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Abstract

Expression quantitative trait loci (eQTLs) are regulatory variants that affect the expression level of their target genes and have significant
impact on disease biology. However, eQTL mapping has been done mostly in one tissue at a time, despite the known prevalence of
correlations among tissues. Multivariate analyses incorporating multiple phenotypes are available, but they emphasize linear combinations
of phenotypes. We present MTClass, a machine learning framework that attempts to classify an individual's genotype based on a vector of
multiphenotype expression levels of a given gene. We conduct simulation studies and multiple case studies using real and imputed data,
and we demonstrate that MTClass detects more functionally relevant variants and genes compared to existing single-tissue approaches
as well as multi-phenotype association tests. Our results suggest that the importance of expression regulation at the MHC region may
have been underestimated, and they provide fresh biological insights into genetic variants that have pleiotropic effects, influencing gene
expression in a complex manner.
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Introduction

Evaluating the consequences of genetic variation on the biological
functioning on cells, tissues, and disease risks is an important under-
taking in genetics. Widely adopted genome-wide association studies
(GWASs) have revealed that most trait-associated variants lie in non-
coding regions of the genome [1, 2], leading to the hypothesis that
these variants affect regulatory functions instead of protein-coding
ones. Kapoor and colleagues identified 210 common risk variants
for QT interval variation; strikingly, all of them were noncoding [3].
Similar evidence has been found for other phenotypes like restless
leg syndrome [4] and schizophrenia [5]. Indeed, such discoveries
have spawned a new field in human genetics studying expression
quantitative trait loci (eQTLs) [6].

An eQTL is a genetic variant that partially explains the variance
in the expression level of a gene either proximally (in cis) or distally
(in trans). Standard eQTL mapping involves a direct association test
between the genotypes of a variant and a gene’s expression levels.
Mapping and linkage studies have consistently shown that eQTLs
have considerable biological significance [6]. GWAS-significant single
nucleotide polymorphisms (SNPs) are more likely to colocalize with
eQTLs [7]. Additionally, eQTLs are more likely to have regulatory
implications such as altering transcription factor binding affinity [8].

They can also be organized into tissue-specific networks to inform
disease risk and coherent biological processes [9].

Despite the significance of eQTLs, gene expression levels are tissue-
specific, and most existing eQTL studies have focused on identifying
eQTLs in one tissue at a time. However, somatic tissues are statistically
and biologically correlated [10], raising the possibility that an eQTL
can affect gene expression in more than one tissue. Nevertheless,
current approaches to detect the pleiotropic interaction between one
genotype and multiple phenotypes are relatively limited. Notable
examples include MultiPhen [11], MANOVA [12], SCOPA/META-SCOPA
[13], MASH [14], and others [15-18]. One significant limitation of
these methods is that they only consider linear effects of genotype on
phenotype, which is rather restrictive.

In this study, we present MTClass, a model-free approach adopting
ensemble machine learning to classify a genotype based on multivari-
ate gene expression levels from multiple sources (Fig. 1). Instead of
calculating a P-value under the traditional statistical testing frame-
work, we rank eGene-eQTL pairs based on classification performance.
In doing so, we hypothesize that variants with superior classifica-
tion performance are more likely to be multi-phenotype eQTLs. We
apply MTClass to real datasets from the GTEx Consortium [19], the
PsychENCODE Consortium [20-22], and the Human Cell Atlas [23],
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Figure 1 Schematic overview of MTClass algorithm. After processing the data from the GTEx Consortium, the PsychENCODE Consortium, and the
Human Cell Atlas, MTClass uses an ensemble learning framework comprised of random forest and support vector machine, combined with four-fold
cross-validation, to classify genotypes according to the vector of expression levels from a nearby gene. Variants are then sorted by macro F1 or MCC,

and the top variants are annotated using various bioinformatic databases.

and we compare our method to state-of-the-art existing approaches,
demonstrating that our top-identified variants and genes are likely
to have more functional relevance. Finally, we illustrate interesting
anecdotal examples of multi-phenotype eQTLs.

Results
Simulation studies

To evaluate the relative performance of our method in detecting non-
linear relationships, we conducted two numerical simulation studies
with simulated gene expression matrix in which the ground truth
(genotype class labels) is known. We found that while all methods
achieve perfect results when the eQTL effect is linear, MTClass sub-
stantially outperforms competing methods given complex, nonlinear
genotype-phenotype relationships that violate linear assumptions.

Moreover, we have shown that despite its default binary genotype
encoding scheme, MTClass is capable of reliably detecting additive and
multiplicative eQTL effects, although it excels when the genetic effect
is aligned with the encoding. Details of the simulations can be found
in the Supplementary Materials.

Multi-tissue study

We enumerate three cases with different subsets of donors and tissues
to demonstrate the utility of our approach: the 9-tissue case, the
brain tissue case, and the 48-tissue case. The 9-tissue case is carefully
selected such that there is no missing data, while the brain tissue
case and 48-tissue case contain a substantial amount of missing data.
Table 1 lists the sample sizes, number of genes, variants, and features
used for each study.
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Table 1 Number of unique eGenes, variants, donors, and features used in all experiments. Features refer to tissues (multi-tissue study), exons (multi-
exon study), both tissues and exons (2D study), isoforms (isoQTL study), or cell types (OneK1K study).

Experiment Genes Variants Sample size Number of features
Multi-tissue studies

9-tissue 13811 3013552 103 9

Brain tissue 13812 3017214 317 13

48-tissue 13813 3018097 838 48

Multi-exon studies

Brain_Amygdala 5040 1854146 129 Varies by gene
Brain_Anterior_cingulate_cortex_BA24 5045 1855259 147 Varies by gene
Brain_Caudate_basal_ganglia 5049 1859142 194 Varies by gene
Brain_Cerebellar_Hemisphere 5044 1842548 175 Varies by gene
Brain_Cerebellum 5051 1861331 209 Varies by gene
Brain_Cortex 5050 1853926 205 Varies by gene
Brain_Frontal_Cortex_BA9 5050 1860706 175 Varies by gene
Brain_Hippocampus 5049 1860066 165 Varies by gene
Brain_Hypothalamus 5050 1852746 170 Varies by gene
Brain_Nucleus_accumbens_basal_ganglia 5052 1849364 202 Varies by gene
Brain_Putamen_basal_ganglia 5049 1859289 170 Varies by gene
Brain_Spinal_cord_cervical_c-1 5041 1846537 126 Varies by gene
Brain_Substantia_nigra 5037 1848812 114 Varies by gene
Other studies

2D (multi-tissue/multi-exon) 10227 3857513 103 Varies by gene
isoQTL (PsychENCODE) 5435 1265533 900 Varies by gene
OneK1K (scRNA-seq) 9237 1251974 982 7

9-tissue case

The 9-tissue case consisted of gene-level expression data from 9 tissue
types across 103 donors. The nine tissues included subcutaneous
adipose, tibial artery, lung, skeletal muscle, tibial nerve, skin (not
sun-exposed, suprapubic), skin (sun-exposed, lower leg), thyroid, and
whole blood. We chose these nine tissues to maximize the number
of tissues while maintaining sufficient sample sizes without missing
data. To ensure that our results were reproducible and consistent, we
ran our classifier three times on the same dataset, each time with
different random seeds, then aggregated the macro F1 scores [24]
and Matthews correlation coefficient (MCC) [25] by calculating the
median across the three iterations. Figure 2A illustrates the Manhattan
plot for the 9-tissue case, using the median macro F1 score as the
classification metric. Switching to median MCC to rank the top variants
and genes triggered minimal change to the results, as the two metrics
are highly correlated (Supplementary Fig. 1). A total of 54 eGene—
eQTL pairs belonging to 8 genes achieved both perfect median F1
scores and median MCC in the three iterations of MTClass (Table 2).
For comparison, we also ran MultiPhen and MANOVA on the same
datasets. We noticed that there was a notable degree of overlap among
the top 1000 and top 5000 variants selected by all three methods.
Among the three top 1000 variants lists, 373 variants (37.3%) were
common to all three methods, and among the top 5000 variant lists,
there were 2913 common variants (58.3%, Supplementary Fig. 2). The
top-performing eQTLs of the top 10 eGenes ranked by MCC in this
study and in subsequent studies are summarized in Table 3.

Next, we tested whether the top variants identified by MTClass were
more functionally relevant compared to the top variants identified by
MultiPhen and MANOVA. To do this, we downloaded the GWAS Catalog
[26] and examined whether each method’s top variants were colocal-
ized with known trait-associated SNPs from the catalog. We defined
“GWAS hits” as the total number of unique trait-associated SNPs within

10 kilobases of a given variant’s genomic position. After selecting the
same number of top variants from MultiPhen and MANOVA by P-
value, we calculated the GWAS hits for the top 5000 variants selected
by each method.

We demonstrated that the top variants selected by MTClass colo-
calized with more known GWAS-identified trait-associated SNPs than
did those selected by MultiPhen, regardless of whether we sorted by
median macro F1 score or median MCC (Fig. 2B). MTClass performed
similarly to MANOVA overall in terms of GWAS hits. However, MTClass
outperformed MANOVA in the latter half of the variants tested.

Among the top 100 genes, only 14 genes (14%) were common to all
three methods, suggesting that each method detected distinct patterns
in the data (Fig. 2C). We analyzed the functional potential of the eight
eGenes containing perfectly classified eQTLs using PantherDB [27]
and Enrichr [28], and we discovered that they were enriched for
DNA metabolism and processing, as well as cell division processes
(Supplementary Fig. 3).

Brain tissue case

There are 13 brain tissues profiled in the GTEx Consortium. The v8
version of the GTEx data contains 317 donors contributing at least one
tissue type. The average percentage of missing data across all 13 tis-
sues was 47% (between 33% and 64%, Supplementary Fig. 4). Expres-
sion levels from missing donor-tissue combinations were imputed for
each gene using predictive mean matching with chained equations
[29] (see Supplementary Materials). We implemented the imputation
strategy five times and took the arithmetic mean.

We ran our classifier three times and computed the median macro
F1 score and median MCC for each eGene—eQTL pair. Due to large
amounts of missing data, the overall classification performance in the
brain tissue case was poorer compared to that in the 9-tissue case, as
evidenced by the Manhattan plots (Fig. 2D). Although no eGene—-eQTL
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Figure 2 Functional assessment of top variants identified by MTClass compared to MultiPhen and MANOVA in the multi-tissue study. (A)~(C) refer to
the 9-tissue case, and (D)—(F) refer to the brain tissue case. (A) Manhattan plot of variants according to their median macro F1 score. (B) GWAS variant
colocalization analysis of top variants from each method. (C) Overlap of the top 100 genes detected by each method. (D) Manhattan plots of variants
by median macro F1 score. (E) GWAS variant colocalization analysis of top variants. (F) Overlap of the top 100 genes detected by each method.

Table 2 The 54 eGene-eQTL pairs that achieved perfect classification performance (median macro F1 score and median MCC) in three iterations
of MTClass in the 9-tissue case. These eGenes are enriched for housekeeping processes involving DNA metabolism and processing, as well as cell

division processes.

BTNL3 CLECL12A DDX11 HORMAD1
rs72494581 rs111930678, rs113362278 chr12_31080603_GA_G_b38 chr1_150730558_CAGA_C_b38
rs12230638, rs12231872 rs10843879, rs11051236 rs112718432, rs11803940
rs199560361, rs200911123 rs2543261, rs2553134 rs11807450, rs1336899
rs201541579, rs61913537 rs2553147, rs3881296 rs1336900, rs2184833
rs3930906, rs4031323 rs3768005, rs6700022
rs4031341, rs4031360 rs868751
rs7133363, rs71440936
rs7309520
PDK1P5 PPIE RPS26 ZNF300P1
rs4781810 chr1_39739455 TAAAG T b38 rs1131017 rs12659118, rs76433514
rs62043986 rs1046988, rs11809515

rs12094291, rs2274949
rs3738673, rs41267029
rs56064244, rs58589165
rs6664570, rs6670841
rs7513045, rs7520588
rs7547787, rs7548120
rs9787249

pairs achieved a median macro F1 score or MCC equal to 1.0, we still
observed evidence of strong classification performance among the top
variants.

Next, we tested whether the top variants and genes identified by
MTClass were more functionally relevant compared to those identified
by other methods. We found that the top variants from MTClass had
substantially more colocalization with known trait-associated SNPs
compared to those from MultiPhen and MANOVA (Fig. 2E). Among

the top 100 eGenes detected by MTClass, MultiPhen, and MANOVA, 26
genes were common to all three methods (Fig. 2F).

48-tissue case

The 48-tissue case was comprised of expression level vectors from 48
somatic tissues (including all 13 brain tissues) across 838 donors. The
goal of this case study was to identify the most broad-acting eQTLs
that exert effects across a very large number of tissues. We excluded
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Table 3 The top-performing eQTLs from the top 10 eGenes by MCC in the 9-tissue case, the brain tissue case, and the 48-tissue case (multi-tissue
study), the PsychENCODE isoQTL study, and the OneK1K scRNA-seq study.

Gene

9-tissue case
PPIE

RPS26
CLEC12A
HORMAD1
PKD1P5
ZNF300P1
DDX11

BTNL3
PSMD5-AS1
LDHC

Brain tissue case
LDHC
KANSL1-AS1
RPS26

ERAP2
CYP4F24P
FAM118A
RNF39
RP11-613E4.4
DDX11
RP11-109 L13.1
48-tissue case
RPS26
PKD1P5
NUPR2

LDHC
C170rf97
KANSL1-AS1
FAM118A
ERAP2

XRRA1
PSMD5-AS1
2D study
GTF2IP12
KANSL1
CRYBB2P1
FAM118A
LERFS
PKD1P5
PKD1P4
ANKRD36B
SMG1P5
SH3YL1

PsychENCODE isoQTL study

LDHC
SH3YL1
COA1
BTN3A3
CDH18
ARHGEF3
SCAPER
RPGRIP1L
RNH1
NME7
OneK1K scRNA-seq study
ABO
LINCO1954
FAM118A
SCGB3A1
C200rf204
CFAP95
CENPK
ENSG00000272501
KRT1
RPS26

Variant

rs41267029

rs1131017

rs199560361
chr1_150730558_CAGA_C_b38
rs4781810

rs12659118

rs7309520

rs72494581

rs4837796

rs2119600325

rs3740714
chr17_46201644_GGAGGATCATTT_G_b38
rs1131017

rs2927608

rs919811

rs2350630

rs11758516

rs6972291

rs2005896

rs4936365

rs1131017

rs62043986

rs763336281

rs11605386

rs7503725

rs2732672

rs2142552

rs2910686

rs2119028
chr9_120843433_CGAAGGCGTGAGTAATA_C_b38

rs71614440

rs62060954

rs5996939

rs2142552
chr9_62880578_G_A_b38
rs4781810

rs764068030

rs6744616

rs138082532

rs62114506

rs77724297
rs62114501
rs73108637
rs9461252
519868699 C T b37
rs6787106
rs11857015
rs7203525
rs11822000
rs10800418

rs11244049

rs7577665

22 45739322 C T b37
5_180007693_G_A _b37
rs816933

rs7029206

5 64858687 C_G_b37
rs6899874

rs2741159

CR1310395

F1 macro
median

- s

0.988
0.987

0.969
0.952
0.949
0.944
0.935
0.926
0.919
0.917
0.914
0.909

0.992
0.985
0.986
0.985
0.983
0.982
0.979
0.978
0.972
0.97

_

0.983
0.981
0.981
0.98

0.951
0.942
0.927
0.919
0.918
0.908
0.893
0.89

0.879
0.873

0.971
0.963
0.958
0.954
0.934
0.927
0.902

0.899
0.874

McC
median

RN R U G Y

0.978
0.976

0.939
0.905
0.898
0.889
0.871
0.856
0.851
0.835
0.83

0.821

0.983
0.971
0.971
0.97

0.967
0.965
0.959
0.957
0.945
0.94

_

0.969
0.965
0.963
0.963

0.903
0.885
0.864
0.844
0.837
0.824
0.789
0.783
0.763
0.748

0.943
0.927
0.916
0.909
0.869
0.855
0.804
0.803
0.798
0.749

Consequence

intron
downstream_gene
intron

Unknown

intron

intron

intron

intron
downstream_gene
downstream_gene

downstream_gene
Unknown
downstream_gene
intron

intron
3_prime_UTR
5_prime_UTR
upstream_gene
intron

intron

downstream_gene
intron

intron
downstream_gene
synonymous
intron

intron

intron
upstream_gene
Unknown

upstream_gene
upstream_gene

intron

intron

upstream_gene

intron
non_coding_transcript_exon
intron

intron

intron

intron

intron

intron
upstream_gene
intron
downstream_gene
intron

intron

intron

intron

downstream_gene
intron
downstream_gene
downstream_gene
intron
upstream_gene
upstream_gene
upstream_gene
intron
downstream_gene
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tissues that had fewer than 100 donors available, reducing the total
number of tissues from 54 to 48. Across the 48 tissues, the average
missing data rate was 62%, ranging from 15% (skeletal muscle) to
85% (uterus and substantia nigra). As with the brain tissue case, we
imputed missing transcripts per million (TPMs) for each gene using 5
iterations of predictive mean matching using chained equations, then
taking the average of the predictions.

We repeated the GWAS variant colocalization analysis in the 48-
tissue case and compared our results to MultiPhen and MANOVA.
Although MTClass consistently outperformed MultiPhen in terms
of neighboring GWAS hits, it only outperformed MANOVA in the
latter portion of the top variants tested (top 2500-5000 variants;
Supplementary Fig. 5).

Multi-exon study in brain tissue

Alternative splicing is a major regulator of gene expression, particu-
larly in the human brain [30, 31]. Studies have shown that aberrations
in alternative splicing contribute to many disorders, including fron-
totemporal dementia [32], Duchenne muscular dystrophy [33], and
cystic fibrosis [34]. By studying multi-exon eQTLs, we hope to identify
variants that affect the expression of multiple exons within the same
gene and thereby contribute to alternative splicing mechanisms or
differential expression of transcript isoforms. Identifying these genetic
variants can provide insight into both regulation of gene expression
and alternative splicing, as exon-level expression might be more infor-
mative than gene-level expression [35, 36].

We adapted our multi-tissue approach so that the features in our
model were expression levels from various exons of the same gene
in a single tissue. To maximize the chance of novel discovery, we
focused on exon-rich genes defined as genes containing at least 10
exons. Altogether, we processed about 5000 genes per tissue (the exact
number of genes varied slightly by tissue and is listed in Table 1). We
ran three iterations of MTClass in each of 13 brain tissues obtained
from the GTEx Consortium. We compared our approach to MultiPhen
and MANOVA. The top-performing eQTLs of the top 10 eGenes ranked
by MCC from each tissue are summarized in Supplementary Data 1.

To determine whether the top genes identified by MTClass in each
brain tissue were more functionally relevant than those identified
by MultiPhen or MANOVA, we focused on four neurological and
psychiatric disorders that are known to substantially impact specific
areas of the brain: Alzheimer’s disease (AD) and the amygdala [37, 38],
depression and the anterior cingulate cortex [39, 40], schizophrenia
and the nucleus accumbens [41, 42], and Parkinson’s disease (PD) and
the substantia nigra [43]. Using version 3 of the DisGeNET database
[44], a comprehensive knowledge base of disease-gene associations,
we calculated the amount of overlap between the top genes from each
method and known disease-related genes. We selected the top 100
eGenes from the MTClass, MultiPhen, and MANOVA results as well as
the top 100 eGenes from the single-tissue eQTL and splicing QTL (sQTL)
analyses. Throughout these four comparisons, we found that the top
100 eGenes detected by MTClass had the greatest overlap with disease-
related genes in these four disease-related tissues, outperforming
both single-tissue eQTL and sQTL approaches (Fig. 3A) as well as
MultiPhen and MANOVA (Fig. 3B). We also discovered that the top
genes detected by MTClass were largely distinct from those detected
by other methods, although MTClass shared more top genes with
MultiPhen and MANOVA than with single-tissue eQTL and sQTL
methods (Fig. 3C and D).

Multi-tissue and multi-exon 2D study

Given the highly correlated nature of gene expression among exons
and tissues, a third consideration is that one eQTL can have far-
reaching effects across both exons and tissues. We tested this possi-
bility by using a two-dimensional feature matrix of multiple exons
across nine tissues for each gene as input to our model. We used the
same tissues as in the 9-tissue case to avoid imputing missing data. The
model we chose for this study was an MLP, or fully connected neural
network, to facilitate the capture of any latent structure among the
expression levels.

We also tried the same data (as a flattened vector) on MultiPhen and
MANOVA; however, these two methods encountered multiple numer-
ical issues due to the high dimensionality and abnormal correlation
pattern of the data. Thus, we decided not to pursue a performance
comparison on this dataset. We ran only one iteration of MTClass
on this dataset due to the relatively higher computational burden.
We provide interesting anecdotal examples of our findings in the
Supplementary Materials.

PsychENCODE isoQTL study

In vertebrate eukaryotic species, alternative splicing generates an
enormous amount of mRNA diversity by facilitating the formation of
multiple mRNA isoforms. Understanding the contribution of genetic
variation to the abundance of various mRNA isoforms will provide
a more comprehensive understanding of alternative splicing and
neurological illness.

Because of the relatively small sample sizes available in the studies
from the GTEx consortium, we turned to an independent dataset from
the PsychENCODE Consortium [20, 22], specifically the subset of data
from the CommonMind Consortium (CMC) [21]. Here, each feature
was the expression level from each ‘isoform’ of a gene, obtained from
post-mortem adult prefrontal cortex of the brain. We restricted our
analyses to genes that had at least 10 isoforms to ensure there were
enough features for our algorithm to consider. There was a total of
900 donors in this study. We term the top-scoring variants “isoQTLs”
and their corresponding genes “isoGenes” because the variants are
associated with the expression of multiple isoforms of a gene.

We ran MTClass three times on the same dataset with different ran-
dom seeds. The hyperparameters were kept the same. MultiPhen and
MANOVA were also run as a comparison. Subsequently, we conducted
GWAS variant colocalization analysis on the top 5000 variants for each
method. We found no marked differences in GWAS variant colocaliza-
tion among the top variants detected by the three methods. However,
we found that MTClass identified more isoGenes associated with anxi-
ety disorder and bipolar disorder, two diseases that significantly affect
prefrontal cortex function [45-48] (Supplementary Fig. 6). Moreover,
we observed that for other prefrontal cortex-related disorders such
as schizophrenia, autism spectrum disorder, attention-deficit hyper-
activity disorder, and obsessive-compulsive disorder, MTClass always
achieved as much, or even greater, disease-gene overlap as MultiPhen
and MANOVA (Supplementary Fig. 6). Altogether, these results suggest
that MTClass excels at recapitulating functionally important genes in
the prefrontal cortex.

OneK1K scRNA-seq study

Most eQTL studies have been conducted on bulk RNA-sequencing
data, in which the data represent an average expression of a
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Figure 3 Functional assessment of top genes identified by MTClass compared to single-tissue studies and other multivariate methods in the multi-
exon study in the brain. All overlap analyses were conducted using the DisGeNET database, version 3. (A) Overlap with known disease-associated genes
among the top 100 genes compared to single-tissue eQTL and single-tissue sQTL methods. (B) Overlap with known disease-associated genes among the
top 100 genes compared to MultiPhen and MANOVA. (C) Overlap among the top 100 genes detected by single-tissue methods. MTClass largely detects
distinct top genes from single-tissue eQTL and sQTL methods. (D) Overlap among the top 100 genes detected by MTClass compared to MultiPhen and

MANOVA.

gene across all cells in a tissue [49]. The advent of single-cell
RNA-sequencing (scRNA-seq) has revolutionized transcriptomics by
allowing the quantification of cell-type-specific gene expression and
the identification of cell type heterogeneity [50-53]. Cell-type-specific
eQTLs have been identified in scRNA-seq studies as well, although
this focuses on a single cell type at a time [23, 54]. It is likely that some
eQTLs can have effects on more than one cell type. Thus, we extended
our study to identify eQTLs that affect gene expression across multiple
cell types.

The OneK1K cohort is a notable example of the power of sScRNA-seq,
sequencing over a million cells from peripheral blood mononuclear
cells (PBMCs) across nearly 1000 individuals [23]. We obtained this

dataset from CELLXGENE, and we chose the seven major cell types that
contained at least one cell for all 982 donors, resulting in no missing
cell-type/donor combinations (Fig. 4A).

We ran our MTClass classifier on the OneK1K dataset, using expres-
sion measures from the seven major cell types as features for each
gene, and we compared our approach to MultiPhen and MANOVA. We
observed that there was a substantial amount of overlap among the
top 100 genes detected by each of the three multivariate association
methods (Fig. 4B), which could be due to the highly correlated nature
among the seven selected cell types in the OneK1K cohort.

GWAS variant colocalization analysis revealed that the top variants
identified by MTClass colocalized with more known signals in
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Figure 4 MTClass identifies eQTLs across multiple cell types in the OneK1K scRNA-seq cohort. (A) Visualization of missing data across different cell
types in the dataset. The highlighted box indicates the seven cell types that were used as features for multi-cell-type eQTL identification. (B) There is a
substantial amount of overlap in the top 1000 variants detected by each multivariate association method. (C) MTClass identifies variants that colocalize
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the GWAS Catalog compared to those identified by MultiPhen
and MANOVA (Fig. 4C). Intriguingly, most of these signals orig-
inated from chromosome 6, on which many HLA genes reside
(Supplementary Fig. 7). Figure4D depicts the Manhattan plots
for MTClass based on median macro F1 score and median MCC,
highlighting the strong signals from chromosome 6. This evidence
suggests that immune-related traits comprise most of the identified
signals, which is biologically plausible because most of the seven cell
types included in our study have important functions in immune
signaling and antigen processing. Using the DisGeNET database, we

found that the top eGenes selected by MTClass overlapped with more
genes associated with various autoimmune disorders such as systemic
lupus erythematosus and ulcerative colitis (Fig. 4E).

Among the top 10 MTClass results listed in Table 3, LINC01954-
2_11020902_G_A_b37 (rs7577665) is an eGene-eQTL pair that is not
a known pair in whole blood on the GTEx Portal. According to the
GTEx Consortium, this pair is only statistically significant in the spleen.
MTClass was able to classify this pair with high precision (macro
F1 score=0.963, MCC=0.927). Indeed, dimensionality reduction using

t-SNE shows that the genotypes are clearly separable. Across the
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of functionally relevant variants.

seven cell types, the mutant genotype generally exhibits higher mean
expression levels as well as greater variation in expression compared
to the wild-type genotype (Fig. 4F).

Epigenomic validation of top eQTLs

To assess functional relevance, we analyzed chromatin state enrich-
ment using Roadmap Epigenomics’ [55] ChromHMM [56] annotations
for individual brain tissues. Among the top 100 eQTLs per method,
MTClass showed significant enhancer enrichment in 3/4 tissues versus
1/4 for MultiPhen and 0/4 for MANOVA. In substantia nigra, 21.4%
of MTClass eQTLs overlapped enhancers (FDR < 0.001) compared to
6.7% (MultiPhen) and <5% (MANOVA). Similar patterns emerged in
anterior cingulate (33.3% versus 21.0% versus <5%) and hippocam-
pus (37.9% versus 11.1% versus <5%) (Fig. 5). MTClass variants con-
centrated in functionally active regulatory regions, providing orthog-
onal epigenomic evidence that our framework prioritizes regulatory-
relevant eQTLs more effectively than linear methods.

Anecdotal examples

One eQTL that was detected robustly by MTClass in the OneK1K
ScCRNA-seq study was ABO-9_136123092_T C_b37 (rs11244049),

which is a downstream gene variant in the ABO gene on chromosome

9. This SNP achieved a median macro F1 score of 0.971 and a
median MCC of 0.943. t-SNE dimensionality reduction analysis was
able to segregate the genotypes quite well. This SNP seems to have
a pronounced effect on ABO gene expression, with the mutant
genotype having markedly higher mean expression and a greater
variance compared to the wild-type genotype (Supplementary Fig. 8).
Unsurprisingly, many of the top variants identified by MTClass
modulate the ABO gene, which is responsible for human blood typing
[57]. This result makes intuitive sense given that the data are from
human peripheral blood. Further anecdotal examples from other
studies are available in the Supplementary Materials.

Comprehensive performance comparison

Several other statistical methods have been developed to perform mul-
tivariate genetic association. In this study, we consistently compared
the performance of MTClass to MultiPhen [11] and MANOVA [12] to
alleviate the computational burden of running all methods on all
datasets. However, for the brain tissue case, we compared MTClass to a
diverse array of methods to illustrate the superior performance of our
approach. Notably, we utilized canonical correlation analysis (CCA, as
implemented in mv-PLINK [58]), multivariate logistic regression (an
adaptation of SCOPA/META-SCOPA [13]), and the Cauchy combination
test [59] to combine P-values from single-tissue eQTL association
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studies. Specifically, we used GWAS variant colocalization analysis
to evaluate the potential of each method at detecting functionally
relevant eQTLs. We observed that MTClass outperformed all other
methods on this metric in the brain tissue case (Supplementary Fig. 9),
demonstrating that MTClass excels at detecting genetic variants with
high functional importance.

Enrichment of MHC variants

We observed that a large proportion of MTClass’s top eQTLs originated
from chromosome 6, so we hypothesized whether signals in the MHC
region could be driving the results. To ensure our results would
not be driven by linkage disequilibrium (LD), we pruned variants
in high LD (R? > 0.50). After pruning, we still observed that MTClass
demonstrated consistent enrichment for MHC variants across multiple
studies. In the 9-tissue case, differential eQTLs (MTClass macro
F1>90th percentile, whereas MultiPhen/MANOVA P-values >10th
percentile) showed 0.458% HLA variants versus 0.233% genome-wide
(OR=1.971, P =1.545 x 10~18, Fisher’s exact test). Similar enrichment
emerged in the brain tissue case (0.305% versus 0.230%, OR=1.326,
P =0.00623) and most strikingly in OneK1K, where 4.300% of the
top 1000 MTClass eQTLs were HLA variants versus 0.352% expected
(OR=12.729, P =3.497 x 10~31). This pattern suggests MHC variants
exhibit complex, nonlinear regulatory effects across tissues that linear
methods inadequately capture, consistent with known pleiotropic
effects and tissue-specific regulation in this genomically complex
region.

Discussion

Understanding how genetic variants influence transcription regula-
tion is highly important. Given that the transcription process is tightly
regulated, it is of little surprise to find that eQTLs can affect gene
expression across multiple entities. In this study, we proposed to use
machine learning algorithms to classify donor genotypes based on the
vector of expression levels from multiple sources (e.g. tissues, exons,
isoforms, and cell types). We compared our approach to other avant-
garde linear approaches and showed that our method often detects
eQTLs and eGenes with greater functional impact than other methods.
In this way, we introduce a novel means of conducting multivariate
association analyses, which could motivate the development of future
multivariate trait association methods.

Three key findings underscore MTClass’s ability to capture complex
regulatory architecture. First, our simulation studies demonstrated
that when the difference in expression between genotypes is only
in variance, linear methods such as MultiPhen and MANOVA fail to
recover any of the top eQTL signals, while MTClass largely retains
its performance. Second, we observed consistent enrichment of
MHC variants among differentially detected eQTLs across multiple
independent studies. This enrichment emerged organically from our
analyses and aligns with established understanding that the MHC
region harbors extensive pleiotropic effects, with highly pleiotropic
variants showing strong correlation with tissue-shared eQTLs [60].
The MHC’s extreme LD, high polymorphism, and complex haplotype
structures challenge traditional analytical approaches [61], yet MHC
genes consistently appear in eQTL network communities across
diverse tissues [9], suggesting coordinated regulatory effects that
may require nonlinear modeling to fully capture. Lastly, chromatin
state enrichment analysis using Roadmap Epigenomics revealed that

MTClass-identified eQTLs in brain tissues show substantially greater
overlap with active enhancer states compared to MultiPhen and
MANOVA. This orthogonal epigenomic validation demonstrates that
our classification framework prioritizes variants with bona fide reg-
ulatory potential, complementing our GWAS colocalization findings
and providing biological validation that MTClass effectively identifies
functionally relevant regulatory variants missed by linear methods.

Compared to existing methods, MTClass has the following advan-
tages. First, it provides a generalized framework to conduct associa-
tion studies without requiring a priori specification of the alternative
hypothesis. The statistical literature offers numerous specialized tests
for a wide range of distributional differences (variance tests (Levene’s
[62], Bartlett’s [63], Fligner-Killeen [64], quadratic components [65]),
mean-shift tests (MANOVA, MultiPhen), and others), each powerful
for its targeted scenario. MTClass instead provides a classification-
based, distribution-agnostic approach that does not impose a specific
parametric form on the genotype-expression relationship and that
detects variants with strong associations regardless of whether they
manifest through mean differences, variance changes, or complex
nonlinear patterns. Single-tissue eQTL mapping is a special instance of
our framework with only one feature, and even in multivariate cases,
MTClass effectively classifies variants affecting expression in only one
phenotype. Second, our results demonstrated that MTClass identifies
more functionally impactful eGenes and eQTLs than competing meth-
ods which are linear model-based, suggesting that classification-based
methods are better at identifying non-linear patterns of separation.
Lastly, MTClass is more flexible as it accepts a greater range of values as
input, including features with zero expression in all donors. MultiPhen
and MANOVA will both report numerical errors in this scenario.
Therefore, we believe that MTClass is a more reliable and flexible
approach compared to linear multivariate methods such as MultiPhen
and MANOVA.

One limitation of this study was the relatively low sample size
in the 9-tissue case and in the 2D exon-tissue case, where expres-
sion levels and genotypes were available for only 103 donors. This
impacts machine learning methods more severely than paramet-
ric approaches since they make no distributional assumptions and
require larger samples to detect patterns accurately. For this reason, by
default, MTClass implements a binary classification scheme (collaps-
ing heterozygous and homozygous alternate genotypes to ensure suffi-
cient training samples per class given the limited sample size), which is
consistent with the assumption of the dominant genetic model. Under
other genetic models, such as additive and multiplicative models,
although one of the two classes will consist of expression levels with
different distributions, if a detectable genetic effect exists between
the distributions, there will be sufficient differences in the expression
levels between the two classes to enable binary classification models
to identify such eQTLs. Future extensions of MTClass could include
multi-class classification or regression to model more complex genetic
effects, provided that sufficient sample sizes are available.

We utilized independent datasets of human prefrontal cortex from
the PsychENCODE Consortium and the OneK1K single-cell cohort to
alleviate this issue and validate our GTEX results. Indeed, we showed
that in the PsychENCODE isoQTL study, MTClass detected genes that
overlapped with more prefrontal cortex-related disorders. Moreover,
we provided evidence that in the OneK1K cohort, GWAS variant
colocalization analysis favored MTClass over both MultiPhen and
MANOVA. Another limitation is the increased computational burden
of MTClass. Using 8 CPU cores and 64 GB of memory, MTClass requires
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~20 h to test 1 million gene—variant pairs, whereas MultiPhen and
MANOVA complete the same analysis in ~3 h. However, MTClass pro-
vides key advantages over linear models, namely the lack of assump-
tions about linear relationships between genotype and expression
and the robustness to multicollinearity. For these reasons, we believe
that the increased computational time of MTClass is a worthwhile
tradeoff. While MTClass primarily ranks variants by classification
performance, permutation testing can generate P-values and effect
sizes when integration with downstream frameworks like Mendelian
randomization or transcriptome-wide association studies is needed.
This serves as a bridge to existing statistical workflows rather than
replacing the core classification-based ranking approach.

So far in genetics, all association tests are conducted under
the hypothesis testing framework. Despite overwhelming success, this
strategy does not work well for multivariate traits. In a recent study,
Yu et al. successfully applied classification-based GWAS to full brain
magnetic resonance (MR) images [66]. In this study, we showed that
a similar strategy can be applied to quantitative traits such as eQTLs.
To the best of our knowledge, this is the first time that a classification-
based approach has been utilized to identify eQTLs. Even with
basic machine learning approaches, MTClass demonstrates clear
advantages over existing linear methods in detecting functionally
relevant eQTLs. Future work could explore more sophisticated
algorithms, but the classification framework itself, rather than the
specific algorithm, is the key innovation. Future work should also aim
to remove confounding effects from age, sex, and genotyping principal
components and to account for variants in high LD while preserving
superior performance.

Overall, identifying multi-phenotype eQTLs has the potential to elu-
cidate biologically meaningful effects of genotype on gene expression
and to provide insights into pleiotropic interactions. We are certainly
not the first to propose that quantitative trait loci could affect dis-
parate phenotypes such as gene expression, alternative splicing, and
even polyadenylation [67]. We believe our results provide an exciting
new avenue for conducting multivariate association analyses using
machine learning.

Methods
GTEx data

A significant obstacle in mapping eQTLs in multiple tissues is limited
tissue availability. The Genotype-Tissue Expression (GTEx) Consortium
has exerted remarkable effort in overcoming this challenge by col-
lecting many tissues from the same donors and performing rigorous
quality control [19]. We used publicly available multi-tissue gene
expression data in TPM obtained from the GTEx Consortium, version 8,
consisting of 948 donors across 54 tissues, although the exact number
of donors per tissue varied. We also utilized exon-level expression data
across 13 brain tissues. The genotype data of the GTEx donors were
accessed through dbGaP [68].

Selection of genes and variants

To prioritize genes with diverse expression levels, we calculated the
expression variance for all genes across all 17 382 tissue samples and
excluded genes that had expression levels of zero in more than half of
these samples. We then selected the top 50% of genes (N =13810) in
terms of variance.
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For each of the selected variable genes, we used PLINK to extract
its candidate cis-eQTLs within 10 kb of the gene’s coding region and
only retained variants that have a minor allele frequency of at least
0.05. In accordance with a dominant genetic model, the homozygous
reference genotype was denoted as 0, while the heterozygous and
homozygous mutant genotypes were denoted as 1. We combined
genotypes that contained atleast one mutant allele to ensure that there
were enough samples with the least common genotype category for
the machine learning algorithm to learn from the data. We removed
variants and donors with a genotyping rate <90%, and we restricted
our analysis only to autosomes to avoid potential issues with X-
chromosome haploinsufficiency.

Model selection and evaluation

Figure 1 depicts a schematic overview of the MTClass algorithm. The
exact classifier we used depended on the input data. For single-
dimensional vector inputs, we used the ensemble RF and SVM. For
2-dimensional inputs, we utilized the multi-layer perceptron to better
handle the complexity of the feature space. We employed a soft-voting
approach, where the predicted class for each sample was the argmax
of the averaged probabilities of each base classifier. Details of the clas-
sifier intuition and architecture can be found in the Supplementary
Materials.

In the multi-exon/multi-tissue 2D study, because our feature matrix
was two-dimensional, we used an MLP with one hidden layer instead
of an ensemble algorithm. This ensured that our network would be
capable of detecting any latent structure among the features. We used
mn/2, rounded up to the nearest integer, as the size of the single hidden
layer, where m is the number of exons and n is the number of tissues.

We combined both the ensemble and MLP approaches with four-
fold stratified cross-validation to mitigate model overfitting. We
excluded variants that had fewer than four samples in the less
common class so that each fold would have at least one sample with
the less common class. Finally, we standardized each feature using
the z-score method immediately prior to fitting our classifier. This
procedure guaranteed that all the features would be on the same
scale, which is critical for preventing bias in the machine learning
model.

To evaluate classification performance, we used the macro F1 score
and MCC. The F1 score is the harmonic mean between precision and
recall, and the macro F1 score is the arithmetic mean of the per-
class F1 scores. The MCC provides a balanced score between 0 and
1 that reflects the quality of predictions, considering all four values in
the confusion matrix (see Supplementary Materials). Both metrics are
robust to class imbalance, which was essential to our choice, as some
eGene—eQTL pairs contained few samples of the less common class.

Comparison with other methods

We compared our machine learning method with two state-of-the-art
multivariate association methods, MultiPhen [11] and MANOVA [12].
Both methods output a single nominal P-value such that the ranking
of the SNPs is possible for the purposes of performance evaluation.
For this reason, we did not include methods such as MASH [14]. In
the brain tissue case, we also compared the performance of MTClass
to that of three additional methods: CCA, reverse logistic regression,
and the Cauchy combination test. Additional information about these
methods can be found in the Supplementary Materials.
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Because MultiPhen and MANOVA sometimes reported numerical
errors for certain eGene-eQTL pairs, we excluded features with
expression levels of zero in all donors, allowing MultiPhen and
MANOVA to conduct the association for a greater number of eGene—
eQTL pairs. Lastly, we ensured all methods were tested on the same
gene-variant pairs, and we excluded pairs for which any competing
method reported a numerical error.

GWAS variant colocalization analysis

GWAS variant colocalization analysis was done to assess the relative
functional importance of the top variants identified by each method.
We downloaded the entire GWAS Catalog [26] from the NHGRI-EBI
website. Entries with duplicate or missing genomic positions were
removed.

Because the GWAS Catalog uses the hg38 reference genome, we
utilized the UCSC liftOver tool to convert the coordinates from hg38 to
hg19 to be compatible with the genotype data from the PsychENCODE
is0QTL and OneK1K scRNA-seq studies. In doing so, 138 coordinates
could not be converted and were excluded from the analysis. The total
number of unique entries left in the GWAS Catalog that contained both
hg38 and hg19 genomic coordinates was 536 898.

We sorted the MTClass results by classification metric (macro F1
score or MCC) in descending order, and we sorted the results from
all other methods by P-value in ascending order. Then, we selected
the top N variants from the sorted results, and for each top variant,
we computed the number of unique genomic positions in the GWAS
Catalog that were within 10 kilobases of the variant’s genomic locus.
We termed this number the “GWAS hits.”

When selecting the top N variants, it is possible that we are unable
to select exactly N top variants due to ties in P-value or classification
performance. To account for this, for each result, suppose the fewest
number of variants that produce at least N top variants is M. There-
fore, M > N. We next calculated the number of GWAS hits for these M
variants, then adjusted this count by N/M.

Disease gene overlap analysis

We first downloaded disease-gene associations for various neurolog-
ical diseases from version 3.0 of the DisGeNET (https://www.disgenet.
com) database [44]. For each study, we filtered out disease genes
that were not in the background gene list. Next, we selected the top
100 unique eGenes from the MTClass results after sorting by median
macro F1 score in descending order. We first compared the MTClass
result to single-tissue results by downloading the single-tissue eQTL
and sQTL datasets from the GTEx Consortium. We sorted their eGenes
by nominal P-value in ascending order, then selected the top 100
unique eGenes. We did the same with MultiPhen and MANOVA after
sorting by nominal P-value in ascending order. Finally, we computed
the intersection of the result sets with the filtered disease gene list to
obtain the overlap.

OneK1K scRNA-seq data processing

This study aimed to identify eQTLs across multiple cell types from
single-cell RNA-sequencing data. We used PBMCs sequenced in the
OneK1K cohort due to the large sample size. Raw scRNA-seq data were
downloaded from CZ CELLXGENE Discover. The data were processed
using the Seurat v4 package in R. First, the raw Unique Molecular
Identifier (UMI) counts were log-normalized using default parameters.

We retained the 3000 genes with the highest variance. We kept the
7 cell types with all 982 donors available, resulting in no missing
data. These 7 cell types constituted ~77% of all predicted cells in
the dataset, including the 4 most abundant cell types. Specifically, the
chosen cell types were B memory, CD4 TEM, CD4 Naive, CD4 TCM, T
regulatory, natural killer (NK), and CD8 TEM. For each gene, the sum
of the normalized expression levels of all cells (pseudobulk) belonging
to a given cell type was taken as the expression measurement for that
cell type. The features (cell types) were finally z-standardized before
running the MTClass algorithm.

The genotype data for the OneK1K cohort were obtained via per-
sonal communication. We followed the same procedure to extract
cis-eQTLs of interest as in the previous experiments. We compared
our approach to MultiPhen and MANOVA. All methods were run on
binarized genotypes in accordance with a dominant model.

Epigenomic validation of top eQTLs

To assess functional relevance of identified eQTLs, we obtained
chromatin state annotations from the Roadmap Epigenomics’ [55]
ChromHMM [56] models for four brain tissues matching those in our
multi-exon study (anterior cingulate cortex, hippocampus, substantia
nigra, and prefrontal cortex). We focused on the multi-exon results
because these analyses were conducted within single tissues, allowing
direct comparison with tissue-matched chromatin states. We also
analyzed six cell types from the OneK1K study for which Roadmap
data were available. For each method (MTClass, MultiPhen, MANOVA),
we extracted the top 100 eQTLs and determined the proportion
overlapping each chromatin state. Enrichment significance was
computed using Fisher’s exact test, comparing observed overlap
proportions to genome-wide background proportions calculated from
the complete set of tested eQTLs for that study. FDR correction was
applied per tissue to account for multiple testing across chromatin
states.

Key Points

®* MTClass is a machine learning-based approach that classifies
genotypes based on multi-phenotype expression data, providing
a novel method for identifying eQTLs.

® MTClass demonstrates improved performance relative to tradi-
tional linear methods like MultiPhen and MANOVA in detecting
eQTLs with greater functional impact and in capturing complex
genotype-phenotype relationships.

® MTClass identified immune-related variants in the HLA region,
suggesting that existing approaches may have underestimated the
complexity of these variants' effects across tissues.

® MTClassis more flexible and reliable than linear multivariate meth-
ods, handling multicollinearity, zero-expressed features, and vari-
ous input values with greater ease.

Author contributions

Ronnie Y. Li (Conceptualization, Data curation, Software, Formal anal-
ysis, Writing—original draft), Chang Su (Supervision, Writing—review
& editing), and Zhaohui S. Qin (Conceptualization, Supervision, Writ-
ing—review & editing)


https://www.disgenet.com
https://www.disgenet.com
https://www.disgenet.com
https://www.disgenet.com

Supplementary material

Supplementary material is available at Briefings in Bioinformatics
online.

Funding

None declared.

Data availability

Classification metrics from MTClass, as well as association P-values
from MultiPhen and MANOVA, for all described studies are avail-
able via Zenodo (https://doi.org/10.5281/zenodo.10911584). The GTEx
expression data used for this study can be found at https://gtexportal.
org/, and the subset of data from the PsychENCODE CMC can be found
via Synapse under accession syn12080241. The OneK1K single-cell
gene expression data are publicly available via CELLXGENE.

Ethics statement

The authors declare no competing interests.

Code availability

The MTClass algorithm implements standardization of expression
measures, model training, and classification using ensemble learning.
The Python package is installable from PyPI (https://pypi.org/project/
mitclass-ensemble/). The analysis code and example data are available
on GitHub (https:/github.com/ronnieli0114/MTClass).

References

1. Lappalainen T, MacArthur DG. From variant to function in human
disease genetics. Science 2021;373:1464-8. https://doi.org/10.1126/
science.abi8207.

2. Wright JB, Sanjana NE. CRISPR screens to discover functional
noncoding elements. Trends Genet 2016;32:526-9. https://doi.org/10.
1016/j.tig.2016.06.004.

3. Kapoor A, Sekar RB, Hansen NF. et al. An enhancer polymorphism at
the cardiomyocyte intercalated disc protein NOS1AP locus is a major
regulator of the QT interval. Am ] Hum Genet 2014;94:854-69. https://
doi.org/10.1016/j.ajhg.2014.05.001.

4. Spieler D, Kaffe M, KnaufF. et al. Restless legs syndrome-associated
intronic common variant in Meis1 alters enhancer function in the
developing telencephalon. Genome Res 2014;24:592-603. https://doi.
org/10.1101/gr.166751.113.

5. Duan ], Shi J, Fiorentino A. et al. A rare functional noncoding
variant at the GWAS-implicated MIR137/MIR2682 locus might con-
fer risk to schizophrenia and bipolar disorder. Am | Hum Genet
2014;95:744-53. https://doi.org/10.1016/j.ajhg.2014.11.001.

6. Nica AC, Dermitzakis ET. Expression quantitative trait loci: present
and future. Philos Trans R Soc B Biol Sci 2013;368:20120362. https:/
doi.org/10.1098/rsth.2012.0362.

7. Nicolae DL, Gamazon E, Zhang W. et al. Trait-associated SNPs are
more likely to be eQTLs: annotation to enhance discovery from
GWAS. PLoS Genet 2010;6:e1000888. https://doi.org/10.1371/journal.
pgen.1000888.

8. Flynn ED, Tsu AL, Kasela S. et al Transcription factor regula-
tion of eQTL activity across individuals and tissues. PLoS Genet
2022;18:1009719. https://doi.org/10.1371/journal.pgen.1009719.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Briefings in Bioinformatics, 2026, Vol. 27, Issue3 | 13

Fagny M, Paulson JN, Kuijjer ML. et al. Exploring regulation in
tissues with eQTL networks. Proc Natl Acad Sci 2017;114:E7841-50.
https://doi.org/doi:10.1073/pnas.1707375114.

Mizuno A, Okada Y. Biological characterization of expression quan-
titative traitloci (eQTLs) showing tissue-specific opposite directional
effects. Eur | Hum Genet 2019;27:1745-56. https://doi.org/10.1038/
$41431-019-0468-4.

O’Reilly PF, Hoggart CJ, Pomyen Y. et al MultiPhen: joint model
of multiple phenotypes can increase discovery in GWAS. PloS One
2012;7:€34861. https://doi.org/10.1371/journal.pone.0034861.
Weinfurt KP. Multivariate Analysis of Variance. Washington, DC, US:
American Psychological Association, 1995. (Reading and under-
standing multivariate statistics.).

Magi R, Suleimanov YV, Clarke GM. et al. SCOPA and META-SCOPA:
software for the analysis and aggregation of genome-wide associa-
tion studies of multiple correlated phenotypes. BMC Bioinformatics
2017;18:25. https://doi.org/10.1186/s12859-016-1437-3.

Urbut SM, Wang G, Carbonetto P. et al. Flexible statistical methods
for estimating and testing effects in genomic studies with multi-
ple conditions. Nat Genet 2019;51:187-95. https://doi.org/10.1038/
$41588-018-0268-8.

Sul JH, Han B, Ye C. et al. Effectively identifying eQTLs from multiple
tissues by combining mixed model and Meta-analytic approaches.
PLoS Genet 2013;9:€1003491. https://doi.org/10.1371/journal.pgen.
1003491.

Chen ], Nodzak C. Statistical and machine learning methods for
eQTL analysis. Methods Mol Biol 2020;2082:87-104. https://dol.org/
10.1007/978-1-0716-0026-9_7.

Chung ], Jun GR, Dupuis J. et al. Comparison of methods for mul-
tivariate gene-based association tests for complex diseases using
common variants. Eur | Hum Genet 2019;27:811-23. https://dol.org/
10.1038/s41431-018-0327-8.

Mitteroecker P, Cheverud JM, Pavlicev M. Multivariate analy-
sis of genotype-phenotype association. Genetics 2016;202:1345-63.
https://doi.org/10.1534/genetics.115.181339.

GTEx Consortium. Genetic effects on gene expression across
human tissues. Nature 2017;550:204-13. https://doi.org/10.1038/
nature24277.

Li M, Santpere G, Imamura Kawasawa Y. et al. Integrative func-
tional genomic analysis of human brain development and neu-
ropsychiatric risks. Science 2018;362:eaat7615. https://doi.org/10.
1126/science.aat7615.

Akbarian S, Liu C, Knowles JA. et al. The PsychENCODE project. Nat
Neurosci 2015;18:1707-12. https://doi.org/10.1038/nn.4156.

Emani PS, Liu J], Clarke D. et al. Single-cell genomics and regulatory
networks for 388 human brains. Science 2024;384:eadi5199. https://
doi.org/10.1126/science.adi5199.

Yazar S, Alquicira-Hernandez ], Wing K. et al Single-cell eQTL
mapping identifies cell type-specific genetic control of autoimmune
disease. Science 2022;376:eabf3041. https://doi.org/10.1126/science.
abf3041.

Tharwat A. Classification assessment methods. Appl Comput Inform
2021;17:168-92. https://doi.org/10.1016/j.aci.2018.08.003.

Chicco D, Jurman G. The advantages of the Matthews correlation
coefficient (MCC) over F1 score and accuracy in binary classification
evaluation. BMC Genomics 2020;21:6. https://doi.org/10.1186/s12864
-019-6413-7.

Buniello A, MacArthur JAL, Cerezo M. et al The NHGRI-EBI
GWAS Catalog of published genome-wide association studies,
targeted arrays and summary statistics 2019. Nucleic Acids Res
2019;47:D1005-12. https://doi.org/10.1093/nar/gky1120.


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag238#supplementary-data
https://doi.org/10.5281/zenodo.10911584
https://doi.org/10.5281/zenodo.10911584
https://doi.org/10.5281/zenodo.10911584
https://doi.org/10.5281/zenodo.10911584
https://doi.org/10.5281/zenodo.10911584
https://doi.org/10.5281/zenodo.10911584
https://doi.org/10.5281/zenodo.10911584
https://gtexportal.org/
https://gtexportal.org/
https://gtexportal.org/
https://pypi.org/project/mtclass-ensemble/
https://pypi.org/project/mtclass-ensemble/
https://pypi.org/project/mtclass-ensemble/
https://pypi.org/project/mtclass-ensemble/
https://pypi.org/project/mtclass-ensemble/
https://pypi.org/project/mtclass-ensemble/
https://github.com/ronnieli0114/MTClass
https://github.com/ronnieli0114/MTClass
https://github.com/ronnieli0114/MTClass
https://github.com/ronnieli0114/MTClass
https://github.com/ronnieli0114/MTClass
https://doi.org/10.1126/science.abi8207
https://doi.org/10.1126/science.abi8207
https://doi.org/10.1126/science.abi8207
https://doi.org/10.1126/science.abi8207
https://doi.org/10.1126/science.abi8207
https://doi.org/10.1126/science.abi8207
https://doi.org/10.1126/science.abi8207
https://doi.org/10.1016/j.tig.2016.06.004
https://doi.org/10.1016/j.tig.2016.06.004
https://doi.org/10.1016/j.tig.2016.06.004
https://doi.org/10.1016/j.tig.2016.06.004
https://doi.org/10.1016/j.tig.2016.06.004
https://doi.org/10.1016/j.tig.2016.06.004
https://doi.org/10.1016/j.tig.2016.06.004
https://doi.org/10.1016/j.tig.2016.06.004
https://doi.org/10.1016/j.tig.2016.06.004
https://doi.org/10.1016/j.tig.2016.06.004
https://doi.org/10.1016/j.ajhg.2014.05.001
https://doi.org/10.1016/j.ajhg.2014.05.001
https://doi.org/10.1016/j.ajhg.2014.05.001
https://doi.org/10.1016/j.ajhg.2014.05.001
https://doi.org/10.1016/j.ajhg.2014.05.001
https://doi.org/10.1016/j.ajhg.2014.05.001
https://doi.org/10.1016/j.ajhg.2014.05.001
https://doi.org/10.1016/j.ajhg.2014.05.001
https://doi.org/10.1016/j.ajhg.2014.05.001
https://doi.org/10.1016/j.ajhg.2014.05.001
https://doi.org/10.1101/gr.166751.113
https://doi.org/10.1101/gr.166751.113
https://doi.org/10.1101/gr.166751.113
https://doi.org/10.1101/gr.166751.113
https://doi.org/10.1101/gr.166751.113
https://doi.org/10.1101/gr.166751.113
https://doi.org/10.1101/gr.166751.113
https://doi.org/10.1101/gr.166751.113
https://doi.org/10.1016/j.ajhg.2014.11.001
https://doi.org/10.1016/j.ajhg.2014.11.001
https://doi.org/10.1016/j.ajhg.2014.11.001
https://doi.org/10.1016/j.ajhg.2014.11.001
https://doi.org/10.1016/j.ajhg.2014.11.001
https://doi.org/10.1016/j.ajhg.2014.11.001
https://doi.org/10.1016/j.ajhg.2014.11.001
https://doi.org/10.1016/j.ajhg.2014.11.001
https://doi.org/10.1016/j.ajhg.2014.11.001
https://doi.org/10.1016/j.ajhg.2014.11.001
https://doi.org/10.1098/rstb.2012.0362
https://doi.org/10.1098/rstb.2012.0362
https://doi.org/10.1098/rstb.2012.0362
https://doi.org/10.1098/rstb.2012.0362
https://doi.org/10.1098/rstb.2012.0362
https://doi.org/10.1098/rstb.2012.0362
https://doi.org/10.1098/rstb.2012.0362
https://doi.org/10.1098/rstb.2012.0362
https://doi.org/10.1371/journal.pgen.1000888
https://doi.org/10.1371/journal.pgen.1000888
https://doi.org/10.1371/journal.pgen.1000888
https://doi.org/10.1371/journal.pgen.1000888
https://doi.org/10.1371/journal.pgen.1000888
https://doi.org/10.1371/journal.pgen.1000888
https://doi.org/10.1371/journal.pgen.1000888
https://doi.org/10.1371/journal.pgen.1000888
https://doi.org/10.1371/journal.pgen.1009719
https://doi.org/10.1371/journal.pgen.1009719
https://doi.org/10.1371/journal.pgen.1009719
https://doi.org/10.1371/journal.pgen.1009719
https://doi.org/10.1371/journal.pgen.1009719
https://doi.org/10.1371/journal.pgen.1009719
https://doi.org/10.1371/journal.pgen.1009719
https://doi.org/10.1371/journal.pgen.1009719
https://doi.org/doi:10.1073/pnas.1707375114
https://doi.org/doi:10.1073/pnas.1707375114
https://doi.org/doi:10.1073/pnas.1707375114
https://doi.org/doi:10.1073/pnas.1707375114
https://doi.org/doi:10.1073/pnas.1707375114
https://doi.org/doi:10.1073/pnas.1707375114
https://doi.org/doi:10.1073/pnas.1707375114
https://doi.org/doi:10.1073/pnas.1707375114
https://doi.org/10.1038/s41431-019-0468-4
https://doi.org/10.1038/s41431-019-0468-4
https://doi.org/10.1038/s41431-019-0468-4
https://doi.org/10.1038/s41431-019-0468-4
https://doi.org/10.1038/s41431-019-0468-4
https://doi.org/10.1038/s41431-019-0468-4
https://doi.org/10.1038/s41431-019-0468-4
https://doi.org/10.1038/s41431-019-0468-4
https://doi.org/10.1038/s41431-019-0468-4
https://doi.org/10.1371/journal.pone.0034861
https://doi.org/10.1371/journal.pone.0034861
https://doi.org/10.1371/journal.pone.0034861
https://doi.org/10.1371/journal.pone.0034861
https://doi.org/10.1371/journal.pone.0034861
https://doi.org/10.1371/journal.pone.0034861
https://doi.org/10.1371/journal.pone.0034861
https://doi.org/10.1371/journal.pone.0034861
https://doi.org/10.1186/s12859-016-1437-3
https://doi.org/10.1186/s12859-016-1437-3
https://doi.org/10.1186/s12859-016-1437-3
https://doi.org/10.1186/s12859-016-1437-3
https://doi.org/10.1186/s12859-016-1437-3
https://doi.org/10.1186/s12859-016-1437-3
https://doi.org/10.1186/s12859-016-1437-3
https://doi.org/10.1186/s12859-016-1437-3
https://doi.org/10.1186/s12859-016-1437-3
https://doi.org/10.1038/s41588-018-0268-8
https://doi.org/10.1038/s41588-018-0268-8
https://doi.org/10.1038/s41588-018-0268-8
https://doi.org/10.1038/s41588-018-0268-8
https://doi.org/10.1038/s41588-018-0268-8
https://doi.org/10.1038/s41588-018-0268-8
https://doi.org/10.1038/s41588-018-0268-8
https://doi.org/10.1038/s41588-018-0268-8
https://doi.org/10.1038/s41588-018-0268-8
https://doi.org/10.1371/journal.pgen.1003491
https://doi.org/10.1371/journal.pgen.1003491
https://doi.org/10.1371/journal.pgen.1003491
https://doi.org/10.1371/journal.pgen.1003491
https://doi.org/10.1371/journal.pgen.1003491
https://doi.org/10.1371/journal.pgen.1003491
https://doi.org/10.1371/journal.pgen.1003491
https://doi.org/10.1371/journal.pgen.1003491
https://doi.org/10.1007/978-1-0716-0026-9_7
https://doi.org/10.1007/978-1-0716-0026-9_7
https://doi.org/10.1007/978-1-0716-0026-9_7
https://doi.org/10.1007/978-1-0716-0026-9_7
https://doi.org/10.1007/978-1-0716-0026-9_7
https://doi.org/10.1007/978-1-0716-0026-9_7
https://doi.org/10.1007/978-1-0716-0026-9_7
https://doi.org/10.1007/978-1-0716-0026-9_7
https://doi.org/10.1007/978-1-0716-0026-9_7
https://doi.org/10.1007/978-1-0716-0026-9_7
https://doi.org/10.1007/978-1-0716-0026-9_7
https://doi.org/10.1038/s41431-018-0327-8
https://doi.org/10.1038/s41431-018-0327-8
https://doi.org/10.1038/s41431-018-0327-8
https://doi.org/10.1038/s41431-018-0327-8
https://doi.org/10.1038/s41431-018-0327-8
https://doi.org/10.1038/s41431-018-0327-8
https://doi.org/10.1038/s41431-018-0327-8
https://doi.org/10.1038/s41431-018-0327-8
https://doi.org/10.1038/s41431-018-0327-8
https://doi.org/10.1534/genetics.115.181339
https://doi.org/10.1534/genetics.115.181339
https://doi.org/10.1534/genetics.115.181339
https://doi.org/10.1534/genetics.115.181339
https://doi.org/10.1534/genetics.115.181339
https://doi.org/10.1534/genetics.115.181339
https://doi.org/10.1534/genetics.115.181339
https://doi.org/10.1534/genetics.115.181339
https://doi.org/10.1038/nature24277
https://doi.org/10.1038/nature24277
https://doi.org/10.1038/nature24277
https://doi.org/10.1038/nature24277
https://doi.org/10.1038/nature24277
https://doi.org/10.1038/nature24277
https://doi.org/10.1126/science.aat7615
https://doi.org/10.1126/science.aat7615
https://doi.org/10.1126/science.aat7615
https://doi.org/10.1126/science.aat7615
https://doi.org/10.1126/science.aat7615
https://doi.org/10.1126/science.aat7615
https://doi.org/10.1126/science.aat7615
https://doi.org/10.1038/nn.4156
https://doi.org/10.1038/nn.4156
https://doi.org/10.1038/nn.4156
https://doi.org/10.1038/nn.4156
https://doi.org/10.1038/nn.4156
https://doi.org/10.1038/nn.4156
https://doi.org/10.1038/nn.4156
https://doi.org/10.1126/science.adi5199
https://doi.org/10.1126/science.adi5199
https://doi.org/10.1126/science.adi5199
https://doi.org/10.1126/science.adi5199
https://doi.org/10.1126/science.adi5199
https://doi.org/10.1126/science.adi5199
https://doi.org/10.1126/science.adi5199
https://doi.org/10.1126/science.abf3041
https://doi.org/10.1126/science.abf3041
https://doi.org/10.1126/science.abf3041
https://doi.org/10.1126/science.abf3041
https://doi.org/10.1126/science.abf3041
https://doi.org/10.1126/science.abf3041
https://doi.org/10.1126/science.abf3041
https://doi.org/10.1016/j.aci.2018.08.003
https://doi.org/10.1016/j.aci.2018.08.003
https://doi.org/10.1016/j.aci.2018.08.003
https://doi.org/10.1016/j.aci.2018.08.003
https://doi.org/10.1016/j.aci.2018.08.003
https://doi.org/10.1016/j.aci.2018.08.003
https://doi.org/10.1016/j.aci.2018.08.003
https://doi.org/10.1016/j.aci.2018.08.003
https://doi.org/10.1016/j.aci.2018.08.003
https://doi.org/10.1016/j.aci.2018.08.003
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1186/s12864-019-6413-7
https://doi.org/10.1093/nar/gky1120
https://doi.org/10.1093/nar/gky1120
https://doi.org/10.1093/nar/gky1120
https://doi.org/10.1093/nar/gky1120
https://doi.org/10.1093/nar/gky1120
https://doi.org/10.1093/nar/gky1120
https://doi.org/10.1093/nar/gky1120

14

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

| Briefings in Bioinformatics, 2026, Vol. 27, Issue 3

Thomas PD, Ebert D, Muruganujan A. et al PANTHER: mak-
ing genome-scale phylogenetics accessible to all. Protein Sci
2022;31:8-22. https://doi.org/10.1002/pro.4218.

Kuleshov MV, Jones MR, Rouillard AD. et al. Enrichr: a comprehen-
sive gene set enrichment analysis web server 2016 update. Nucleic
Acids Res 2016;44:W90-7. https://doi.org/10.1093/nar/gkw377.

van Buuren S, Groothuis-Oudshoorn K. Mice: multivariate imputa-
tion by chained equations in R. J Stat Softw 2011;45:1-67. https://doi.
0rg/10.18637/jss.v045.103.

Weyn-Vanhentenryck SM, Feng H, Ustianenko D. et al. Precise
temporal regulation of alternative splicing during neural develop-
ment. Nat Commun 2018;9:2189. https://doi.org/10.1038/s41467-018
-04559-0.

Su CH, D D, Tarn WY. Alternative splicing in neurogenesis and
brain development. Front Mol Biosci 2018;5:12. https://doi.org/10.
3389/fmolh.2018.00012.

Iovino M, Pfisterer U, Holton JL. et al The novel MAPT muta-
tion K298E: mechanisms of mutant tau toxicity, brain pathology
and tau expression in induced fibroblast-derived neurons. Acta
Neuropathol 2014;127:283-95. https://doi.org/10.1007/s00401-013-
1219-1.

Takeshima Y, Yagi M, Okizuka Y. et al. Mutation spectrum of the
dystrophin gene in 442 Duchenne/Becker muscular dystrophy cases
from one Japanese referral center. ] Hum Genet 2010;55:379-88.
https://doi.org/10.1038/jhg.2010.49.

Chu C-S, Trapnell BC, Curristin S. et al. Genetic basis of variable exon
9 skipping in cystic fibrosis transmembrane conductance regula-
tor mRNA. Nat Genet 1993;3:151-6. https://doi.org/10.1038/ng0293-
151.

Qi T, Wu Y, Fang H. et al Genetic control of RNA splicing and its
distinct role in complex trait variation. Nat Genet 2022;54:1355-
1363. https://doi.org/10.1038/s41588-022-01154-4.

Takata A, Matsumoto N, Kato T. Genome-wide identification of
splicing QTLs in the human brain and their enrichment among
schizophrenia-associated loci. Nat Commun 2017;8:14519. https://
doi.org/10.1038/ncomms14519.

Gonzalez-Rodriguez M, Villar-Conde S, Astillero-Lopez V. et al
Human amygdala involvement in Alzheimer’s disease revealed by
stereological and dia-PASEF analysis. Brain Pathol 2023;33:e13180.
https://doi.org/10.1111/bpa.13180.

Poulin SP, Dautoff R, Morris JC. et al. Amygdala atrophy is promi-
nent in early Alzheimer’s disease and relates to symptom severity.
Psychiatry Res 2011;194:7-13. https://doi.org/10.1016/j.pscychresns.
2011.06.014.

Ibrahim HM, Kulikova A, Ly H. et al. Anterior cingulate cortex in
individuals with depressive symptoms: a structural MRI study. Psy-
chiatry Res Neuroimaging 2022;319:111420. https://doi.org/10.1016/
j.pscychresns.2021.111420.

Yucel K, McKinnon MC, Chahal R. et al. Anterior cingulate vol-
umes in never-treated patients with major depressive disor-
der. Neuropsychopharmacology 2008;33:3157-63. https://doi.org/10.
1038/npp.2008.40.

Mikell CB, McKhann GM, Segal S. et al. The hippocampus and
nucleus accumbens as potential therapeutic targets for neuro-
surgical intervention in schizophrenia. Stereotact Funct Neurosurg
2009;87:256-65. https://doi.org/10.1159/000225979.

McCollum LA, Roberts RC. Uncovering the role of the nucleus
accumbens in schizophrenia: a postmortem analysis of tyrosine
hydroxylase and vesicular glutamate transporters. Schizophr
Res 2015;169:369-73. https://doi.org/10.1016/j.schres.2015.
08.041.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Parent M, Parent A. Substantia nigra and Parkinson’s disease: a
brief history of their long and intimate relationship. Can J Neurol
Sci 2010;37:313-9. https://doi.org/10.1017/s0317167100010209.
Pifiero ], Queralt-Rosinach N, Bravo A. et al DisGeNET: a discovery
platform for the dynamical exploration of human diseases and their
genes. Database (Oxford) 2015;2015:bav028. https://doi.org/10.1093/
database/bav028.

Dwivedi Y. Cell-type-specific transcriptomic analysis in the dor-
solateral prefrontal cortex reveals distinct mitochondrial abnor-
malities in schizophrenia and bipolar disorder. Am ] Psychiatry
2020;177:1107-9. https://doi.org/10.1176/appi.ajp.2020.20101455.
Roman KM, Jenkins AK, Lewis DA. et al. Involvement of the nuclear
factor-«B transcriptional complex in prefrontal cortex immune acti-
vation in bipolar disorder. Transl Psychiatry 2021;11:40. https://doi.
0rg/10.1038/s41398-020-01092-X.

Liu WZ, Zhang WH, Zheng ZH. et al Identification of a pre-
frontal cortex-to-amygdala pathway for chronic stress-induced anx-
iety. Nat Commun 2020;11:2221. https://doi.org/10.1038/s41467-020
-15920-7.

Hare BD, Duman RS. Prefrontal cortex circuits in depression and
anxiety: contribution of discrete neuronal populations and target
regions. Mol Psychiatry 2020;25:2742-58. https://doi.org/10.1038/
$41380-020-0685-9.

Maria M, Pouyanfar N, Ord T. et al. The power of single-cell RNA
sequencing in eQTL discovery. Genes (Basel) 2022;13:502. https://doi.
org/10.3390/genes13030502.

Osorio D, Yu X, Zhong Y. et al. Single-cell expression variabil-
ity implies cell function. Cells 2019;9:14. https://doi.org/10.3390/
cells9010014.

Liu J, Kreimer A, Li WV. Differential variability analysis of single-
cell gene expression data. Brief Bioinform 2023;24:bbad294. https://
doi.org/10.1093/bib/bbad294.

Tang F, Barbacioru C, Wang Y. et al. mRNA-Seq whole-transcriptome
analysis of a single cell. Nat Methods 2009;6:377-82. https://doi.org/
10.1038/nmeth.1315.

Eberwine ], Yeh H, Miyashiro K. et al. Analysis of gene expression in
single live neurons. Proc Natl Acad Sci U S A 1992;89:3010-4. https://
doi.org/10.1073/pnas.89.7.3010.

Neavin D, Nguyen Q, Daniszewski MS. et al. Single cell eQTL anal-
ysis identifies cell type-specific genetic control of gene expression
in fibroblasts and reprogrammed induced pluripotent stem cells.
Genome Biol 2021;22:76. https://dol.org/10.1186/s13059-021-02293
-3.

Kundaje A, Meuleman W, Ernst J. et al. Integrative analysis of 111
reference human epigenomes. Nature 2015;518:317-30. https://doi.
org/10.1038/nature14248.

Ernst |, Kellis M. ChromHMM: automating chromatin-state discov-
ery and characterization. Nat Methods 2012;9:215-6. https://doi.org/
10.1038/nmeth.1906.

Kominato Y, Hata Y, Matsui K. et al Regulation of ABO gene
expression. Leg Med (Tokyo) 2005;7:263-5. https://doi.org/10.1016/
j.legalmed.2004.10.009.

Ferreira MA, Purcell SM. A multivariate test of association.
Bioinformatics 2009;25:132-3. https://doi.org/10.1093/
bioinformatics/btn563.

Liu Y, Xie J. Cauchy combination test: a powerful test with ana-
lytic p-value calculation under arbitrary dependency structures. |
Am Stat Assoc 2020;115:393-402. https://doi.org/10.1080/01621459.
2018.1554485.

Shikov AE, Skitchenko RK, Predeus AV. et al. Phenome-wide func-
tional dissection of pleiotropic effects highlights key molecular path-


https://doi.org/10.1002/pro.4218
https://doi.org/10.1002/pro.4218
https://doi.org/10.1002/pro.4218
https://doi.org/10.1002/pro.4218
https://doi.org/10.1002/pro.4218
https://doi.org/10.1002/pro.4218
https://doi.org/10.1002/pro.4218
https://doi.org/10.1093/nar/gkw377
https://doi.org/10.1093/nar/gkw377
https://doi.org/10.1093/nar/gkw377
https://doi.org/10.1093/nar/gkw377
https://doi.org/10.1093/nar/gkw377
https://doi.org/10.1093/nar/gkw377
https://doi.org/10.1093/nar/gkw377
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.18637/jss.v045.i03
https://doi.org/10.1038/s41467-018-04559-0
https://doi.org/10.1038/s41467-018-04559-0
https://doi.org/10.1038/s41467-018-04559-0
https://doi.org/10.1038/s41467-018-04559-0
https://doi.org/10.1038/s41467-018-04559-0
https://doi.org/10.1038/s41467-018-04559-0
https://doi.org/10.1038/s41467-018-04559-0
https://doi.org/10.1038/s41467-018-04559-0
https://doi.org/10.1038/s41467-018-04559-0
https://doi.org/10.3389/fmolb.2018.00012
https://doi.org/10.3389/fmolb.2018.00012
https://doi.org/10.3389/fmolb.2018.00012
https://doi.org/10.3389/fmolb.2018.00012
https://doi.org/10.3389/fmolb.2018.00012
https://doi.org/10.3389/fmolb.2018.00012
https://doi.org/10.3389/fmolb.2018.00012
https://doi.org/10.3389/fmolb.2018.00012
https://doi.org/10.1007/s00401-013-1219-1
https://doi.org/10.1038/jhg.2010.49
https://doi.org/10.1038/jhg.2010.49
https://doi.org/10.1038/jhg.2010.49
https://doi.org/10.1038/jhg.2010.49
https://doi.org/10.1038/jhg.2010.49
https://doi.org/10.1038/jhg.2010.49
https://doi.org/10.1038/jhg.2010.49
https://doi.org/10.1038/jhg.2010.49
https://doi.org/10.1038/ng0293-151
https://doi.org/10.1038/s41588-022-01154-4
https://doi.org/10.1038/s41588-022-01154-4
https://doi.org/10.1038/s41588-022-01154-4
https://doi.org/10.1038/s41588-022-01154-4
https://doi.org/10.1038/s41588-022-01154-4
https://doi.org/10.1038/s41588-022-01154-4
https://doi.org/10.1038/s41588-022-01154-4
https://doi.org/10.1038/s41588-022-01154-4
https://doi.org/10.1038/s41588-022-01154-4
https://doi.org/10.1038/ncomms14519
https://doi.org/10.1038/ncomms14519
https://doi.org/10.1038/ncomms14519
https://doi.org/10.1038/ncomms14519
https://doi.org/10.1038/ncomms14519
https://doi.org/10.1038/ncomms14519
https://doi.org/10.1111/bpa.13180
https://doi.org/10.1111/bpa.13180
https://doi.org/10.1111/bpa.13180
https://doi.org/10.1111/bpa.13180
https://doi.org/10.1111/bpa.13180
https://doi.org/10.1111/bpa.13180
https://doi.org/10.1111/bpa.13180
https://doi.org/10.1016/j.pscychresns.2011.06.014
https://doi.org/10.1016/j.pscychresns.2011.06.014
https://doi.org/10.1016/j.pscychresns.2011.06.014
https://doi.org/10.1016/j.pscychresns.2011.06.014
https://doi.org/10.1016/j.pscychresns.2011.06.014
https://doi.org/10.1016/j.pscychresns.2011.06.014
https://doi.org/10.1016/j.pscychresns.2011.06.014
https://doi.org/10.1016/j.pscychresns.2011.06.014
https://doi.org/10.1016/j.pscychresns.2011.06.014
https://doi.org/10.1016/j.pscychresns.2011.06.014
https://doi.org/10.1016/j.pscychresns.2021.111420
https://doi.org/10.1016/j.pscychresns.2021.111420
https://doi.org/10.1016/j.pscychresns.2021.111420
https://doi.org/10.1016/j.pscychresns.2021.111420
https://doi.org/10.1016/j.pscychresns.2021.111420
https://doi.org/10.1016/j.pscychresns.2021.111420
https://doi.org/10.1016/j.pscychresns.2021.111420
https://doi.org/10.1016/j.pscychresns.2021.111420
https://doi.org/10.1016/j.pscychresns.2021.111420
https://doi.org/10.1038/npp.2008.40
https://doi.org/10.1038/npp.2008.40
https://doi.org/10.1038/npp.2008.40
https://doi.org/10.1038/npp.2008.40
https://doi.org/10.1038/npp.2008.40
https://doi.org/10.1038/npp.2008.40
https://doi.org/10.1038/npp.2008.40
https://doi.org/10.1038/npp.2008.40
https://doi.org/10.1159/000225979
https://doi.org/10.1159/000225979
https://doi.org/10.1159/000225979
https://doi.org/10.1159/000225979
https://doi.org/10.1159/000225979
https://doi.org/10.1159/000225979
https://doi.org/10.1016/j.schres.2015.08.041
https://doi.org/10.1017/s0317167100010209
https://doi.org/10.1017/s0317167100010209
https://doi.org/10.1017/s0317167100010209
https://doi.org/10.1017/s0317167100010209
https://doi.org/10.1017/s0317167100010209
https://doi.org/10.1017/s0317167100010209
https://doi.org/10.1093/database/bav028
https://doi.org/10.1093/database/bav028
https://doi.org/10.1093/database/bav028
https://doi.org/10.1093/database/bav028
https://doi.org/10.1093/database/bav028
https://doi.org/10.1093/database/bav028
https://doi.org/10.1093/database/bav028
https://doi.org/10.1176/appi.ajp.2020.20101455
https://doi.org/10.1176/appi.ajp.2020.20101455
https://doi.org/10.1176/appi.ajp.2020.20101455
https://doi.org/10.1176/appi.ajp.2020.20101455
https://doi.org/10.1176/appi.ajp.2020.20101455
https://doi.org/10.1176/appi.ajp.2020.20101455
https://doi.org/10.1176/appi.ajp.2020.20101455
https://doi.org/10.1176/appi.ajp.2020.20101455
https://doi.org/10.1176/appi.ajp.2020.20101455
https://doi.org/10.1038/s41398-020-01092-x
https://doi.org/10.1038/s41398-020-01092-x
https://doi.org/10.1038/s41398-020-01092-x
https://doi.org/10.1038/s41398-020-01092-x
https://doi.org/10.1038/s41398-020-01092-x
https://doi.org/10.1038/s41398-020-01092-x
https://doi.org/10.1038/s41398-020-01092-x
https://doi.org/10.1038/s41398-020-01092-x
https://doi.org/10.1038/s41398-020-01092-x
https://doi.org/10.1038/s41467-020-15920-7
https://doi.org/10.1038/s41467-020-15920-7
https://doi.org/10.1038/s41467-020-15920-7
https://doi.org/10.1038/s41467-020-15920-7
https://doi.org/10.1038/s41467-020-15920-7
https://doi.org/10.1038/s41467-020-15920-7
https://doi.org/10.1038/s41467-020-15920-7
https://doi.org/10.1038/s41467-020-15920-7
https://doi.org/10.1038/s41467-020-15920-7
https://doi.org/10.1038/s41380-020-0685-9
https://doi.org/10.1038/s41380-020-0685-9
https://doi.org/10.1038/s41380-020-0685-9
https://doi.org/10.1038/s41380-020-0685-9
https://doi.org/10.1038/s41380-020-0685-9
https://doi.org/10.1038/s41380-020-0685-9
https://doi.org/10.1038/s41380-020-0685-9
https://doi.org/10.1038/s41380-020-0685-9
https://doi.org/10.1038/s41380-020-0685-9
https://doi.org/10.3390/genes13030502
https://doi.org/10.3390/genes13030502
https://doi.org/10.3390/genes13030502
https://doi.org/10.3390/genes13030502
https://doi.org/10.3390/genes13030502
https://doi.org/10.3390/genes13030502
https://doi.org/10.3390/cells9010014
https://doi.org/10.3390/cells9010014
https://doi.org/10.3390/cells9010014
https://doi.org/10.3390/cells9010014
https://doi.org/10.3390/cells9010014
https://doi.org/10.3390/cells9010014
https://doi.org/10.1093/bib/bbad294
https://doi.org/10.1093/bib/bbad294
https://doi.org/10.1093/bib/bbad294
https://doi.org/10.1093/bib/bbad294
https://doi.org/10.1093/bib/bbad294
https://doi.org/10.1093/bib/bbad294
https://doi.org/10.1093/bib/bbad294
https://doi.org/10.1038/nmeth.1315
https://doi.org/10.1038/nmeth.1315
https://doi.org/10.1038/nmeth.1315
https://doi.org/10.1038/nmeth.1315
https://doi.org/10.1038/nmeth.1315
https://doi.org/10.1038/nmeth.1315
https://doi.org/10.1038/nmeth.1315
https://doi.org/10.1073/pnas.89.7.3010
https://doi.org/10.1073/pnas.89.7.3010
https://doi.org/10.1073/pnas.89.7.3010
https://doi.org/10.1073/pnas.89.7.3010
https://doi.org/10.1073/pnas.89.7.3010
https://doi.org/10.1073/pnas.89.7.3010
https://doi.org/10.1073/pnas.89.7.3010
https://doi.org/10.1073/pnas.89.7.3010
https://doi.org/10.1073/pnas.89.7.3010
https://doi.org/10.1186/s13059-021-02293-3
https://doi.org/10.1186/s13059-021-02293-3
https://doi.org/10.1186/s13059-021-02293-3
https://doi.org/10.1186/s13059-021-02293-3
https://doi.org/10.1186/s13059-021-02293-3
https://doi.org/10.1186/s13059-021-02293-3
https://doi.org/10.1186/s13059-021-02293-3
https://doi.org/10.1186/s13059-021-02293-3
https://doi.org/10.1186/s13059-021-02293-3
https://doi.org/10.1038/nature14248
https://doi.org/10.1038/nature14248
https://doi.org/10.1038/nature14248
https://doi.org/10.1038/nature14248
https://doi.org/10.1038/nature14248
https://doi.org/10.1038/nature14248
https://doi.org/10.1038/nmeth.1906
https://doi.org/10.1038/nmeth.1906
https://doi.org/10.1038/nmeth.1906
https://doi.org/10.1038/nmeth.1906
https://doi.org/10.1038/nmeth.1906
https://doi.org/10.1038/nmeth.1906
https://doi.org/10.1038/nmeth.1906
https://doi.org/10.1016/j.legalmed.2004.10.009
https://doi.org/10.1016/j.legalmed.2004.10.009
https://doi.org/10.1016/j.legalmed.2004.10.009
https://doi.org/10.1016/j.legalmed.2004.10.009
https://doi.org/10.1016/j.legalmed.2004.10.009
https://doi.org/10.1016/j.legalmed.2004.10.009
https://doi.org/10.1016/j.legalmed.2004.10.009
https://doi.org/10.1016/j.legalmed.2004.10.009
https://doi.org/10.1016/j.legalmed.2004.10.009
https://doi.org/10.1016/j.legalmed.2004.10.009
https://doi.org/10.1093/bioinformatics/btn563
https://doi.org/10.1093/bioinformatics/btn563
https://doi.org/10.1093/bioinformatics/btn563
https://doi.org/10.1093/bioinformatics/btn563
https://doi.org/10.1093/bioinformatics/btn563
https://doi.org/10.1093/bioinformatics/btn563
https://doi.org/10.1093/bioinformatics/btn563
https://doi.org/10.1080/01621459.2018.1554485
https://doi.org/10.1080/01621459.2018.1554485
https://doi.org/10.1080/01621459.2018.1554485
https://doi.org/10.1080/01621459.2018.1554485
https://doi.org/10.1080/01621459.2018.1554485
https://doi.org/10.1080/01621459.2018.1554485
https://doi.org/10.1080/01621459.2018.1554485
https://doi.org/10.1080/01621459.2018.1554485

61.

62.

63.

64.

ways for human complex traits. Sci Rep 2020;10:1037. https://doi.
0rg/10.1038/s41598-020-58040-4.

Trowsdale [, Knight JC. Major histocompatibility complex
genomics and human disease. Annu Rev Genomics Hum Genet
2013;14:301-23.  https://doi.org/10.1146/annurev-genom-091212-
153455.

Levene H. Robust tests for equality of variances. Contrib Probab Stat
1960;278-92.

Bartlett MS. The square root transformation in analysis of variance.
Suppl ] R Stat Soc 1936;3:68-78.

Conover W], Johnson ME, Johnson MM. A comparative study of tests
for homogeneity of variances, with applications to the outer conti-
nental shelf bidding data. Technometrics 1981;23:351-61. https://doi.
0rg/10.1080/00401706.1981.10487680.

65.

66.

67.

68.

Briefings in Bioinformatics, 2026, Vol. 27, Issue3 | 15

Kaigh WD. Distribution-free two-sample tests based on rank
spacings. | Am Stat Assoc 1994;89:159-67. https://doi.org/10.1080/
01621459.1994.10476457.

Yu S, Wu J, Shao Y. et al. A novel classification framework for
genome-wide association study of whole brain MRI images using
deep learning. PLoS Comput Biol 2024;20:e1012527. https://doi.org/
10.1371/journal.pchi.1012527.

LiL, Huang K-L, Gao Y. et al. An atlas of alternative polyadenylation
quantitative trait loci contributing to complex trait and disease heri-
tability. Nat Genet 2021;53:994-1005. https://doi.org/10.1038/s41588
-021-00864-5.

Mailman MD, Feolo M, Jin Y. et al. The NCBI dbGaP database of
genotypes and phenotypes. Nat Genet 2007;39:1181-6. https://doi.
0rg/10.1038/ng1007-1181.

© The Author(s) 2026. Published by Oxford University Press. This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any
‘medium, provided the original work is properly cited.
Briefings in Bioinformatics, 2026, 27, bbag238
https://doi.org/10.1093/bib/bbag238

Problem Solving Protocol


https://doi.org/10.1038/s41598-020-58040-4
https://doi.org/10.1038/s41598-020-58040-4
https://doi.org/10.1038/s41598-020-58040-4
https://doi.org/10.1038/s41598-020-58040-4
https://doi.org/10.1038/s41598-020-58040-4
https://doi.org/10.1038/s41598-020-58040-4
https://doi.org/10.1038/s41598-020-58040-4
https://doi.org/10.1038/s41598-020-58040-4
https://doi.org/10.1038/s41598-020-58040-4
https://doi.org/10.1146/annurev-genom-091212-153455
https://doi.org/10.1080/00401706.1981.10487680
https://doi.org/10.1080/00401706.1981.10487680
https://doi.org/10.1080/00401706.1981.10487680
https://doi.org/10.1080/00401706.1981.10487680
https://doi.org/10.1080/00401706.1981.10487680
https://doi.org/10.1080/00401706.1981.10487680
https://doi.org/10.1080/00401706.1981.10487680
https://doi.org/10.1080/00401706.1981.10487680
https://doi.org/10.1080/01621459.1994.10476457
https://doi.org/10.1080/01621459.1994.10476457
https://doi.org/10.1080/01621459.1994.10476457
https://doi.org/10.1080/01621459.1994.10476457
https://doi.org/10.1080/01621459.1994.10476457
https://doi.org/10.1080/01621459.1994.10476457
https://doi.org/10.1080/01621459.1994.10476457
https://doi.org/10.1080/01621459.1994.10476457
https://doi.org/10.1371/journal.pcbi.1012527
https://doi.org/10.1371/journal.pcbi.1012527
https://doi.org/10.1371/journal.pcbi.1012527
https://doi.org/10.1371/journal.pcbi.1012527
https://doi.org/10.1371/journal.pcbi.1012527
https://doi.org/10.1371/journal.pcbi.1012527
https://doi.org/10.1371/journal.pcbi.1012527
https://doi.org/10.1371/journal.pcbi.1012527
https://doi.org/10.1038/s41588-021-00864-5
https://doi.org/10.1038/s41588-021-00864-5
https://doi.org/10.1038/s41588-021-00864-5
https://doi.org/10.1038/s41588-021-00864-5
https://doi.org/10.1038/s41588-021-00864-5
https://doi.org/10.1038/s41588-021-00864-5
https://doi.org/10.1038/s41588-021-00864-5
https://doi.org/10.1038/s41588-021-00864-5
https://doi.org/10.1038/s41588-021-00864-5
https://doi.org/10.1038/ng1007-1181
https://doi.org/10.1038/ng1007-1181
https://doi.org/10.1038/ng1007-1181
https://doi.org/10.1038/ng1007-1181
https://doi.org/10.1038/ng1007-1181
https://doi.org/10.1038/ng1007-1181
https://doi.org/10.1038/ng1007-1181
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/bib/bbag238

	 A novel machine learning-based algorithm for eQTL identification reveals complex pleiotropic effects in the MHC region
	Introduction
	Results
	Discussion
	Methods
	Key Points
	Author contributions
	Supplementary material
	Funding
	Data availability
	Ethics statement
	Code availability


