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ABSTRACT
Psychiatric disorders exhibit complex genetic characteristics such as substantial poly-
genicity, pleiotropy, and genetic overlap, making them difficult to fully understand 
through studies focused solely on single genes or individual diseases. This review un-
derscores the importance of multivariate and multi-trait analyses in psychiatric genetics 
and provides a comprehensive overview of major analytical tools, including their con-
cepts, strengths, limitations, and applications. By addressing the current methodologi-
cal challenges and proposing future directions, we aim to advance our understanding 
of the genetic architecture underlying psychiatric disorders and support progress to-
wards precision medicine.
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INTRODUCTION

Psychiatric disorders are major illnesses that place a significant burden on millions of people 
worldwide [1]. Their etiology is diverse and primarily results from the interaction between ge-
netic predisposition and various environmental factors [2], which include childhood stress, so-
cial abuse, neurobiological vulnerabilities, and so on [3]. Understanding these complex mecha-
nisms is essential for effective prevention and intervention of psychiatric illnesses [4].

Genome-wide association studies (GWAS) have been used to identify common genetic vari-
ants associated with a wide range of psychiatric disorders [5]. These studies have significantly 
advanced our understanding of the genetic components underlying disorders by uncovering 
numerous single-nucleotide polymorphisms (SNPs) associated with disease susceptibility. 
However, the genetic architecture of psychiatric disorders is highly complex and involves thou-
sands of individual variants with small effect sizes [6]—a phenomenon known as polygenicity 
[7]. Moreover, pleiotropy, where a single variant influences multiple traits, is frequently ob-
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served [8-10], along with a high degree of shared genetic ar-
chitecture across diagnostic categories [11,12]. These chal-
lenges hinder the traditional univariate GWAS framework, 
which focuses on only one phenotype and may fail to capture 
broader biological patterns [13].

To overcome these limitations and comprehensively under-
stand the genetic complexity of psychiatric disorders, multi-
variate analysis methodologies that simultaneously analyze 
multiple phenotypes or disorders have been emphasized. 
This approach not only improves statistical power but also 
helps identify shared genetic loci and unravel overlapping bi-
ological mechanisms across disorders [14]. As these methods 
have become increasingly central to psychiatric genomics, it 
is necessary to evaluate their utility, assumptions, and limita-
tions.

This narrative review examines the basis of multivariate 
analysis in psychiatric genetics, systematically compares ma-
jor multivariate tools, and highlights recent empirical findings 
using these methods. Furthermore, we discuss current meth-
odological challenges and suggest directions for further re-
search.

NECESSITY OF MULTIVARIATE ANALYSIS

Each psychiatric disorder is characterized by high polygenici-
ty and pleiotropy. Moreover, the extensive genetic overlap 
across disorders challenges the traditional categorical diag-
nostic framework. The following section explains why multi-
variate analysis, which models multiple phenotypes simulta-
neously, in contrast to conventional univariate approaches 
focusing on single traits, is essential in psychiatric genomics 
from three perspectives: polygenicity, pleiotropy, and impli-
cations for psychiatric nosology.

Addressing polygenicity: enhancing statistical power 
for subtle genetic effects
Most psychiatric disorders are highly polygenic, meaning that 
their etiology involves the cumulative influence of thousands 
of common variants, each exerting only a small effect on dis-
ease risk [7]. Because univariate GWAS independently test 
each SNP-phenotype association, they often lack the statisti-
cal power to detect these subtle effects, leading to many true 
associations being missed [11,15,16]. This limitation contrib-
utes to the phenomenon of ‘missing heritability,’ in which a 
larger portion of genetic influences remains unexplained by 
identified variants [17].

Multivariate analyses directly unravel this issue by simulta-

neously analyzing multiple genetically linked phenotypes 
[14]. By integrating information across related traits, these 
approaches effectively increase the sample size and aggre-
gate the small effects of individual variants, thereby improv-
ing the power to detect associations that would be below sig-
nificance thresholds in single-trait analyses [15]. This en-
hanced discovery power is crucial for identifying a more com-
plete set of genetic risk factors underlying complex psychiat-
ric disorders, and moving beyond the most penetrant variants 
to capture the broader genetic landscape.

Unraveling pleiotropy: dissecting shared and distinct 
genetic influences
Pleiotropy, a phenomenon in which a single genetic variant 
influences multiple distinct phenotypes, is a pervasive feature 
of psychiatric genetics [8,18]. It manifests as high rates of co-
morbidities and duplicated symptom profiles across seem-
ingly distinct psychiatric diagnoses, such as schizophrenia 
(SCZ) and bipolar disorder (BD), or the clinical and genetic 
overlap observed between major depressive disorder (MDD) 
and anxiety disorders [18-21]. 

Univariate GWAS treats each disorder as an isolated entity, 
overlooking the complex web of cross-disorder genetic influ-
ences that contribute to the observed comorbidities. Howev-
er, multivariate analysis tools are specifically designed to ex-
plicitly model pleiotropic effects, allowing the simultaneous 
analysis of multiple traits to disentangle the genetic architec-
ture into components shared across disorders and those 
unique to specific disorders [11,22]. For example, tools like 
conjunctional false discovery rate (conjFDR) can detect genet-
ic variants with pleiotropic effects even if their associations 
with a single disorder had been too weak to be identified by 
traditional univariate analyses [23,24]. 

Importantly, recent approaches such as Causal mixture 
model for GWAS summary statistics (MiXeR) [25] and genomic 
structural equation modeling (genomic SEM) [14] have 
demonstrated that even among disorders with strong overall 
genetic correlations (e.g., SCZ and BD [11]), a substantial pro-
portion of variants exert disorder-specific effects, highlighting 
distinct neurobiological pathways that cannot be explained 
by shared genetic liability alone [26]. Disentangling shared 
and unique genetic influences not only deepens our under-
standing of common biological mechanisms across disorders 
but also facilitates the identification of disorder-specific path-
ways, guiding both transdiagnostic and precision-targeted 
therapeutic development [24,26,27].
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Advancing psychiatric nosology through multivariate 
approaches
The recognition of extensive genetic sharing among psychiat-
ric disorders fundamentally challenges traditional categorical 
diagnostic systems that often fail to reflect the biological real-
ity of these conditions [6,11,22,28]. To address this limitation, 
multivariate frameworks, such as genomic SEM, enable the 
decomposition of genetic covariance structures across multi-
ple disorders into shared latent factors and disorder-specific 
components [14]. For instance, genomic SEM can partition 
the genetic architecture of psychiatric traits into general and 
domain-specific factors, thereby offering a data-driven frame-
work for revising psychiatric classification systems [29]. Si-
multaneously, tools such as association analysis based on 
subsets (ASSET) detect genetic variants shared across subsets 
of disorders [30]. This approach captures the complex contin-
uum of pleiotropy in psychiatric genetics, highlighting that 
genetic risk factors may transcend diagnostic boundaries 
while retaining disorder-specific effects [29].

Together, these multivariate approaches uncover both 
shared etiological dimensions and distinct disorder mecha-
nisms, providing a biologically grounded foundation for refin-
ing psychiatric nosology beyond symptom-based categoriza-
tions [15,26,27].

OVERVIEW OF MULTIVARIATE ANALYTIC 
TOOLS 

GWAS-based multivariate analysis tools applied in psychiatric 
genetics serve distinct purposes. They can be broadly classi-
fied into three categories depending on whether they rely on 
individual-level or summary-level GWAS data and the extent 
to which they jointly model multiple traits. First, individu-
al-level GWAS-based methods directly incorporate genotypic 
and phenotypic information from each participant into multi-
variate regression or mixed models. Representative tools in-
clude Genome-wide Efficient Mixed Model Association (GEM-
MA) [31], as well as Genome-wide Complex Trait Analysis-Mul-
tivariate Genomic-relatedness-based Restricted Maximum 
Likelihood (GCTA-mtGREML) [32], Multi-Trait Mixed Model 
(MTMM) [33], Multivariate Population-based LINKage analysis 
(mv-PLINK) [34], and joint model of Multiple Phenotypes 
(MultiPhen) [35]. However, the application of these individu-
al-level approaches is relatively limited because of restricted 
data accessibility.

Second, multi-trait analysis methods using GWAS summary 
statistics have been developed. These tools either jointly mod-

el multiple traits or utilize cross-trait information to increase 
the statistical power of genetic discoveries. Notable exam-
ples include the Multi-Trait Analysis of GWAS (MTAG) [15], ge-
nomic SEM [14], ASSET [30], Cross-Phenotype Association Test 
(CPASSOC) [36], Multivariate Meta-Analysis based on a Canon-
ical Correlation Analysis (metaCCA) [37], and Heritability in-
formed power optimization (HIPO) [38]. Additional summa-
ry-level methods include metaUSAT [39] and MultiMeta [40].

Third, in a broader sense, several summary-statistics-based 
approaches are not direct multi-trait GWAS tools, but rather 
complementary methods for the meta-analysis and charac-
terization of genetic architecture in psychiatric traits. It in-
cludes Genome-Wide Association Meta-Analysis (GWAMA) 
[41], MiXeR [25], pleiotropy-informed false discovery rate 
(pleioFDR) [23], and Local Analysis of [co]Variant Association 
(LAVA) [42], which model local genetic correlations, and Sum 
of Single Effects (SuSiE) [43], which performs fine mapping 
based on a multiple regression framework.

RECENT RESEARCH APPLICATIONS

This section highlights the recent applications of multi-trait 
GWAS and major multivariate analysis tools in the field of 
psychiatric genetics, illustrating their utility in uncovering the 
complex genetic architecture of disorders. We focus on 10 
widely applied tools: MTAG, genomic SEM, ASSET, CPASSOC, 
metaCCA, HIPO, GWAMA, MiXeR, pleioFDR, and GEMMA, pro-
viding their concepts, analytical strategies, strengths and lim-
itations, and suitable applications in psychiatric genetic stud-
ies. These also are summarized in Table 1 [23,38,44-68].

MTAG  
MTAG jointly analyzes GWAS summary statistics from multi-
ple traits, leveraging shared genetic information to produce 
trait-specific effect estimates and association statistics for 
each SNP while appropriately accounting for sample overlap 
[15,44,45]. MTAG estimates trait-specific SNP effects by com-
bining the homogeneous variance-covariance matrix of SNP 
effect sizes across correlated traits with an estimation error 
variance-covariance matrix that accounts for sample overlap 
obtained through linkage disequilibrium score regression 
(LDSC) [44,46,47]. The major advantages of MTAG include 
substantially improved statistical power for genetic discovery, 
leading to the identification of more genome-wide significant 
loci, enhanced polygenic risk score (PRS) prediction, and 
more informative downstream bioinformatic analyses while 
maintaining computational efficiency and robustness to sam-
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ple overlap [15,45]. However, a key limitation is the strong as-
sumption of a homogeneous SNP effect size covariance. If 
this assumption is violated, MTAG can yield biased estimates 
and inflated false discovery rates for individual SNPs, thereby 
reducing trait specificity [15,46].

The empirical application of the MTAG illustrates its utility. 
For example, it has been applied to three traits: increasing the 
number of genome-wide significant loci for depressive symp-
toms (from 32 to 64 loci), neuroticism (from 9 to 37 loci), and 
subjective well-being (SWB) (from 13 to 49 loci), as well as im-
proving PRS prediction and bioinformatics analyses [15]. In 
another study, MTAG was used to combine GWAS summary 
statistics for post-traumatic stress disorder (PTSD) and MDD 
(together with cardiovascular disease traits), significantly en-
hancing the genetic predictive performance of the PTSD diag-
nostic status [69]. More recently, MTAG was applied to opioid 
use disorder (OUD) and genetically correlated substance use 
disorders such as alcohol use disorder and cannabis use dis-
order (CanUD), increasing the equivalent sample size and 
identifying 19 independent genome-wide significant OUD 
risk loci while explaining a larger proportion of OUD variance 
in the PRS [46].

Genomic SEM 
Genomic SEM models the multivariate genetic architecture of 
complex traits using GWAS summary statistics, enabling the 
identification of genetic variants contributing to both general 
liability (latent factors) and trait-specific divergence (hetero-
geneity) [14,70]. The genetic framework extends LDSC to esti-
mate genetic covariance matrices, capture pleiotropy, and 
model higher-order latent factors, thereby offering the poten-
tial for causal inference by clarifying the pathways through 
which shared and trait-specific genetic influences affect mul-
tiple disorders [14,29,48]. The advantages of genomic SEM in-
clude a flexible and efficient framework that enhances dis-
coverability, improves polygenic prediction, and provides un-
biased estimation while robustly addressing sample overlap, 
heterogeneity, and population stratification [14,19,71,72]. 
Limitations include reliance on well-powered GWAS of com-
mon variants, restricted generalizability across ancestries, 
and potential oversimplification of complex trait interactions 
[19,70,73-75].

Genomic SEM was used to dissect the shared and heteroge-
neous genetic architectures of psychiatric disorders. Multivar-
iate GWAS analysis using genomic SEM has highlighted loci 
contributing to multiple disorders through shared factors, as 
well as loci acting heterogeneously within individual traits, 

providing insights at the biobehavioral, functional genomic, 
and molecular genetic levels for 11 major mental disorders 
[48]. A recent study added the genomic structural invariance 
test to genomic SEM, allowing for the comparison of autoso-
mal multivariate genetic architecture of shared variants in 
eight major psychiatric disorders according to biologically 
stratified sex [49]. Finally, genomic SEM has been applied in a 
‘GWAS-by-subtraction’ approach to isolate non-cognitive ge-
netic variation in educational attainment, which was later as-
sociated with mental illness [75].

ASSET  
ASSET is a pleiotropy-oriented meta-analysis framework that 
systematically identifies and characterizes genetic associa-
tions that may be shared across multiple traits or specific to 
subsets of traits [30]. Unlike conventional fixed-effects me-
ta-analyses, which assume homogeneous SNP effects across 
studies, ASSET performs an exhaustive search across all pos-
sible subsets of traits to detect associations that are present 
in only some traits, absent in others, or operating in directions 
across phenotypes. Methodologically, it integrates weighted 
Z-statistics within a multivariate normal framework, account-
ing for correlations among test statistics, adjusting for multi-
ple testing, and correcting for sample overlap to maintain rig-
orous control of type I errors [30]. The key advantages of AS-
SET include enhanced locus discovery, the ability to capture 
heterogeneous or even discordant cross-trait genetic effects, 
and robustness in the presence of overlapping samples. 
Nonetheless, limitations remain, such as a high computation-
al burden, reduced statistical power in highly homogeneous 
study settings owing to the subset search procedure, and lim-
ited sensitivity in detecting associations with rare variants.

Using ASSET, Lam et al. [50] showed that concordant loci 
(high cognition/education and lower SCZ risk) are linked to 
early neurodevelopment, whereas discordant loci (higher ed-
ucation and higher SCZ risk) are linked to synaptic pruning. 
Johnson et al. [76] identified 327 pleiotropic loci across SCZ, 
CanUD, and smoking, including 150 novel loci, using ASSET, 
highlighting shared brain tissue enrichment.

CPASSOC 
CPASSOC is a statistical framework designed to detect genetic 
variants associated with multiple traits by leveraging GWAS 
summary statistics [36,51]. This is particularly relevant in the 
study of pleiotropy, including clinically distinct conditions. 
CPASSOC tests the null hypothesis that a genetic marker is not 
associated with any of the studied phenotypes, against the al-
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ternative that it is associated with at least one. By jointly ana-
lyzing multiple traits, it enhances locus discovery [36]. Meth-
odologically, it accommodates heterogeneity across traits, in-
cluding opposite effect directions, correlated and indepen-
dent phenotypes, and continuous and binary outcomes. The 
framework also corrects for sample overlap and relies only on 
summary-level data, making it suitable for large-scale consor-
tia, where individual-level data sharing is restricted.

CPASSOC offers two test statistics: summary statistic homo-
geneous effect test (Shom), which is more powerful when ge-
netic effects are homogeneous across traits, and summary 
statistic heterogeneous effect test (SHet), which is an exten-
sion of SHom that increases power when effect sizes vary. Its 
main advantages include high power, flexibility in modeling 
diverse phenotypic structures, and robustness against over-
lapping samples. Limitations include the computational bur-
den of estimating the SHet statistic in high-dimensional cor-
relation matrices and potential inaccuracy of gamma distri-
bution approximation under such condition [36,51].

CPASSOC has been used in psychiatric genetics. SHet statis-
tics have been used with ASSET in a cross-trait GWAS to dis-
cover shared risk variants between Alzheimer’s disease and 
three stress-related disorders (PTSD, anxiety disorder, and 
MDD), improving the power to detect heterogeneous genetic 
effects [51]. Another study identified shared SNPs and specif-
ic loci between psychiatric disorders and hemorrhoidal dis-
ease [52]. It has also been used for sensitivity analysis in 
cross-trait meta-analyses to identify pleiotropic SNPs under-
lying the shared genetic architecture between psychiatric dis-
orders and metabolic traits [53].

MetaCCA 
MetaCCA is a framework for summary statistics-based multi-
variate meta-analysis of GWAS using CCA [34]. It models linear 
relationships between multiple SNPs and multiple traits from 
univariate GWAS inputs while estimating correlation structures 
from external reference panels, such as the 1000 Genomes 
Project. To improve the robustness, the method incorporates 
a covariance shrinkage algorithm [37,54]. Novel pleiotropic 
associations can be discovered by aggregating weak signals 
across phenotypes, without requiring individual-level data 
[77]. The limitations include the inability to infer effect direc-
tions in the absence of individual-level data, and reduced  
accuracy when correlation estimates are noisy, although a 
shrinkage-based extension, metaCCA+, partly addresses this 
issue [37].

One notable application is the utility of the metaCCA. A 

multivariate GWAS identified pleiotropic genes shared across 
five psychiatric disorders (BD, SCZ, MDD, autism spectrum 
disorder [ASD], and attention-deficit/hyperactivity disorder 
[ADHD]) using Psychiatric Genomics Consortium (PGC) sum-
mary statistics, yielding 1,147 SNPs and 246 candidate genes. 
After refinement with VEGAS2 [78], 37 pleiotropic genes re-
mained, including known loci as well as 24 novel candidates, 
underscoring the ability of metaCCA to uncover shared genet-
ic architecture [54]. More recently, Salenius et al. [55] conduct-
ed the largest multivariate GWAS of ASD and eight co-occur-
ring traits using metaPhat/metaCCA. Their analysis identified 
637 significant associations and novel ASD-related genes, such 
as KAT8 regulatory NSL complex subunit 1 (KANSL1), N-ethyl-
maleimide-sensitive factor (NSF), and neurotrimin (NTM), 
which are involved in immune response and synaptic trans-
mission [55].

HIPO  
HIPO utilizes GWAS summary statistics across multiple traits 
to uncover shared genetic associations. It works by using the 
genetic covariance between traits estimated from SNP-level 
summary statistics and then identifying variants that are like-
ly to influence more than one phenotype. HIPO derives an 
optimal linear combination of association coefficients that 
maximizes the non-centrality parameter, thereby boosting its 
power to detect cross-trait genetic signals. This framework 
leverages pleiotropy, genome-wide estimates of heritability, 
and genetic covariance to enhance the discovery. Compared 
to standard meta-analyses, HIPO offers several advantages. It 
increases the detection of novel loci, controls type I error 
rates, is robust to population stratification, and can reduce di-
mensionality in high-dimensional phenotypic data. However, 
it has limitations: it may be less efficient at identifying the 
strongest single-trait associations (‘top hits’), and, unlike 
MTAG, it does not directly assign SNPs to individual traits, 
which can complicate trait-specific interpretation [38].

Examples of applications in psychiatric diseases: In the 
PGC cross-disorder data, HIPO increased the number of ge-
nome-wide significant loci by 200%, notably discovering a 
new locus (rs13072940) associated with BD and SCZ that was 
not found by individual trait analysis or standard meta-analy-
sis [38].

GWAMA  
GWAMA is an open-source software framework designed to 
combine GWAS summary statistics from multiple cohorts, 
thereby increasing its power to detect genetic variants associ-
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ated with complex traits [41]. It harmonizes the study results 
with a common reference allele, performs comprehensive er-
ror checking, and applies genomic controls to correct for pop-
ulation stratification. Meta-analysis is conducted inverse-vari-
ance weighted models: fixed-effects or random-effects when 
heterogeneity is detected. Heterogeneity is quantified using 
Cochran’s Q statistic and the I² index [41]. Strengths of GWA-
MA include its user-friendly compatibility with standard GWAS 
outputs (e.g., Population-based LINKage analysis Single Nu-
cleotide Polymorphism Test [PLINK SNPTEST]), automated 
quality control, and flexibility between fixed- and random-ef-
fects models. A key limitation is that GWAMA is restricted to 
single-trait meta-analyses; multi-trait analyses require down-
stream frameworks, such as MTAG, CPASSOC, and HIPO, that 
build on univariate results [79].

GWAMA has been widely applied in psychiatric and com-
plex trait genetics. It was used in a meta-analysis of anorexia 
nervosa (AN) that revealed three risk loci associated with 
body mass index (BMI) [56]. In African American cohorts, GWA-
MA identified four novel common loci (endoplasmic reticulum 
degradation-enhancing alpha-mannosidase-like protein 1 
[EDEM1], activated leukocyte cell adhesion molecule [ALCAM], 
glypican 6 [GPC6], VRK serine/threonine kinase 3 [VRK3]) and 
one rare locus near insulin-like growth factor I receptor (IG-
F1R) associated with AD [80]. A landmark GWAMA of ADHD 
identified the first significant genome-wide loci associated 
with this disorder [57]. More recently, GWAMA outputs for the 
age at onset of walking (AOW) were further leveraged in multi-
trait analyses (genomic SEM, MiXeR), demonstrating genetic 
overlap between AOW, ADHD, BMI, and brain morphology 
traits [81].

MiXeR 
MiXeR is a statistical framework designed to characterize the 
genetic architecture of complex traits using GWAS summary 
statistics [25,58,82,83]. Unlike the infinitesimal model, which 
assumes all variants contribute a small effect [84], MiXeR dis-
tinguishes between ‘non-null’ (causal) and ‘null’ (non-causal) 
variants by fitting mixture models to SNP effect size distribu-
tions. This approach enables estimation of polygenicity (num-
ber of causal variants), discoverability (variance of causal ef-
fect sizes), and genetic overlap between traits, even when ef-
fect directions differ [25,59]. The strength of MiXeR is its ability 
to provide a more nuanced view of the shared architecture 
than standard genetic correlation methods, which may un-
derestimate overlap in the presence of mixed effect directions 
[25,60,61]. Its extension, gene set analysis (GSA)-MiXeR, facili-

tates biological interpretation by quantifying heritability and 
enrichment at the gene-set level [62]. Nevertheless, MiXeR as-
sumes additive effects and normally distributed causal vari-
ants independent of allele frequency, linkage disequilibrium 
(LD), or genomic location [82], assumptions which may not 
hold across all traits. It also requires well-powered GWASs 
and accurate LD reference panels, limiting its applicability in 
underpowered studies or in non-European populations [85]. 
In practice, MiXeR is often complemented by pleioFDR ap-
proaches, which help localize the specific loci underlying the 
overlap it estimates [60,61,82,83,86].

MiXeR has been widely studied in several psychiatric disor-
ders to elucidate its complex genetic architecture and interre-
lationships. For SCZ, it has revealed high polygenicity and ex-
tensive genetic overlap with conditions like BD, cortical and 
subcortical brain volumes, and even educational attainment, 
often identifying shared variants despite low or non-existent 
genetic correlations [58,60]. In the case of major depression, 
MiXeR analyses uncovered significant polygenic overlap with 
intelligence and subcortical brain volumes, often with mixed 
effect directions influencing the traits [82,83]. For ADHD, MiX-
eR showed it to be less polygenic compared to some other 
mental disorders and identified substantial overlap with irrita-
ble bowel syndrome [59,87].

pleioFDR: conditioned/conjunctional FDR
Conditioned FDR (condFDR) and its extension, conjFDR, are 
pleiotropy-informed approaches that enhance locus discov-
ery by leveraging cross-trait enrichment of GWAS summary 
statistics [23,88]. Implemented within an empirical Bayesian 
framework [89], pleioFDR re-ranks SNP test statistics accord-
ing to enrichment patterns across traits, thereby increasing 
the statistical power while remaining cost-effective and mod-
el-free [60,88,90,91]. Unlike traditional methods, pleioFDR 
can detect both trait-specific and shared loci, irrespective of 
the overall genetic correlation or mixed effect directions. Ef-
fect sizes and directions are typically inferred post hoc from 
the original GWAS summary statistics estimates (e.g., z-scores, 
regression coefficients, or odds ratios) [83,85]. Despite these 
advantages, pleioFDR has limitations, including sensitivity to 
LD structures in complex genomic regions (which are typically 
excluded), inability to differentiate true from mediated pleiot-
ropy or pinpoint causal variants, dependence on well-pow-
ered GWAS, and potential inflation from sample overlap. 
ConjFDR, although more conservative, mitigates some of 
these issues at the expense of reduced power [88,90,92].

Applications of pleioFDR to psychiatric genetics include: 
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Early work on SCZ and BD identified 58 SCZ loci and 35 BD loci 
at condFDR of less than 0.05, with conjFDR revealing 14 addi-
tional loci jointly associated with both disorders, many of 
which were novel beyond univariate GWAS [23]. Subsequent 
studies extended the framework to SCZ and cardiometabolic 
traits (BMI, smoking initiation, and type 2 diabetes), uncover-
ing extensive genetic overlaps with both concordant and dis-
cordant effect directions [85]. Recently, pleioFDR applied to 
SWB and multiple psychiatric disorders (MDD, BD1, SCZ, AN, 
ADHD, cannabis use disorder (CNB), and ASD) identified nu-
merous additional loci, including 101 shared between SWB 
and MDD, and 30 shared between SWB and SCZ, highlighting 
complex pleiotropic relationships, even in the presence of low 
genetic correlations [93]. 

GEMMA  
GEMMA applies linear mixed models to individual-level GWAS 
data to simultaneously test for SNP associations with one or 
multiple phenotypes. The key idea is to model genetic simi-
larity (genomic relatedness matrix) among individuals as a 
random effect that corrects for confounding due to popula-
tion stratification and relatedness (e.g., family or cryptic relat-
edness) [31]. In practice, GEMMA calculates exact association 
statistics that are mathematically identical to the well-known 
Efficient Mixed Model Association (EMMA) method; however, 
it does so far more efficiently, approximately ‘n’ times faster, 
making genome-wide analyses computationally feasible for 
large samples. This efficiency results from the reformulation 
of the computations, which avoids the heavy repeated matrix 
decompositions required by the EMMA [31]. GEMMA is partic-
ularly useful for small or moderately sized datasets and pro-
vides a robust foundation for multivariate phenotype analy-
ses [63]. Its main strengths are the precise control of type I er-
ror rates, effective adjustment for relatedness and stratifica-
tion, and computational tractability. However, its efficiency 
gains are limited when more than one random effect (vari-
ance component) is included in the model, in which case, ap-
proximate methods may still be required. 

GEMMA has been applied to a multivariate GWAS of depres-
sion, cognition, and memory phenotypes in Chinese individu-
als, as well as a meta-analysis of a GWAS of suicide mortality 
[63]. GEMMA was utilized for GWAS analysis of suicide deaths 
in the University of Utah Cohort 1 samples, specifically to ex-
amine the association between variants and suicide deaths 
while modeling population stratification [64].

LIMITATIONS AND FUTURE DIRECTIONS 
OF MULTIVARIATE METHODOLOGY

Although multivariate GWAS approaches have made signifi-
cant contributions to psychiatric genetics, they have several 
methodological limitations.

Methodological limitations
First, residual confounding from sample overlap and popula-
tion stratification remains a fundamental challenge [94]. Al-
though statistical approaches are partially correct for sample 
overlap [15,30,38] and population structure [41,63], their ef-
fectiveness is limited when individual-level data are inaccessi-
ble or when subtle unmeasured substructures exist. In psy-
chiatric genetics, where consortia integrate data collected un-
der heterogeneous recruitment strategies and diagnostic 
practices, cryptic relatedness and subtle population stratifica-
tion can produce inflated effect estimates or spurious associ-
ations, thereby complicating interpretation and hindering 
clinical translation [14,23].

Second, the complexity of biological and clinical interpreta-
tions of multivariate findings poses a significant hurdle. When 
pleiotropic loci or shared genetic factors are identified, the 
challenge extends beyond statistical significance to under-
standing their precise biological mechanisms and clinical im-
plications [58]. It remains difficult to ascertain how a genetic 
variant affecting multiple disorders differentially contributes 
to each specific phenotype, or through which molecular path-
ways these diffuse effects are mediated. This inherent com-
plexity can impede the direct translation of multivariate genet-
ic discoveries into actionable insights for personalized diagno-
sis, prognosis, or treatment selection in psychiatric practice.

Third, limited generalizability across diverse populations is 
a critical barrier. The vast majority of large-scale GWAS under-
lying multivariate analyses are based on European ancestry 
cohorts [75,85]. This Eurocentric bias constrains the transfer-
ability of the genetic architecture, PRS, and pleiotropic rela-
tionships to non-European populations [95]. Genetic effects 
and their frequencies can vary significantly across ancestries 
due to differences in LD patterns, allele frequencies, and envi-
ronmental exposures, posing a substantial barrier to the eq-
uitable global implementation of precision psychiatry.

Fourth, heterogeneity in phenotypic definitions and diag-
nostic criteria across studies presents a persistent challenge 
[96,97]. Multivariate analyses rely on the harmonization of 
phenotypic data from multiple sources. However, psychiatric 
diagnoses are often based on symptom clusters rather than 
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on objective biomarkers, resulting in considerable clinical 
heterogeneity within diagnostic categories and overlap be-
tween disorders. Inconsistent diagnostic criteria or varying 
levels of phenotypic granularity across different cohorts can 
introduce noise and bias into multivariate models, impacting 
the validity and comparability of results, and potentially ob-
scuring true genetic signals relevant to specific psychiatric 
constructs [98].

Finally, inherent difficulty in model specification and valida-
tion for complex multivariate tools, particularly for methods 
like genomic SEM, represents a significant academic and 
methodological challenge [14,29]. The model requires a priori 
hypotheses about the underlying genetic relationships among 
psychiatric traits, and the choice of the model structure can 
profoundly influence the results. Mis-specification of the ge-
netic covariance structure or the relationships between latent 
factors and observed phenotypes can lead to biased parame-
ter estimates and erroneous conclusions regarding shared eti-
ologies or causal pathways. This highlights the need for con-
tinuous improvements, robust validation strategies, and col-
laboration between geneticists and clinicians to ensure bio-
logically plausible and clinically meaningful models.

Future directions
To overcome above limitations and advance psychiatric ge-
netics, several directions are necessary: Firstly, integration 
and utilization of multi-ancestry GWAS data are essential. 
This involves moving beyond predominantly European-cen-
tric datasets and integrating genetic data from diverse global 
populations. From a practical clinical perspective, this is not 
merely a matter of statistical robustness, but a critical step to-
wards achieving equitable precision psychiatry [99]. The por-
tability and predictive accuracy of PRS across ancestries can 
be improved by identifying novel population-specific genetic 
risk factors and refining existing ones [100]. This will enable 
more accurate risk stratification, earlier intervention, and per-
sonalized treatment recommendations for all individuals, di-
rectly addressing current health disparities in psychiatric care 
[101].

Second, integration with functional genomics and multi-om-
ics data must be strengthened. To better understand the bio-
logical significance of genetic variants identified through mul-
tivariate GWAS, it is crucial to integrate these findings with 
multi-omics data, including transcriptomics, proteomics, epig-
enomics, and metabolomics [102]. This multi-layered approach 
can bridge the critical gap between genetic associations and 
their underlying molecular mechanisms, moving beyond mere 

statistical correlations to a functional understanding of disease 
pathways. Clinically, this can lead to the identification of ac-
tionable molecular targets, facilitating the development of 
novel pharmacotherapies or the repurposing of existing drugs 
based on specific biological dysfunctions identified in patient 
subgroups. This provides a pathway for mechanism-based in-
terventions in psychiatric disorders [103].

Third, advancements in causal inference methodologies 
are required. Multivariate analyses often identify numerous 
genetic associations. However, distinguishing genuine causal 
relationships from statistical correlations is suitable for trans-
lating these findings into effective clinical interventions. By 
combining robust causal inference approaches, such as mul-
tivariable Mendelian randomization (MR), summary-da-
ta-based MR (SMR), and two-sample MR with pleiotropy ro-
bust methods, multivariate genetic data can substantially en-
hance the reliability of causal inference. In particular, SMR in-
tegrates GWAS and expression quantitative trait loci (eQTL) 
data to test whether changes in gene expression causally me-
diate disease risk, thereby enabling the rigorous prioritization 
of candidate genes and potential therapeutic targets. Large-
scale multi-ancestry omics datasets are indispensable to fully 
leverage these strategies. Such diversity improves the gener-
alizability of causal discoveries and facilitates the identifica-
tion of modifiable risk factors (e.g., lifestyle, environmental 
exposures) associated with psychiatric outcomes [104]. Ulti-
mately, by identifying causal rather than correlative path-
ways, clinicians can focus on interventions that are most like-
ly to alter disease trajectory, support evidence-based preven-
tion strategies, and develop personalized treatment plans by 
targeting causal levers rather than correlated markers.

Fourth, the development of high-dimensional multivariate 
tools is required to analyze dozens or hundreds of pheno-
types simultaneously [105]. This enables fine resolution of 
symptom dimensions, cognitive endophenotypes, longitudi-
nal trajectories, and treatment response profiles. Analyzing 
such high-dimensional clinical data along with genetic infor-
mation can lead to the discovery of more homogeneous and 
clinically relevant genetic subtypes of psychiatric disorders 
[54,106]. This stratification will enable clinicians to select the 
most effective treatment for individual patients, moving away 
from a ‘one-size-fits-all’ approach to personalized care.

Fifth, user-friendly tools and platforms are essential for 
translating the multivariate findings into practice. This neces-
sitates intuitive interactive platforms that allow practitioners 
to easily visualize, interpret, and apply PRS, genetic correla-
tions, and other multivariate insights into routine clinical de-
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cision-making [107]. Such platforms would facilitate the inte-
gration of genomic information into electronic health records 
and clinical guidelines, nurturing a data-driven approach to 
patient management and promoting collaborative research 
across diverse clinical and academic settings [108].

CONCLUSION

Multivariate analysis is an essential tool for deciphering the 
complex genetic basis of psychiatric disorders and under-
standing their shared and distinct genetic mechanisms. Tools 
such as MTAG, genomic SEM, MiXeR, and pleioFDR each offer 
unique strengths and have been successfully applied to iden-
tify genetic risk factors and elucidate inter-disease relation-
ships. Despite these advances, challenges such as sample 
overlap, interpretability, and limited generalizability remain. 
Future progress depends on the integration of multi-ancestral 
data, linking findings with multi-omics, advancing causal in-
ference methodologies, and harnessing high-dimensional 
approaches. The continued evolution of multivariate analy-
ses will be pivotal in transforming psychiatric genetics into a 
foundation for precision medicine, ultimately innovating pre-
vention, diagnosis, and treatment strategies. Building on this 
foundation, multivariate analytical approaches may also en-
able the identification of more robust biomarkers for psychi-
atric disorders. Incorporating such biomarkers into improved 
diagnostic frameworks could create a virtuous cycle in which 
diagnostic accuracy is progressively refined and more precise 
interventions become possible, ultimately advancing the vi-
sion of precision psychiatry [109].
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