain region and network.
ME was calculated as the first principal component of the expression matrix of the module.

We then mapped candidate SNPs using MAGMA (v1.09b) (de Leeuw et al., 2015), se-
lecting all 1000 Genomes Phase 3 European SNPs (de Leeuw et al., 2015) within £100 kb
of genes in the module. To reduce false positives, we implemented a stratified 4-fold cross-
validation framework. In each fold, we recomputed the ME from RNA-seq data and tested
SNP-to-ME associations via robust linear modeling. Specifically, we used genotype dosage
as the predictor and ME as the outcome, extracting p-values via the f.robftest function
from the R sfsmisc package.

SNPs were ranked by ascending p-value within each fold, and ranks were aggregated
across folds using the rank product method. To ensure independence, we calculated pairwise
R? within £250 kb of the top-ranked SNP and performed iterative LD pruning, retaining
only those SNPs with R? < 0.1 (Pergola et al., 2019a). Finally, we selected the top 5% of
ranked SNPs for each module, yielding a compact and cross-validated set of ME-associated

co-eQTLs.

2. Gene-Level Model Training. For each gene g belonging to a given module, we
subset LIBD genotypes to derive a set of genetic predictors. To rule out that predictions were
driven by residual cis-effects, we removed any SNPs located within +£1 Mbp of the gene’s
start and end coordinates. Using these filtered SNPs as predictors, we trained elastic net
regression models to predict the expression of g in LIBD, with hyperparameter \ optimized

via nested 4-fold cross-validation (see section B.4 in Appendix for further details).

3. Model Filtering and Database Construction. We retained only models meeting
quality control thresholds: R%y > 0.01, pcy < 0.05, and Pearson correlation r > 0.1. Non-

zero SNP weights and associated summary statistics were extracted for downstream use.
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Algorithm 2 MODULE Model Training

Require: Module eigengene ME,,, genotype matrix X, expression vector Y,

1: Identify candidate co-eQTLs K: SNPs within £100 kb of module genes
2: In each fold, regress ME,; on X} and rank SNPs by p-value

3: Aggregate ranks across folds using rank product

4: Apply LD pruning (R? < 0.1, 250 kb) and retain top 5% = Kirans

5: for each gene g in module M do

6: Remove SNPs in +£1 Mbp cis-window of g from K ans

7: Train elastic net model: regress Y, on Xk, .
8: Tune A, a via nested 4-fold cross-validation
9: Store weights wy, , and performance metrics
10: end for

3.3.2 Model Application to Independent Genotypes

After training, all models (CIS, INGENE, MODULE, along with EPIXCAN) were applied
to independent genotype data from the GTEx and CMC cohorts using the predict.py script
from the METAXCAN framework (Barbeira et al., 2018). This script reads the trained EN
weights for each gene and imputes GReX by applying them to genotype dosage data.

For the CIS and EP1XCAN models, a single gene-level prediction f/g was obtained directly
from the weights. In contrast, the INGENE and MODULE models each yielded a set of

predictions }A/g(") per gene, where n = 1,...,48 indexes the distinct co-expression networks.

3.3.3 INGENE & MODULE Network-Averaged Prediction

The gene-level expression predictions produced by INGENE and MODULE across the 48
co-expression networks were aggregated to generate a single consensus value per gene. This
step ensures that the final imputed expression reflects robust and generalizable patterns

across diverse co-regulatory contexts.
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For each gene g, the final predicted expression Yg was computed as the mean of all

successfully trained network-specific models:

Ng

1 O (n
= ST 33)
g

n=1

where N, < 48 is the number of networks that yielded a valid model for gene g.

Algorithm 3 Network-Averaged Prediction in Testing Dataset

Require: Trained models {Yg(l), . ,%(N)}, testing genotype matrix X

1: for each gene g do

2: for each network n =1 to N do

3: if model Y™ is available then

4: Apply weights to genotypes = compute Yg(")
5: end if

6: end for

7: Average predictions: Y, = - > Y;,(")
8: end for

9: return Final predicted expression matrix Y

Evaluation Metrics in Independent Testing Dataset

To assess the generalizability and out-of-sample performance of the predictive models we

used two performance metrics:

e Pearson Correlation Coefficient (r). For each gene, the Pearson correlation be-
tween observed expression values Y = (y1, ..., y,) and predicted values Y = (D1y- -y Un)-
This metric quantifies the linear association between predicted and observed expression

levels.

e Adjusted Coefficient of Determination (RZ4;). To account for the number of pre-

dictors and sample size, we used the adjusted R? from the LM function in R of observed
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expression on predicted expression. The adjusted R? penalizes model complexity and

provides a more conservative estimate of model fit.

A gene was considered successfully predicted in a given tissue if > 0 and RZdj > (. This

dual-threshold criterion filtered out unstable or degenerate predictions.

3.3.4 Maximum Likelihood Evaluation of Trans-Predictive En-

hancement

To assess the enhanced explanatory power of our combined cis- and trans-predictions on the
observed gene expression, we performed a maximum likelihood estimation (MLE) comparison
between full and null models using the anova function in R. This analysis was conducted
independently within each brain region using observed GTEx gene expression (logTPM) as

the dependent variable.

The full model included the following covariates: sex, mean age, RNA integrity number
(RIN), RNA sequencing rate, overall mapping rate, postmortem interval (PMI), the first
three PCs, and the first five GEs. Expression predictions (cis and/or trans) were then
added as explanatory terms depending on model availability. The null model included only

the covariates.

For genes uniquely predicted by one method (CIS [C], EpiXcaAN [E], INGENE [I], or
MODULE [M]), we used the following model comparison:

Hy: y ~ covariates

Hy: y~ycgrm+ covariates

For genes with both cis and trans predictions available, the MLE framework compared

models with and without the trans component:
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Hy:  y ~ yes + covariates

Hy: Yy~ Yeis + Yirans + cOvariates

If only trans-predicted values were available for a gene (i.e., no valid cis model), the null

and full models were:

Hy: y ~ covariates

Hl : Y ~ Yirans T covariates

For each gene, the model with the most significant increase in likelihood (at o = 0.05) was

selected as the best explanatory model—categorized as cis-only, cis+trans, or trans-only.

3.3.5 Combination of ¢zs and trans Prediction Scores

Integration of cis/trans predictive models was performed during the testing phase using the
GTEx dataset. For each gene g with at least two available predictions among the set of

models M = {CIS, EpiXcAN, INGENE, MODULE}, we fitted a multiple linear regression

model with observed gene expression as the outcome:

Yo=B0+ Y Bu- YW +e (3.4)

meMy

where Y} is the observed expression of gene g in GTEXx, }A/g(m) is the predicted expression from
model m € My, B, is the learned regression coefficient for model m, and ¢ is the residual

error term. The subset M, C M includes only models with valid predictions for gene g.

Model performance was evaluated by applying the fitted regression weights to the CMC
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cohort. Predicted expression values were compared against observed expression levels, and
gene-level R? was computed to assess accuracy. To determine the benefit of multi-model
integration, we compared mean R? values from the combined model against those of each

individual predictor using Mann-Whitney U tests.

3.4 Results

3.4.1 Evaluation of cis- and trans-Model Training Performance

We used the LIBD dataset for training as it featured larger sample sizes than GTEx for
the brain regions we considered. We performed a comparative analysis between our cis-
predictive model (CIS) and our trans-models (INGENE and MODULE) to predict gene

expression levels.

Transcriptomic coverage across models. Within the brain regions considered, the
models demonstrated different predictive capabilities for a variable number of genes per
region: CIS predicted between 5,579 and 9,354 genes per region, INGENE between 18,495
and 20,254 genes, and MODULE between 17,938 and 21,672 genes per region (Figure 8A).
When pooling data across all regions, unique gene counts were 18,819 genes for CIS, 23,863
genes for INGENE, and 24,395 genes for MODULE (Figure 8B). Notably, the CIS model
yielded the highest number of unique predictions (1,975 genes), i.e., not shared with trans-
models, while INGENE and MODULE showed considerable overlap, predicting a common

set of 23,384 genes, representing > 95% of their respective predictions.

Biological coherence of trans-based predictions. To further explore the regulatory
landscape of these trans-shared predicted genes, we examined whether they shared regulatory
components. Specifically, we considered instances where a SNP acted as a trans-eQTL for

a MODULE-predicted gene and simultaneously served as a cis-eQTL of the co-expression
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partners that INGENE uses to predict that same gene. We found that 15%-24% of genes
predicted by MODULE across the six brain regions exhibited regulatory relationships (Table
ST1).

Benchmarking against EpiXcan cis-epigenomic-informed models. Considering the
relatively limited sample sizes for certain training regions (Table 1), we integrated the CIS
model with the EPIXCAN model (Zhang et al., 2019), which demonstrated superior per-
formance in our LIBD training dataset over other PrediXcan family models (Table ST2).
Focusing on the DLPFC, where EPIXCAN was specifically trained, we compared its training
performance with that of our CIS model. EPIXCAN identified 13,529 genes that met the
filtering criteria, in contrast to 9,354 genes by CIS. Among these, 5,857 genes were commonly
predicted by both models, accounting for 43% of EP1XCAN and 63% of CIS predictions (Fig-
ure 8C). While EP1XCAN explained on average 14% variance in gene expression for these
genes, CIS accounted for a lower, yet notable mean variance of ~10% (Figure 8C, top-right
panel). Interestingly, the CIS model outperformed EPIXCAN in terms of variance explained
for 30% of these predictions. Figure 8C (bottom) includes the top 50 genes with the largest
differences in R? values between the two models. Considering the complementarity of CIS
and EPIXCAN predictions, we used both in subsequent analyses to enhance the identification
of cis-predicted genes. Figure S1 presents a comparative overview of EPIXCAN against all

other models assessed.
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Figure 8: Model performance in LIBD training data. (A) Number of genes with cross-
validated R? > 0.01 for CIS (red), INGENE (green), and MODULE (blue) across brain
regions. (B) Overlap of all predicted genes across models. (C) Left: overlap and exclusivity
of DLPFC-predicted genes for CIS (red) and EPIXCAN (light blue). Right: R? comparison
for the top 50 genes with the largest performance differences.

Model comparison summary. In summary, INGENE and MODULE exhibited higher
prediction capabilities in terms of the number of imputable genes compared to CIS (Figure
8A-B) and EpiXcAN (Figure S1), and both outperformed the CIS model when evaluating the
variance explained for commonly predicted genes in the training step. MODULE emerged as

the most effective model among those evaluated, featuring the highest number of imputable
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genes and the most substantial variance explained during cross-validation within the training

dataset (refer to Table 2 for comparison among models). It is important to note, however,

that comparisons based solely on the training set might be susceptible to overfitting.

Model Total Region Mean CV Key Features
Genes R?
CIS 18,819 Amygdala 0.10 Baseline cis-eQTL model
CN
INGENE 23,863 dACC 0.035 cis-eQTLs of co-expressed
DLPFC partners
MODULE 24,395 L 0.040 co-eQTLs of co-expression
sACC
module PC1
ErPiXcAN 13,529 DLPFC 0.14 cis-eQTLs informed with
epigenomic priors

Table 2: Comparison of gene expression prediction models. In-house models (CIS,
INGENE, MODULE) were trained across six brain regions in the LIBD dataset. EPIXCAN
was trained externally (Zhang et al., 2019) and evaluated in DLPFC only. Note: “Total
Genes” reflects the number of genes predicted with RZ,, > 0.01. Mean CV R? is averaged
across all predicted genes in the training data.

3.4.2 Evaluation of cis- and trans-Models in Independent Testing

Datasets

Validation framework. Given the different training origins—CIS, INGENE and MOD-
ULE were trained on the LIBD datasets, whereas EPIXCAN was originally trained in CMC
data—we assessed the replication of all four models in the GTEx-independent cohort, encom-
passing the same six brain tissues (Table 1) we used to train CIS, INGENE and MODULE.
We applied each model to GTEx genotype data to generate predictions, this time ruling
out any potential overfitting as they were applied to the testing dataset. Our assessment of
predictions was based on two criteria: (i) the number of genes with positive Pearson corre-
lation (r > 0) between predicted and observed expression, and (ii) the number of genes with

adjusted R? > 0, indicating significant explained variance.
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Transcriptome-wide prediction performance. In the GTEx dataset, the trans-based
models consistently predicted a higher number of genes compared to the cis-based models.
CIS predicted between 1,775 and 4,962 genes across brain regions, and EPIXCAN predicted
between 5,704 and 6,840 genes. In contrast, INGENE predicted 15,496 to 16,870 genes, and
MODULE predicted between 12,564 and 14,690 (Figure 9A). The relative gain in coverage
was substantial: INGENE predicted 3.23-9.50 fold more genes than CIS and 2.44-2.90 fold

more than EPIXCAN (Figure S2).
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Figure 9: Performance of gene expression prediction models in the independent
GTEx dataset. (A) Number of predicted genes per model across brain regions. (B)
Distribution of adjusted R? values per model. (C) Venn diagram showing overlap in predicted
genes across models. (D) Relative performance of CIS and EPIXCAN across shared genes in
each brain region.

Variance explained across models. As expected, due to the generally larger impact of
cis over trans effects on gene expression variance, the CIS and EPIXCAN models explained
a higher percentage of variance for the fewer genes they predicted compared to the INGENE
and MODULE models. Mean adjusted R? values for CIS ranged from 3% to 10%, while
EPIXCAN achieved between 6% and 7%, in line with prior studies (Zhang et al., 2019). In

comparison, INGENE explained between 3% and 5% of variance, and MODULE between
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2.4% and 4% (Figure 9B). This trade-off between precision and breadth was consistent across
all brain regions.

Wilcoxon rank-sum tests comparing adjusted R? distributions across models confirmed
EP1XCAN’s significantly greater predictive power relative to both CIS and trans-based mod-
els (all p < 2.2 x 1071%). This trend also held within gene sets commonly predicted by all
models (Figure S3).

Model complementarity and cis-model selection. FEach model contributed unique
predictions. Notably, CIS captured the largest number of genes not predicted by other
models (Figure 9C). For genes jointly predicted by CIS and EPIXCAN, we compared per-
gene adjusted R? values to identify the better-performing cis-model across tissues. EPIXCAN
generally outperformed CIS in DLPFC, which is consistent with the origin of its training
data (Figure 9D). For downstream analyses, we retained the best-performing model (CIS or

EPIXCAN) on a gene-by-gene basis to represent cis-regulatory effects.

Replication in the CMC. To assess the replicability of our cis- and trans-predictions
beyond the GTEx cohort, we extended our analysis by applying our models to postmortem
datasets of DLPFC and ACC from the CMC (Fromer et al., 2016). We observed consis-
tent gene-level prediction patterns between CMC and GTEx for commonly imputed genes.
The CIS model predicted between 1,400 and 2,320 genes across both cohorts, with median
Pearson correlation coefficients ranging from r = 0.33 (ACC) to r = 0.43 (DLPFC). The
INGENE model yielded between 2,318 and 3,106 common gene predictions, with median
correlations from r = 0.10 (ACC) to r = 0.47 (DLPFC). Finally, the MODULE model
predicted 11,043 to 11,729 genes across tissues, achieving a median correlation of ~r = 0.18

(Figure S4).

Summary. Overall, these results demonstrate that trans-based models (INGENE and

MODULE) considerably expand the number of replicable gene expression predictions in
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external datasets. While cis-based models yield higher per-gene accuracy, the trans-based
approaches offer broader transcriptome-wide generalizability—a feature especially valuable

in downstream association studies.

3.4.3 Functional Genetics of co(expression)-eQTLs

To further investigate SNPs exhibiting both cis- and trans-regulatory effects among validated
predictions in GTEx (refer to Results section 3.4.2), we focused on MODULE-derived trans-
SNPs that were also significant cis-eQTLs across 49 tissues in the GTEx v8 dataset (GTEXx,
2020) (Table 3). Our analysis revealed that ~40% of MODULE trans-SNPs were also
GTEx cis-eQTLs, associated with between 5,821 and 19,276 predicted cis-regulated genes

(eGenes) across tissues.

No. Percentage of

trans-SNPs as trans-SNPs as N° GTEx

Region GTEx cis-eQTLs GTEx cis-eQTLs cis-e(Genes
Amygdala 21,549 29% 10,314
CN 22,791 30% 11,347
dACC 32,027 42% 19,276
DLPFC 11,595 25% 5,821
HP 26,306 36% 12,834
sACC 25,778 44% 17,896

Table 3: Summary of MODULE-derived trans-SNPs that also act as GTEx cis-
eQTLs across brain regions. Values reflect the number and proportion of overlapping
SNPs and their associated GTEx cis-regulated genes (eGenes).

Gene Ontology enrichment analysis of GTEx-imputed cis-eGenes revealed significant
overrepresentation of molecular functions related to ATP-dependent activity, catalytic and
electron transferase functions, and protein binding activities, including MHC class II receptor
binding and cadherin binding (false discovery rate, FDR < 0.05; Figure S5).

To assess transcription factor (TF) enrichment, we performed a regulomic analysis. This

revealed 252 TF's that were significantly overrepresented among GTEx cis-eGenes linked to
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MODULE trans-SNPs (Bonferroni-adjusted p < 0.05; Figure 10).

TF enrichments
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Figure 10: Regulome Enrichment Analysis of GTEx cis-eGenes for MODULE
trans-eQTLs. Enrichment for TFs across brain regions. To generate this visualization, we
identified the top 20 most significant TFs for each brain region and assessed their overrep-
resentation. A grey block in the figure denotes that TF is not significantly overrepresented
in that region.

3.4.4 Combining cis and trans Predictions Enhances Gene Ex-

pression Modeling

Testing cis-trans integration in GTEx. We hypothesized that integrating cis- and
trans-based predictors would maximize both the number of predictable genes and the vari-
ance explained in gene expression. To evaluate this, we performed gene-level significance
testing in GTEx using MLE at a significance threshold of @ = 0.05 (see Methods section
3.3.4 for details). Specifically, we compared a full model— including covariates and both cis
and trans predictors— with a reduced model containing only covariates and cis predictors.
Genes for which the inclusion of trans predictors led to a significant improvement in adjusted
R? were classified as trans-enhanced.

Our analysis revealed a substantial increase in gene predictability when combining cis,

60



cis + trans, and trans-only models across brain regions (Figure 11A). In particular, the
addition of the trans component in the cis + trans model consistently improved the variance
explained relative to the cis-only model, as indicated by one-tailed Wilcoxon signed-rank
tests (p < 0.001; Figure 11A). When aggregating predictions across all brain regions, we
identified a total of 19,802 genes that were significantly predictable by all three model types
(Figure 11A).

Unified modeling approach. Having established that the inclusion of trans components
can enhance cis-based gene expression predictions for a subset of genes, we next evaluated
whether integrating cis and trans predictors into a unified model would further improve
gene-level prediction performance. The goal was to leverage the complementary strengths of
each predictor type. Importantly, cis SNPs were excluded when generating trans predictions,
ensuring that the predictor sets were non-overlapping and statistically independent.

For genes with at least two available prediction models, we constructed a linear model
in the GTEx dataset (serving as the testing cohort), using observed gene expression as
the dependent variable and a combination of CIS, ErPiXcAN, INGENE, and MODULE
predictions as independent variables. The performance of this combined model was subse-
quently evaluated in the CMC dataset, focusing on the dACC and sACC brain regions. The
DLPFC region was excluded to prevent potential information leakage, given that EPIXCAN

was originally trained on CMC DLPFC data.
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Figure 11: Cis-trans integration improves gene prediction performance. (A) Num-
ber of genes significantly predicted across brain regions using only-cis (orange), only-trans
(green), and combined cis-trans (turquoise) models. Grey bars indicate pooled predictions
across regions. (B) Distribution of adjusted R? improvements (AR?) from cis-trans versus
cis-only models in GTEx. Asterisks (***) denote p < 0.001. (C) Comparison of model
performance in CMC dACC and sACC datasets. Combined models (grey) outperform CIS
(red), EPIXCAN (light blue), INGENE (green), and MODULE (blue). Asterisks (***)
denote p < 0.001 by Mann—Whitney tests.

Combined models outperform individual predictors in CMC. The resulting “Com-
bined Models” (Figure 11C) explained ~2.7% of the variance in gene expression across
10,748-11,729 genes in dACC and sACC. In comparison, the CIS model accounted for
2.4-2.8% of variance in 2,238-3,192 genes, EPIXCAN explained 2.3% across 5,038 genes, IN-
GENE explained =1.1% in 2,318-2,498 genes, and MODULE explained 1.5% in 212,000
genes. Mann-Whitney rank-sum tests confirmed that, based on mean R?, the Combined

Models significantly outperformed each of the individual models in both dACC and sACC

(p < 0.001; Figure 11C).
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Summary. Together, these results support the integration of trans-regulatory information
alongside cis-prediction scores to enhance gene expression modeling. Combining models not
only increases transcriptome-wide prediction coverage but also improves prediction accuracy

across cohorts.

3.5 Discussion

This study developed gene expression prediction models across six brain regions by leveraging
both cis- and trans-regulatory information embedded within gene co-expression networks.
Rather than relying solely on local regulatory variation, we demonstrated that incorporating
structured trans-variants substantially expands the scope and biological interpretability of

genetically regulated expression models.

Integrating Cis and Trans Predictors Enhances Transcriptomic Coverage. Our
findings reveal that traditional cis-only models, while effective at capturing proximal regula-
tory signals, substantially underestimate the heritable component of gene expression variance
(GTEx, 2017; Yao et al., 2020). Through co-expression-guided strategies—INGENE and
MODULE—we increased the number of accurately predictable genes by ~50% compared to
cis-only frameworks such as EpiXcan (Zhang et al., 2019) and the CIS model. This expan-
sion underscores the importance of distal regulatory mechanisms in shaping the human brain
transcriptome, consistent with observations from large-scale transcriptomic efforts (Battle
et al., 2014; Hartl et al., 2021).

Importantly, while cis-based models naturally exhibited higher predictive effect sizes,
the integration of trans-signals provided critical breadth without sacrificing overall model
accuracy. This broader coverage enhances the downstream potential for association studies,

especially for polygenic traits influenced by distributed regulatory architectures.
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Mechanistic Insights into Brain Gene Regulation. The structure of our trans-predictive
models offers new biological insights. Approximately 24% of MODULE-predictable genes
were explainable through indirect cis-mediated pathways identified via INGENE predictions,
supporting prior hypotheses that co-expression hubs mediate distal regulatory effects (Bor-
cuk et al., 2024). Furthermore, the enrichment of known transcriptional regulators—such
as GATAD2A, RERE, and SP4—among MODULE-derived trans-eGenes aligns with estab-
lished findings that transcription factors serve as critical mediators of complex gene regula-
tion in the brain (Rodriguez-Lépez et al., 2020; Vosa et al., 2021).

However, the majority of MODULE-predicted genes lacked identifiable cis-indirect paths,
suggesting the existence of diffuse, multilayered regulation potentially driven by uncharac-
terized factors, developmental context, or feedback loops (GTEx, 2020; van der Wijst et al.,
2018). These observations highlight the current limits of available co-expression resources

and the need for dynamic, condition-specific regulatory maps.

Systems-Level Approaches Improve Biological Interpretability. Our findings align
with growing evidence that network-based strategies offer essential advantages over single-
variant or single-gene models for mapping complex traits (Borcuk et al., 2024; Pergola et al.,
2023c,b). By leveraging co-expression architecture, we reduced the statistical noise inherent
in trans-eQTL discovery, captured distributed regulatory effects, and improved biological
interpretability. This systems-level approach is particularly valuable for studying disorders
like schizophrenia, where risk loci often converge within co-regulated modules rather than
isolated genes (Hartl et al., 2021; Pergola et al., 2023c).

Nevertheless, variability in model performance across brain regions highlights the critical
role of tissue specificity in regulatory architecture (GTEx, 2017; Panagiotakos and Pasca,
2022). This variability underscores the need for region-specific modeling frameworks when

targeting developmental or neuropsychiatric phenotypes.
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Strengths and Limitations A major strength of our modeling approach lies in its ability
to integrate distal regulatory effects while preserving biological coherence. Unlike genome-
wide trans-eQTL mapping, which suffers from an extreme multiple-testing burden, our co-
expression-informed strategies focus on biologically plausible variant sets, improving both
statistical power and interpretability.

However, limitations persist. Our reliance on static co-expression networks, derived from
postmortem tissue, may fail to capture developmental-stage-specific or cell-type-specific reg-
ulation critical for neurodevelopmental processes (Gandal et al., 2018a; van der Wijst et al.,
2018; Pergola et al., 2023a). Additionally, although we residualized gene expression data
for age and clinical status to mitigate confounding in the LIBD training set, the demo-
graphic composition of LIBD—predominantly individuals of EUR ancestry and limited age
ranges—may restrict the generalizability of the trained models to more diverse populations.

Future research should prioritize integrating single-cell transcriptomic and epigenomic
data to refine trans-regulatory models further, with particular attention to developmental
and cellular context. Combining genetically regulated expression with multi-omic regula-
tory features may yield richer, more dynamic predictions of disease-relevant gene expression
changes.

Finally, it is important to acknowledge that current resources remain heavily Eurocentric,
and our models are trained exclusively on European-ancestry cohorts. While this reduces
population heterogeneity, it limits portability across ancestries. Dedicated multi-ancestry
resources and empirical validation will be required to address this limitation, a point revisited

in the General Discussion (Section 6.4).

Future Directions: Cross-Dataset Training and Model Generalizability. A nat-
ural continuation of this work will be to expand the current modeling framework toward

cross-dataset training and validation of the INGENE and MODULE algorithms. While

the present study focused on models trained on the LIBD dataset and externally validated in
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GTEx and CMC, future analyses will implement a multi-cohort training and replication
design encompassing all available postmortem transcriptomic resources. This extension will
enable a systematic assessment of the stability, generalizability, and transferability of
co-expression—guided models across independently collected brain datasets.

In practice, the extended pipeline will begin by harmonizing RNA-seq and geno-
type preprocessing across datasets to ensure comparable alignment, normalization, and
covariate correction. Predictive models will then be trained independently within each
dataset (LIBD, GTEx, and CMC) and evaluated reciprocally across all possible
dataset pairs. For each gene, the cross-validated adjusted R* obtained during training will
guide model inclusion, while performance will be evaluated using complementary metrics:
(i) the number of genes successfully predicted across datasets, (ii) the overlap of predicted
gene sets between cohorts, and (iii) the variation in performance as a function of train-
ing sample size. Together, these measures will provide a quantitative assessment of model
reproducibility and help identify potential sources of false positives or dataset-specific effects.

The second component of the pipeline will examine cross-cohort consistency in model-
derived effect sizes. For each gene, expression values predicted by models trained on
LIBD, GTEx, and CMC will be correlated within the same set of LIBD individuals,
thereby isolating true biological concordance from sample-size or technical biases. Genes
displaying strong and positive cross-dataset correlations will be prioritized as replicable
trans-regulated targets.

By completing this multi-cohort training and validation framework, future work will
provide a rigorous assessment of the extent to which co-expression—based prediction models
generalize across brain transcriptomic resources. These planned extensions represent an
important methodological advancement toward standardized, cross-cohort evaluation
of trans-regulatory gene prediction and will substantially enhance the interpretability,
reproducibility, and biological reliability of network-based GReX frameworks in subsequent

research.
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Conclusion

By integrating cis- and trans-regulatory information through co-expression-informed mod-
els, this study substantially advances the predictive landscape of brain gene expression. Our
findings highlight the necessity of system-level approaches for understanding the genetic ar-
chitecture of complex brain traits and lay the foundation for more powerful and interpretable

transcriptome-wide association studies.
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Chapter 4

Study 2: Co-expression TWAS in PGC3
SCZ Cohorts

A revised version of this chapter is currently under revision for publication in Nature Ge-
netics: Rossi F., et al. Co-expression-based models improve eQTL predictions and highlight

many novel transcriptome-wide genes associated with schizophrenia.

4.1 Introduction

SCZ is a severe, chronic psychiatric syndrome with an average lifetime prevalence of almost
1% and an average life expectancy that can be reduced by as much as 15 years compared to
the general population (Perild et al., 2007). Treatment response in SCZ is another variable
aspect of the disorder and a critical piece of evidence of plausible neurobiological hetero-
geneity reflected at the clinical level. Currently, antipsychotics are the gold standard for the
treatment of SCZ, acting as modulators of D2 dopamine receptor activity via antagonism
or partial agonism (Miyamoto et al., 2012). However, one-third of patients do not satis-
factorily respond to currently available therapies, and even though many patients achieve
symptomatic remission after their first psychotic episode, up to 80% of patients experience a

psychotic relapse within five years after remission of their first episode (Buckley and Miller,
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2017; Leucht et al., 2022). This motivates the development of translational approaches that

connect statistical genetic findings with underlying biological mechanisms.

Despite high heritability estimates (60-80%) (Sullivan et al., 2003; Purcell et al., 2009),
much of the genetic architecture remains functionally unexplained. While GWAS have pro-
vided critical insights into the polygenic nature of SCZ, they offer limited functional inter-
pretability. Larger sample sizes have incrementally increased discovery power (Allen et al.,
2008; Ripke et al., 2014), but the proportion of explained variance remains modest (Trubet-
skoy et al., 2022). Thus, advancing beyond GWAS requires novel methods that can translate

statistical signals into biological mechanisms (Tam et al., 2019; Mostafavi et al., 2023).

Gene Expression as a Functional Intermediate. Gene expression serves as a func-
tional intermediary between DNA sequence and disease phenotype, making mRNA a proxi-
mal readout of non-coding genetic risk (Mostafavi et al., 2023). Integrating GWAS summary
statistics with transcriptomic data from postmortem human brain tissue has emerged as a
powerful approach in functional genomics (Gandal et al., 2016). eQTLs are key to this in-
tegration (Nicolae et al., 2010; Gamazon et al., 2015; Zhu et al., 2016; Huckins et al., 2019;
Zhang et al., 2019), yet most GWAS SCZ hits do not colocalize with known eQTLs (Chun
et al., 2017; ?7; Connally et al., 2022; Mostafavi et al., 2023). This unexplored variance at-
tributable to genetics suggests that much of the genetic risk uncovered by GWAS may act
through regulatory mechanisms not captured by current eQTL datasets, underscoring the

need to explore alternative, noncanonical pathways of gene regulation.

Limitations of cis-Based TWAS Models. TWAS prioritize disease-associated genes
by leveraging GReX models (Gusev et al., 2016). Conventional TWAS approaches, such as
PREDIXCAN (Gamazon et al., 2015), are largely confined to cis-eQTLs—variants located
within 1 Mb of their target gene. While valuable, cis-eQTLs explain only a fraction of
expression heritability (Purcell et al., 2009; Yao et al., 2020), limiting the scope of gene

discovery (Liu et al., 2019). Subtle and distal regulatory effects may arise indirectly through
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the cis-eQTLs of co-expressed partners or directly via long-range interactions with regulatory
elements located at great genomic distances (Friston et al., 2016; Boyle et al., 2017; Mostafavi
et al., 2023), reflecting a more distributed architecture of gene expression regulation. These
genetic factors are the so-called trans-eQTLs and are estimated to account for up to 70% of
the heritable variability in SCZ expression (Battle et al., 2014; Pierce et al., 2014; Liu et al.,
2019, 2022). Despite their importance, their detection remains statistically challenging due
to weaker effect sizes and the heavy multiple-testing burden (Gamazon et al., 2015; Umans

et al., 2021).

The Role of Gene Networks in SCZ Risk. Rather than acting in isolation, genetic
risk variants for SCZ tend to converge within biologically coherent gene networks. Across
multiple studies, SCZ-associated loci have been shown to cluster within co-expressed mod-
ules active during specific developmental windows, brain regions, and cell types (Fromer
et al., 2016; Gandal et al., 2018a; Radulescu et al., 2020; Ramaswami et al., 2020; Hartl
et al., 2021; Panagiotakos and Pasca, 2022; Pergola et al., 2023a; Jaffe et al., 2020; Cameron
et al., 2023). This non-random aggregation suggests that the genetic architecture of SCZ
reflects coordinated perturbations of regulatory programs rather than independent variant

effects (Borcuk et al., 2024).

Co-expression Networks as a Framework for Mapping trans-Regulatory Archi-
tecture. Co-expression networks provide a biologically motivated framework to capture
this distributed risk structure and to constrain the otherwise vast search space for trans-
eQTL discovery. By grouping genes with correlated expression patterns, these networks
model shared regulatory influences that often transcend local genomic proximity. This is
particularly critical for SCZ, where many risk loci may exert distal regulatory effects that
are invisible to conventional cis-eQTL-based approaches (Liu et al., 2019). Aggregating
genes into modules enhances statistical power and enables the detection of subtle, network-

mediated genetic effects (Pergola et al., 2023b).
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From Networks to Predictive Models. Building on these observations, co-expression-
based models have been developed to infer upstream regulators—including transcription
factors and microRNAs—that shape network behaviour (Chen et al., 2018; Pergola et al.,
2017, 2023c). Validation from in witro studies further supports the functional relevance
of these network-driven predictions (Torretta et al., 2020). Several studies have leveraged
module structure to generate co-eQTL-informed polygenic scores and predict complex brain
phenotypes, such as PET imaging responses and functional connectivity patterns (Nath
et al., 2017; Fazio et al., 2018; Kolberg et al., 2020; Sportelli et al., 2024). These approaches
capitalize on the hypothesis that co-expression modules encode latent regulatory programs,

offering a scalable path toward integrating trans-regulatory information into trait mapping.

The Power of Large-Scale Cohorts. Despite their promise, mapping trans-regulatory
architecture and validating network-based models requires very large cohorts. As mentioned
above, distal regulatory effects typically have small effect sizes and are sensitive to context,
making them statistically underpowered in modest samples. Unlocking the full potential
of co-expression-informed mapping thus demands access to harmonized, large-scale genetic

resources that can power the discovery of distributed and subtle genetic signals.

The PGC is an international collaboration established to advance the understanding of
the genetic basis of psychiatric disorders.The third wave of PGC3 provides an unprecedented
opportunity to address the challenges discussed above. With genotype data from 168,431 in-
dividuals across 90 independent SCZ cohorts (Trubetskoy et al., 2022), PGC3 offers both the
scale and heterogeneity across individuals needed to implement network-informed transcrip-
tomic prediction at a population level. Integrating predictive models trained on postmortem
brain data with this extensive living cohort allows for systematic testing of how co-expression

architecture and trans-regulatory effects contribute to clinical phenotypes.

Preview of Results. Whereas Study 1 (Chapter 3) focused on the development and val-

idation of cis and trans-prediction models using postmortem brain transcriptomic data, the
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present study applies these models to large-scale genetic datasets from living individuals from
the PGC3. This approach, which we define as Co-expression TWAS (coTWAS), integrates
both local and distal regulatory information into transcriptomic imputation. Specifically, we
imputed gene expression using CIS, EPIXCAN, INGENE, and MODULE predictors across
62 SCZ cohorts of EUR Ancestry of the PGC3 (Trubetskoy et al., 2022), generating both
cis- and trans-based expression estimates. These predictions were then used to perform
gene-wise association testing with SCZ diagnosis across 102,613 individuals (see Table ST5

in the appendix). Figure 12 summarizes the key analytical steps of this study.

The coTWAS approach identified 1,764 SCZ-associated genes at FDR < 0.01, of which
1,515 were novel relative to prior TWAS efforts (Gusev et al., 2018; Gandal et al., 2018a;
Collado-Torres et al., 2019; Huckins et al., 2019; Hall et al., 2020) (refer to Table 8 in the
appendix for TWAS details). Notably, across brain regions, 50% to 58% of the associations
were supported exclusively by trans-based predictions, highlighting the unique discovery
power of co-expression-informed models. When restricting the analysis to genes with a cis-
predictor component, we identified 619 genes across all regions, of which 437 represent novel
associations not previously captured by cis-focused TWAS approaches. Enrichment analy-
ses of significant coTWAS genes pointed to critical biological pathways, including synaptic

transmission, immune signaling, and cell adhesion.

The findings in this chapter illustrate that integrating trans-regulatory architecture through
co-expression modeling expands the transcriptomic landscape of SCZ and enhances the mech-
anistic resolution of gene-trait mapping. As a generalizable framework, the coTWAS expands

the methodological toolkit for functional genomic discovery in psychiatric research.
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Predictive Models (Study 1)
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Figure 12: Study 2 pipeline: From predictive modeling to gene-level SCZ as-
sociation. Predictive weights from four models—CIS, EpiXcAN, INGENE, and MOD-
ULE—trained and validated on postmortem brain data in Study 1 (Chapter 3) were applied
to genotype data from 62 PGC3 cohorts. Gene expression was imputed and combined ac-
cording to the integration strategy described in Chapter 3, Section 3.3.5. Logistic regression
analyses were conducted separately within each cohort, adjusting for sex and genomic eigen-
vectors (GEs). A meta-analysis across cohorts was then performed to estimate gene-level as-
sociations with SCZ diagnosis, with statistical significance defined at a Benjamini-Hochberg
FDR threshold of 0.01.

4.2 Data

4.2.1 PGC3 SCZ Cohorts

In this study, we analyzed individual-level data from 62 cohorts of European ancestry, to-
taling 102,613 participants (Table ST5, Figure 13). These cohorts included both SCZ cases
and healthy controls, allowing a large-scale and well-powered investigation of genetic asso-
ciations with SCZ risk. The genotype and phenotype data from the PGC3 were accessed
under controlled conditions. Data access was granted following approval by the PGC Data

Access Committee, and all researchers were required to adhere to the consortium’s data use
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agreement. Full information on access procedures and requirements is available at: https://

pgc.unc.edu/for-researchers/data-access-committee/data-access-information/.
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Figure 13: Distribution of Diagnosis across PGC3 SCZ Cohorts

Ethical Considerations. All participating cohorts adhered to ethical guidelines and ob-
tained necessary approvals from their respective institutional review boards. Informed con-
sent was secured from all participants, ensuring compliance with ethical standards for human
subjects’ research. The collaborative nature of the PGC emphasizes transparency and ethi-
cal responsibility in genetic research. More details of ethical approval protocols are described
in the Supplementary Cohort Descriptions from Trubetskoy et al. (2022) (Trubetskoy et al.,

2022).
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4.3 Methods

4.3.1 PGC3 Cohort Genotype Preprocessing

Genotype data acquisition, quality control, imputation, and computation of genomic eigen-
variates (GEs) for population stratification were performed independently for each cohort
separately as previously reported by the PGC (Trubetskoy et al., 2022).

SNPs were filtered within each cohort using the following criteria: imputation quality
score INFO > 0.9, missingness < 1%, minor allele frequency (MAF) > 0.01, and Hardy-
Weinberg equilibrium P > 107%. SNP filtering was performed using PLINK v1.09 (Purcell
et al., 2007).

4.3.2 Correlation Between SNP Weights and PGC3 Odd Ratios

We downloaded GWAS summary statistics from the PGC for SCZ (https://figshare.com/
articles/dataset/scz2022/194267757f11e=34865091) to obtain SNP-level odds ratios
(ORs). SNP weights were extracted from each of the predictive models—CIS, EPIXCAN
(cis-models), and MODULE (trans-model)—that were developed, trained, and evaluated in
Study 1 (Chapter 3) using postmortem brain transcriptomes. For each SNP, we computed the
mean absolute weight across all genes that were previously validated in the GTEx according
to the criteria established in Study 1 (refer to Chapter 3 section 3.4.2). This ensured that our
downstream analyses were grounded in models with robust predictive performance, anchored
to biologically meaningful expression profiles derived from human brain tissue.

We subset the PGC summary statistics to only include SNPs with a nominally significant
association with the diagnosis (p <0.05). We further selected SNPs present in the cis- or
trans-model independently (Table ST4). We evaluated the correlation of the weights with
log(OR) values using Pearson correlation coefficients, with statistical significance determined

by two-tailed tests. To stabilize the variance of correlation coefficients, we employed Fisher’s
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Z-transformation (Fisher, 1915). First, we calculated the Fisher’s Z-value for CIS, EPIXCAN,
and MODULE models. Next, to account for different numbers of SNPs in the models, we
computed the standard error of each Fisher’s Z-value and quantified the difference computing

the test statistic Z as:

|7y — Zy|
VSE? + SE3

where Z; and Z, are Fisher-transformed correlation coefficients, and SE denotes the

7 —

standard error. Finally, we derived the two-tailed p-value from the standard normal distri-
bution to assess the statistical significance of the difference. This approach allowed us to
robustly compare correlation coefficients, accounting for inherent variability in sample sizes

and ensuring the reliability of our findings.

4.3.3 Connectivity trend analysis across PGC-weight quintiles with

permutation-based null

We quantified whether genes more heavily influenced by PGC3 SNPs exhibit greater con-
nectivity to SCZ risk genes. For CIS, EpiXcan, MODULE models we:

e Computed a PGC-weight metric per gene as the combined ratio of absolute model
weights carried by PGC3 SNPs (p <.05) relative to all SNPs, scaled by the square root

of the PGC-SNP proportion;
e Binned genes into quintiles of this metric (equal-sized bins);

e Calculated mean connectivity to PGC risk genes within each quintile, producing a

5-point trajectory per modelregion;

We assessed monotonicity using two statistics across quintile index: a linear trend slope
and Spearman’s p. To obtain a permutation-based null, we performed gene-level permuta-

tions (n=1,000) by randomly reassigning genes to quintiles, re-aggregating mean connectivity
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per quintile, and recomputing both statistics. Empirical two-sided p-values were defined as
the proportion of permuted statistics whose absolute value equaled or exceeded the observed

statistic.

4.3.4 coTWAS Analysis in PGC3 Cohorts

Gene Expression Imputation and Selection

We imputed gene expression in each PGC3 site using CIS (C), EpiXcaN (E), INGENE (I),
and MODULE (M) models—all developed and benchmarked in Study 1 (Chapter 3). When
multiple co-expression networks contributed to the prediction of the same gene within the
INGENE and MODULE models, we first averaged predictions across networks to derive a
model-specific expression estimate (see Chapter 3 section 3.3.3).

For downstream analysis, we retained only those genes that passed predefined validation
criteria in the GTEx dataset, namely adjusted R? > 0 and Pearson’s » > 0, as established
in Study 1 (Section 3.4.2). Genes predicted by a single model were defined as unimodal. For
genes predicted by multiple models, we applied the linear combination strategy introduced
in Study 1 (Section 3.3.5) to generate a unified expression prediction. These were designated
as multimodal genes and represent a biologically-informed integration of cis- and trans-

regulatory signals.

Logistic Regression Analysis and Meta-analysis

For each site, we performed logistic regression to associate predicted gene expression with
SCZ diagnosis. Covariates included sex and genomic eigenvariates (GEs) previously asso-
ciated with diagnosis (Dx) (Trubetskoy et al., 2022). The regression models were defined

as:

Dx(Y') = Unimodal(C|E|M|I) + sex + GEs (4.1)
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Dx(Y') = Multimodal(C + E 4+ M + I) + sex + GEs (4.2)

Because the 62 PGC3 cohorts differ in SNP coverage, not all genes could be imputed
in every cohort. To ensure robust and comparable gene-level predictions, we retained only
genes that were successfully imputed in at least 32 cohorts. This threshold balanced gene
retention with cross-cohort consistency, avoiding biases introduced by missing coverage in
a subset of cohorts. By requiring presence across multiple cohorts, we also ensured that
predictive SNPs were sufficiently represented in the population, increasing the reliability
of the retained set of genes. Meta-analysis of § coefficients across cohorts was performed
using Stouffer’s method, with sample size-based weighting (Zaykin, 2011), implemented in
the metap R package.

Heterogeneity across sites was assessed using Cochran’s () test. Genes with heterogeneity
p-values > 1 x 1072 were retained. Multiple testing correction was applied across all 114,954

tissue-gene pairs using the Benjamini-Hochberg FDR procedure at a = 0.01.

Assessment of Statistical Inflation

To evaluate the robustness of our coTWAS findings and assess the potential presence of false
positives, we performed a systematic analysis of p-value distributions across all gene-region
associations. Specifically, we calculated the genomic inflation factor () as well as the scaled
metric Ajggg, which normalizes A to a fixed number of 1,000 tests, to quantify potential
deviations from the expected null distribution.

We further compared the observed versus expected number of associations across pre-
defined p-value bins, generated histograms of adjusted p-values, and constructed quantile—
quantile (Q—Q) plots to visualize enrichment relative to the null. To assess regional variation,
A values were also estimated separately for each brain region. Finally, we applied formal
goodness-of-fit tests, including the Kolmogorov—Smirnov and chi-square tests against the

uniform distribution, to evaluate whether the empirical distribution of p-values significantly
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deviated from expectation under the null hypothesis.

4.3.5 Cell-Type Specificity Analysis

To assess the cellular specificity of coTWAS-significant genes, we used specificity indices
derived from single-nucleus RNA sequencing of human brain tissue (Habib et al., 2017),
covering ten neuronal and glial cell types. We conducted enrichment testing using the Mean-
rank Gene Set Test implemented in the limma R package (v3.46) (Ritchie et al., 2015).

Multiple comparisons across genes and cell types were corrected using FDR (o = 0.05).

4.4 Results

4.4.1 Functional Enrichment of SCZ Risk Variant-Associated Genes

in Predictive Models

We analyzed genetic associations and functional implications of SNPs regulated by both
cis- and trans-eQTL models in psychiatric disorders,focusing on the potential enrichment
for SCZ GWAS-significant SNPs. We hypothesized that SCZ would show relatively high
enrichment for trans-eQTLs, as evidence supports the role of co-expression networks in

channeling genetic risk (Liu et al., 2019; Pergola et al., 2019a; Borcuk et al., 2024).

We evaluated the correlation between the log odds ratio (log(OR)) of SCZ-associated
SNPs from GWAS (p < 0.05) (Trubetskoy et al., 2022) and SNP predictive weights from
CIS, ErPiXcAN, and MODULE models. SNP weights were computed as the mean absolute
weight across all genes each SNP regulates. Across brain regions, the CIS model included
between 2,065 and 6,118 SNPs overlapping with PGC SNPs (6% of the model’s SNPs),
the EPIXCAN model included 100,282 to 139,932 SNPs (x13%), and the MODULE model
included 47,262 to 86,200 PGC SNPs (a:11%) (Table ST4).
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Correlation of Model Weights with SCZ Risk. In all brain regions investigated, we
observed a significant positive Pearson correlation between model SNP weights and SCZ
GWAS log(OR) values. Notably, the MODULE model consistently exhibited the strongest
correlations (Figure 14A, top panel). After removing outliers (3 SD from the mean of
weights and logOR variable, within each model-pathology combination), CIS and EpiXcan
models showed weaker but stable correlation values of ~ 0.15-0.19 (all (p < 0.01), whereas
MODULE correlations remained substantially higher, ranging from r = 0.28 to 0.42 (p <
0.001 across disorders; Table ST4). These results indicate a stronger association between
SNPs used in MODULE predictions and SCZ genetic risk.

Since models have different numbers of SNPs, we employed Fisher’s Z-transformation (Fisher,
1915) to test whether the observed differences in correlation coefficients were statistically sig-
nificant. This analysis confirmed that the MODULE model significantly outperformed both
CIS and EPIXCAN across all brain regions (all p < 2 x 107!6; Figure 14B), suggesting a
stronger link of trans- than cis-eQTLs with common variant pathogenicity. A similar trend
was also found in other disorders, such as major depressive (MDD) and bipolar (BIP) disor-
ders, with significant differences in correlation coefficients between predictive models (Figure
14A middle and bottom panels). The SCZ pattern thus extends to other psychiatric disorders

showing some evidence of trans-heritability (Borcuk et al., 2024).

Network Connectivity with PGC3-Prioritized Genes. To further evaluate the func-
tional relevance of trans-regulated genes, we prioritized MODULE-predicted genes based on
a PGC-weight ratio. This ratio was defined as the average weight of SCZ-associated SNPs
(p < 0.05) from PGC3 summary statistics divided by the average weight of all predictive
SNPs regulating each gene. Genes with a ratio > 0.5 were selected under the hypothesis that
prioritizing genes more heavily influenced by SCZ risk variants would improve detection of

biologically relevant associations.

We evaluated the connectivity of these genes with the 120 PGC3-prioritized SCZ genes (Tru-
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betskoy et al., 2022). This analysis was informed by a recent study from Borcuk et al. (2024),
which demonstrated that genes more connected to network modules enriched for risk loci
also accumulate genetic risk. The authors also identified genes most strongly connected to
the set of PGC3 prioritized genes, to the extent that CRISPR activation of PGC3 prioritized
genes correlated with their connectivity measure. Using the published gene-wise connectiv-
ity scores across five brain regions (amygdala, DLPFC, CN, HP, and sACC), we assessed
the relationship between PGC-weight ratios and connectivity by binning genes into quintiles
of their PGC-weight ratio and quantifying mean connectivity per quintile (Fig. S6) (see
Methods 4.3.3 for details). Using classical linear regression and Spearman’s correlation, we
observed significant nominal trends in two model-region combinations: MODULE in sACC
(slope p = 0.0107) and CIS in HP (slope p = 0.0255).

To rigorously evaluate these patterns, we performed a gene-level permutation test (n =
1000 permutations) (Methods 4.3.3). This revealed robust connectivity increases for MOD-
ULE models in four regions: DLPFC, CN, HP, and sACC (all permutation slope p < 0.001;
in sSACC also Spearman ppen = 0.018). In addition, a weaker but nominally significant
effect was observed for CIS in Amygdala (slope pperm = 0.037). No significant monotonicity
was detected for EpiXcan in any region (Fig. S7).

We note that in some cases permutation tests yielded significant results while the raw
linear slope test did not. This discrepancy reflects differences in sensitivity: the raw linear
test, based on only 5 quintile means, has low power and assumes a strictly linear relationship.
In contrast, the permutation test directly evaluates whether the observed ordering of quintile
means departs from chance, without assuming linearity. The fact that permutation tests
identified robust signals in MODULE models suggests that the effect is real but not strictly
linear, consistent with enrichment being concentrated in the upper quintiles.

Collectively, these findings refine our initial descriptive observation. The enrichment of
connectivity with SCZ risk variants is not a global property of all models, but rather a robust

feature of co-expression-based MODULE models across several regions, with only weak or
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region-specific evidence for CIS and none for EpiXcan.
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Summary. Taken together, these results underscore the biological relevance of interactions
among genes predicted by trans-eQTLs and the functional role of the SNPs identified, po-
tentially implicating pathways and mechanisms relevant to SCZ etiopathology that act via

the mediation of gene co-expression.

4.4.2 Identification of SCZ-Associated Genes via coTWAS

To identify genetic associations with SCZ, we applied cis- and trans- models developed
in Study 1 to impute gene expression and perform trait mapping using 62 independent
genotype cohorts from the PGC3 (Trubetskoy et al., 2022), including 102,613 individuals
(refer to ST5 for the distribution of PGC3 cohorts). Within each cohort and brain region,
we selectively retained model-specific genes that met the postmortem selection criteria from
Study 1 (see chapter 3 section 3.4.2 for gene selection details). Figure S8A reports the
total number of predicted genes in each brain region when combining predictions across
sites. We used logistic regression to associate predicted gene expression with SCZ diagnosis
(coTWAS) in each PGC3 cohort separately. We corrected results for multiple comparisons
using the Benjamini-Hochberg false discovery rate (FDR) with o = 0.01, as subject overlap
between brain regions violates Bonferroni’s assumption of test independence. For details on

the number of genes meeting various significance thresholds, see Figure S8B.

Transcriptome-wide identification of coTWAS hits. Out of 114,954 total tests per-
formed across all brain regions, we identified 2,232 (2,030 non-MHC) significant associations,
corresponding to 1,764 (1,683 non-MHC) unique genes (Table 4; Figure 15; Figure S8). The
direction of gene effect size was derived from the 8 coefficient of the logistic regression;
we found 1,042 genes genetically up-regulated and 1,190 down-regulated in SCZ patients
compared to controls across regions (Figure 15). To quantify cross-region consistency in
gene effects, we examined the genes found significant in >2 regions and computed pairwise

correlations of TWAS f across brain regions. Effects were generally concordant (mean r
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~ 0.85; range ~ 0.23-0.97), but several region pairs showed lower concordance, indicating

region-specific directionality for a subset of genes (Supplementary Fig.S9). These findings

suggest that while many risk-related signals are shared across regions, a measurable fraction

is region-dependent.

Brain Region Total Tests Significant Genes (% MHC) > 0; 5<0
Amygdala 19,661 331 (10%) 185; 146
CN 19,517 341 (10%) 167; 174
dACC 18,576 401 (9.4%) 226; 175
DLPFC 19,352 327 (9.5%) 167; 160
HP 19,000 340 (8.2%) 151; 189
SACC 18,848 492 (7.7%) 146; 346
All Regions 114,954 1,764 (4.4%) N/A

Table 4: Summary of gene-level association testing with SCZ across brain regions
(FDR « = 0.01). "Total Tests” refers to the number of gene-level tests conducted across
regions. ”Significant Genes” indicates the number of genes reaching FDR < 0.01, with the
percentage in parentheses denoting the proportion of these that are located in the MHC
region. The final column shows the number of significant genes with positive versus negative
logistic regression coefficients (8 > 0; 5 < 0). For the ” All Regions” row, counts reflect the
union across regions, and the percentage appears lower due to gene overlap. Beta direction
is not provided here because directionality may differ across regions for the same gene.
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Figure 15: coTWAS significant genes across brain tissues.

Y-axis shows -log;,(FDR-adjusted p-values), while the x-axis shows chromosomes. Red and
blue lines mark FDR thresholds of 0.01 and 0.05, respectively. Positive direction (upper
panel) represents up-regulated genes in SCZ; negative direction (lower panel) represents
down-regulated genes. Due to clutter, a maximum of 50 gene labels are shown per region.

We performed Gene Ontology (GO) enrichment analyses to explore biological processes
associated with coTWAS-significant genes. For downregulated genes (5 < 0), we observed
significant enrichment (qFDR < 0.05) in immune regulation, synaptic organization, cellular
adhesion, and response to stimuli (Figure 16A). No significant GO terms were detected for

upregulated genes.

Assessment of Statistical Inflation. To evaluate whether our coTWAS findings were

affected by statistical inflation, we analyzed the distribution of p-values across 114,954
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gene-region tests. The histogram of adjusted p-values (Fig. SI0A) showed a clear enrichment
of small values relative to the uniform null expectation. Quantile-quantile plots further illus-
trated deviation from the diagonal (Fig. S10B), while comparison of observed versus expected
counts across p-value ranges confirmed an excess of significant associations (Fig. S10C).

We next quantified genomic inflation by computing the overall inflation factor (A = 0.391,
Aooo = 0.995). Regional values ranged from 0.339 to 0.458 (Fig. S10D), indicating no
evidence of systematic inflation. In fact, values below 1 suggest a slightly conservative
test statistic distribution. Despite this, we observed enrichment of small p-values, with
2,232 associations (1.94%) reaching FDR < 0.01 and 5,302 (4.61%) reaching FDR < 0.05.
Both Kolmogorov—Smirnov and chi-square goodness-of-fit tests (p < 1 x 107'%) confirmed
deviation from the uniform null, consistent with the presence of true polygenic signal rather
than random noise.

Together with the application of a conservative multiple testing threshold (o = 0.01),
these results suggest that our significant findings are unlikely to be driven by systematic

false positives.

cis vs. trans model contributions to SCZ associations. Of the coTWAS-significant
genes, 430 were uniquely predicted by one model across regions: CIS (13.3%), EPIXCAN
(3.5%), INGENE (77%), and MODULE (6.2%). We focused on genes significant in at least
two regions to highlight robustness. Of these, 35 (20.7%) were exclusively cis-predicted, 42
(24.9%) exclusively trans-predicted, and 92 (54.4%) included at least one trans-component in
their prediction (Figure S11A). Across brain regions, trans-predictions accounted for the ma-
jority (49.9%-57.6%), followed by cis-trans (32.5%40.7%), and cis-only predictions (Figure
S11B).
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Figure 16: Functional Enrichment and Cross-Study Overlap of coTWAS-Identified
Genes Associated with SCZ. A) GO enrichment of coTWAS-significant genes with 8 <
0. The x-axis indicates significance as -log;o(FDR~adjusted p-value), while the y-axis lists
functional categories grouped by GO domains. Point size corresponds to the number of genes
per category; numbers in circles indicate the count of categories grouped by each functional
domain. B) Sankey diagram (bottom) showing the overlap between coTWAS genes (blue bar,
left) and SCZ-related gene sets from published studies. Gray streams represent the fraction
of coTWAS hits present in each reference set. The Venn diagram (top) illustrates the total
overlap between coTWAS genes (blue circle) and all SCZ gene sets (gray circle). Values in
parentheses indicate the overlap obtained when restricting to genes predicted exclusively by
cis models.

Functional Validation and Cellular Context of coTWAS Signals. To further elu-
cidate the relationship between coTWAS signals and SCZ genetic risk, we examined the
correspondence between coTWAS-derived predictions and proximity-based gene-level asso-
ciations from MAGMA (de Leeuw et al., 2015). Specifically, we correlated MAGMA Z-scores
with cis- and trans-based coTWAS predictions (Figure S12). Genes predicted via cis-models
showed a statistically significant correlation (Pearson r = 0.37, p < 2.2 x 107'%), whereas
predictions based exclusively on trans-regulatory information exhibited no significant associ-
ation (Pearson r = 0.03, p = 0.30). These findings reinforce the notion that proximity-based

approaches such as MAGMA are insufficient to capture the regulatory effects mediated by
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trans-eQQTLs. To highlight these novel gene associations with SCZ, Figure S13 highlights the
top 50 genes with strong coTWAS support (—log;, pad; > 5) but weak MAGMA associations
(|1Z] < 4).

To explore the cellular context of these gene associations, we performed cell-type speci-
ficity enrichment using a human brain single-cell atlas (Habib et al., 2017) (Figure S14).
In the amygdala, upregulated genes (f > 0) were enriched in excitatory DG-like neurons
(exDG). In the dACC, two oligodendrocyte subtypes (ODC1 and ODC2) exhibited enrich-
ment for upregulated genes, whereas exDG-like neurons showed downregulation (5 < 0).
In the HP, astrocyte subtypes (ASC1, ASC2) were enriched for upregulated genes, while
exPFC neurons and microglia (MG) showed downregulation. Finally, in the SACC, both
microglia and endothelial cells (END) displayed a pattern of downregulation. Together,
these findings suggest that SCZ-associated transcriptional alterations exhibit both region-
and cell-type specificity, highlighting dysfunctional neuron—glia interactions as a potential

hallmark of disease pathophysiology.

Association strength between predicted gene expression and SCZ was evaluated by the
meta-analytic p-values within brain regions (Figure 15). Among the consistently highly as-
sociated genes across regions AC110781.3 (upregulated in Amygdala, CN, dACC, DLPFC,
sACC) (Huckins et al., 2019; Hindley et al., 2022), HAPLN/, FAM109B, and AS3MT (Duarte
et al., 2016; Li et al., 2016; Pardinas et al., 2018; Roussos et al., 2014; Huo et al., 2019) have
previously been linked to SCZ. Additionally, the coTWAS identified SCZ-related genes, in-
cluding SNX19 (Ma et al., 2020), ZNF804A, GATAD2A, TCF/j (Teixeira et al., 2021),
CYP21A1P (Cai et al., 2018), C/A (Sekar et al., 2016), and CYP2D6 (Ma et al., 2021).
While some of these genes were identified via cis-predictions, many—including ZNF804A,
ASSMT, FAM109B, C}A, and SNX19—also exhibited a trans-component in their predic-

tions.
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Convergence with established SCZ gene sets. To further validate our findings, we
cross-referenced our coTWAS significant genes with previously identified SCZ-associated
genes. Specifically, we compared our results with SCHEMA (Singh et al., 2022), PGC3-
prioritized genes (Trubetskoy et al., 2022), as well as those identified through Summary-
based Mendelian Randomization (MR) and Fine-Mapping (FM) (Trubetskoy et al., 2022)
(Figure 16B). Additionally, we included genes identified by Borcuk (Borcuk et al., 2024) as
network neighbors of SCZ risk genes, and previous SCZ TWAS (Gusev et al., 2018; Gandal
et al., 2018a; Collado-Torres et al., 2019; Huckins et al., 2019; Hall et al., 2020) (Table §;
Figure 16B).

Our analysis replicated many well-established SCZ associations, validating these pre-
dictions, while also identifying novel candidates (Figure 16B on the top). The coTWAS set
included 249 genes previously implicated in other studies, alongside 1,515 uniquely identified
genes, demonstrating the strength of trans-eQTL-driven modeling in capturing regulatory
effects missed by traditional cis-only methods. To enable a fair comparison with prior TWAS
analyses that primarily focused on cis-regulatory variation, we restricted the replication anal-
ysis to the 619 genes with a cis-predictor component across all brain regions. Within this
subset, we replicated 182 previously reported SCZ-associated genes and identified 437 novel
associations (Figure 16B, values shown in parentheses). Notably, the difference between the
total and cis-restricted overlaps indicates that 67 previously implicated genes were captured
exclusively through trans-based predictors in our framework. This observation underscores
the ability of co-expression-informed trans models to recover established SCZ-associated
genes that would have been missed by cis-based prediction alone, further demonstrating the
complementary value of modeling distal regulatory architecture in complex traits like SCZ.

Among the 249 cis + trans overlapping genes, a subset was consistently detected in at
least four independent studies (Figure 17A). Although this set of overlapping genes was not
significantly enriched for any gene ontology, key risk loci emerged across independent studies,

including ZNF804A, a well-replicated SCZ GWAS hit, as well as TSNARFEI and PCDHA
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family members (PCDHA2, PCDHA7, PCDHAS), implicated in synaptic connectivity and
adhesion. Figure 17B highlights the robustness of coTWAS, as fold-enrichment analysis
reveals a significant overrepresentation of recurrently identified genes across independent
studies. Notably, coT'WAS is the only method, apart from PGC approaches, to show a high
overlap Szymkiewicz Simpson coefficient with MR genes (Trubetskoy et al., 2022) (Figure

17C), emphasizing its ability to bridge transcriptomic and genetic risk analyses.
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Figure 17: Analysis of Gene Set Intersection and Enrichment Between coTWAS
Hits and SCZ-Associated Gene Sets. A) Presence/absence heatmap showing individual
genes (y-axis) across studies (x-axis). B) Fold-enrichment (x-axis) versus —log,,(FDR) (y-
axis) for the overlap between coTWAS and each gene set. The dashed line marks an FDR
significance threshold of 0.05. C) Matrix of Szymkiewicz—Simpson coefficients quantifying
pairwise proportional overlap among SCZ-associated gene sets.
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Summary. Our coTWAS analysis identified 1,764 significant gene associations with SCZ,
including 1,515 novel TWAS hits. These results underscore the value of incorporating gene
co-expression and trans-eQTL data into TWAS frameworks to uncover biologically mean-

ingful mechanisms underlying psychiatric disorders.

4.5 Discussion

Beyond Proximity: A Network-Based Perspective on TWAS. Traditional TWAS
approaches—whether at the gene (Gamazon et al., 2015; Zhang et al., 2019) or isoform
level (Bhattacharya et al., 2023)—have enabled the prioritization of genes at GWAS loci that
fall below genome-wide significance thresholds. These methods often implicate SNPs with
borderline p-values (5x 1078 < p < 1073), suggesting that enhanced power or complementary
methods can recover functionally relevant associations. Our coTWAS framework extends
this line of work by incorporating co-expression-informed models, developed in Study 1,
that redefine variant-to-gene mapping based on statistical association—rather than physical
proximity. This network-based strategy allows for the inclusion of both cis- and trans-eQTLs,

capturing regulatory effects across spatially distributed yet functionally cohesive genes.

Large-Scale Application and Gene Discovery in SCZ. We applied cis and trans
prediction models, developed in Study 1 (refer to Chapter 3 section 3.3.1) to 102,613 cases
and controls from the PGC3 collection (Table ST5), constituting a large transcriptomic
analysis of SCZ risk. Across six brain regions, we identified 1,764 significant associations
(Table 4; Figure 15), with 1,515 of these representing novel associations with SCZ (Figure
17B) in respect to previous studies (Gusev et al., 2018; Gandal et al., 2018a; Pardinas et al.,
2018; Collado-Torres et al., 2019; Huckins et al., 2019; Hall et al., 2020; Singh et al., 2022;
Trubetskoy et al., 2022; Borcuk et al., 2024). The significant overlap between genes identified
through coTWAS analysis and Mendelian Randomization (Trubetskoy et al., 2022) (Figure

17B; Figure 17E) underscores the relevance of coTWAS signals to putative causal pathways
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in SCZ. However, since both TWAS and MR share an instrumental variable framework and
rely on genetic instruments to infer transcript-trait relationships Yuan et al. (2020), their
overlap should not be viewed as an entirely independent validation. Rather, the convergence
across these methods highlights consistent genetic evidence pointing toward the involvement

of these genes in SCZ pathophysiology.

The Central Role of Trans-Regulation. A key aspect of our analysis involved the
examination of genes predicted exclusively by trans-models. Notably, 49.9% to 57.6% of
SCZ-associated genes were identified as exclusively trans-predicted across individual regions
(Figure S11B), emphasizing the importance of trans-regulatory effects in SCZ. Additionally,
32.5% to 40.7% of SCZ-associated genes were predicted by both cis and trans models across
regions (Figure S11B). The robust positive correlation between the coTWAS association
strength and the MAGMA Z-score for cis-derived predictions indicates direct and localized
control by cis-regulatory elements near the genes they regulate. Conversely, the lack of
significant correlation for exclusive trans-predictions (Figure S12) highlights the additional
insight available when using trans-eQTLs. In this scenario, integrating both cis and trans

models provides a more comprehensive understanding of genetic influences on SCZ.

Functional Enrichment Highlights Immune and Synaptic Pathways. GO enrich-
ment analysis on downregulated (8 < 0) coTWAS significant genes (Figure 17A) highlights
immune system regulation as the most significantly enriched functional category. The enrich-
ment of T-helper cell differentiation, CD4-positive T cell activation, and antigen presentation
via MHC class I and II suggests that adaptive immune processes are particularly susceptible
to the molecular effects set in motion by genetic risk for SCZ. It is important to note, how-
ever, that this enrichment characteristic is based on relatively reduced expression of these
immune components, suggesting that SCZ risk is not associated with immune activation.
In this respect, GO terms related to synapse organization and postsynaptic assembly align

with the crucial role of these processes in SCZ, this time not solely based on genetic proxim-
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ity but also including trans-eQTL evidence. Additionally, enrichment in cell adhesion, cell
motility, and junction assembly suggests disruptions in neuronal connectivity and immune

cell trafficking, more in general implicating cell-to-cell communication in SCZ pathology.

Cell-Type and Region-Specific Signals. Single-cell enrichment analyses revealed dis-
tinct patterns across brain regions and cell types. Excitatory neurons were upregulated in
the amygdala but downregulated in the dACC and hippocampus, consistent with altered cor-
tical-limbic communication. Oligodendrocyte (ODC1, ODC2) and astrocyte (ASC1, ASC2)
subtypes were consistently upregulated, suggesting myelination and glial support as poten-
tial contributors to SCZ pathology. Conversely, the downregulation of microglia (MG) in
the hippocampus and sACC may indicate impaired neuroimmune surveillance or aberrant
synaptic pruning functions.

These regional differences in cell-type signatures are further supported by the distri-
bution of cross-region correlations of coTWAS effect directions (Fig. S9). While many risk-
associated genes show consistent directionality across regions, a subset exhibit region-specific
effects. This heterogeneity likely reflects differences in cell-type composition, local regulatory
networks, and molecular pathways engaged within each brain area. Such region-dependent
effects may help explain why psychiatric disorders disproportionately affect certain neural
circuits, despite broad genetic overlap across conditions. They also suggest that genetic risk
mechanisms may act through distinct cellular contexts, with some genes exerting pathogenic
effects in one region while remaining neutral-—or even compensatory—in another.

From a methodological perspective, these findings underscore the importance of inter-
preting TWAS results in their regional context, as pooled analyses may obscure biologically
meaningful heterogeneity. Replication across multiple brain regions is therefore essential for
assessing the generalizability of signals. Integrative approaches such as MODULE, which
combine co-expression networks with region-specific information, provide a framework for

distinguishing shared from region-limited genetic effects. This regional perspective is also
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relevant for translational applications, where broadly shared pathways may support gen-
eral therapeutic strategies, whereas region-specific alterations could inform more targeted

interventions.

Alignment with Emerging Multi-Omic Findings. These functional enrichments are
further confirmed by region-specific expression changes in neuronal and glial populations
of significant coTWAS genes (Figure S14). Results implicate excitatory neuron dysregu-
lation—particularly upregulation in the amygdala and downregulation in the dACC and
HP—in SCZ risk, pointing to cortical-limbic integration. The consistent upregulation of
oligodendrocyte and astrocyte subtypes (ODC1, ODC2, ASC1, ASC2) underscores a possible
role for altered myelination and glial support mechanisms in SCZ, whereas downregulated
microglia (MG) in the HP and sACC could signal diminished neuroimmune or synaptic-

pruning functions.

Revaluating the Role of Microglia. Notably, recent studies support the notion that
SCZ arises from both neuronal and non-neuronal perturbations across multiple brain re-
gions. Our data again highlight that association varies by brain region, just as it has been
shown to vary by cell type/state (Skene et al., 2018). Large-scale single-cell transcriptomic
consortia have shown that excitatory neurons exhibit pronounced disease-associated expres-
sion changes (Gandal et al., 2018a), paralleling our results. Moreover, the upregulation
of oligodendrocyte-related genes in SCZ revealed by various genomic and transcriptomic
analyses (Tkachev et al., 2003; Ripke et al., 2014) emphasizes the importance of myelin in-
tegrity and white-matter function, mirroring our observation that oligodendrocyte subtypes
are upregulated in the dACC. Similarly, the astrocyte dysregulation noted in our HP data
aligns with evidence that compromised glial support for synapses and metabolic regulation
contributes to SCZ risk (Bernstein et al., 2024).
Immune-focused genomic studies (Sekar et al., 2016) have long implicated microglia—central

regulators of synaptic pruning—in SCZ etiopathology. In our findings, microglial downreg-
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ulation in the HP and sACC does not entirely support the prevalent hypothesis of the role
of activated microglia in SCZ, either in terms of immune activation or in microglia initiated
synaptic pruning (Sekar et al., 2016; Notter and Meyer, 2017; Birnbaum and Weinberger,
2020). We observe both upregulated and downregulated immune cell types—consistent with
prior studies (Birnbaum and Weinberger, 2020). A key limitation of our analysis is that
we are investigating bulk tissue, which may obscure cell-type-specific expression changes.
Although certain genes are preferentially expressed in certain cell types, the eQTL effects we
measure may also depend on their expression in other cell types, hence entangling attempts

to parse out cell specificity purely based on computational approaches.

Limitations

Despite the strengths of this study, several limitations must be acknowledged. First, the
predictive models used for gene expression imputation were trained on a relatively small
number of postmortem brain samples. Prior work has shown that larger training sets are
crucial for improving model performance and stability in TWAS frameworks (Gamazon et al.,
2015; Fryett et al., 2020). To mitigate this issue, we validated model generalizability using
an independent testing framework described in Study 1.

Second, our analyses were based on bulk tissue transcriptomic data, which cannot re-
solve cell-type-specific regulatory effects. Although we performed cell-type enrichment using
external single-nucleus datasets, future work incorporating larger-scale single-cell eQTL re-
sources (Batiuk et al., 2020; Jaffe et al., 2020; Ruzicka et al., 2024) could significantly enhance
the resolution of trans-regulatory mechanisms and improve interpretability.

Third, the study did not model sex-specific gene expression effects. Given known sex
differences in gene regulation and disease vulnerability in SCZ (Brown, 2011; Hoffman et al.,
2022), stratifying by sex could reveal important biological differences. However, doing so
would have substantially reduced the sample size available for model training and analysis,

thereby reducing statistical power.
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Fourth, the genetic analyses were limited to individuals of European ancestry. This
decision was driven by the ancestry composition of the PGC3 cohorts, which are predomi-
nantly European. While this ensures population homogeneity, it limits the generalizability
of our findings across ancestries. Expanding this framework to diverse populations remains
a critical future direction.

Finally, although we applied stringent imputation and quality control protocols, reliance
on genotype imputation introduces uncertainty, particularly in regions of low coverage or
rare variant density. This may impact both the detection of significant associations and

downstream biological interpretation.

Future Perspectives: Reducing False Positives and Improving Repli-
cability

An important next step will be to extend the coTWAS framework with additional procedures
aimed at reducing false positives and improving the robustness of discoveries. One promising
direction is the implementation of locus-based conditional analyses, such as those described
by Huckins et al. (2019), in which the genome is partitioned into independent windows and
associations within each locus are tested conditionally. This approach would help disentangle
correlated signals, reduce redundancy, and yield a set of associations that more faithfully
reflect independent biological effects.

In parallel, replication strategies across contributing cohorts can be developed to evaluate
the stability of associations in the absence of equally powered external datasets. For example,
leave-one-site-out analyses across the PGC3 cohorts could provide empirical measures of
replicability by testing whether associations remain consistent in direction and effect size
when subsets of cohorts are held out. While conservative, such strategies would allow us to
distinguish highly stable signals from those more sensitive to sample composition.

Integrating these methodological extensions into the coTWAS pipeline will be an im-

portant direction for future research, ensuring that novel transcriptome-wide associations
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represent not only statistically significant but also replicable and biologically meaningful

signals.

Conclusion

Our results confirm that gene expression imputation based on biological network priors,
rather than solely on local genotype, adds interpretive value to genetic association stud-
ies. This approach complements GWAS and PRS by prioritizing mechanistically informed,
transcript-level associations. Moreover, our cell- and region-specific findings reinforce the
idea that SCZ involves a broad interplay between synaptic signaling, glial support, immune
modulation, and vascular integrity.

Taken together, this chapter advances the notion that co-expression structure and trans-
heritability are key to interpreting the distributed genetic architecture of SCZ. These findings
underscore the importance of network-informed models in complex disease genomics and lay
the groundwork for their application in future multi-omic and precision psychiatry frame-

works.
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Chapter 5

Study 3: Prediction of Behavioral Traits
from Genetically Regulated Brain Ex-

pression

5.1 Introduction

Antisocial behaviour refers to a broad range of actions that violate social norms and harm
or infringe upon the rights of others (Tuvblad and Beaver, 2013). Antisocial behaviour rep-
resents a serious clinical and public health concern, given its links to criminality, psychiatric
disorders, and significant societal costs (Romeo et al., 2006). Impulsivity, defined as the
tendency to act on urges without forethought or consideration of consequences, is a central
trait in antisocial behaviour Patton et al. (1995); Moeller et al. (2001); Bakhshani (2014)
and will be a focal construct in this study. Individuals with antisocial tendencies often ex-
hibit elevated impulsivity, which is thought to predispose them to aggressive or rule-breaking
behaviours (Bezdjian et al., 2011). In fact, subtypes of antisocial behaviour that are more
aggressive (and typically more impulsive) show especially high heritability (approximately

65% genetic influence) compared to less aggressive rule-breaking (approximately 48%) (Burt,
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2009). Both genetic and environmental factors contribute to the risk for impulsivity. Twin
and adoption studies indicate that roughly half of the variance in antisocial outcomes is
attributable to genetic influences (Rhee and Waldman, 2002; Burt, 2009), and meta-analytic
evidence confirms that impulsivity itself is moderately heritable, with approximately 45%
of variation explained by genetics (Congdon and Canli, 2008). The remaining variation in
impulsivity is largely due to non-shared environmental factors—experiences unique to the in-
dividual (Rhee and Waldman, 2002). Moreover, genes and the environment work in tandem:
genetic predispositions can shape one’s exposure to environmental risks (for instance, child
genes can evoke parenting behaviours that influence the child’s impulsivity and antisocial
outcomes) (Kendler and Baker, 2007). This gene—environment interplay implies that the
development of impulsive tendencies—and by extension antisocial behaviour—arises from a
complex interaction between hereditary factors and life experiences (Moffitt, 2005; McAdams
et al., 2013).

While both genetic and environmental factors shape impulsivity and antisocial behaviour,
this Chapter focuses specifically on the genetic underpinnings of impulsivity. It exam-
ines whether genetically imputed brain expression profiles—developed using co-expression-
informed modeling (Chapters 3)—can predict individual differences in impulsivity. Impul-
sivity is assessed using the Barratt Impulsiveness Scale (BIS-11) (Patton et al., 1995), which
captures cognitive, motor, and non-planning dimensions, each showing modest but signifi-
cant heritability (Congdon and Canli, 2008). These impulsivity traits have been consistently
linked to antisocial behaviour, substance use, and a range of psychiatric disorders (Moeller

et al., 2001), underscoring the relevance of investigating their genetic basis.

Study Overview and Rationale. Building on the coTWAS framework introduced in
Chapter 4, this exploratory study applies machine learning (ML) pipelines to predict Barratt
Impulsiveness Scale (BIS-11) scores in a high-risk forensic cohort of incarcerated adult males

from correctional facilities in New Mexico (see the Data Overview section for cohort details).
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The analysis leveraged postmortem brain-derived GReX models across six anatomically
distinct regions developed in Chapter 3. Predictions were generated from genotype data
using models that integrated both cis- and co-expression-informed trans-eQTL information.

The central aim was to test whether GReX—grounded in biologically meaningful, co-
expression-informed predictors—could generalize to a highly complex, environmentally sen-

sitive behavioral phenotype such as impulsivity.

Modeling Strategy and Analytical Framework. To assess predictive potential, the

study employed a ML pipeline framed in a nested cross-validation strategy, incorporating;:

e Multiple feature selection techniques,
e Hyperparameter optimization,

e Comparison of three distinct ML algorithms: random forest (RF), eXtreme Gradient

Boosting (XGBoost), and support vector machines (SVM).

These models were selected to represent a spectrum of ML paradigms commonly applied
to complex, high-dimensional datasets: RF as an ensemble of decision trees robust to over-
fitting and capable of modeling complex feature interactions; XGBoost as a highly efficient,
regularized variant of gradient boosting known for capturing subtle, nonlinear patterns; and
SVM as a margin-based algorithm well-suited for high-dimensional, small-sample problems.
Together, these algorithms were chosen to capture both linear and nonlinear relationships

between genetically imputed expression scores and impulsivity traits.

Preview of Results and Interpretation. This chapter examines the feasibility of pre-
dicting individual differences in impulsivity using GReX. The predictive performance of the
models was limited, consistent with the modest heritability of impulsivity—approximately
half that of more genetically influenced traits such as SCZ (see Chapter 2, Section 2.2.1)—and

the behavioural complexity of the phenotype.
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The findings of this study illustrate several well-established statistical and biological
challenges, including the curse of dimensionality inherent to transcriptome-based prediction,
limited statistical power due to the small sample size (approximately two orders of mag-
nitude smaller than large-scale psychiatric GWAS), and the likely influence of unmeasured
environmental and developmental factors. It remains unclear whether the limited signal
reflects a fundamental constraint of GReX in modelling behaviourally complex traits, in-
sufficient genetic variation in the present sample, or limitations in the operationalisation of
impulsivity.

Rather than demonstrating successful prediction, this Chapter provides a boundary anal-
ysis: it outlines the current limitations of our GReX-derived scores, given the present data
scale, phenotype definition, and modeling approach, in capturing behavioural phenotypes,
and identifies key design considerations for future research. By systematically mapping where
and why predictive failure occurs, this study offers insights for the design of future efforts
seeking to extend genomically anchored prediction frameworks into the realm of behavioural

and psychiatric phenotypes.

5.2 Data Overview

This study uses data obtained through an institutional research collaboration between the
University of Bari (UNIBA), the University of Pisa (UNIPI), and the Mind Research Network
(MRN), a U.S.-based neuroscience consortium affiliated with the University of New Mexico
(https://www.mrn.org/). The partnership enabled access to a large-scale forensic dataset
comprising behavioral and genomic data from /<985 white adult male inmates (age: 35 +
10 years), along with those of 168 white adolescent males in reeducation facilities (age: 17.0
+ 1.1 years). Each participant contributed a DNA sample and completed standardized

psychometric assessments.
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5.2.1 Cohort Construction

Initial Dataset and Study Population. Genome-wide genotyping and initial quality
control of DNA samples were conducted by UNIPI (see Appendix D.1 for details).
Subsequent genotype processing and quality control were performed at UNIBA following
the same protocol used in Study 1 (Chapter 3) and Study 2 (Chapter 4), ensuring method-
ological consistency across studies. Additional details are provided in Appendix D.1.

The final quality-controlled cohorts consisted of:

e 605 adult males

e 98 adolescent males

After all filtering steps, the resulting dataset comprised 4,894,072 high-quality genotyped

variants.

Inclusion and Exclusion Criteria. To ensure data integrity, biological plausibility, and
adequate statistical power, we further applied a series of filters based on demographic
and sample characteristics—including age, sex, genetic ancestry, and phenotypic complete-
ness—to construct the final analytic sample. These criteria were selected based on both

theoretical relevance and empirical considerations:

e Adults: The study aimed to investigate impulsivity and antisocial traits in an adult
population, where such behaviors are more stable and diagnostically relevant. Ex-
cluding individuals under 18 reduced developmental heterogeneity, as impulsivity and

personality traits are subject to maturational changes during adolescence.

¢ Biologically male: All analyses were restricted to participants assigned male at birth
to reduce sex-related variability in gene expression regulation and behavioural pheno-
type expression. Prior research has documented significant sex differences in impulsiv-
ity, neurodevelopment, and antisocial behaviour (Weinstein and Dannon, 2015), which

could introduce confounding effects if not accounted for.
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e Availability of complete BIS-11 total scores: The BIS-11 scale served as the
primary outcome variable for the study. Individuals with missing total scores were
excluded to prevent bias in model training and evaluation, and to ensure consistency

in phenotype measurement across the sample.

After applying these criteria, the final analysis sample comprised N = 468 adult male

individuals.
Variable Mean (SD) Range
Age (years) 35.1 (9.7) 19-65
(8) 97.4 (13.8) 66131
BIS-11 Total Score 70.0 (11.1) 44-102
Attentional 17.7 (4.0) 8-30
Motor 25.4 (4.6) 14-40
Non-planning 28.7 (5.0) 12-43
PCL-R Total Score 20.2 (6.6) 3.2-37.9
Factor 1 (Affective) 5.6 (3.3) 0-15
Factor 2 (Deviance) 12.4 (3.8) 0-20
BSMSS Education Score 11.6 (2.7) 5.0-18.5
BSMSS Occupation Score 20.8 (6.8) 5.0-40.0
Ethnicity Hispanic (non-Hispanic) 52% (48%)
Sex at Birth Male 100%

Table 5: Demographic and Psychometric Characteristics of Final Analysis Sample
(N = 468).
5.2.2 Phenotypic Measures

Primary Behavioral Phenotype Impulsivity was assessed using the BIS-11, one of the

most widely used and validated instruments for measuring trait impulsivity in both clinical
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and forensic populations. The BIS-11 is a 30-item self-report questionnaire that yields a total
score and three subscale scores reflecting distinct facets of impulsivity (Figure 18 shows scores

distribution):

e Attentional impulsivity - BIS factor 1 — Difficulty in focusing and cognitive in-

stability (e.g., "I get easily bored when solving thought problems™).

e Motor impulsivity - BIS factor 2 — Acting without thinking or the inability to

inhibit behavioral responses (e.g., "I act on the spur of the moment”).

e Non-planning impulsivity - BIS factor 3 — A lack of future orientation or fore-

thought (e.g., "I am more interested in the present than the future”).

Each item on the BIS-11 is rated on a 4-point Likert scale, which captures the re-
spondent’s level of agreement with impulsivity-related statements. The scale ranges from
”Rarely/Never” to ” Almost Always/Always,” providing an ordinal measure of trait impul-
sivity without offering a neutral midpoint. Scores range from 30-120 with higher scores
reflecting greater impulsivity. In the present study, the BIS-11 total score-the sum of each
subscale-was used as the primary continuous outcome variable in all predictive models due

to its reliability, psychometric validity, and direct relevance to antisocial behaviour.
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Figure 18: Density plots of key psychometric and demographic variables in the
adult inmate sample (N = 468). Variables include impulsivity scores (BIS-11 total
and subscales), socioeconomic status (BSMSS), cognitive ability (IQ), empathy traits (IRI),
retrospective parenting measures (MOPS), and psychopathy dimensions (PCL-R). All scores
were assessed using validated instruments. Distributions highlight individual differences in
behavioral phenotypes and their potential variance structure for modeling.

Additional Psychometric Instruments Several additional behavioral and cognitive in-
struments were available. Although not directly used in the modeling pipeline due to missing
data (Table 6), these measures provide important contextual information about participants’

developmental and psychological profiles:

e Psychopathy Checklist—Revised (PCL-R) — A clinician-administered 20-item rat-
ing scale assessing core psychopathic traits across two factors: interpersonal/affective
features (Factor 1) and antisocial lifestyle/deviance (Factor 2). The PCL-R is a gold-

standard measure of psychopathy, frequently used in forensic risk assessments.

e Interpersonal Reactivity Index (IRI) — A 28-item self-report scale designed to

assess components of empathy, including both cognitive and affective dimensions. The
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IRI includes subscales such as Perspective Taking, Empathic Concern, Personal Dis-

tress, and Fantasy.

e Measure of Parental Style (MOPS) — A retrospective self-report measure that
captures recalled parenting behaviour and childhood emotional experiences. It assesses
perceptions of parental neglect, overprotection, and abuse, offering insight into early

environmental adversity.

e Barratt Simplified Measure of Social Status (BSMSS) — Provides indices of
socioeconomic status based on self-reported education and occupation. It includes
separate subscales for the participant’s education level and that of their parents, offer-

ing a broad index of developmental social background.

e Estimated IQ — Intelligence was assessed using an abbreviated version of the Wechsler
scales or a comparable validated screener, providing a general estimate of cognitive

functioning for descriptive characterization.

Table 6: Missingness Summary for All Variables

Variable Missing Count Missing (%)
BSMSS Education Score 238 51.0
BSMSS Occupation Score 238 51.0
PCL-R Total Score 43 9.1
IRI Total Score 82 0.18
MOPS Total Score 295 63.0
1Q 3 0.6
Age, Ethnicity, Sex 0 0.0

To preserve sample size, only age and ethnicity were retained as covariates. Ethnicity

was encoded as a binary variable (Hispanic vs. non-Hispanic).
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5.2.3 Predictors: Genetically Regulated Expression

Gene-level predictors for this study were derived from GReX, imputed directly from indi-
viduals’ genotype data using predictive models developed and benchmarked in Chapter 3.
These models estimate individual-level expression profiles by leveraging statistical associa-
tions between genetic variation and transcriptomic activity observed in postmortem brain
tissues.

Specifically, we applied four complementary gene expression prediction frameworks to the
high-quality genotype data from the adult inmate sample: CIS, EPiXCcAN, INGENE, and
MODULE (see Chapter 3, Section 3.3.1 for methodological details, and Appendix D.2 for
gene-expression imputation protocol). Briefly, CIS and EPIXCAN models capture local (cis)
regulatory effects, whereas INGENE and MODULE incorporate network-based approaches
to model distal (trans) regulation through co-expression-informed priors. All models were
originally trained on transcriptomic data from six neuroanatomically distinct brain regions,

enabling both region-specific and integrative prediction strategies.

5.3 Methods

5.3.1 Regional and Combined Modeling Strategies

Two complementary modeling configurations were implemented:

e Region-specific models: Used GReX features from a single brain region to predict

BIS-11 total scores, allowing localized evaluation of transcriptomic signals.

e Combined-region models: Concatenated residualized features from all six brain

regions to create a high-dimensional integrative predictor matrix.

This dual approach enabled the assessment of whether integrating transcriptomic infor-

mation across regions enhances predictive accuracy via potential synergistic effects. The
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number of predictors for each configuration is reported in Table 7.

Table 7: Number of Genes Imputed per Brain Region

Brain Region Number of Genes

All Regions 113,655
Amygdala 19,123
CN 19,440
dACC 17,997
DLPFC 19,847
HP 18,897
sACC 18,363

5.3.2 Machine Learning Pipeline

To model inter-individual variation in impulsivity, we implemented a robust and interpretable
ML pipeline. The framework incorporated nested cross-validation, stratified data partition-
ing of the outcome variable, multi-step feature selection, and algorithm-specific hyperparam-
eter optimization across three regressors: RF, XGBoost, and SVM. Modeling was conducted

independently for each brain region and for the combined multi-region feature set.

Nested Cross-Validation Strategy

A 4-fold nested cross-validation scheme was employed. In each outer fold, 80% of the
data were used for model training and 20% were held out for evaluation. Internal folds were
used for feature selection and hyperparameter tuning. Stratification based on BIS-11 score
quantiles ensured consistent outcome distributions across folds.

Feature preprocessing involved first removing genes in the bottom 5% of variance across
individuals to eliminate low-information features. The remaining gene expression values were

then centered and scaled to have zero mean and unit variance. The outcome variable was
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similarly z-scored within each training fold to ensure that both predictors and outcome were

standardized to a comparable scale.
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Figure 19: Simplified ML pipeline overview. Inner folds are used for algorithm tuning
(RF, XGBoost, and SVM), followed by final model training on the outer training set and
evaluation on the held-out outer test set.

Feature Selection Benchmarking

Feature selection was embedded within the training phase of each outer fold using a dedicated

benchmarking routine. Four selection strategies were tested:
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e Correlation Filtering: Features were selected based on statistically significant cor-

relations (p < 0.05) with the outcome.

e Boruta: A wrapper-based method relying on random forest importance to iteratively

filter features (Kursa and Rudnicki, 2010).

e Combined Pipeline: Features were first filtered by correlation, then further refined
using the Boruta algorithm, followed by redundancy pruning (removing highly corre-
lated pairs, r > 0.8); within each correlated pair, the feature with lower variance across

individuals was discarded.

Each method was evaluated across three feature subset sizes (1%, 2%, and 5% of all
genes) to assess whether progressive integration of predictors improved model accuracy.
Performance at each subset size was assessed using an internal 80/20 train/test split within
the training fold. For each configuration, we trained a RF model on the selected features
and calculated the coefficient of determination R? on the 20% split. The features selected
by the method and percentage with the highest predictive performance were retained and
used in the main modeling phase.

This systematic benchmarking allowed us to identify the most informative and least
redundant subset of features per fold, enabling fold-specific adaptation to the complexity

and structure of the data.

Algorithm Tuning

Hyperparameter grids were selected to balance model complexity, generalizability, and com-
putational feasibility given the high-dimensional, low-sample-size structure (p > n) of the
predictive data. Because the number of gene expression predictors far exceeded the num-
ber of observations, tuning parameters were designed to promote regularization, prevent

overfitting, and encourage robust learning:
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e For RF, smaller mtry values (e.g., \/p, p/3) and constrained min.node.size settings

(1, 5, 10) were used to limit model complexity and reduce variance.

e For XGBoost, low learning rates (eta € {0.01,0.05,0.1}) and shallow trees (max.depth
€ {2,3}) encouraged conservative, incremental learning suited to high-dimensional

spaces.

e For SVM, tuning the C and epsilon parameters controlled the trade-off between margin

maximization and model flexibility, promoting generalization in a sparse feature space.

Overall, the hyperparameter choices reflected the need to manage model capacity and
avoid overfitting in a predictive setting dominated by far more features than available samples

(see Appendix D.2 for a detailed description of tuning parameters and their rationale).

5.3.3 Performance Evaluation

Model predictions were generated for held-out outer folds and aggregated to evaluate overall
performance. For each outer fold, the following metrics were computed separately on the

training and test sets:

e Root Mean Squared Error (RMSE): quantifies the average magnitude of predic-

tion errors, giving greater weight to large deviations.

e Mean Absolute Error (MAE): measures the average absolute difference between

predicted and observed scores, offering a robust alternative to RMSE.

e Coefficient of Determination (R?): indicates the proportion of variance in the

outcome explained by the model:
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e Adjusted R*: provides a bias-corrected measure of model fit by accounting for the
number of predictors. In this study, adjusted R? was extracted directly from the
output of a linear model (1m() function in R) regressing observed scores on predicted
scores within each outer test fold. This approach ensures that the penalty for model

complexity is based on the effective degrees of freedom in the held-out data.

All metrics were averaged across the outer folds to obtain global performance estimates.

5.4 Results

5.4.1 Feature Selection Benchmarking: Maximizing Signal in The

Presence of Uncertainty

Given the high dimensionality of the predictor space and the expected weak associations
with the behavioral outcome, the first analysis step benchmarked different feature selection
strategies. Pseudo-validation performance was estimated for each feature selection method
using a RF trained on an internal 80/20 split, and the best-performing subset was retained.

Although this internal split introduces optimistic bias—since feature selection was per-
formed on the full fold prior to splitting—it provided a controlled framework for comparing
feature selection strategies. Importantly, these results informed method selection only; final
model performance was evaluated separately on the outer test fold, which remained fully
independent of feature selection and tuning.

To further illustrate how each method filtered the data, Figure 20 shows the reduction in
feature count across selection steps for one representative cross-validation fold (Fold 1), using
features from all six brain regions combined. This setup tested the maximum dimensionality
context in our framework, providing a stringent benchmark for feature selection strategies.
Starting with 1,425 features from correlation filtering, Boruta independently selected 42

features, while the combined correlation-Boruta approach retained 64 predictors.
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Overall, the figure highlights the challenge of stable feature selection in high-dimensional
gene expression data and the benefits of layered filtering strategies for managing noise and

sparsity.
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Figure 20: Feature Count Across Selection Steps (Fold 1). Feature selection was
performed on the combined predictor space from all six brain regions. Correlation filtering
(blue bar) initially retained 1,425 features, Boruta alone (green bar) selected 42 features,
and the combined correlation-Boruta approach (red bar) retained 64 features. This figure,
based on Fold 1, is representative of the general patterns observed across cross-validation
folds. It illustrates the divergence between feature selection methods in high-dimensional
transcriptomic data and the stringency achieved through multi-step filtering strategies.

Following feature selection, model performance was evaluated in two stages to assess
predictive utility and generalization. Figure 21A shows the pseudo-validation R? obtained
from the inner 80/20 split within each outer training fold, used to benchmark different fea-
ture selection strategies during internal model tuning. After identifying the best-performing
feature subset, models were retrained on the full outer training fold and evaluated on the
corresponding held-out test set, as shown in Figure 21B. For completeness, performance on
the full outer training fold is also reported, allowing direct comparison between training and
testing behaviour and assessment of potential overfitting.

The results, summarized in the diagnostic plots for each fold (Figure 21), reveal several

critical patterns:
e Limited predictive power even within training folds. The variance explained by
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the selected features—even when evaluated within the training fold—was generally low.
Pseudo-validation R? values rarely exceeded 0.25 (Figure 21A), indicating that, even
under favorable conditions, retained features offered limited predictive utility. This
highlights the inherent difficulty of modeling impulsivity from transcriptomic data,
where true signal is likely weak, sparsely distributed across genes, and potentially
sensitive to sample characteristics such as environment, developmental stage, or tissue

specificity.

Poor generalization to unseen data. Final performance on the outer test folds—the
truly held-out data—was uniformly poor across all folds and models. As shown in the
predicted-vs-actual plots (Figure 21B), test set predictions (yellow lines) were nearly
flat, indicating a failure to capture individual-level variation and a tendency to predict
values close to the sample mean. This pattern indicates that models, despite fitting
the training data to varying degrees, failed to generalize and produced non-informative

predictions on unseen data—a sign of overfitting.

Algorithm- and feature selection—specific behaviors. Distinct patterns emerged
depending on the feature selection strategy. In folds where correlation filtering was se-
lected (Figure 21A), training R? values often approached 1 (Figure 21B, blue lines),
suggesting near-perfect in-sample fit driven by spurious noise structures. Correlation-
based filtering, while efficient, likely captured many spurious linear associations, in-
flating in-sample performance. In contrast, when more stringent methods such as
Boruta or the combined correlation-Boruta approach were used, training performance
dropped considerably. Under these conditions, algorithm-specific variability became
more evident: particularly, SVM and XGBoost showed greater fluctuations in training
performance, likely due to their higher sensitivity to sparse feature spaces. While these
algorithms are capable of modeling complex nonlinear relationships, this flexibility can

lead to overfitting and instability when the underlying signal is weak or poorly defined.
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Figure 21:

Selection Method

Feature Selection and Model Performance Across Cross-Validation

Folds. Each row represents one outer CV fold (1-4), with plots showing (left to right): (i)
R? scores on the pseudo-validation (inner 80/20 split) for each feature selection method, (ii)
SVM performance on training and outer test folds, (iii) Random Forest (RF) predictions, and
(iv) XGBoost predictions. Bars in the selection plots reflect the highest R? achieved for each
method and feature subset size. The predicted vs. true scatter plots show model performance
on both training and test sets, with blue lines for training and orange for test. Note the near-

horizontal

alignment of test predictions in many cases, indicating the model’s tendency to

regress to the mean—a hallmark of overfitting. SVM and XGBoost exhibit more fluctuation
in training fit compared to RF, especially when conservative feature selection methods are

used.
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Taken together, these findings illustrate the core challenge of this modeling task: strik-
ing a balance between selecting informative features and preventing overfitting in a regime
dominated by noise and weak signal. Correlation-based filtering frequently resulted in high
in-sample performance, but this came at the cost of poor generalizability, indicating clear
overfitting. More conservative approaches reduced overfitting to some extent but also led to
substantial drops in apparent accuracy, highlighting the difficulty of identifying predictive
signal under these conditions. Overall, none of the strategies fully overcame the trade-off
between model fit and generalization.

Given the challenges outlined above, modest predictive performance across folds was
anticipated; nevertheless, we systematically report model outcomes to capture the structure

of model behaviour and failure modes.

5.4.2 Model Performance Across Brain Regions and Algorithms

All-Region Model Performance As shown in Figure 22, models trained on features
concatenated across all brain regions consistently achieved near-perfect performance on the
training folds, particularly for XGBoost (R* ~ 1) and SVM (R? > 0.9), albeit with high
MAE and RMSE values. This highlights a clear overfitting issue, where models captured

structure in the training data but failed to generalize.
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Figure 22: Model Performance Using All Brain Regions. Barplots show the training
(left) and testing (right) performance metrics across: RF, SVM, and XGB. Metrics include
adjusted R?, r2, R?, MAE, and RMSE. Training scores for SVM and XGBoost reach near-
perfect levels, indicative of overfitting, while testing performance is uniformly poor across
all metrics and models.

On the outer test folds—the true measure of generalizability—all three models displayed
extremely poor predictive performance. Adjusted R? values hovered near zero or dipped into
the negative range for all algorithms, with the strongest performer (SVM) achieving only a
marginal adjusted R? ~ 0.005. Similarly, the R? values for the test set were negative across
all algorithms, indicating that predictions were worse than simply using the mean outcome
as a baseline. While SVM showed a slightly stronger correlation structure (r* > 0.01), the
practical effect was negligible, and performance remained insufficient for any substantive
behavioral prediction.

We further explored whether restricting predictors to individual brain regions might en-

hance performance; however, no substantial gains were observed (see Appendix, Figure S15).
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Permutation Testing. To assess whether the modestly positive (though near-zero) test
set metrics could reflect any real predictive signal—or were simply artifacts of model com-
plexity and overfitting—we conducted permutation testing. For each algorithm, the target
outcome was randomly shuffled 100 times, and the models were retrained and re-evaluated
using the same pipeline. The distribution of test set performance under these null conditions

was then compared to the observed results.
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Figure 23: Permutation Testing for All-Region Models. Distribution of adjusted R?
and R? values across 100 permutations of the BIS outcome. Vertical red lines indicate
the actual (unpermuted) performance. P-values reflect the proportion of permuted values
exceeding the performance observed.

As shown in Figure 23, the observed R? and adjusted R? scores for all models fell
well within the distribution of permuted outcomes. The corresponding permutation p-
values—0.30 for RF, 0.28 for SVM, and 0.55 for XGB on adjusted R*—confirm that model
performance was not significantly better than chance. This further corroborates the interpre-
tation that this pipeline could retrieve no predictive signal from the transcriptomic features

for impulsivity in this dataset.
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Summary. Despite employing standard cross-validation procedures and extensive algo-
rithm tuning, none of the models achieved meaningful out-of-sample predictive performance.
These results suggest that the current modeling setup failed to prevent overfitting, likely due
to both the high dimensionality and noise inherent in the transcriptomic data and the lim-
ited sample size. Moreover, the cross-validation design was fixed and not systematically
varied; alternative folding schemes—such as double-nested leave-one-out or two-fold strate-
gies—were not explored. As a result, the analysis does not capture how different levels of
overfitting susceptibility might influence generalization performance.

Taken together, these findings reinforce the difficulty of predicting impulsivity, as mea-
sured by the BIS-11 questionnaire in this high-risk forensic cohort, from static gene expression
proxies. The observed limitations highlight not only the sparsity and weak signal typical of
behavioural phenotypes, but also the need for more robust validation strategies to quantify

and mitigate overfitting in small-sample, high-dimensional settings.

5.5 Discussion

The results of this study underscore the substantial challenges in predicting antisocial traits,
proxied here by BIS-11 impulsivity scores, from genetically inferred brain transcriptomic
data. Despite a careful modeling pipeline incorporating nested cross-validation, feature
selection, and multiple machine learning algorithms, out-of-sample predictive performance
remained consistently poor. These findings point to several methodological and concep-
tual limitations that help contextualize the negative results and provide direction for future

research.

Predictive Signal and Dimensionality Challenges. First and foremost, the weak per-
formance across models is attributable in part to the high dimensionality of the feature space
relative to the sample size. The predictive models indeed operated on hundreds to thou-

sands of predictors in a dataset with fewer than 500 individuals. In such high-dimensional
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settings, even small statistical noise or technical variation—whether in feature selection or
in the prediction of individual-level scores—can be amplified, resulting in models that overfit
the training data while failing to generalize (Huynh et al., 2020).

Furthermore, the pseudo-validation step showed that even under optimistic conditions,
where features were selected using the full training fold, the variance explained by these
features rarely exceeded 20-25% (Figure 22A). The difference in feature counts between
Boruta alone and the combined approach offers important methodological insights. Corre-
lation filtering likely captures a broad range of linear associations with the outcome, includ-
ing many spurious signals, which explains the initially high number of selected genes. In
contrast, Boruta—designed to identify features with robust importance relative to random
noise—may struggle to confidently classify predictors as important in a sparse and noisy
transcriptomic setting, where signal-to-noise ratios are low. As a result, Boruta alone yields
a more conservative, smaller feature set. Combining correlation filtering with Boruta reduces
the predictor space before applying significance testing, likely improving Boruta’s ability to
distinguish relevant features and yielding a slightly larger but still stringently filtered subset.

Furthermore, when applied to unseen data, predictive performance dropped to near-
zero (Figure 22B), with predicted values clustering tightly around the sample mean. This
outcome may reflect the instability of feature selection under high noise, the sparsity of
truly informative features for the behavioural phenotype in question, or a combination of

both (Gupta and Gupta, 2019).

Limitations of GReX in Behavioral Prediction. This work also highlights the limited
translational value of GReX when applied to complex behavioral traits like impulsivity.
GReX models, trained in postmortem datasets using transcriptomic-genomic associations,
capture only the genetically driven portion of expression (Gamazon et al., 2015). While this
framework has shown utility in linking genes to disease risk (Gusev et al., 2018; Gandal

et al., 2018a), it may be insufficiently nuanced to capture the dynamic, environmentally
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modulated, and context-sensitive mechanisms underlying behaviour at the single individual
level.

Antisocial behaviour and impulsivity are particularly multifactorial, influenced not only
by genetic predispositions but also by environmental, developmental, and psychosocial fac-
tors (Raine, 2002; McAdams et al., 2013). The BIS-11 questionnaire, while validated and
widely used (Patton et al., 1995), captures self-reported impulsivity across cognitive, mo-
tor, and non-planning dimensions—all heavily shaped by sociocultural context (Tuvblad and

Beaver, 2013).

Low Heritability of Trait-Level Antisocial Behaviour. A central limitation of this
predictive framework stems from the nature of the outcome trait itself. Impulsivity—assessed
in this study using scores from the self-report BIS-11 questionnaire—is not strongly herita-
ble. Twin studies estimate that genetic influences on impulsivity-related traits are modest,
typically ranging from 30-40% (Rhee and Waldman, 2002; Burt, 2009; Congdon and Canli,
2008), with even lower estimates reported for self-reported measures like the BIS-11. No-
tably, these heritability estimates reflect both additive and non-additive genetic effects. In
contrast, predictive models based on common SNPs and eQTL-derived features are restricted
to capturing additive genetic variance, which represents only a subset of the total heritable
signal captured by twin designs. This mismatch between broad-sense heritability and the
additive-only nature of SNP-based models inherently limits the upper bound of predictive
accuracy. Consequently, the overall predictive ceiling of any GReX-based approach for impul-
sivity—as operationalized in this study—is constrained by the modest genetic architecture
of the trait.

Unlike traits such as SCZ, which benefit from relatively well-characterized polygenic ar-
chitectures and large-scale genomic studies (Sullivan et al., 2003; Trubetskoy et al., 2022), the
genetic underpinnings of antisocial behaviour—and related traits like impulsivity—remain

less well understood. It is possible that their genetic architecture involves more complex
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gene—environment interplay, context-specific regulatory mechanisms, or influences beyond
the scope of GReX models, such as post-transcriptional regulation or epigenetic effects (Gu-
loksuz et al., 2019; Schoeler et al., 2019). However, the relative contributions of rare variants
or non-genetic factors to these traits remain to be clarified and cannot be inferred from the

present data.

Cohort and Phenotyping Constraints. Several cohort-specific limitations may have
contributed to the limited predictive performance observed. The sample—adult males in-
carcerated in North America—represents a unique and highly heterogeneous population in
terms of environmental exposure, cultural background, and genetic diversity. Although ge-
nomic eigenvectors were included to control for ancestry, subtle population stratification may
still have influenced results (Gurdasani et al., 2019).

Furthermore, impulsivity was assessed using the BIS-11, a self-report measure that is
subject to response biases—particularly in forensic contexts where strategic underreporting
may be more pronounced (Tuvblad and Beaver, 2013). Despite this, the mean BIS-11 total
score in this sample (70.0 &+ 11.1) was substantially higher than normative values in general
population samples (typically 62-64) (Stanford et al., 2009; Vasconcelos et al., 2015), sup-
porting the interpretation of this cohort as an elevated-risk group and consistent with the
study’s focus on extreme phenotypic expression.

It is important to note, however, that such response biases may not weaken the genetic
signal, but rather affect the interpretation of what is being predicted. If self-perceived
impulsivity—as captured by the BIS-11—is itself heritable, GReX models may still detect
genetic associations. In this case, what is being predicted may reflect genetically influenced

self-assessment of impulsivity rather than objective behavioural impulsivity per se.
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Conclusion and Future Directions

This study evaluated whether antisocial traits, operationalized via BIS-11 impulsivity scores,
could be predicted from genetically imputed brain gene expression using ML pipelines. De-
spite extensive modeling efforts, no meaningful out-of-sample predictive performance was
achieved. This outcome may reflect a convergence of challenges: the weak relationship be-
tween genotype and behaviour, the modest heritability of impulsivity, and the limitations of
using static transcriptomic proxies to model dynamic behavioural traits.

Nevertheless, the study lays important groundwork for methodological and conceptual
refinement. Strengthening the modeling pipeline, reassessing phenotype definition, and es-
tablishing internal validation benchmarks all represent key directions for future work. These
steps are particularly relevant in light of the complex, high-dimensional nature of behavioural
genomic data, where signal is often subtle and difficult to disentangle from noise.

A major methodological concern involves uncontrolled overfitting. The current analysis
relied on a fixed cross-validation scheme, which limited insight into how different validation
strategies affect model stability. Exploring a range of nested cross-validation designs—such
as leave-one-out or two-fold schemes—could help parametrise overfitting risk and clarify how
performance varies with partitioning structure and sample size.

The use of positive control tasks may also offer insight into the model’s capacity to
detect signal under ideal conditions. For example, prediction of genetically structured out-
comes—such as Hispanic vs. non-Hispanic group membership, without correcting for ances-
try—could serve as a benchmark for signal recovery. These types of validation tasks are
especially valuable when working with traits of modest heritability and noisy measurement.

Beyond methodological adjustments, expanding the range of phenotypes under considera-
tion could provide a more comprehensive understanding of the relationship between genotype
and antisocial behaviour. While this study focused on BIS-11 scores, the dataset includes

additional measures (see section 5.2.2 for details) such as the PCL-R, the IRI, and develop-
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mental and environmental indicators like the MOPS, the BSMSS, and estimated IQ. These
variables were not formally tested here due to limited sample size, but may represent more
stable or informative targets. Clinician-rated instruments like the PCL-R could mitigate
some of the noise associated with self-report tools, while traits like empathy or early-life
adversity might reflect distinct but genetically relevant aspects of antisocial behaviour.

If sample size increases or comparable datasets become available, future analyses could
evaluate whether these alternative phenotypic representations yield stronger transcriptomic
signals, especially when modeled alongside environmental moderators or in stratified sub-
groups. Such extensions may help clarify the boundary conditions under which GReX-based
approaches become informative.

Taken together, these next steps aim to move beyond the limitations of the current study
by interrogating both modeling strategy and phenotype design. By incorporating more
flexible validation procedures, refining the choice and structure of behavioural measures,
and integrating contextual environmental information, future work may contribute to a more
reliable and interpretable framework for behavioural genomic prediction—one that remains

responsive to the complexity of psychological traits and the constraints of available data.
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Chapter 6

General Discussion & Conclusion

The General Introduction outlined the challenges inherent in studying the genetic basis of
brain-related traits characterized by complex heritability. This thesis explored the hypothe-
sis that the regulatory impact of genetic variation is best captured through network-informed
models of gene expression that integrate both local and distal regulatory influences. Rather
than focusing exclusively on proximal genes or cis-eQTLs, it posits that genetic risk is me-
diated through structured, modular systems of transcriptional regulation. These expression
programs reflect the combined influence of local (cis) and long-range (trans) regulatory
variants, whose complex architecture can be effectively modeled using gene co-expression
networks (Pergola et al., 2016, 2017, 2019a, 2023c).

To disentangle such system-level regulatory effects, this thesis proposed leveraging gene
co-expression networks derived from human brain transcriptomic data as biological priors for
modeling gene regulation at the level of individual genes. These networks capture patterns
of transcriptional coordination and serve as scaffolds for identifying coherent regulatory
modules. By conducting trans-eQTL analyses within these modules, it becomes possible
to detect biologically meaningful long-range regulatory effects with greater interpretability
and statistical power, thereby addressing key challenges such as effect size dilution and the

multiple-testing burden inherent to genome-wide scans (Battle et al., 2014; Vésa et al., 2021;
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Liu et al., 2022).
The three studies presented in this thesis operationalize the central hypothesis at pro-

gressively broader analytic scales (Figure 24):

Study 1. The first study establishes the core modeling framework by introducing IN-
GENE and MODULE-—novel methods for predicting gene expression using co-expression-
informed trans-eQTL signals. Trained on high-resolution postmortem brain data and rigor-
ously validated across independent datasets, these methods achieve substantially increased
transcriptomic coverage and predictive accuracy compared to conventional cis-based ap-

proaches (Gamazon et al., 2015; Zhang et al., 2019; Huckins et al., 2019).

Study 2. The second study applies these network-informed expression models to the largest
SCZ genetic dataset to date (PGC3), in order to investigate associations between genetically
predicted expression and diagnostic status. This analysis is grounded in the hypothesis that
SCZ heritability is distributed across distinct gene networks, each representing a different
biological risk architecture across individuals. The goal was to elucidate how dispersed
genetic risk converges on specific biological pathways through which susceptibility genes

may mediate their effects.

Study 3. The final study investigates whether the GReX models can generalize to pre-
dict individual differences in antisocial behaviour, proxied through the BIS-11 question-
naire for impulsivity categorization, within a challenging real-world forensic population.
The individual-level predictive performance in this study was negligible. This null result
highlights critical limitations in translating GReX models from population-level association
frameworks to individual-level behavioral prediction, particularly in the context of an envi-

ronmentally shaped and limited sample sizes population.
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Summary. Together, the three studies developed in this thesis advocate for a conceptual
shift: viewing gene expression as a dynamic bridge between genotype and phenotype—one
that is shaped by the complexity and long-range structure of gene regulation. The next
section discusses the scientific findings and their significance to the field. The final sections
will address the strengths and limitations of the methods developed and propose future

research directions emerging from these results.

Thesis Hypothesis:

Genetic risk operates via modular, co-regulated expression programs

Systems Biology Framework:

Use co-expression networks as priors for GReX modeling

Study 1 Study 2 Study 3
GReX Model Development Association Testing (SCZ) Trait Prediction (Impulsivity)
| | ]
CIS/ INGENE / MODULE coTWAS identifies 1,500+ genes ML pipeline fails to predict BIS
trained on six brain tissues Functional convergence on SCZ biology High noise, low heritability
| _—
Conclusion:

Co-expression-informed GReX enhances discovery

but has limited predictive portability for behaviour

Figure 24: Conceptual Flow of the Thesis. From modeling co-expression-informed GReX
(Study 1), to disease association testing (Study 2), and behavioral prediction (Study 3), this
thesis investigates how modular regulation informs psychiatric biology and its predictive
boundaries.

6.1 Trans-eQTL Models: Why Might Network-Based
Models Recover Additional Genetic Information?

A central methodological innovation of this thesis is the development of two network-aware
frameworks —INGENE and MODULE-—that extend GReX modeling into the trans-regulatory
domain. Unlike traditional approaches constrained to cis-acting variation, these models are

grounded in the hypothesis that polygenic risk manifests not through isolated gene effects
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but through perturbation of structured transcriptional programs. By embedding gene-level
expression prediction within co-expression networks, INGENE and MODULE exploit reg-
ulatory interdependencies that conventional models overlook, offering a tractable framework

for capturing distal effects with biological and statistical coherence.

Modeling Assumptions and Conceptual Rationale

At the core of these models is a system-genetic perspective: genetic variants influence gene
expression not as isolated units but as elements embedded in complex, modular networks.
INGENE leverages genetically imputed cis-regulated partner genes as intermediate pre-
dictors. Rather than modeling each distal variant—gene pair independently, it exploits the
stability of co-expression networks to infer regulatory influence through shared transcrip-
tional partners. MODULE complements this strategy by summarizing gene modules using
eigengenes—principal components that capture dominant variance across functionally re-
lated gene sets—thereby reducing the dimensionality of the inference space and focusing
analysis on coherent regulatory units.

These designs rest on two key assumptions. First, that co-expression reflects biolog-
ically meaningful regulatory architectures—whether via TFs, chromatin conformation, or
shared signaling pathways. Empirical studies support this assumption: co-expressed genes
frequently share upstream regulators (Kustatscher and et al., 2022), exhibit spatial proxim-
ity driven by chromatin architecture (Zhang and et al., 2019), and tend to participate in
common signaling pathways relevant to diseases (Gandal et al., 2018a).

Second, embedding models within this architecture serves both statistical and biological
purposes: it constrains the search space, reduces the dimensionality of expression predic-
tion, and improves signal-to-noise ratios by aggregating weak signals across co-regulated
genes (Pergola et al., 2017, 2023b). As demonstrated in Study 1, this network-guided design
substantially increases the number of genes with reliable expression prediction and enhances

model performance across independent datasets—validating both its statistical utility and
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translational relevance.

Toward a Systems-Level Understanding of Transcriptional Regula-
tion

Methodologically, the INGENE and MODULE frameworks reflect a broader shift toward
network-constrained learning in transcriptomics, where biological structure is explicitly en-
coded into predictive models. Rather than treating genes as statistically independent fea-
tures, these methods leverage co-expression as a functional prior—encoding inter-gene de-
pendencies that shape both model architecture and biological interpretability. This design
choice resonates with emerging theories of complex trait architecture, including the omni-
genic model (Boyle et al., 2017), which argues that core regulatory processes are not isolated,
but are diffusely influenced by peripheral genes acting through regulatory networks (Borcuk
et al., 2024).

Importantly, the utility of these models need not rely on strong assumptions about bi-
ological modularity being perfectly captured by co-expression structure. Instead, their ef-
fectiveness may stem from more pragmatic considerations. For example, in MODULE, a
SNP’s association with a module eigengene aggregates evidence across multiple target genes.
This consolidation may increase statistical power and robustness, even if the underlying
regulatory effects are subtle or heterogeneous. In particular, such SNPs may fail to reach
significance in single-gene eQTL analyses due to context-specificity—e.g., effects confined to
specific cell types, developmental stages, or brain regions. Thus, part of what makes MOD-
ULE effective may be its ability to compensate for the limitations of bulk transcriptomic
assays, rather than an intrinsic alignment with regulatory modularity.

In contrast, INGENE may be less sensitive to context-specific biases introduced by bulk
transcriptomic data, such as the averaging of distinct cell types or developmental stages.

Because it leverages genetically imputed cis-expression (GReX) from a gene’s co-expressed
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partners—rather than relying solely on observed expression—it offers a degree of insulation
from assay-specific noise. This strategy requires fewer assumptions about the consistency of
co-regulation across biological conditions, and may therefore provide a more stable basis for
inferring distal regulatory relationships.

This potential for latent specificity opens compelling future directions. With the contin-
ued maturation of single-cell and spatial transcriptomics technologies (Stuart and et al., 2019;
Maynard and et al., 2021), these frameworks could be adapted to incorporate high-resolution
context, enabling the identification of trans-regulatory effects that are cell-type—specific or
spatially localized. Additionally, integrating other regulatory modalities—such as chro-
matin accessibility (e.g., ATAC-seq), enhancer—promoter interactions, or protein-DNA bind-
ing—may help resolve causal chains linking non-coding genetic variation to coordinated gene
expression.

Ultimately, these models represent a step toward a systems-level synthesis of gene reg-
ulation, where prediction and interpretation are co-informed by biological structure. By
leveraging modularity as both a statistical tool and a biological principle, INGENE and
MODULE offer a scalable framework for decoding the distributed regulatory logic that

underlies complex brain traits.

6.2 From Discovery to Prediction: Why Predictive Power
Diverges

A central question emerging from this thesis is why the GReX framework, which produced
robust group-level associations with SCZ diagnosis in Study 2, showed limited predictive
power for individual differences in impulsivity in Study 3. This divergence highlights a critical
distinction between explaining population-level mechanisms and predicting individual-level
outcomes. Explanatory models aim to identify statistically reliable relationships that reveal

causal or mechanistic structure, while predictive models are evaluated by their ability to
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generalize to new individuals, often in the presence of noise, complexity, and environmental
variability (Shmueli, 2011; Yarkoni and Westfall, 2017).

This distinction is particularly salient in psychiatric genetics, where traits are shaped by
complex polygenic architectures and embedded within diverse biological and environmental
contexts. In Study 2, the association analysis focused on a well-characterized diagnostic
phenotype with established transcriptional correlates, enabling GReX models to capture
meaningful variation at the group level. In contrast, Study 3 focused on impulsivity—a
multifaceted behavioral construct assessed in a smaller, non-clinical sample—where predic-
tive performance may have been constrained by lower statistical power, higher measurement
variability, and greater contextual sensitivity in the phenotype.

Differences in outcome definition and measurement further contributed to this diver-
gence. SCZ diagnosis is a clinically validated, binary phenotype that aggregates heteroge-
neous symptoms into a standardized diagnostic category and has been extensively studied
in genomic and transcriptomic research. Impulsivity, by contrast, is a continuous behav-
ioral trait typically assessed through self-report or task-based measures, both of which are
more sensitive to situational variation and measurement error. This contrast—clinical vs.
behavioral, binary vs. continuous—can markedly affect the signal-to-noise ratio available to
predictive models.

Moreover, the smaller sample size and cross-sectional design of Study 3 limited statistical
power to detect modest associations, even if biologically meaningful variation was present.
Rather than undermining the utility of transcriptomic imputation, these findings highlight
the importance of aligning model design with phenotype characteristics—balancing the power
of group-level signal aggregation against the complexity of individual-level behavioral pre-
diction.

Predictive performance also varies substantially across individuals, even within ances-
trally matched populations. Variability in local ancestry, LD, gene-environment inter-

actions, and phenotype measurement all contribute to inconsistency in model generaliza-
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tion (Mostafavi and et al., 2020). In this thesis, we observed a marked difference in ancestry
composition between studies: Study 2 was conducted entirely in individuals of European
ancestry (Trubetskoy et al., 2022), whereas PCA revealed broader genomic diversity in
Study 3, comprising individuals of European, Central American, and mixed ancestry (see
Appendix D.1). This population heterogeneity reduces the portability of genetic predictors,
particularly when models—such as those used in Study 1—are trained on European reference
panels (see Section 3.2.1 for sample inclusion details). These ancestry differences can impair
predictive performance (Mostafavi and et al., 2020; Lupi et al., 2024), not because of flaws
in model design, but due to mismatches between the ancestry of the training data and that
of the individuals being predicted.

Altogether, the divergence between Study 2 and Study 3 underscores the need to approach
discovery and prediction as distinct but complementary objectives. Group-level association
studies, such as those used to investigate SCZ, can reveal interpretable links between ge-
netic variation and biological processes. However, translating these findings into reliable
individual-level predictions—particularly for behavioral traits—requires more than statisti-
cal replication. As demonstrated in Study 3, limitations in sample size, ancestry match, and
phenotype measurement precision can significantly constrain predictive performance, even
when biologically informed models are used.

While increasing model complexity or incorporating environmental covariates is often
proposed as a solution, our findings suggest that predictive gains may also depend on scaling
up sample sizes, improving the quality of expression predictors, and tailoring model archi-
tectures to the trait of interest. Rather than assuming any single explanation, these results
call for systematic comparisons across modeling strategies, trait definitions, and population
compositions. Bridging the gap between statistical discovery and individual-level prediction
will depend not on embracing complexity as a barrier, but on identifying which factors most

directly limit generalizability—and optimizing accordingly.

The following paragraphs briefly revisit the key strengths and limitations identified in
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the analyses presented in Study 2 and Study 3.

Study 2: Conditions Guiding Accurate Association. The coTWAS findings pre-
sented in Study 2 highlight a fundamental yet frequently overlooked statistical principle:
association analyses at the population level are strengthened by aggregating numerous weak
genetic effects. In this context, three essential aspects contribute uniquely to the power of

the co-expression-informed association framework used here:

1. Systems-level nature of SCZ. SCZ is known to exhibit a strong polygenic sig-
nal with coherent neurobiological underpinnings and it is increasingly conceptualized
not as the result of isolated gene dysfunction, but as a disorder of large-scale tran-
scriptional network perturbation emerging across neurodevelopment (Birnbaum and
Weinberger, 2017; Gandal et al., 2018a; Fromer et al., 2016). During brain matura-
tion, gene co-expression patterns shift dynamically (Pergola et al., 2023a), reflecting
changing cellular composition, synaptic remodeling, and region-specific regulatory pro-
grams. In this context, genetic risk may not act directly on single genes, but instead
influence the trajectories of co-regulated gene groups (Borcuk et al., 2024), particularly
through central “hub” genes that orchestrate broader transcriptional programs. The
co-expression network approach adopted in this thesis captures these interdependencies
by embedding genes within structured modules that reflect shared regulatory history.
This biologically informed dimensionality reduction compresses millions of potential
SNP-gene relationships into interpretable regulatory units, mitigating the multiple-
testing burden and enhancing the detection of subtle, developmentally mediated trans

effects (Pergola et al., 2023b).

2. Large effective sample size. By meta-analyzing 62 independent cohorts from the
PGC3 (total N = 102,613), we translated subtle, dispersed genetic influences into
robust, genome-wide significant associations. Because sampling error decreases pro-

portionally to 1/ VN, expanding the sample size through additional cohorts yields
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substantially greater gains in statistical power than could be achieved through any

incremental optimization of individual analytical parameters (Visscher et al., 2017).

3. Outcome definition: categorical diagnosis vs. dimensional behaviour. An-
other key factor contributing to the stronger performance of Study 2 is the nature of the
outcome variable. SCZ is a clinically defined categorical diagnosis with operationalized
diagnostic criteria established through decades of psychiatric nosology (Rajiv Tandon,
2013). While the condition remains biologically heterogeneous, its categorical bound-
aries help constrain phenotypic variability and reduce noise in association analyses.
This structure improves the signal-to-noise ratio and allows statistical models to de-
tect group-level effects more effectively, especially when supported by large sample
sizes (Trubetskoy et al., 2022). In contrast, Study 3 focused on impulsivity—a dimen-
sional, self-reported behavioral construct assessed using the BIS-11. Unlike categorical
diagnoses, such traits are often shaped by transient states, environmental context,
and respondent interpretation, which collectively introduce significant measurement

error (Tuvblad and Beaver, 2013).

Study 3: Learning from Predictive Limitations In contrast to the robust group-
level findings observed in Study 2, Study 3 offered a valuable opportunity to test the
boundaries of GReX-based prediction in a behavioral context. Attempts to predict BIS-11
impulsivity scores in a smaller, heterogeneous sample (N = 468) did not yield significant
results. However, the analysis highlighted several biological and statistical constraints that

elucidated the factors limiting predictive performance:

Low trait heritability. Twin studies consistently estimate modest heritability for impulsivity-
related traits (Congdon and Canli, 2008), with genetic factors accounting for up to 30%
of phenotypic variance. However, due to the missing heritability phenomenon, GReX
models built from common SNPs typically capture only a fraction (20-30%) of this her-

itability (Dudbridge, 2013). Even under ideal conditions, the maximum R? achievable
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for individual-level prediction remains below 10%—a ceiling insufficient to overcome

the substantial noise inherent in self-reported behavioral assessments.

Mismatch between biological signal and behavioral complexity. GReX captures sta-
ble, genetically determined transcriptional regulation (Gamazon et al., 2015), whereas
impulsivity is a dynamic, context-sensitive phenotype influenced by trauma, substance
use, incarceration, and broader environmental exposures (Burt, 2009; Caspi et al., 2002;
Kendler and Baker, 2007). Critically, growing evidence suggests that environmental
risk factors induce persistent biological changes through epigenetic mechanisms. For
example, maternal behaviour has been shown to produce stable alterations in histone
acetylation and DNA methylation patterns that impact offspring behaviour (Weaver
et al., 2004). Similarly, early life adversity—including sexual abuse, physical maltreat-
ment, and bullying—has been linked to lasting epigenetic modifications that reshape
gene expression profiles and behavioral outcomes (Burns et al., 2018). This evidence
highlights a fundamental limitation of static GReX models: by focusing solely on in-
herited genomic variation, they are unlikely to capture the epigenetically mediated

impact of environmental experience on behaviour.

Curse of dimensionality. Following quality control, approximately 20,000 gene expression
predictors per brain region were available for each individual, totaling over 113,000 pre-
dictors across all regions. This extremely high predictor-to-sample ratio poses a major
challenge for machine learning models (Domingos, 2012; Wainberg et al., 2018). Even
with regularization and feature selection, the risk of overfitting remains substantial,
increasing the likelihood that models will capture noise rather than true biological

signal (Hawkins, 2004).

Population and environmental divergence. GReX models were trained on postmortem
brain tissue from individuals of genetically confirmed European ancestry. In contrast,

although PCA indicated majority of European-like structure, the forensic cohort self-
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identified as Latino/not-Latino—a group with extensive admixture involving Euro-
pean, Native American, and African ancestries (Moreno-Estrada et al., 2013). Subtle
differences in local ancestry, LD structure, and allele frequency distributions can sub-
stantially reduce the portability of GReX models across admixed populations (Mar-
tin et al., 2019). Moreover, environmental exposures unique to the forensic cohort
(e.g., trauma, incarceration-related stress, substance use) may have induced additional
epigenetic and transcriptional divergence that expression models trained in different
population contexts are unlikely to capture. Together, these genetic and environmen-
tal mismatches compounded the transportability problem, further limiting predictive

accuracy.

These limitations do not undermine the value of the modeling framework, but rather high-
light the need for greater specificity in how predictive models are constructed and applied.
For instance, genetic effects on impulsivity may be more detectable in specific subgroups,
such as individuals with histories of maltreatment or high environmental stress exposure. Re-
search has shown that childhood adversity can moderate the behavioural effects of MAOA
variants (Nilsson et al., 2018), suggesting that gene—environment interactions (GxE) may
amplify predictive signals in stratified contexts. More broadly, G xE effects often surface only
under specific environmental conditions such as familial instability or prenatal stress (McGue
and Carey, 2017; Ruisch, 2020).

This suggests a shift toward integrative and stratified modeling approaches. Future efforts
may benefit from combining GReX with environmental covariates or developing dynamic
models that account for life history, social context, and epigenetic change. Stratification by
trauma exposure or comorbidity has already improved genetic signal detection in studies of
ADHD and related traits (Franke and Buitelaar, 2018; van Hogezand, 2016), and emerging
work on behavioral plasticity in adolescence suggests that developmental stage and social
environment play a critical role in shaping genetic expression (Richards, 2015; Gidziela,

2024).
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Ultimately, Study 3 highlights the need to align predictive tools with the complex-
ity of their target phenotypes. While GReX-based models show promise for capturing
population-level effects, individual-level prediction—particularly for context-dependent be-
havioral traits—may require models that are both biologically informed and contextually

responsive.

Summary. Collectively, this thesis delivers a two-fold message. First, network-informed
GReX models are highly effective tools for biological discovery: in large-scale association
studies, they aggregate weak and distributed genetic signals into coherent, mechanistically
interpretable insights that would otherwise remain undetected. Second, when the goal
shifts from group-level inference to individual-level prediction, integrative approaches may be
necessary. Progress in this domain will likely require multimodal frameworks that incorporate
genetic, epigenetic, and environmental data to capture the full multidimensionality of human

phenotypic variation.

6.3 Limitations

While the network-based methodologies developed in this thesis demonstrate significant po-
tential for uncovering trans-regulatory mechanisms, several important limitations must be

considered.

Limited Sample Size and Tissue Representation A fundamental limitation of the
predictive models developed in this thesis lies in their dependence on post-mortem brain
transcriptomic data, which, while biologically relevant, remain constrained in both scale
and anatomical coverage. Due to ethical, logistical, and technical challenges, brain tissue re-
sources are far more limited than those available for blood or other peripheral tissues (GTEx,
2020). This restricts the effective sample size for model training, particularly in the case of

trans-eQTL mapping, where effect sizes are typically small and highly context-dependent.
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While the integration of co-expression structure helps mitigate some of this sparsity by en-
abling statistical aggregation, the detection of long-range regulatory effects is nonetheless
power-limited when data are scarce.

Moreover, uneven tissue representation across brain regions introduces another critical
constraint. Gene regulatory dynamics vary substantially across spatial and functional do-
mains of the brain (Hawrylycz et al., 2012; Maynard and et al., 2021), and the absence of
uniformly sampled regions limits the model’s capacity to capture region-specific transcrip-
tional programs. This is particularly consequential for psychiatric traits like SCZ, which are
known to involve distinct circuits and cell populations distributed across tissues (Skene et al.,
2018). Models trained on aggregated or partially sampled tissue may thus dilute or obscure
biologically specific regulatory relationships that are essential for fine-grained mechanistic
interpretation.

In addition, the post-mortem nature of the reference data imposes inherent temporal
limitations. Regulatory processes that are dynamic across development, aging, or disease
progression cannot be fully captured in static adult tissue samples (Pergola et al., 2023a),
potentially biasing models toward stable regulatory architectures and away from those that
mediate trait-relevant plasticity (Birnbaum and Weinberger, 2017; Li et al., 2018b). To-
gether, these factors underscore the need for future efforts to incorporate larger, more diverse
transcriptomic datasets—ideally incorporating longitudinal, single-cell, and spatial resolu-

tion—to fully realize the promise of GReX models in complex brain traits.

Dependence on Bulk RNA-seq Data A key limitation of the current modeling frame-
work lies in its reliance on bulk RNA-seq data to identify co-expression trans-eQTLs. While
bulk transcriptomic data provide high-throughput, regionally resolved snapshots of gene
activity, they conflate signals from multiple cell types—thereby integrating both genuine co-
regulation and variation in cellular composition (Avila Cobos et al., 2020). As a result, the

modules derived in INGENE and MODULE may capture not only transcriptional regula-
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tion but also shifts in the abundance of cell populations, particularly across heterogeneous
brain regions.

Although this admixture does not undermine the utility of the models for discovering
broad transcriptional patterns, it limits interpretability at the level of specific regulatory
mechanisms. For example, it is difficult to determine whether a trans-regulatory effect in-
ferred by these models reflects upstream transcriptional control, cell-type—specific activation,
or simply co-variation in cell population proportions. This ambiguity is particularly relevant
in the brain, where gene expression is tightly coupled to cell identity and where risk for
psychiatric disorders like SCZ is known to converge on discrete neuronal subtypes (Skene

et al., 2018; Gandal et al., 2018a).

Uncertainty Associated with Gene Expression Imputation A central dependency
of both INGENE and MODULE is the use of GReX imputed from genotype data—a
process that introduces multiple layers of uncertainty. These include potential errors from
genotype imputation, limitations in the reference transcriptome panels, and assumptions
embedded within the underlying predictive models (Gamazon et al., 2015; Barbeira et al.,
2018). Additionally, expression imputation accuracy varies substantially across genes and
tissues, with particularly low reliability observed in transcripts exhibiting low expression
heritability, high inter-individual variability, or strong environmental sensitivity (Wainberg
et al., 2019; Mostafavi and et al., 2020).

Such uncertainty poses significant challenges for downstream interpretation, particularly
in trans-eQTL contexts where effect sizes are small and model signal may be further attenu-
ated by biological heterogeneity. While model regularization and validation across indepen-
dent cohorts partially mitigate this issue, the imputed values remain probabilistic estimates

rather than direct molecular readouts.

Restricted Ancestral Generalizability A notable limitation of the current study is its

exclusive focus on individuals of European ancestry, a constraint driven by the demographic
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composition of available reference panels and validation cohorts. While this choice enhances
internal consistency, it substantially limits the external validity and equitable applicabil-
ity (Popejoy and Fullerton, 2016) of the INGENE and MODULE frameworks. Genetic
architectures—including allele frequencies, LD patterns, and eQTLs—are known to vary sig-
nificantly across ancestral populations (Martin et al., 2019; Benjamin et al., 2023). As a
result, models trained in one population may exhibit reduced accuracy or even systematic

bias when applied to others.

Reliance on Fixed Network Priors and Absence of Causal Inference The current
implementation of INGENE and MODULE relies on fixed co-expression modules sourced
from previously published bulk RNA-seq datasets (refer to Table ST3 for details about the
study chosen). While this decision facilitates the generalization of previous findings and
computational tractability, it also imposes structural constraints that may propagate biases
inherent to the original data—such as limited cell-type resolution, cohort-specific noise, or
developmental stage effects (Oldham and et al., 2008; Langfelder and Horvath, 2008). These
fixed priors may obscure regulatory heterogeneity and prevent the discovery of novel or
context-dependent gene—gene interactions.

Beyond the structural assumptions inherent to fixed network priors, it is also essential to
acknowledge a conceptual limitation shared by both INGENE and MODULE: these frame-
works infer statistical associations rather than causal regulatory relationships. While the
models are designed to prioritize biologically interpretable signals by leveraging co-expression
structure, the directionality and functional impact of the identified trans-eQTLs remain un-
resolved without experimental validation. In some cases, the predicted regulatory nodes
may act as proxies for latent confounding factors, or they may reflect correlation structures
within gene modules that do not correspond to direct regulatory mechanisms.

Bridging this interpretive gap will require the integration of causal inference method-

ologies and experimental perturbation strategies. Functional follow-up studies—such as
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CRISPR-based regulatory element screens or perturb-seq platforms—offer scalable means
of testing whether candidate variants or regulators exert causal effects on downstream gene

expression (Gasperini et al., 2019).

Summary. Collectively, these limitations do not undermine the potential of the developed
methodologies but rather delineate their current boundaries. Recognizing and systematically
addressing these challenges will be crucial for transitioning from associative findings to robust
mechanistic insights and eventually informing therapeutic strategies. The following section

outlines opportunities for future research to address and mitigate them.

6.4 Future Directions

Building on both the limitations outlined in the previous section and the systems-level frame-
work established in this thesis, three priority areas emerge for advancing co-expression—informed
GReX modeling: (i) enhancing biological specificity, (ii) improving ancestry generalizability,
(iii) and expanding clinical applicability. These directions reflect not only the methodological
constraints encountered, but also the conceptual and translational opportunities uncovered

throughout this work.

Cross-Ancestry Portability and Global Applicability

Extending predictive genomic models beyond European ancestry is both a scientific imper-
ative and an ethical necessity. The long-standing Eurocentric bias in GWAS, TWAS, and
eQTL resources has restricted discovery, limited clinical relevance for under-represented pop-
ulations, and exacerbated disparities in biomedical research (Popejoy and Fullerton, 2016;
Gurdasani et al., 2019; Kachuri et al., 2024). These imbalances not only reduce the equity
of genetic applications but also undermine the robustness and replicability of findings across

human populations.
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Traditional GWAS frameworks are highly sensitive to ancestry-specific patterns of LD,
which constrains the transferability of association signals. In contrast, GReX-based ap-
proaches that model genetically regulated expression offer a mechanistically informed al-
ternative. Rather than relying solely on variant proximity, these models leverage interme-
diate molecular phenotypes—such as transcriptional programs and co-regulated gene mod-
ules—that may be more evolutionarily conserved across populations (Bhattacharya et al.,
2022; Zeng et al., 2022).

Recent evidence suggests that the regulatory architecture governing gene expression is
more portable across ancestries than raw GWAS signals, particularly when intermediate
phenotypes are modeled (Kachuri et al., 2024; Benjamin et al., 2024). Coexpression-informed
models, by distilling complex regulatory relationships into stable transcriptional modules,
may transcend population-specific LD patterns and enhance the cross-ancestry portability
of transcriptome-based predictions.

Speculatively, one may conceptualize co-expression networks as encoding “biological pri-
ors” that reflect constraints imposed by the functional organization of the genome, rather
than the statistical structure of allele frequencies or LD patterns that dominate population-
specific GWAS signals. Whereas traditional association studies rely on ancestry-dependent
correlations between variants and traits, co-expression modules capture patterns of gene
regulation that arise from conserved cellular programs—such as neurodevelopment, synaptic
signaling, or immune response—that are largely shared across human populations (Russell
et al., 2023).

These transcriptional modules are highly conserved across human populations and even
across species, suggesting they are shaped by evolutionary constraints rather than population-
specific genetic architecture (Crow et al., 2022; Oldham et al., 2006; Stuart et al., 2003; Rus-
sell et al., 2023). Importantly, patterns of coordinated gene expression are preserved even in
the absence of homologous tissues or identical regulatory inputs, underscoring the robustness

of modular gene regulation (Stuart et al., 2003). In this sense, coexpression networks can

143



be conceptualized as encoding ”biological priors”: regulatory frameworks imposed by func-
tional necessity rather than demographic history. By modeling these conserved regulatory
programs, coexpression-informed GReX approaches are well-positioned to generalize across
ancestries, potentially outperforming variant-centric methods that rely on population-specific
linkage disequilibrium.

In this sense, the transcriptional architecture inferred from co-expression networks may
represent a form of "universal regulatory logic”, grounded in biological function rather than
genomic background. Realizing this potential will require coordinated investment in diverse
transcriptomic and eQTL resources. Specifically, future work should aim to: (i) construct
multi-ancestry reference panels; (ii) incorporate local ancestry-aware modeling into trans-
eQTL frameworks; and (iii) empirically benchmark the portability of network-informed pre-
dictions across globally representative cohorts. Such efforts will be essential to ensure that
the interpretability and predictive power of system-level models extend equitably across the

full spectrum of human genetic diversity.

Toward Cell-Type and Isoform-Specific Regulation

Advancing the biological resolution of gene expression prediction is a critical frontier for
improving both the interpretability and translational utility of GReX-based models. While
cis-eQTLs typically exert relatively stable, gene-proximal effects, trans-eQTLs are markedly
more context-dependent—varying across cell types, developmental stages, and environmental
exposures (Yao et al., 2017; Vosa et al., 2021; Ouwens et al., 2020). Accurately modeling
these distal effects requires a regulatory framework that accounts for the cellular and spatial
environment in which gene expression is regulated. Without this resolution, genetically
predicted expression may fail to capture the relevant biology linking genotype to complex
traits.

Most TWAS to date have relied on bulk RNA-sequencing data, which average gene ex-

pression across heterogeneous cellular populations. This averaging masks critical variation in
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cell-type-specific gene regulation, particularly from rare, transient, or functionally specialized
cell types that may be disproportionately involved in disease pathogenesis (Lee, 2022; Skene
et al., 2018). In the context of brain disorders, where specific neuronal and glial subtypes
underlie distinct functional and pathological circuits, the lack of cellular resolution presents
a major barrier to mechanistic interpretation (Maynard and et al., 2021; Bryois et al., 2022).

Recent advances in single-cell RN A-sequencing (scRNA-seq), spatial transcriptomics, and
integrative deconvolution methods offer the opportunity to model gene expression at single-
cell resolution and within anatomical context (Stuart and et al., 2019; Maynard and et al.,
2021). Embedding co-expression network construction within this framework could yield
regulatory modules that reflect true cell-type and spatial specificity, thereby enabling GReX
models to capture the relevant transcriptional programs active in specific neural subpop-
ulations. Such refinement is particularly promising for psychiatric genetics, where clinical
heterogeneity and poor diagnostic boundaries obscure molecular stratification.

Equally fundamental is the regulation of gene expression at the isoform level. Alternative
splicing dramatically expands the proteomic and regulatory complexity of the genome, and
a substantial proportion of genetic regulation operates not at the gene level, but through
transcript-specific mechanisms (Glinos and et al., 2022; Takata and et al., 2017). Aggregating
expression across all isoforms of a gene risks obscuring biologically relevant regulatory vari-
ation. Indeed, isoform-resolved studies have shown that transcript-level eQTLs often reveal
novel signals and trait associations that are undetectable at the gene level (Bhattacharya
et al., 2023). Aslong-read sequencing technologies mature and provide more accurate isoform
quantification, the construction of isoform-specific expression panels will become feasible, en-
hancing the granularity and accuracy of GReX prediction.

Speculatively, integrating co-expression networks with cell-type and isoform-level resolu-
tion could enable the development of multi-dimensional regulatory models that more faith-
fully reflect the complex transcriptional architecture of the brain. Such models would allow

for the detection of regulatory programs that are temporally restricted, cell-type—specific,
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and isoform-selective—attributes essential for understanding psychiatric phenotypes, which
often arise from the convergence of polygenic risk onto distinct cellular systems during key
developmental periods (Birnbaum and Weinberger, 2017; Akbarian et al., 2015).

An emerging hypothesis from this work is that trans-eQTLs may be particularly enriched
for isoform-level regulatory effects. Unlike cis-eQTLs, which often act through proximal
regulatory elements to influence overall gene expression, trans-eQTLs are more likely to
involve distal intermediates—such as splicing factors, RNA-binding proteins, or chromatin
remodelers—that modulate transcript-specific outcomes (Takata and et al., 2017; Wainberg
et al., 2019). These regulators exert their influence not by changing total gene abundance,
but by altering isoform usage, exon inclusion, 3/ UTR length, or transcript stability.

This distinction is especially relevant in the brain, a tissue characterized by high tran-
scriptional complexity and extensive alternative splicing (Glinos and et al., 2022). Neuronal
function depends on tightly controlled isoform programs that are spatially, developmentally,
and functionally specialized. Thus, genetic variants that subtly alter isoform ratios—without
impacting total gene-level expression—may still have profound phenotypic consequences.
The brain therefore provides a particularly promising landscape for trans-eQTL discovery
at the isoform level.

Co-expression—informed frameworks such as INGENE and MODULE, which leverage
the modular organization of gene expression, may be uniquely sensitive to these transcript-
specific effects. When gene-level expression is aggregated across multiple isoforms, subtle
regulatory relationships can be diluted or entirely lost. By contrast, isoform-level resolution
preserves this regulatory granularity, offering clearer mechanistic links between trans-acting
variants and their downstream targets—especially when those effects are confined to a single
transcript within a broader gene locus.

Altogether, these insights suggest that trans-eQTLs offer an interesting entry point into
understanding isoform-level regulation, particularly in brain contexts where splicing complex-

ity and functional specialization intersect. Future work incorporating isoform-resolved quan-
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tification into network-based trans-eQTL models has the potential to reveal novel dimensions
of transcriptional control and improve the biological specificity of GReX predictions. In do-
ing so, such models could move beyond gene-centric abstraction to more accurately capture

the fine-grained molecular disruptions that drive complex brain disorders.

Clinical Translation and Stratification

A central objective of GReX modeling is to move beyond statistical discovery toward clin-
ically actionable insight. While GWAS have significantly advanced psychiatric genetics by
identifying common risk loci, their reliance on case—control allele frequency contrasts provides
only an indirect and often biologically opaque view of disease mechanisms (Visscher et al.,
2017; Tam et al., 2019). One of the most persistent limitations of GWAS is its dependence
on broad phenotypic aggregation: in heterogeneous conditions like SCZ, collapsing diverse
symptom trajectories into a binary case label obscures meaningful subtypes and dilutes the
signal from rare or context-specific effects (Boyle et al., 2017).

In contrast, transcriptome-wide models that estimate GReX offer a mechanistically grounded
alternative. By modeling the cumulative effects of polygenic variation on gene expression,
GReX provides biologically interpretable molecular phenotypes that are sensitive to context,
tissue specificity, and regulatory structure (Barbeira et al., 2018; Zhang et al., 2019; Huckins
et al., 2019). These features make GReX particularly valuable for tasks where GWAS often
underperforms—such as patient stratification, early risk detection, and treatment response
prediction.

By aggregating the effects of thousands of small-effect variants into coherent gene-level
signals, GReX enables the identification of transcriptional programs that underlie shared
disease liability. For instance, individuals at clinical high risk for psychosis might be strati-
fied according to GReX-derived transcriptional profiles: upregulation of neuroinflammatory
modules may signal elevated conversion risk, whereas preserved synaptic integrity might

suggest relative resilience. In this way, GReX supports a shift from syndromic classification
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to biologically informed subtyping.

Embedding GReX within co-expression and trans-eQTL frameworks—such as those de-
veloped in INGENE and MODULE—further amplifies its clinical potential. Co-expression
networks capture modules of coordinately regulated genes that reflect shared biological func-
tions and regulatory control across tissues, cell types, and developmental stages (Fromer
et al., 2016; Hartl et al., 2021; Pergola et al., 2023a). In psychiatric disorders, which are
increasingly understood as syndromic entities involving multiple biological subtypes, this
systems-level perspective provides a principled approach to molecular stratification. Co-
expression modules enriched for dopaminergic signaling, glutamatergic dysfunction, immune
dysregulation, or disrupted neurodevelopment can define distinct patient subgroups that
may share surface symptoms but diverge at the molecular level (Sportelli et al., 2024).

This perspective has particular relevance for understanding treatment response. Antipsy-
chotics targeting Dy dopamine receptors remain the first-line intervention for SCZ (Miyamoto
et al., 2012), yet roughly one-third of patients respond poorly, and relapse rates remain high
even among initial responders (Buckley and Miller, 2017; Leucht et al., 2022). This vari-
ability strongly suggests underlying biological heterogeneity. Attempts to define genetically
informed subtypes using PRS have provided some value (Chen et al., 2020; Lu et al., 2023),
but PRS models are agnostic to regulatory context and aggregate genome-wide variation
indiscriminately, potentially obscuring pathway-specific mechanisms (Boyle et al., 2017).

In contrast, GReX models guided by co-expression networks can localize genetic risk
to interpretable regulatory modules. For example, Sportelli et al. (2024) identified a co-
expression module enriched for dopaminergic signaling in the striatum that was both ge-
netically associated with SCZ and predictive of dopamine synthesis capacity and striatal
activation.

Such mechanistically anchored signatures may help predict differential treatment re-
sponse. Patients with elevated dopamine-related GReX activity may benefit more from

D, antagonists, while those with immune- or glutamate-related transcriptional profiles may
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respond better to adjunctive or alternative interventions.

In summary, co-expression networks may serve as a functional scaffold for precision psy-
chiatry. Unlike PRS, which summarizes risk across thousands of loci without regard for
biological coherence, co-expression-informed GReX embeds polygenic signal into structured
modules that mirror the brain regulatory architecture. These modules provide interpretable
units of molecular stratification, reflect stable biological programs across individuals, and
may be leveraged as dynamic biomarkers that evolve with disease progression or treatment
exposure. Their modularity facilitates hypothesis-driven exploration of drug targets, and
their compatibility with other omics layers opens pathways for integrative multi-modal mod-

eling.

6.5 Conclusion

Together, these future directions emphasize a central theme: gene expression prediction
is not merely a statistical tool for association, but a lens through which to interpret the
biological mechanisms linking genotype to complex traits. Coexpression-informed trans-
eQTL modeling, as developed in this thesis, offers a robust and adaptable foundation for
addressing emerging challenges in genomics—from global population diversity and cellular
specificity to translational utility in health care. Efforts in refining these models, expanding
their scope, and integrating new data modalities will be essential to unlocking their full
potential in both discovery and clinical contexts.

This thesis presents a novel functionally enriched framework for modeling the transcrip-
tional consequences of genetic variation in the brain. By leveraging co-expression networks
and trans-eQTL integration, the work pushes the boundaries of TWAS methodologies and
offers new tools for decoding the molecular underpinnings of psychiatric and behavioral
phenotypes.

As multi-omic datasets continue to grow and become more representative, the strategies
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developed here lay a strong foundation for next-generation efforts in precision psychiatry,

systems neuroscience, and translational behavioral genomics.
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Table 8: Summary of Major TWAS Studies in Schizophrenia

Study

Tissue / Dataset

Key Results

Pathways / Innova-
tions

Gusev et al.,
2018

GWAS summary
statistics from 79,845
individuals (PGC)

Applied TWAS across
SCZ, ASD, and BD;
Identified 157 TWAS-
significant genes,

including 35 outside
GWAS loci

42 genes linked to
chromatin features.

Gandal et al., | PsychENCODE 193  SCZ-associated | Synaptic signaling
2018 (brain transcrip- | genes and neuroimmune
tomics) pathways
Collado-Torres | BrainSpan (DLPFC | Integrated GWAS | Highlighted novel SCZ
et al., 2019 and HP) with four expression | risk loci; neurodevel-
feature types; found | opmental processes
1,656 features across
624 genes associated
in both regions
Huckins et al., | CommonMind TWAS across 12 tis- | Tissue-specific ~ gene
2019 (DLPFC)+ 12 GTEx | sues; 413 gene-tissue | expression  associa-

tissues

associations, 67 inde-

tions; highlighted the

pendent signals, 19 | importance of inte-
novel genes grating multiple brain
regions in TWAS
analyses
Hall et al., 2020 | UK Brain  Banks | Identified 89 signifi- | Neurotransmission,
(DLPFC) cant genes, 20 novel; | synaptic vesicle

prioritized  synaptic
signaling pathways

cycling, synaptic inte-
gration

Bhattacharya
et al., 2023

PsychENCODE +
AMP-AD (adult and
developmental  pre-
frontal cortex

Developed isoTWAS,

an isoform-level
TWAS; identified
dozens of isoform-
specific  associations
in SCZ and other

traits; prioritized
specific isoforms of
AKTS, CUL3, and

HSPD1 for SCZ

Highlighted  distinct
regulatory mecha-
nisms at the isoform
level; emphasized
alternative  splicing
and isoform diversity
in SCZ genetic risk
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B.1 RNA-Seq Data Processing

Gene Expression Quantification Gene-level mRNA expression quantification was per-
formed using the recount3 R package (Wilks et al., 2021). Raw counts were converted to
RPKM and subsequently to transcripts per kilobase million (TPM) to ensure consistency
across datasets. To reduce the impact of low-expression and zero-inflated genes, we retained
only genes with a median RPKM > 0.1 and with fewer than 20% zero values across sam-
ples. Expression values were logs-transformed with an offset of 1. Samples were removed as
outliers if their inter-array distance exceeded 3SD from the mean. Mitochondrial genes were

filtered out prior to downstream analysis.

Confounder Adjustment and Residualization FExpression values were residualized
using linear regression models. For the LIBD dataset, covariates included diagnosis, sex, age,
RNA Integrity Number (RIN), mitochondrial mapping rate, ribosomal RNA (rRNA) rate,
gene mapping rate, five ancestry principal components (PCs), and the top three expression
PCs.

In the GTEx dataset, log-transformed RPKM values were residualized using a linear
model that included sex, mean age, RNA integrity number (RIN), rRNA content, post-
mortem interval (PMI), the first five genetic ancestry components, and the top three expres-
sion PCs.

For the CMC dataset, residualization of log-transformed RPKM values included diagno-
sis, sex, age, PMI, RIN, rRNA rate, the ratio of exon-mapped reads to total reads, intronic
and intergenic mapping rates, the first five ancestry components, and the top three expression
PCs.

For each dataset, we evaluated the correlation between estimated neuronal proportions
(neu) and the top three principal components (PCs) of gene expression. In the LIBD dataset,

Pearson’s correlation coefficients were high across all regions: amygdala (r = 0.85), caudate
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nucleus (r = 0.64), dorsal anterior cingulate cortex (dACC; r = 0.76), dorsolateral prefrontal
cortex (DLPFC; r = 0.70), subgenual ACC (sACC; r = 0.90), and hippocampus (HP;
r = 0.83), all with p < 0.05. Similar results were observed in the GTEx dataset: amygdala
(r = 0.87), ACC (r = 0.92), caudate nucleus (CN; r = 0.84), DLPFC (r = 0.91), and HP
(r = 0.73). In the CMC dataset, strong correlations were also found in ACC (r = 0.75)
and DLPFC (r = 0.62). Given this redundancy, neu was excluded from all residualization
models.
After covariate adjustment, residuals were normalized using the Blom transformation (Per-

gola et al., 2017), which approximates a normal distribution by transforming each residual

value x; based on its rank within the sample:

:L'*:(I)il TZ—3/8
! n+1/4

where r; is the rank of z;, and ®~! is the inverse cumulative distribution function of the

standard normal distribution.

B.2 Genotyping and Imputation Procedures

Genotype data for the LIBD cohort were generated using Illumina BeadChips and sub-
sequently imputed to the Trans-Omics for Precision Medicine (TOPMed) reference panel
(Taliun et al., 2021) and the Haplotype Reference Consortium (HRC) panel McCarthy et al.
(2016).

For the GTEx dataset, genotypes were processed following the GTEx pilot analysis pro-
tocol (GTEx, 2015), with imputation performed using IMPUTE2 (Howie et al., 2009) and
the 1000 Genomes Project Phase 1 reference panel (Auton et al., 2015b).

CMC genotype data were obtained from DNA extracted from the dorsolateral prefrontal
cortex (DLPFC), genotyped using the [lumina Infinium HumanOmniExpressExome plat-

form, and imputed to the HRC panel, as previously described (Fromer et al., 2016).
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B.3 Elastic Net Model Training

The relationship between genotype and gene expression was modeled using elastic net reg-
ularization (Li et al., 2018c), a penalized linear regression technique that balances variable
selection (via the L1 penalty of LASSO) with coefficient shrinkage (via the L2 penalty of
ridge regression). This approach is particularly well-suited to high-dimensional genomic data
where the number of predictors far exceeds the number of observations, and where correlated
features (e.g., SNPs in linkage disequilibrium) are expected.

For each gene g, the model can be expressed as:

p
99 = By + Zﬁij
j=1

where () is the predicted (normalized) expression of gene g, X ; are the genotype dosages
for the selected SNPs, and 3; are the fitted coefficients. The elastic net objective function is

given by:

1=

n P 2 P P
mﬁin %Z(yi—ﬁo—ZBjIm) +)\(042|5j|+12a26]2>
1 j=1 j=1

: e

Here, A\ controls the overall strength of the penalty, while o € [0,1] determines the
balance between L1 and L2 penalties. In this study, elastic net was implemented using the
glmnet R package, with A hyperparameter optimized via nested cross-validation and o« = 0.5

consistent with prior studies (Gamazon et al., 2015; Huckins et al., 2019; Zhang et al., 2019).

B.4 Lambda Tuning for MODULE Training

To fine-tune the elastic net regularization parameter A in MODULE, we used the same fold
indices employed during the co-eQTL discovery step. Specifically, we generated a sequence

of 100 candidate A values using the lambdaseq function from the method R package, setting
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parameters to o = 0.5, lambdaRatio = 1072, and nLambda = 100.

In each outer fold, we recomputed the module eigengene (PC1) on the training set and
projected its loadings onto the testing set to generate a consistent PC1 for evaluation. To
ensure reproducibility, we set a fixed random seed and created an inner 4-fold cross-validation
loop within the training data to select the optimal A for each outer fold.

The model was fitted on the training genotype using each candidate X\ value, and perfor-
mance on the projected PC1 in the test fold was assessed via multiple metrics: mean squared
error (MSE), R?, adjusted R?, and Pearson correlation between the predicted and observed
gene expression values. The optimal A was chosen as the one minimizing the average MSE
across inner folds.

Before training the final model using the full LIBD genotype data and the global PC1,
we checked for sign consistency between the gene’s expression and the PC1. Since the sign
of a principal component is arbitrary, we flipped the PC1 if its Pearson correlation with the
target gene’s expression was negative. We also computed the Pearson correlation between
observed gene-level expression and predictions from the cross-validated model fitted on the

training genotype, as an additional measure of consistency and directionality.
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B.5 Supplementary Figures
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Figure S1: Comparison of CIS, EpiXcan, INGENE, and MODULE model training
performance. (A) Barplot illustrates the number of genes meeting the threshold (cross-
validated adjusted R? > 0.01) for CIS (red), EpiXcan (light blue), INGENE (green), and
MODULE (blue) across brain regions. (B) Venn diagram showing the overlap of total pre-
dicted genes among models. (C) Distribution of cross-validated R? values for CIS, EpiXcan,
INGENE, and MODULE across brain regions. Boxplots show the median (central line),
interquartile range (IQR, box), and whiskers extending to 1.5 x IQR; outliers are plotted as
individual points.
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Figure S2: Predictive models replicate across brain regions in GTEx external
dataset and predict differ-ent genes at different performance. Barplots show the
number of predicted genes (x axis) in the GTEx dataset by CIS (red), EpiXcan (light blue),
INGENE (green) and MODULE (blue) models. The number on the right indicates the ratio
of INGENE gene counts divided by EpiXcan counts (top), MODULE counts (middle) and

CIS counts (bottom).
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Figure S3: Models predict common genes at different performance across brain
regions in GTEx external dataset. Box plots of adjusted R? values (y-axis) in predicting
gene-level expression in GTEx using CIS (red), EpiXcan (light blue), INGENE (green) and
MODULE (blue) for commonly "n” predicted genes within brain regions. The median is
represented by the central line, with the interquartile range (IQR) as the box. Whiskers
extend to 1.5xIQR, and outliers are plotted as individual points.
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Figure S4: The correlation of CIS (red), INGENE (green) and MODULE (blue)
predictions be-tween CMC and GTEx in DLPFC, dACC and sACC. The x-axis
shows correlation coefficients between observed and predicted expressions in the CMC testing
dataset, while the y-axis represents correlation coefficients between observed and predicted
expressions in GTEx.
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Figure S5: GO Enrichment Analysis on GTEx eGenes. The x-axis shows the gene
ratio for each molecular function category (y-axis). P-adjusted val-ues refer to BH correction.
Abbreviations: AMY: amygdala; CN: caudate nucleus bulk tissue data; HP: hippocampus
bulk tissue data; sACC: subgenual anterior cingulate cortex bulk tissue data.
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B.6 Supplementary Tables

Table ST1: Percentage of MODULE-predicted genes regulated by cis-eQTLs of
co-expression partners across brain regions.

Region % of Genes Regulated by Partner cis-SNPs
Amygdala 20.0%
CN 18.4%
dACC 16.3%
DLPFC 24.0%
HP 15.0%
sACC 23.0%

Note: Percentages indicate the proportion of trans-predicted genes for which at least one
co-expression partner’s cis-eQTL overlaps as a trans-eQTL. Abbreviations: CN = caudate nu-
cleus; dACC = dorsal anterior cingulate cortex; DLPFC = dorsolateral prefrontal cortex; HP =

hippocampus; sSACC = subgenual anterior cingulate cortex.

Table ST2: Performance of PrediXcan-family models trained on LIBD DLPFC
samples.

Model Mean Adj. R? | SD Adj. R? | Number of Genes
EpiXcan 0.043 0.081 8,137
CMC 0.051 0.090 5,832
MASHR 0.034 0.080 4,158
PrediXcan 0.072 0.100 2,828

Note: Values correspond to adjusted R? for genes with non-zero predictive performance.

Abbreviations: SD = standard deviation.
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Table ST3: Summary of co-expression networks, their sources, and methods of
network construction

Network Name Study Method for Network Construction

Hart12021 Hartl et al. (2021) RNA-seq across 12 brain regions; modules defined via
WGCNA and categorized as region-specific or con-

served.

Pergola2019 Pergola et al. (2019a) WGCNA on DLPFC postmortem RNA-seq; replicated
in multiple datasets; module validated for treatment re-

sponse relevance.

Pergola2023 Pergola et al. (2023b) | WGCNA-derived consensus networks across brain re-
gions and ages; focused on modules enriched for SCZ

risk genes.

Radulescu2020 Radulescu et al. (2020) | WGCNA applied to DLPFC RNA-seq data (SCZ vs.
control); prioritized modules enriched for PRS and

GWAS loci.

Gandal2018 Gandal et al. (2018a) RNA-seq across ASD, SCZ, and BPD; co-expression
modules stratified by cell type and disorder; WGCNA

across combined datasets.

Fromer2016_control | Fromer et al. (2016) RNA-seq from DLPFC samples (SCZ and controls);
case-control analysis with co-expression patterns derived

from CommonMind data.

Werling2020 Werling et al. (2020) WGCNA applied to RNA-seq from 176 DLPFC sam-
ples across development; identified 19 consensus mod-
ules analyzed for developmental trajectories, cell-type

specificity, and GWAS enrichment.

Li2018 Li et al. (2018Db) WGCNA performed on RNA-seq from neurodevelop-
mental brain tissue; modules used for spatiotemporal

expression modeling.

Walker2019 Walker et al. (2019) WGCNA applied to fetal brain RNA-seq; modules in-
tegrated with eQTL and splicing QTL data to inform

GWAS loci interpretation.
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C.1 Supplementary Figures
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Figure S6: Connectivity between predicted gene sets and PGC3 risk genes across
PGC-weight quintiles. MODULE models (blue) show robust increases in connectivity
across several regions, while CIS (orange) and EpiXcan (green) show little or no trend.
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Model Region Linearp Spearmanp Perm Slopep Perm Spearman p

MODULE | dlpfc 0.2182 0.2333 0.000 0.231
MODULE | amygdala | 0.9059 0.9500 0.184 0.949
MODULE | caudate | 0.0794 0.0833 0.000 0.083
MODULE | hippo 0.3513 0.9500 0.000 0.941
MODULE | sACC 0.0107 0.0167 0.000 0.018
CIS dipfc 0.4563 0.6833 0.226 0.685
cis amygdala | 0.0637 0.2333 0.037 0.210
cIS caudate | 0.7293 0.6833 0.598 0.654
cis hippo 0.0255 0.0833 0.050 0.077
cIs sACC 0.9112 0.6833 0.779 0.700
EpiXcan dipfc 0.4245 0.6833 0.169 0.680
EpiXcan | caudate | 0.7664 0.6833 0.738 0.708
EpiXcan | hippo 0.8102 0.9500 0.674 0.942
EpiXcan | sACC 0.8771 1.0000 0.675 1.000

Figure S7: Summary table of nominal and permutation test statistics highlights
that enrichment of SCZ risk gene connectivity is specific to co-expression—based
MODULE models.
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Figure S8: Distribution of predicted genes by brain region and model across PGC3
cohorts. A) Barplot showing the number of predicted genes, pooling predictions from all
models and PGC3 cohorts. B) Number of genes surviving different thresholds of significance
(FDR 0.05, FDR 0.01, and Bonferroni 0.05) across models. Abbreviations: C = CIS; E =
EpiXcan; M = MODULE; I = INGENE; CN = caudate nucleus; dACC = dorsal anterior cingulate
cortex; DLPFC = dorsolateral prefrontal cortex; HP = hippocampus; sSACC = subgenual anterior
cingulate cortex.
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Figure S9: Cross-region directionality of TWAS effects. Pairwise correlations of gene-
level B across brain regions for the multi-region significant genes (FDR < 0.01). Most pairs
show high concordance (dark green), with pockets of lower concordance (lighter green),
indicating region-specific effects.
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Figure S10: Assessment of statistical inflation in coTWAS results. A) Histogram of
adjusted p-values across all gene-region tests, showing enrichment of small values relative to
the null. B) Quantile—quantile (Q—Q) plot illustrating deviation from the expected diagonal
under the uniform null distribution. C) Observed versus expected counts across p-value

ranges, confirming an excess of significant associations.

D) Genomic inflation factor (\)

estimated for each brain region, with values <1 indicating no evidence of systematic inflation.
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Figure S11: Distribution of FDR 0.01 significant genes with cis-only, trans-only,
and cis-trans predictions. A) Barplot shows the percentage of predicted genes with a
consistent prediction type in more than 2 regions. B) Percentage of genes within regions
and across prediction types. Abbreviations: CN: caudate nucleus data; dACC: dorsal anterior
cingulate cortex; DLPFC: dorsolateral prefrontal cortex; HP: hippocampus; sACC: subgenual an-
terior cingulate cortex.
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Figure S12: Integration of MAGMA and coTWAS results. Scatterplots showing gene-
level association statistics across brain regions. The x-axis represents MAGMA Z-statistics,
and the y-axis shows — log;,(p-value) from coTWAS results. Each point corresponds to a
gene, colored by prediction class: red for cis-only, green for trans-only, and gold for both cis
and trans. Point size is proportional to the absolute value of the coTWAS logistic regression
[ coefficient, reflecting effect size magnitude.
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association. Genes are ranked by coTWAS significance, with each point representing a
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Figure S14: Cell-type specificity of coTWAS-significant genes based on human
single-cell transcriptomic data. Enrichment p-values were obtained using the mean-
rank Gene Set Test from the limma R package. The y-axis displays FDR~adjusted p-values,
corrected for multiple comparisons across genes and cell types. Red dashed lines indicate the
FDR significance threshold (a = 0.05). The top panel distinguishes upregulated (5 > 0) and
downregulated (8 < 0) genes in SCZ patients based on coTWAS logistic regression results.

C.2 Supplementary Tables
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Table ST4: Number of CIS, EpiXcan, and MODULE SNPs overlapping the
900,090 SNPs from the PGC3 SCZ summary statistics (p < 0.05) across brain
regions for GTEx-validated genes. Abbreviations: CN = caudate nucleus; dACC = dorsal
anterior cingulate cortex; DLPFC = dorsolateral prefrontal cortex; HP = hippocampus; sACC =
subgenual anterior cingulate cortex; OR = odds ratios; abs = absolute value.

Region Model N° SNPs in Model Overlapping SNPs Pearson’s Coeff.
log(OR), |weights|

Amygdala CIS 62,664 5,919 0.14
Amygdala EpiXcan 100,282 12,824 0.14
Amygdala MODULE 75,455 805 0.40
CN CIS 64,316 5,606 0.15
CN EpiXcan 111,265 14,043 0.15
CN MODULE 75,781 8,091 0.34
dACC CIS 48,285 3,258 0.15
dACC EpiXcan 132,312 16,413 0.18
dACC MODULE 71,526 6,681 0.28
DLPFC CIS 23,898 2,065 0.15
DLPFC EpiXcan 119,388 15,006 0.15
DLPFC MODULE 47,262 5,297 0.41
HP CIS 3,708 2,814 0.14
HP EpiXcan 10,039 12,667 0.15
HP MODULE 72,991 7,588 0.33
sACC CIS 66,533 6,118 0.15
sACC EpiXcan 139,932 16,413 0.14
sACC MODULE 57,414 6,556 0.42

Table ST5: Distribution of PGC3 cohorts by site, sex at birth, and diagnosis.
PGC Site refers to the unique identifier for each participating cohort. N indicates the
total number of participants at each site. Sez at birth (Males/Females) reports the number
of individuals assigned male or female at birth. Cases/Controls represents the number of
individuals diagnosed with schizophrenia and healthy controls, respectively. All individuals
included in this table are of European ancestry.

PGC Site N Sex at Birth (M/F) Cases/Controls

beplb 849 352/497 293/556
braz2 433 238/195 102/331
butr 1298 656/642 649/649

Continued on next page
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Table ST5 — continued from previous page

PGC Site N Sex at Birth (M/F) Cases/Controls
celso 3499 2139/1360 1993/1506
clz2a 11970 6532/5434 5063/6907
cogs1 870 517/353 401 /469
du2aa 555 333/222 321/234
enric 1274 735/539 700/574
eubme 790 402/387 613/177
eusp2 792 512/280 308/484
eutu2 1083 570/513 393/690
gapla 281 166/115 120/161
gebal 1037  491/546 358/679
gpc2a 3079 2264/1715 1923/2056
gro2a 376 238/138 210/166
grtr 200 238/52 145,/145
lemu 1032 690/342 516/516
mcqul 2506 1302/1204 1222/1284
mosc2 841 442/399 408/433
price 1568 887/681 841/727
rivel 1521 836/685 319/1202
rouin 389 220/169 204/185
sh2aa 469 296/173 236,233
serri 454  241/213 216/238
tol0c 5961 3030/2931 961/5000
uktr 140 110/30 70/70
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Table ST5 — continued from previous page

PGC Site N Sex at Birth (M/F) Cases/Controls
xaber 1325 916/409 642/683
Xajsz 2487 1744/743 893/1594
xasrb 755 445/310 463/292
xboco 3936 1923/2013 1778/2158
xbuls 801 381/420 193/608
xcati 614 466/148 397/217
XCaws 668 391/277 387/281
Xcgsd 3580 1838/1742 474/3106
xcims 126 95/31 65/61
xclm?2 7425 4476/2949 3345/4080
xclo3 4023 2476/1547 2053/1970
xcou3 1200 654/546 521/679
xdenm 930 542/388 474/456
xdubl 1100 423/677 260/840
xedin 598 370/228 319/279
xegeu 1387 372/1015 236/1151
Xersw 591 369/222 271/320
Xgras 2234 1437/797 1065/1169
xirwt 2231 1374/857 1235/996
xlacw 394 344/50 153/241
xlie2 401 219/182 132/269
xlieb 878 550/328 489/389
xmsaf 458 280/178 321/137
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Table ST5 — continued from previous page

PGC Site N Sex at Birth (M/F) Cases/Controls
Xmunc 731 411/320 421/310
xpewb 2158 1167/991 456/1702
Xpews 381 222/159 148/233
xport 560 293/267 345/215
xs234 4232 2325/1907 1967/2265
xswel 421 219/202 213/208
Xswed 4348 2410/1938 1770/2578
xsweb 2132 1148/984 078/1154
xtop8 746 401/345 369/377
xucla 1117 693/424 580/537
xuclo 977 549/428 492/485
xume2 2032 974/1056 544 /1488
xzhh1 379 219/160 190,189
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Appendix D

Supplementary Information (Study 3)

D.1 Genotype Data Preprocessing

DNA samples were genotyped at UNIPI using the [llumina Infinium Omni2.5Exome-8 v1.5
arrays and processed on a 550 NextSeq Illumina platform.

Post-imputation quality control was performed at UNIBA following the same protocol
described in Study 1 (Chapter 3) and Study 2 (Chapter 4). Briefly, post-imputation quality
control was conducted uniformly with PLINK toolkit version 1.07 (Purcell et al., 2007).
SNPs were excluded based on minor allele frequency (MAF) < 0.01, Hardy-Weinberg equi-
librium p-value < 107%, or > 5% missingness. Individuals were excluded for > 2% missing
genotypes or relatedness 7 > 0.125. Population structure was inferred using principal com-
ponents aligned to HapMap3 (Altshuler et al., 2010). Among the 707 genotyped individuals

that passed QC steps, the ancestry composition included:
e 346 of European ancestry
e 269 of Central American ancestry
e 92 of mixed ancestry

The final number of genotypes after processing was 4,894,072.
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D.2 Gene Expression Prediction

To generate predictors, we applied CIS, EpiXcan, INGENE and MODULE to the genotype
data of each participant, yielding imputed expression levels for approximately 20,000 genes
per region (Table 7). As described in Chapter 3 (section 3.4.2), model validity was assessed
using cross-cohort replication in the GTEx brain dataset. Only genes that met minimum
predictive performance criteria in GTEx—mnamely, adjusted R? > 0 and Pearson correlation
r > 0—were retained for downstream use.

For each gene with multiple available predictors across models or regions, we computed
a combined expression estimate using a linear weighting strategy introduced in Study 1
(refer to section 3.3.5). This integration step enhanced expression accuracy while preserving
biological specificity.

To control for demographic confounding, gene expression predictions were residualized
using linear models that included age and ethnicity (Hispanic vs. non-Hispanic) as covariates.

This residualization was performed gene-wise prior to any modeling.

SVM, RF, XgBoost Model Tuning Parameters and Their
Rationale

To optimize predictive performance while minimizing overfitting in a high-dimensional, low-
sample setting, model hyperparameters were carefully selected for each algorithm. The
choices reflect a bias—variance trade-off appropriate for exploratory behavioural prediction

using transcriptomic data.

Random Forest

e mtry: The number of features randomly selected at each split. Smaller values (e.g.,

/P, p/3) were used to reduce model complexity and encourage diversity among trees,

180



thereby lowering variance and the risk of overfitting.

e min.node.size: The minimum number of observations allowed in a terminal node.
Lower values (1, 5, 10) permit deeper trees and finer splits, which can increase model
flexibility but also raise the risk of overfitting. These settings were included to explore

the trade-off between bias and variance in small-sample contexts.

XGBoost

e cta (learning rate): Controls the contribution of each tree to the final model. Small
values ({0.01, 0.05, 0.1}) ensure conservative, incremental updates, which are particu-

larly beneficial in high-dimensional settings where overfitting is a concern.

e max.depth: Limits the maximum depth of individual trees. Shallow trees ({2, 3}) were

used to prevent overly complex decision boundaries and to promote generalizability.

Support Vector Machine (SVM)

e C: Regularization parameter that controls the trade-off between achieving a low training
error and maintaining a large margin. Smaller values promote simpler models that

generalize better, especially in sparse feature spaces.

e epsilon: Defines the margin of tolerance around the predicted function in regression
tasks (e.g., SVR). Tuning this parameter helps control model sensitivity and avoids

overfitting to noise in behavioural data.

These parameter ranges were selected based on prior research applying machine learning
to high-dimensional biomedical data and adapted to the specific characteristics of the present

study’s sample and feature space.
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D.3 Supplementary Figures
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Figure S15: Model Performance Across Individual Brain Regions. Each panel dis-
plays adjusted R?, 72, and raw R? values for RF, SVM, and XGBoost across six brain regions:
amygdala, caudate, dACC, DLPFC, hippocampus, and sACC. SVM shows marginally higher
predictive power in the hippocampus and caudate. Across all regions, however, test set R?
remains negative, and no model achieves meaningful out-of-sample accuracy.
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