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Abstract

Genome-wide association studies (GWASs) have identified over 200 loci associated
with multiple sclerosis (MS), yet these loci explain only a fraction of the genetic risk.
Integrating GWAS with expression quantitative trait loci through transcriptome-wide
association studies (TWAS) provides a powerful approach to pinpointing candidate
genes underlying complex traits. We performed aTWAS using FUSION with Genotype-
Tissue Expression version 8 expression weights, based on meta-analyzed summary
statistics from large-scale MS GWAS datasets (5263 cases and 83,167 controls).
To refine candidate genes and assess causality, we applied conditional analysis,
Bayesian colocalization, summary-data-based Mendelian randomization (SMR), and
fine-mapping strategies. TWAS identified 403 candidate genes, of which 15 were
further supported by SMR analysis. Six of these genes (HLA-G, HLA-J, HLA-DRB1, TAP2,
HLA-C, and HLA-B) overlapped with previously reported MS loci, and nine additional
genes (e.g., MICF, USP8P1, PSORS1C3, HCG24, and HLA-DQB1-AST) represented novel
candidates requiring further validation. Through the integration of transcriptomic
and GWAS data, our study unveiled established and novel genetic contributors to
MS. These findings deepen our understanding of MS pathogenesis and highlight
high-priority targets for future functional and therapeutic studies.

Keywords: Multiple sclerosis; Post-GWAS analysis; Transcriptome-wide association study;
Summary Mendelian randomization

1. Introduction

Multiple sclerosis (MS) is a chronic and enduring neurological condition affecting the
central nervous system. It is characterized by an unpredictable course and a diverse
range of clinical manifestations.! MS stands as a leading cause of disability among
young adults? and has the potential to result in persistent disability and reduced life
expectancy.’In 2019, there were a reported 59,345 new cases of MS and 22,439 fatalities
worldwide attributed to this condition. The prevalence, mortality, and disability-
adjusted life years associated with MS have shown an upward trajectory.* Furthermore,
MS exerts a significant burden on both individuals and society, profoundly impacting
daily and occupational functioning, with this impact intensifying as disability
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progresses and the overwhelming burden of fatigue takes
hold.?

In recent years, genome-wide association studies
(GWASs) have proven highly effective in identifying
common single-nucleotide polymorphism (SNP)-based
variants that exert moderate to significant influences
on phenotypic outcomes. The ImmunoChip custom
genotyping array identified 135 regions potentially linked
to MSin 14,498 cases and 24,091 controls. In the subsequent
replication phase, an additional 48 susceptibility variants
were identified in 80,094 individuals of European descent,
culminating in the confirmation of 110 risk variants at 103
distinct loci.® A genome-wide meta-analysis” unearthed
three additionallociassociated with the development of MS.
Although the heritability of MS is estimated at 19%, GWAS
have unveiled numerous genetic variants associated with
the condition.® MS susceptibility has been linked to over 200
loci, explaining nearly 50% of its hereditary component.’
The estimated heritability of MS in twin pairs was found
to be 0.64 (0.36-0.76), with a shared environmental
component of 0.01 (0.00-0.19)."° Nevertheless, familial
risk varies across different populations, and some
studies suggest that variations in population risk can be
predominantly ascribed to environmental factors rather
than genetic factors.!! For example, Kular and Jagodic'
concluded that approximately 30% of the modified genes
observed in peripheral immune cells of progressive MS
patients were also present in brain tissues, indicating a
shared impact on neuronal functions. In addition, they
discussed potential mechanisms responsible for the shared
epigenetic patterns between blood and brain, implicating
genetic regulation and external factors such as smoking
and aging. Genetic variants identified through GWAS
do not offer clear biological mechanisms or functional
consequences. Epigenetics holds promise in shedding light
on clinically significant mechanisms implicated in disease
progression, potentially opening new avenues for treating
progressive MS patients in the future.'?

Transcriptome-wide association studies (TWASs)
leverage expression quantitative trait loci (eQTL) data
alongside individual-level genotype information or GWAS
summary data to explore the relationship between gene
expression levels and complex traits or diseases.”* This
powerful approach helps overcome key GWAS limitations
by providing a functional context for non-coding variants
and boosting statistical power to detect associations.'*
While previous TWAS analyses in complex diseases have
successfully identified immune-related pathways and
candidate genes,"” our study expands on these efforts by
leveraging a substantially larger, meta-analyzed GWAS
dataset for MS. This increased statistical power, combined
with a comprehensive multi-tissue eQTL panel from

Genotype-Tissue Expression (GTEx), enhances our ability
to detect novel gene associations and refine signals within
known risk loci, providing a more detailed transcriptome-
wide view of MS susceptibility.

In our quest to identify gene regulatory risk loci
associated with MS, we conducted TWAS using MS GWAS
summary statistics sourced from the UK Biobank and
FinnGen. In addition, we performed conditional analyses
on all significant TWAS associations to ascertain the
co-significant TWAS genes, which serve as driver genes for
each risk locus. To further delineate these associations, we
employed summary data-based Mendelian randomization
(SMR). A visual representation of our approach is
presented in Figure 1.

2. Methods
2.1. Study cohort

This study utilized genome-wide summary statistics from

multiple large-scale GWAS datasets, including:

(i) MS GWAS summary data from the UK Biobank results
(https://www.leelabsg.org/resources), as reported by
Zhou et al."®

(i) MS GWAS summary data from the FinnGen
research project (https://r9.finngen.fi), where MS
cases were defined using the International Statistical
Classification of Diseases and Related Health
Problems, 10* Revision diagnostic codes

(iii) Thirteen tissue-specific SNP-weight reference panels
from the GTEx project,” representing multiple brain
regions (cerebellar hemisphere, cerebellum, brain
cortex, frontal cortex, hippocampus, hypothalamus,
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Figure 1. Schematic workflow of this study
Abbreviations: ~ GWAS:  Genome-wide
TWAS: Transcriptome-wide association studies.
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nucleus accumbens, and basal ganglia including
putamen and substantia nigra), as well as spinal cord
and whole blood. These reference panels were obtained
from the FUSION repository (http://gusevlab.org/
projects/fusion)

(iv) The linkage disequilibrium (LD) reference panels
from the 1,000 Genomes Project, used for LD
estimation and sourced from the FUSION website
(http://gusevlab.org/projects/fusion).

2.2. Combination of GWAS summary statistics

Study-specific GWAS results from the UK Biobank and
FinnGen datasets were combined using inverse-variance
weighted meta-analysis conducted with METAL (http://
www.sph.umich.edu/csg/abecasis/metal). SNPs with a
minor allele frequency of <1% were excluded from the
meta-analysis. A Manhattan plot was generated using the
qqman package in R.

2.3.Transcriptome-wide association study

Transcriptome-wide association study was performed
using the FUSION pipeline with default parameters to
identify genes whose genetically regulated expression was
associated with MS risk. The LD structure between SNPs
was accounted for using a reference panel from the 1,000
Genomes Project (Phase 3 European, N = 489). SNP weight
sets were generated in FUSION using best linear unbiased
predictor (BLUP), bayesian sparse linear mixed model
(BSLMM), least absolute shrinkage and selection operator
(LASSO), and top-SNPs, except where BLUP/BSLMM
was excluded due to sample size or convergence issues. To
control for multiple testing across tissues and weight models
(70,283 features in total), a stringent Bonferroni correction
threshold of p < 7.11 x 1077 (0.05/70,283) was applied. This
conservative correction ensured the robustness of findings
and minimized false-positive associations. In addition,
concordance of signals across different weight models was
used as supplementary evidence for reliability.

2.4. Bayesian colocalization

To determine if GWAS SNPs co-occur with eQTLs, the
COLOC package in R (https://cran.r-project.org/web/
packages/coloc/; version 5.1.0) was used for Bayesian
colocalization. This involved combining all associations
with PTWAS < 0.05 within a 1-megabase (Mb) range.”
The Bayesian colocalization method assesses the posterior
probability (PP) to determine whether the connection
between two outcomes (GWAS and eQTL signals) within
a locus is due to a shared causal variable or strong LD
variation. COLOC evaluates five hypotheses: PP0, PP1,
PP2, PP3, and PP4, with the primary aim being to establish
if the GWAS and eQTL signals align with shared causal

variants (i.e., PP4). A high PP (PP4 > 80%) indicates that
GWAS and eQTL signals coincide.

2.5. Conditional analysis

To detect various significant features within a specific region
or identical features across different tissues, a conditional
analysis was conducted to identify independent features
under specific conditions. The process also assessed
how much GWAS signal remained after accounting for
correlations. This approach identified jointly significant
features and marginally significant features. Furthermore,
it assessed the extent to which GWAS associations within
each genetic region could be explained by the functional
connectivity identified in the TWAS. To evaluate the
association between characteristics in the SNP weight
collection and among different groups, the eQTL weights
were randomly altered, and the empirical association
metrics for the GWAS effect condition were recalculated
through fusion. In this study, 1,000 permutation tests were
conducted for each TWAS gene, with a significance level
setat p < 0.05.2"*

2.6. Summary data-based Mendelian randomization

To explore whether MS SNP associations were mediated
through expression, an SMR analysis was performed.”
This method examined the correlation between GWAS
and eQTL summary statistics, utilizing a Mendelian
randomization framework to infer causality. The
Heterogeneity in Dependent Instruments (HEIDI) test was
additionally employed to distinguish between causality (or
pleiotropy) and linkage, where feasible based on available
data.? An SMR association passing the HEIDI test with
low heterogeneity (p > 0.05) indicates alignment of the
data with the MS-associated SNP, signifying differences
in gene expression between the risk and protective alleles.
The analysis incorporated quality-controlled MS GWAS
summary statistics, along with an LD reference derived
from imputed genotype data from the GWAS of MS
conducted by Zhou et al.'® and FinnGen. eQTL data from
GTEx v8?* and additional relevant MS tissues (BrainMeta,
Westra, and CAGE eQTL data) were used for the analysis
of expression data.

The first set of additional relevant MS tissues was from
the BrainMeta samples, previously meta-analyzed by Qi
et al.” (effective sample size of 1194). The second set was
from the study conducted by Westra et al.,** the largest
eQTL meta-analysis in peripheral blood samples of 5311
European healthy individuals. The third set was from the
study conducted by Luke,” an eQTL meta-analysis in
peripheral blood samples of 2765 European individuals.
The CAGE eQTL results provided finer coverage than
those of Westra et al.**s study. The fourth set was the
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version 8 release of the GTEx eQTL/sQTL summary
data (n = 73-670),® which included amygdala, anterior
cingulate cortex (Brodmann area [BA]24), caudate basal
ganglia, cerebellar hemisphere, cerebellum, cortex, frontal
cortex (BA9), hippocampus, hypothalamus, nucleus
accumbens, basal ganglia (including substantia nigra and
putamen), spinal cord cervical C1, and whole blood.

Significant probes for the SMR analysis were chosen
based on a stringent Bonferroni-corrected threshold for
SMR p-values (0.05/npmbes). In addition, the HEIDI test
was employed, with a significance threshold set at p-value
higher than 0.05. The combined use of both SMR and
HEIDI methods is considered optimal for prioritizing loci
for further functional investigation, which provided that
the study possesses sufficient statistical power and adheres
to conservative thresholds.

To visualize the overlap of genes identified through
different analyses, a Venn diagram was generated using the
matplotlib-venn library in Python 3.

3. Results
3.1. GWAS meta-analysis

A total of 5263 patients with MS and 83,167 controls of
European ancestry were included in the study.

A Manbhattan plot (Figure 2) was constructed using
the combined GWAS summary statistics, revealing three
significant loci (C60rf10, CLN8, and CLEC16A), consistent
with previous GWAS studies.”*® To further characterize
these findings, we identified lead SNPs for each genomic
risk locus (Table S1) and compiled a comprehensive list of
all independent significant SNPs (Table S2). Subsequently,
to explore the potential biological mechanisms, all variants
within these genomic risk loci were subjected to extensive
functional annotation, with detailed results presented in

Table S3. This annotation provided the foundational data
for prioritizing candidate genes.

3.2. Transcriptome-wide association study

A TWAS was conducted using FUSION to identify genes
associated with MS. Across all tested tissues, 403 significant
gene-trait associations were identified (Table S4),
corresponding to 98 distinct genes. To assess the potential
inflation of association statistics and validate these findings,
a permutation test was performed by randomly shuffling
the quantitative trait locus weights. Post-permutation
analysis indicated that a substantial portion of these genes
(46 distinct genes) retained their significance, affirming
the authenticity of the associations and ruling out chance
occurrences.

3.3. Conditional and joint analyses

Conditional and joint analyses were conducted to evaluate
the independence of TWAS signals, particularly at loci
overlapping with GWAS associations. The analyses
demonstrated that several signals were predominantly
driven by specific expression features. For example,
ENSG00000253982.1 (CLN8-AS1) explained most
of the association at the CLN8 locus (lead SNP
rs1536776, GWAS p = 2.4 x 107; conditioned p = 0.054;
variance explained = 0.848; Figure S1). Similarly,
ENSG00000262222.1 accounted for the majority of the
signal at another locus (lead SNP rs1536776, GWAS p = 4.3
x 107 conditioned p = 0.015; variance explained = 0.802;
Figure S2).

Overall, four genomic regions (+0.5 Mb windows)
were identified as harboring multiple significant features.
Joint analysis revealed 26 conditionally independent
associations across 23 unique genes, while 378 associations
were marginally significant (95 unique genes; Table S5).
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Figure 2. Manhattan plot for the combined genome-wide association studies summary statistics
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These findings suggest that most observed signals
were attributable to co-expression with a smaller set of
independent features. The proportion of GWAS variance
explained by gene expression within each region ranged
from 0.802 to 0.985 (median = 0.882), indicating substantial
mediation of GWAS associations by expression regulation.

3.4. Colocalization and summary data-based
Mendelian randomization validation

To further assess causality, SMR was applied to integrate MS
GWAS and GTEx v8 eQTL data. Across 16 tissues, 15 genes
showed significant associations with MS (SMR p < 0.05/
number of probes), with no evidence of heterogeneity in
the eQTL instruments (HEIDI p > 0.05). Tissue-specific
probe counts, multiple-testing thresholds, and full HEIDI
results are summarized in Table S2, while detailed statistics
for significant SMR associations are provided in Table S6.
These signals prominently included HLA-related genes
(e.g., HLA-B, HLA-C, HLA-DRBI1, HLA-DQBI-ASI, and
HLA-G), several of which (HLA-DRBI, HLA-B, and HLA-
C) overlapped with FUSION-TWAS findings. Integration
with functional mapping (positional, eQTL, and chromatin
interaction data; Table S7) offered convergent support.
A Venn diagram (Figure 3) shows that all SMR-supported
genes were a subset of the 403 TWAS-positive genes,
refining the list to a smaller group with stronger evidence
for causal involvement in MS. These results corroborate
prior associations of MS with HLA-DRBI (including links
to Epstein-Barr virus and HLA-DRB1*1501) as well as
HLA-B and HLA-C'

3.5. Overlap of TWAS candidate genes, SMR-
supported genes, and COLOC genes

Transcriptome-wide association study identified 403
significant associations, corresponding to 95 unique

TWAS candidate genes

SMR+HEIDI-supported genes

COLOC PP4 > 0.8 genes

Figure 3. Three-set Venn diagram of Table S8 showing the overlap and
unique components among TWAS candidate genes, SMR+HEIDI-
supported genes, and COLOC (PP4>0.8) genes

Abbreviations: HEIDI: Heterogeneity in Dependent Instruments;
PP: Posterior probability; SMR: Summary-data-based Mendelian
randomization; TWAS: Transcriptome-wide association studies.

candidate genes (Table S8). Among these, 16 genes were
further supported by SMR with HEIDI testing, and 10
genes showed evidence of colocalization with GWAS
signals (COLOC PP4 > 0.8). A three-set Venn diagram
(Figure 3) displays the overlap and unique components
among TWAS candidate genes, SMR-supported genes,
and COLOC genes. Notably, several HLA genes
(e.g., HLA-DRBI, HLA-DQBI1, HLA-C, and HLA-B) were
consistently highlighted across TWAS, SMR, and COLOC.
In contrast, a subset of genes, such as MICF, HCG24, and
HCG27, was identified exclusively through TWAS.

4. Discussion

The GWAS approach has greatly advanced our
understanding of MS genetics, identifying over 200
autosomal susceptibility variants outside the major
histocompatibility complex (MHC), as well as 32 within
the extended MHC and one on chromosome X.* A
major challenge in GWAS, however, lies in the extensive
LD within risk loci, which complicates pinpointing the
causal variants.”” To address this, our study adopted a
gene-centric approach integrating European MS GWAS
summary statistics with GTEx v8 eQTL data. Through
FUSION analysis, we identified 403 genes, of which 15
were further validated using SMR. Six of these genes (HLA-
G, HLA-], HLA-DRBI, TAP2, HLA-C, and HLA-B) have
been well established in MS,****” while nine represent novel
candidates identified through SMR analysis, warranting
functional characterization.

Our results reinforce the central role of HLA variants
in MS.*® Among these, HLA-DRBI1*1501 remains the
strongest genetic risk allele, conferring a threefold increased
risk across populations.'? Although its precise mechanism
remains unclear, accumulating evidence points toward
altered antigen presentation and epigenetic regulation. For
example, Kular and Jagodic'?> demonstrated allele-specific
methylation patterns influencing HLA-DRBI expression
and identified a protective variant (rs9267649) linked to
increased methylation and reduced expression, suggesting
DNA methylation may mediate HLA-driven risk. This
highlights the complex interplay between genetic and
epigenetic mechanisms in MS susceptibility.

We also observed independent associations at MHC
class 1 loci, particularly HLA-B and HLA-C. Prior
studies reported inconsistent results across populations:
some alleles (e.g., HLA-B*44:02 and HLA-B*27:05) were
protective,** while others (e.g., HLA-B07:02) conferred
increased risk in African Americans.* In contrast, HLA-B*44
alleles exerted a global negative effect in a European cohort.”
These population-specific differences underscore the genetic
heterogeneity of MS and emphasize the need for replication
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in diverse cohorts. Importantly, our findings suggest that
multiple class I loci may contribute to MS pathogenesis
beyond the established HLA-DRBI effects.

In comparison with previous integrative studies of
MS genetics, our work provides several distinct advances.
Earlier efforts have typically focused on single data layers or
tissue types, such as SMR-based prioritization of druggable
targets in peripheral blood,"” network-based integration
of GWAS with transcriptomic alterations in normal-
appearing white matter,” and proteome-wide association
analyses linking genetic risk to altered brain protein
abundance.* By contrast, our study adopted a cross-tissue
TWAS framework, systematically evaluating genetic effects
across multiple MS-relevant tissues rather than restricting
analyses to one biological context. Moreover, we combined
multiple complementary post-TWAS approaches—
including conditional analysis, Bayesian colocalization,
SMR, and fine-mapping—to refine causal inference and
reduce false positives. Finally, while corroborating well-
established HLA risk genes, we also identified nine novel
candidates, including long non-coding RNAs (IncRNAs)
and pseudogenes, that have not been emphasized in prior
integrative analyses. These features extend previous work
and highlight the added value of a multi-layered, cross-
tissue analytic strategy for uncovering novel contributors
to MS pathogenesis.

Beyond classical HLA genes, our SMR analysis
highlighted several novel candidates. For example,
PSORSI1C3, implicated in glucocorticoid receptor
signaling and psoriasis susceptibility,* may point to shared
inflammatory pathways across autoimmune diseases.
USP8P1, a pseudogene of USP8, could potentially regulate
T-cell receptor recycling and regulatory T-cell stability.*
Furthermore, we identified HLA-DQBI1-ASI, an MHC-
region IncRNA, which is increasingly recognized as a
regulator of local gene expression.”*® These findings
expand the current view of the MHC from protein-coding
genes alone to a broader regulatory network involving
non-coding elements. Although less is known about other
candidates, such as MICF and STK19P, their prioritization
suggests that they may represent novel biological pathways
involved in MS risk.

Collectively, our study provides additional evidence that
both classical HLA alleles and non-HLA loci contribute
to MS susceptibility. More importantly, the identification
of novel candidate genes, particularly IncRNAs and
pseudogenes, opens new avenues for mechanistic and
therapeutic exploration. Future functional studies are
warranted to translate these associations into biological
insight and potential clinical applications.

Despite these advances, several limitations must be

acknowledged. First, our analysis relied primarily on GWAS
summary statistics from individuals of European ancestry
(UK Biobank and FinnGen). Given the known differences
in allele frequencies and LD structures across populations,
our findings may not generalize to non-European groups.
In African Americans, genetic studies have validated
several previously established MS risk loci and highlighted
population-specific HLA alleles, such as HLA-DRBI1*15:03,
with distinct effect sizes, although no novel genome-
wide loci have been discovered. In contrast, East Asian
populations have been studied only in small-scale or
candidate-gene settings, and comprehensive genome-
wide data remain scarce.”” Validation in multi-ethnic
cohorts will therefore be essential for developing equitable
diagnostic and therapeutic strategies. Second, our analysis
did not stratify MS by clinical subtypes, such as relapsing-
remitting MS or primary progressive MS. Although
substantial genetic overlap exists, evidence suggests that
subtype-specific risk factors may influence disease course.!
Future subtype-stratified or quantitative phenotype-based
analyses (e.g., age of onset and lesion burden) may provide
deeper insights. Finally, although our integrative approach
yielded robust candidate genes, statistical associations
alone cannot establish causality. Experimental validation
is required, for example, through clustered regularly
interspaced short palindromic repeats—CRISPR-associated
protein 9 (CRISPR-Cas9)-mediated editing in immune cells,
or knockout mouse models in experimental autoimmune
encephalomyelitis. Such functional studies will be critical to
confirm mechanistic roles for candidates such as PSORS1C3,
USP8P1, and MHC-region IncRNAs, ultimately bridging
the gap from genetic association to biological mechanism.

5. Conclusion

The present study underscores the substantial genetic
and transcriptomic alterations associated with MS. Our
research has not only unveiled novel connections but also
elucidated the modifications in genetic and transcriptomic
profiles that influence previously identified risk genes.
Among the 15 genes detected by SMR, six (HLA-G, HLA-],
HLA-DRBI, TAP2, HLA-C, and HLA-B) have already
been linked to MS in previous studies. Remarkably,
three of them (HLA-DRBI, HLA-B, and HLA-C) overlap
with the unique genes identified through the FUSION
analysis. In addition, several genes with potential roles in
MS pathogenesis (MICF, USP8P1, PSORS1C3, HCG24,
XXbac-BPG299F13.17, HCG27, STK19P, CTD-233602.1,
and HLA-DQBI-ASI) were identified, although further
validation is required. These findings underscore the
effectiveness of TWAS as a statistical technique for
discerning genes with both minor and substantial roles
in MS. Collectively, our findings provide a foundation for
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functional validation studies and may ultimately guide the
identification of molecular mechanisms and therapeutic
targets in MS.
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