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Abstract

Many genetic loci were identified as associated with neuropsychiatric disorders and
neurodegenerative disorders by Genome-wide association studies (GWAS). How
these loci impact these diseases is unclear. Advances in deep-learning approaches
and multi-omics data have the potential to link GWAS findings with disease mech-
anisms. Here, we proposed the Multi-omics Graph Transformer Network (MOGT),

a semi-supervised graph neural network that leverages graph representation
learning to model biological networks derived from multi-omics data to predict
disease-associated genes. MOGT outperforms the current approaches in disease
gene prediction for two psychiatric disorders and three neurodegenerative/neuro-
logical diseases. High-risk genes (HRGs) for Parkinson’s disease (PD) predicted by
MOGT were used to drug discovery by integrating with the CMAP database. Finally,
10 drugs were identified as potential candidates. Among them, the effect of drug
UK-356618 was experimentally verified in a primary neuron model, showing that
UK-356618 reversed the abnormal expression of PD-associated genes and improved
the cell-level phenotypes of PD. Together, these results indicate that MOGT can be
used to identify HRGs for brain disorders, and these predicted HRGs provide high-
level insights into the mechanisms and treatments of brain disorders.

Author summary

Genes that contribute to brain disorders, such as Schizophrenia, Alzheimer’s
disease, and Parkinson’s disease, often arise from many small changes across
the genome, making it difficult to pinpoint which genes truly play important roles.
Although large amounts of genomic data are now available, each type of data
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related to brain disorders were obtained from
four databases, Human Phenotype Ontology
(HPO, https://hpo.jax.org/), Online Mendelian
Inheritance in Man (OMIM, https://omim.org/),
Disease Gene Network (DisGeNet, https://
disgenet.com/), and GeneCards (https://www.
genecards.org/). Highly expressed and lowly
expressed gene sets in brain regions are from
Human Protein Atlas (https://www.protein-
atlas.org/). Gene-gene interactions are from
BioGrid (https://thebiogrid.org/). The SNP-SNP
interaction networks were obtained from a
previous study [5]. Multi-omics for MOGT were
described in the Supplementary Material. The
source of bioinformatics analysis data is as
given in the article. Code availability The source
code to train the MOGT and reproduce the
results is available in GitHub at https://github.
com/biomed-Al/MOGT.
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captures only part of the picture. Although many studies have used advanced
computational models to identify disease-related genes, these methods are de-
signed for cancers. To address this problem, we proposed a framework named
MOGT, leveraging graph representation learning to model biological networks
derived from multi-omics data, which allows us to merge diverse genomic signals
for detecting genes that are likely to influence brain-related conditions. By apply-
ing MOGT across multiple brain disorders, we were able to identify meaningful
genes that often play central roles in brain disorders development. Notably, we
also show that the high-risk genes predicted by MOGT can be used to facilitate
novel drug candidates. Overall, MOGT can be used to identify high-risk genes for
brain disorders, and these predicted high-risk genes provide high-level insights
into the mechanisms and treatments of brain disorders.

Introduction

Genome-wide association study (GWAS) provides new insights into the genetic basis
of complex traits and diseases [1]. Most of the significant variants identified by GWAS
are located in introns or intergenic regions, making it hard to link their functions with
genes, which has impeded the applications of GWAS in improving the understanding
of disease mechanisms and in drug discovery.

Researchers have made great efforts to identify disease risk genes by inte-
grating GWAS loci and multi-omics data. Fan et al. integrated GWAS data with
transcriptomic information to identify genes associated with Alzheimer’s disease
[2]. OSCA is another commonly used method for detecting associations between
genes and complex traits by leveraging omics data [3]. iRIGS, an unsupervised
Bayesian framework, integrated multi-omics data and a generic gene-gene network
constructed from Gene Ontology (GO) to identify Schizophrenia (SCZ) risk genes
[4]. He et al. employed a Bayesian framework (iGOAT) to integrate risk single
nucleotide polymorphism(SNPs) with long-range chromatin interactions to predict
high-risk genes and achieve better prediction [5]. All these methods are unsuper-
vised learning, which lack a ground truth evaluation and are limited to dealing with
high-dimensional features.

However, disease-associated SNPs account only for a fraction of the investigated
traits’ heritability [6,7]. Several studies have developed epistasis interactions between
SNPs detection tools, including NeEDL [8], LINDEN [9], MACOED [10], and Biologi-
calEpistasis [11] in an attempt to explain the heritability of missing SNPs through epi-
static SNP interactions, which are collectively, rather than individually, associated with
the phenotype. More broadly, prior work has analyzed the topological and statistical
properties of epistatic SNP-SNP networks, highlighting their potential as structured
representations of genetic interactions and suggesting graph-based learning as a
natural modeling direction. However, existing SNP-SNP network methods primarily
focus on variant-level epistasis detection or feature selection, treating SNP-SNP
interactions as the final object of analysis.
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Recently, Graph Neural Network (GNN) has been used to incorporate graph structure into a deep learning framework
for representing biological information graphs. In general, the representations of nodes in the same category are relatively
similar in linking prediction tasks. Seo et al. proposed PGIB, which incorporates prototype learning within the information
bottleneck framework to provide prototypes for the key subgraph from the input graph to improve accuracy in linking pre-
diction tasks [12]. Many researchers have introduced GNN into the task of identifying disease risk genes, such as EMOGI
[13], CGmega [14], and TREE [15]. EMOGI leverages Graph Convolutional Networks (GCNSs) to integrate protein-protein
interaction (PPI) networks and multi-omics pan-cancer data, including copy number changes, DNA methylation, and gene
expression, to find novel cancer genes. CGMega utilized a transformer-based graph attention neural network to combine
the PPI network and multi-omics data and fine-tuned it on specific cancers to predict cancer genes. TREE leverages
graph representation learning and the integration of multi-omics data with the topologies of homogeneous and heteroge-
neous networks of biological interactions to predict cancer genes. Most of the deep learning-based approaches are used
in predicting cancer genes and are not often utilized in GWAS studies for detecting genes associated with neuropsychiat-
ric disorders or neurodegenerative disorders.

Indeed, there are a large number of GWAS performed to identify genetic factors associated with neuropsychiatric dis-
eases, such as SCZ and Bipolar disorder (BP). GWAS for SCZ has identified more than 200 significant loci, which were
summarized in the GWAS catalog [16,17]. Moreover, GWAS for neurodegenerative diseases, such as Alzheimer’s disease
(AD) and Parkinson’s disease (PD), have discovered many significant loci to characterize the diseases [18,19]. Linking
these genetic loci to risk genes by the deep-learning model is important for discovering novel mechanisms and medi-
cines. Genes affected by trait-associated variation may provide opportunities for drug repurposing [20]. In fact, previous
research has shown that drug repurposing aims to identify new uses for approved or investigational drugs that are outside
the scope of the original medical indication, with relatively low cost and fewer safety concerns [21,22]. Several studies
have developed computational frameworks to explore drug repurposing, including iGOLD [22], a network-based artificial
intelligence framework [23]. These methods prove the utility of network-based methodologies for accelerating target identi-
fication and therapeutic discovery.

In this study, we proposed the Multi-omics Graph Transformer Network (MOGT), a semi-supervised graph neural
network that integrates the multi-omics data of genes and the topology information of biological networks. We collected
SNPs associated with brain disorders. Candidate genes were defined as those within 1Mb of index SNPs. To construct
the multi-omics representation graph, we represented genes as nodes and SNP-SNP interactions as edges. The node
features were the multi-omics data of genes, including differential expression (DE), enhancer-promoter interactions (EPI)
in patients and controls, and gene expression in five brain regions (Parietal Lobe, Frontal Lobe, Temporal Lobe, Cere-
bellum, and occipital Lobe) of adolescents and adults. SNPs in the SNP-SNP interaction networks are characterized by
the associations between genotypes and phenotypes. The novelty of our study in using SNP-SNP interaction lies in two
respects. First, methods such as NeEDL [8] and other epistasis-focused SNP-network approaches [9—11] primarily aim to
identify interacting SNP sets or detect epistatic effects at the variant level, often in a feature-selection or discovery setting.
In contrast, our method uses SNP—SNP interactions as a latent relational structure to inform gene-level disease risk pre-
diction, which is the ultimate biological and clinical objective of our study. Secondly, Prior epistasis network methods typi-
cally treat SNP-SNP interactions as the final object of analysis. In our framework, SNP-SNP interactions are instead used
to shape message passing and information flow within a graph-based model, acting as a structural prior that constrains
how genetic signals propagate across variants and aggregate to genes. This shifts the role of SNP-SNP interactions from
discovery targets to inductive bias. For four brain disorders (SCZ, AD, PD, and BP), MOGT achieved the average Area
Under the Precision-Recall Curve (AUPRC) above 0.67, outperforming state-of-the-art (SOTA) models, indicating strong
predictive performance and robustness. We applied MOGT to two psychiatric disorders, SCZ and BP, and three neurode-
generative/neurological diseases, AD, PD, and Migraine (MG), to predict disease-associated genes. The HRGs predicted
by MOGT are used to discover drug candidates for PD and found 10 potential new drugs. The top-ranked and fifth-ranked
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drugs, UK-356618 and GSK-1059615, were validated by both the PD primary neuron model and primary astrocyte model.
The result indicated that the drug UK-356618 has shown effectiveness in reversing the expression of PD-associated
genes and improving the phosphorylation of the protein a-SYN associated with the PD phenotype. Together, these results
suggest that MOGT can be used to discover novel disease-associated genes and provide new insights into the treatment
of brain disorders.

Results
Overview of MOGT architecture

We proposed a new framework, MOGT, for detecting risk genes of brain disorders by graph transformer and Prototype
Learning. The overall framework of MOGT and the application of MOGT are presented in Fig 1. First, we established
positive and negative datasets for training the model (Methods). According to the GWAS summary data, we generate
candidate genes based on the distances of significant SNPs to genes. Secondly, MOGT is constructed by integrating
multi-omics data, including transcriptomics and epigenomics, with SNP-SNP interactions. We constructed a multi-omics
information graph, in which the nodes represent genes and the edges are interactions between SNPs observed in patients
and controls from the UK-Biobank (Methods). To capture the most significant patterns of the risk genes, MOGT intro-
duces prototype learning. The output of MOGT is the probability of each gene associated with a given brain disorder.

The ability of MOGT in predicting risk genes is tested in the hold-out test and evaluated by the area under the receiver
operating characteristic curve (AUROC), F1-score, and AUPRC. Thirdly, MOGT was applied to predict the risk genes for
SCZ, BP, AD, PD, and MG, respectively. The HRGs (High-risk genes) and the LRGs (Low-risk genes) were compared on
their biological functions involving brain disorders. Finally, the HRGs predicted by MOGT were used for drug repurposing
through constructing gene co-expression networks based on WGCNA [24] and Diffcoex [25]. The most significant gene
co-expression module is integrated with the CMAP database. The application in PD identified 10 drug candidates. Among
them, UK-356618 and GSK-1059615 were validated experimentally by the primary neuron model and the primary astro-
cyte model, respectively. The result indicated UK-356618 having the ability to reverse the abnormal expression of MMP3
and BSN in a PD primary neuron model and subsequently rescued PD disease-relevant cellular markers. BSN is pre-
dicted as HRG of PD by MOGT.

MOGT is effective in predicting brain disorder genes

MOGT was applied to two psychiatric disorders, SCZ and BP, and three neurodegenerative/neurological diseases, AD,
PD, and MG. The performance of MOGT in predicting risk genes was evaluated by the hold-out test set (see “Methods”).
In the predicting risk genes task, MOGT achieved AUROC of 0.8596, 0.8327, 0.8475, 0.8561, and 0.7661, and the area
under the precision-recall curve (AUPRC) of 0.7007, 0.6867, 0.6786, 0.7165, and 0.1216 for SCZ, AD, PD, BP, and MG,
respectively (Fig 2a-2c, S1, S2 Tables) in the hold-out test set.

To demonstrate the advances of MOGT in the brain disorder genes prediction task, we compared MOGT with specific
models designed for gene classification, encompassing EMOGI and HGDC, feature-only baseline logistic regression,
and graph-only baseline LabelSpreading (see “Methods”). All models were evaluated using the same input features and
networks. By computing AUPRC, AUROC, and F1-score, MOGT outperformed all other methods (Fig 2a-2c). The EMOGI
has achieved AUPRC 0.5867, 0.5959, 0.6214, 0.5724, and 0.1039 for predicting high-risk genes of SCZ, AD, PD, BP, and
MG, respectively, while the HGDC has achieved AUPRC 0.6453, 0.6426, 0.5919, 0.7138, and 0.0916 for predicting high-
risk genes of SCZ, AD, PD, BP, and MG, respectively. The performances of these four methods in AUROC and F1-score
are shown in Fig 2b-2c and S2 Table. The result indicated that MOGT has superior performance compared to these two
methods. We performed an ablation test to examine the effects of prototype learning (Fig 2a-2¢, S2 Table). The result indi-
cated that prototype learning makes a significant contribution to improving the performance of MOGT. We also reported
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Fig 1. Overview of MOGT framework. First, we collected positive and negative samples and candidate genes from different sources. To combine
multi-omics information, we created a graph where nodes represented genes and edges were derived from SNP-SNP interactions. Node features were
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composed of the multi-omics features of genes, including differential expression (DE), enhancer-promoter interactions (EPI) in patients and controls, and
gene expression in five brain regions in adolescents and adults. Next, a prototype-based Graph Transformer was constructed. The biological features of
HRGs were explored and compared with those of LRGs. Finally, MOGT was applied to drug repurposing.

https://doi.org/10.1371/journal.pcbi.1014323.g001
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Fig 2. Performance of MOGT in predicting high-risk genes for five brain disorders, SCZ, AD, PD, BP, and MG. (a-c): Methods comparison on
SCZ, AD, PD, BP, and MG. Performance was evaluated on the hold-out test set using AUROC, F1-score, and AUPRC, with model selection conducted
via 5-fold cross-validation. (d): F1-score performance of MOGT in the ablation study, evaluated on the hold-out test set with model selection via 5-fold
cross-validation.

https://doi.org/10.1371/journal.pcbi.1014323.g002

the number of positive and negative samples in the test set for each disorder (S3 Table). We further noted that the test
set for MG contained 24 positive and 826 negative samples, for which the random baseline AUPRC under this prevalence
was approximately 0.0282. Although the absolute AUPRC for MG (AUPRC=0.1216) is lower than for other disorders, it
still represented about a 4.3-fold improvement over the random baseline. In fact, AUPRC values cannot be directly com-
pared across tasks with markedly different class prevalences, and the lower absolute AUPRC observed for MG is largely
driven by its extreme class imbalance and smaller sample size rather than a failure of the model. However, MG remained
substantially lower than those observed for other diseases. We noted that the class imbalance differs markedly across
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diseases, with MG exhibiting a much higher negative-to-positive sample ratio compared to other diseases (MG: 35:1; PD:
5.29:1), which may partly contribute to the observed performance differences. In fact, severe class imbalance may bias
the model toward the maijority class, leading to conservative predictions and reduced sensitivity for identifying positive
samples, particularly in gene prioritization tasks where true positive labels are sparse and incomplete. Overall, MOGT out-
performs competing methods on most disease—metric combinations and demonstrates consistently strong performance
across different diseases and evaluation metrics.

We performed an ablation test to examine the effects of SNP-SNP interactions in the prediction. The result indi-
cated that MOGT without using SNP-SNP interactions achieved an average F1-score of 0.6423, which is lower than the
F1-score of 0.6649 achieved by the MOGT model with SNP-SNP interactions. This result proved that SNP-SNP interac-
tions provide a consistent but modest performance gain. Here, we kept the top 1% of SNP-SNP interactions detected from
the UK-Biobank instead of all interactions in the prediction because the increase in the number of SNP-SNP interactions
used in the MOGT has not brought a dramatic increase in the F1-score performance (S1 Fig).

In the ablation test, the exclusion of gene expression features results in the decrease of MOGT performance from
F1-score 0.6649 to 0.4377 in SCZ, 0.6876 to 0.4499 in BP, 0.6376 to 0.4417 in AD, 0.6126 to 0.2365 in PD, and 0.1315
to 0.0708 in MG (Figs 2d, S2, S4 Table). The ablation test was further performed to evaluate the effects of the other fea-
tures in the prediction. All the results indicated that gene expression features contribute the most.

To assess the robustness of gene prioritization with respect to GWAS-derived SNP-to-gene mapping choices, we con-
ducted a sensitivity analysis by comparing two commonly used window sizes (500 Kb and +1 Mb) for defining candidate
genes. Notably, in our dataset, the + 500 Kb candidate gene set is fully contained within the £ 1 Mb window, allowing us to
evaluate whether expanding the candidate gene space alters downstream prioritization outcomes. As shown in S5 Table,
gene-level risk assignments are highly consistent between the two settings. For four diseases (SCZ, AD, BP, and PD),
approximately 99% of genes retain identical risk classifications (high-risk or low-risk) under both window definitions. For
MG, a lower but still substantial agreement (83.3%) was observed, likely reflecting increased variability due to the smaller
sample size. These results indicated that, within this range, the choice of SNP-to-gene mapping window size has a limited
impact on the final prioritization results. While window size influences the initial candidate gene space, the downstream
model predictions remain largely stable, supporting the robustness of our framework to this key GWAS-related design
choice.

To evaluate the robustness of our model against negative sampling strategies, we conducted an additional sensitivity
analysis by constructing an alternative negative set that does not exclude interactions from the BioGRID database. Under
this more challenging setting, the AUPRC decreased by an average of 9.4% while AUROC exhibited a comparatively
smaller decrease of 3.7% (S6 Table). This performance degradation is expected, as including BioGRID interactors in the
negative set introduces harder negatives and increases label ambiguity. Specifically, some negative samples may be topo-
logically or functionally similar to positive pairs, or may correspond to yet-unlabeled true interactions, thereby making the
classification task substantially more difficult. The relatively smaller decline in AUROC compared to AUPRC suggested that
the model’s ranking capability is largely preserved, while precision is more sensitive to the increased ambiguity in the nega-
tive class. Overall, these results demonstrated that the proposed method is not solely dependent on topology-driven nega-
tive sampling, and its predictive ability remains robust under alternative and more challenging negative sampling schemes.

Applications of MOGT in multiple brain disorders

Applications of MOGT have been performed using GWAS summary data of SCZ, BP, AD, PD, and MG (Methods). MOGT
identified 201, 117, 242, 81, and 67 genes as HRGs for SCZ, BP, AD, PD, and MG, respectively. Simultaneously, MOGT
has identified 1,187, 353, 872, 519, and 147 LRGs for SCZ, BP, AD, PD, and MG, respectively (S7 Table).

The expression specificity of HRGs and LRGs in tissues was evaluated by a tissue specificity analysis [26]. The
expression data of HRGs and LRGs are from the Genotype-Tissue Expression (GTEX) project (Methods). The result
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indicated that HRGs exhibited greater tissue specificity in the brain tissues than LRGs (S3 Fig). In particular, we observed
that HRGs for AD and BP were highly specifically expressed in the left ventricle (LV) (the multiple-testing adjusted p-value,
Poorectea< 2-3653 % 1073, Wilcoxon test with BH correction) and atrial appendage (p,,,....,<6.5543 *x 107%, Wilcoxon test with
BH correction) than LRGs, and AD and SCZ were highly specifically expressed in the pituitary (p_, . .., <2.-9574 %107,
Wilcoxon test with BH correction) than LRGs. The tissue specificity of HRGs in the brain was further evaluated by using
expression data from BrainEAC, which indicated HRGs associated with all four brain disorders (SCZ, AD, BP, and PD)
exhibited significant tissue specificity (p_,....,<0-05, Wilcoxon test with FDR correction) in the temporal cortex (TCTX),
frontal cortex (FCTX), hippocampus (HIPP), and occipital cortex (OCTX) compared to the LRGs (Fig 3a).

The cell-type specificity analysis is to identify the cell types enriched by the HRGs and LRGs [27]. The result indi-
cated that the HRGs associated with SCZ, BP, AD, and PD have more pronounced cell-type specificity in neurons (p
<0.001, Wilcoxon test with BH correction), astrocytes (p

cor-

comectes < 0-0135, Wilcoxon test with BH correction), and hybrid
(Poomecteq< 0-0119, Wilcoxon test with BH correction) than the LRGs. Furthermore, the HRGs associated with SCZ, AD, and
BP have more cell-type specificity in oligodendrocytes (p_, . .,<0.0078, Wilcoxon test with BH correction) than the LRGs
(S4 Fig). We performed cell-specific analysis with single-cell transcriptomics of midbrain tissue, and found that the HRGs
associated with SCZ, BP, AD, and PD have more pronounced cell-type specificity in neuronal cells, including GABAergic,
Inhibitory, Excitatory, Dopaminergic neurons (DaNs), and CADPS2 overexpression neuronal cells than the LRGs (Fig 3b).

The analysis of HRGs expression levels in different brain developmental stages indicated that the HRGs associ-
ated with the five brain disorders showed remarkably similar expression patterns with increases during stages 1-11
(4PCW < age <12Y), slight decreases at stages 13—15 (adult) and a peak at stage 12 (12Y <age <20Y, adolescence) while
this pattern was absent for LRGs. We noted that the HRGs associated with brain disorders exhibited higher expression
levels than the LRGs during brain development (Fig 3c, 3d). During brain development, the HRGs associated with four
brain disorders (SCZ, AD, BP, and PD) that exhibited pronounced cell-type specificity in neurons and astrocytes (S4 Fig)
exhibit similar expression patterns in these two cell types (Figs 3e, 3f; S5, S6).

In this study, downstream analyses are designed not as absolute enrichment tests, but as relative comparisons
between HRGs and LRGs derived from the same model, with the aim of validating whether genes prioritized by the model
show stronger disease relevance than low-confidence genes. Introducing matched gene controls would fundamentally
alter this comparison framework, as matched non-HRG genes neither represent low-risk model outputs nor preserve the
ranking structure learned by the model, making many of the downstream analyses (cell-type specificity, tissue relevance,
and developmental profiling) difficult to interpret in a consistent manner. To address potential confounding introduced by
using gene expression data, we construct a model without using expression features. The HRGs and LRGs predicted by
this model were compared. The results show highly consistent qualitative trends with those obtained from the full model,
indicating that the observed biological patterns are not driven by expression features used during training (S7 Fig).

rected

The HRGs identified by MOGT compared with other methods

Taking SCZ as an example, we compared the HRGs identified by MOGT with genes predicted by other methods, includ-
ing two eQTL-based approaches, coloc [28] and TWAS [29], a gene-level genome-wide association analysis, H-MAGMA
[30], and an unsupervised Bayesian framework, iGOAT [5]. Both TWAS and coloc were obtained from the adult human
DLPFC region. To make the results comparable, we performed H-MAGMA derived from the adult brain (v1.08) and MOGT
on a core Psychiatric Genomics Consortium (PGC) dataset [31]. Finally, we obtained 496, 305, 302, 193, 744 HRGs for
MOGT, iGOAT, coloc, TWAS, and H-MAGMA, respectively. We detected a significant overlap between the HRGs pre-
dicted by MOGT and four other sets of genes. Precisely, we found that the HRGs were significantly more likely to overlap
with the genes predicted by four other methods than the LRGs (Fig 4a. p =6.00x 107 [coloc]; p =1.565%x1072

corrected corrected
[TWAS], p =1.89x 10 [H-MAGMA]; p =2.20x 1078 [iGOAT], one-sided Fisher’s Exact test with BH correction).

corrected corrected

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014323 May 29, 2026 8/30




Computational
Biology

PLO\S\*\.-

b

OPCs-

Pericytes -

Oligodendrocytes -

Microglia -
10
Inhibitory -- . : :
g Diseases GABA- o . ‘ .
S AD Excitat - a . -
E; . BP Xxcitatory
E B PD
2 H VG Ependymal - B B
5 Endothelial-
DaNs- . B B B
CADPS2+ neurons ~ & - X 4 4
o - ... - - Astrocytes - . .
I | | scz AD BP PD MG
0
TCTX FCTX HIPP OCTX CRBL MEDU PUTM SNIG THAL WHMT m
-10g 10 (Peorrectad) 051015
Cc HRG d LRG
T i
251 : 25 !
I |
1 1
1 1
1 1
2.0 i 20 |
1
| I
1
1 1
o 151 i 15 i
2 : Diseases S i Diseases
2 . : s
o | o | —
3 i s ! | scz
s 107 ! o 1.0 y
N ' 8 1
5 I T I
E ! E 1
2 1 2 |
0.5 ! 05 )
1 1
1 1
| _—
I
0.0+ | 0.0 |
I |
; —_——
I ]
1 1
051 | 05 \I’
: 1234567:89101112131415 ’ 1234567:89101112131415
HRegRCIRCLIRCIIRCIIRCRC By Oty T 6y T2y 20y Y0y S0y TRyRCUORCIIRCIRCIIRC e By Oy 7 By 12y 20y Y0y 0y
e HRG f LRG
1 1
04 : 0.4 ,
1 1 |
1 1
1 1
1 1
1 1 |
03 I 03 |
| I |
I I |
I h |
1 1
5 £ ' ‘
2 02 : Diseases 3 5 ; |
o 2 ' |
<3 | 3 '
o 0 o 1 ‘
bt | B |
N I N 1
£ ! g i \
E 01 i E 01 | ‘
2 ! 2 !
| |
I !
I
i i \
1 1
0.0 d 0.0
1 1
1 1
1 ' |
1 1
| |
0.1 ) 0.1 : ‘
’ 3 4 ! 8 9 10 11 12 ' 1 2 3 4 '7 8 9 10 11 12

1 2
. . s T = . . . . .
4(44p5(44/°6(44p7(44pe(44p9144p B/‘,;,, 61, 6y 72, 2y Y0,

5 6
v - s - - - | - + . - +
s s s " S % By Gy 6 72y 20y 0y
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<0.05, Wilcoxon test, with
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BH(Benjamini-Hochberg) correction. (c, d) Developmental expression trajectories of the HRGs and LRGs during the entire brain developmental stages.
The dashed line represents birth. The shaded areas represent the 95% confidence interval of expression levels. (e, f) Developmental expression trajec-
tories of the HRGs and LRGs during the entire brain developmental stages in astrocyte and neural cells. The dashed line represents birth. The shaded
areas represent the 95% confidence interval of expression levels.

https://doi.org/10.1371/journal.pcbi.1014323.g003

The performance of MOGT was compared to iGOAT (MOGT average AUROC=0.8145, iGOAT AUROC =0.6569) and
H-MAGMA (MOGT average AUROC=0.8602, H-MAGMA AUROC =0.6404) in the hold-out test set (Fig 4b).

MOGT predicted 446 HRGs that are not predicted as risk genes by H-MAGMA, which were named MOGT-only genes.
In reverse, 693 genes are predicted as risk genes by H-MAGMA but missed by MOGT, and these genes are named as
H-MAGMA-only. Compared to the H-MAGMA-only genes, MOGT-only genes are significantly (p_,.....,<0.05) enriched in
16 gene sets related to SCZ. When we used MOGT-only genes as background genes, HMAGMA-only genes are signifi-
cantly (p,,,...o<0-05) enriched in one SCZ-related gene set (Fig 4c).

MOGT was further compared to other methods. The MOGT-only genes are significantly (p_,...,<0.05, one-sided Fish-
er’s Exact test with BH correction) enriched in 15, 11, and 3 SCZ gene sets when the TWAS-only gene set, the coloc-only
gene set, and the iGOAT-only gene set are used as background genes, respectively. In comparison, when MOGT-only
genes are used as background, the TWAS-only gene set, the coloc-only gene set, and the iGOAT-only gene set are sig-
nificantly enriched in 1, 1, and 3 SCZ gene sets (Fig 4c), respectively. These results indicated that MOGT is more sensi-
tive in predicting disease genes than other methods.

We also compared the expression levels of HRGs during the developmental stages of the brain with the output of the
four methods (Fig 4d). We noted that the HRGs predicted by MOGT exhibited higher expression levels than HRGs iden-
tified by other methods during brain development. In summary, by comparing with the other four methods, we proved that
MOGT is more powerful in predicting brain disorder risk genes.

Applications of MOGT in drug discovery

MOGT has identified many HRGs that are not reported as disease-associated. These genes have the potential to be used
for drug discovery. Application of MOGT has identified 81 PD-associated HRGs. These genes were used for drug discov-
ery by the approach presented in our previous study [22]. We utilized the mRNA-expression data with the GEO number
GSE60862 [32—-34] to construct gene co-expression networks by WGCNA [24] and DiffCoEx [25]. The analysis identified
8 CCMs modules (consensus co-expressed modules) expressed in ten brain regions and 59 SCMs modules (specific
co-expressed modules) specifically expressed in one of the ten brain regions but not in the other nine brain regions (S8,
S9 Tables). Among them, 20 SCMs are significantly enriched with the HRGs predicted by MOGT. We further examined
the enrichment of PD-associated Differentially expressed genes (DEGs) and PD-associated SNPs in these 20 SCMs (Fig
5a). Among these modules, a module named HCpink was enriched significantly with both DGEs (p_,,...,<0-05, one-sided
Fisher’s exact test with BH correction) and PD-associated SNPs (p_ ... <0.05, one-sided Fisher’s exact test with BH cor-
rection). Thus, HCpink was used for drug repurposing (Supplementary Methods). Totally, 10 upregulated and 19 downreg-
ulated genes from this gene co-expression network are input into the CMAP dataset (S10 Table). Compounds are ranked
according to connectivity scores, and the top 10 compounds with the lowest connectivity scores are suggested as candi-
dates for PD treatment (Fig 5b, S11 Table). We analyzed the top ten highest-scoring compounds. Among them, propran-
olol [35,36] (PubChem CID: 4946) has already been investigated in the context of Parkinson’s disease, while Bimatoprost
(PubChem CID: 5311027) and Erismodegib (PubChem CID: 24775005) show significant irritancy or health hazard accord-
ing to the PubChem database based on GHS (Globally Harmonized System of Classification and Labelling of Chemicals).
The other two compounds, UK-356618 and GSK-1059615, are not invested in PD.

To verify the therapeutic effect of UK-356618 on PD, we chose rotenone to establish a PD model in a hippocampal
neuronal cell line (HT-22 cells) and mouse primary neurons (Methods, S8a Fig). UK-356618 did not exhibit toxicity across
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Fig 4. Comparing MOGT with other risk gene annotating methods, iGOAT, coloc, TWAS, and H-MAGMA. (a) The number of overlapping genes
between SCZ-associated HRGs identified by MOGT and those identified by iGOAT, coloc, TWAS, and H-MAGMA. (b) Performance comparison of each
model on the SCZ risk gene annotation task. (c) Gene set enrichment analysis of MOGT-only, iGOAT-only, TWAS-only, coloc-only, and H-MAGMA-only.
The plot on the right shows the gene sets enrichment of HRGs MOGT-only compared to other methods, and the left represents the gene sets enrich-
ment of HRGs only predicted by other methods compared to MOGT-only. The enrichment analysis was assessed by one-sided Fisher’s exact test with
BH correction, and the dashed line means -log10(0.05). (d) Normalized expression levels of the MOGT, iGOAT, TWAS, coloc, and H-MAGMA in brain
developmental stages. The dashed line represents birth. The shaded areas represented the 95% confidence intervals of the expression levels.

https://doi.org/10.1371/journal.pcbi.1014323.9004

the tested concentration range (S8b Fig). We further conducted cytological experiments around the ICso of 5.9nM for
UK-356618 [37]. Compared to the rotenone-exposed PD model, the cells pre-treated with 6 nM UK-356618 for 2 hours and
subsequently co-incubated with UK-356618 and rotenone for 8 hours displayed a significant increase in viability (S8c Fig).

The effects of UK-356618 on the PD primary neuronal model were further tested by leveraging the concentration-time
optimum determined in HT-22 cells. The primary neuronal viability was assessed using Calcein-AM/PI staining. The
result indicated that the rotenone-induced loss of neuronal viability was significantly restored through pre-treatment with
UK-356618 (Fig 5c,5d). Concurrently, we observed that the synaptic loss triggered by rotenone in primary neurons was
significantly ameliorated by UK-356618.

To confirm our findings, we performed staining on primary neurons to evaluate synaptic integrity and the accumulation of
misfolded, aggregated a-synuclein (phospho-a-Syn) [38]. The number and morphology of neuronal dendritic branches were
assessed using MAP2 (microtubule-associated protein 2). Dual-immunofluorescence staining showed that rotenone exposure
elicited pronounced synaptic loss and a concomitant increase in phospho-a-synuclein (Ser129) aggregates in primary neu-
rons. Treatment with UK-356618 partially preserved synaptic integrity and attenuated a-synuclein aggregation (Fig 5e-5g).

Subsequently, we conducted Western blot—based quantitative analyses in primary neuronal whole-cell lysates. The
protein level of the dopaminergic neuron-specific marker tyrosine hydroxylase (TH) in rotenone-exposed cells was
significantly decreased compared to the controls (P=0.0002). This decrease was markedly reversed by UK-356618
pretreatment (P=0.0021) (Fig 6a, 6b). We observed that rotenone treatment significantly increased the level of
phospho-a-synuclein (Ser129) (P=0.0016) while substantially decreasing the total soluble a-synuclein (P<0.0001).
These changes were effectively reversed by treatment with UK-356618, restoring a-syn levels (P=0.0168) and lowering
phospho-a-synuclein abundance (P=0.0003) (Fig 6a, 6¢, 6d). These protein-level changes were corroborated by immuno-
fluorescence staining (Fig 5e). The trends in these protein expressions were also validated in HT-22 cells (S8d Fig).

UK-356618 (Compound 4j) is a potent and selective inhibitor of matrix metalloprotease-3 (MMP3) [37]. Here, we
found that UK-356618 pretreatment effectively reduced MMP3 to near-control levels (Fig 6a, 6e, P=0.0022). Moreover,
UK-356618 restored the abnormal expression of bassoon (BSN), a protein highlighted by our analysis (Fig 5b). Together
with recent genetic evidence [39], our study suggests BSN is a molecule of interest in PD. To further validate this finding,
the expressions of BSN in control substantia nigra tissue (n=9) and PD substantia nigra tissue (n=16) (from the GEO
dataset GSE7621) were examined (Fig 6f, 6g). BSN exhibited significantly lower expression in PD samples compared
to the controls (P=0.0199). In the PD group samples, the expression level of MMP3 showed an upward trend but was
not significant. MMP3 is merely used as a target for drugs, rather than being a treatment target for PD. BSN and MMP3
mRNA transcript levels showed a significant positive correlation (r=0.75, P=0.02) in control midbrain tissue (Fig 6i). In
contrast, in PD samples (Fig 6j), this relationship was reversed to a significant negative correlation (r=-0.55, P=0.03). The
observed changes in the MMP3-BSN interaction were associated with PD-relevant cellular phenotypic readouts.

BSN mRNA in primary neurons was evaluated by RT-qPCR (Fig 6h). As shown in Fig 6a and 6e, the expression of
BSN was downregulated after treatment with rotenone (P <0.0001) compared to control. The rotenone-induced down-
regulation was significantly reversed (P=0.0148) by pre-treatment with UK-356618, restoring BSN expression to 66.84%
of control values.
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Fig 5. Application of MOGT in drug repurposing for Parkinson’s disease. (a) Specific co-expressed modules (SCMs) enriched by HRGs pre-
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enrichment of DGEs, and the enrichment of PD-associated SNPs. The enrichment analysis was assessed by means of one-sided Fisher’s exact test

with BH correction. (b) Top 10 compounds with the lowest connectivity scores discovered through CMAP. (c)Calcein-AM/PI staining of primary murine
midbrain neurons after pretreated for 2 hours with UK-356618 and then incubated with rotenone and UK-356618 for 24 hours. Green: Calcein-AM, Calcein
acetoxymethyl ester; Red: P, Propidium iodide. (scale bar=100 pym) (d) After passing the normality and homogeneity of variance tests on the fluores-
cence intensity data shown in (c), statistical analysis was performed using two-way ANOVA (n=5; p<0.0001). (e) Double immunofluorescence staining

of MAP2 and phospho-a-synuclein in the primary murine midbrain neurons after treatment (scale bar=100 um). (f) Quantification of the fluorescence

area ratio of MAP2/DAPI was performed as shown in (e), and the fluorescence mean values were subjected to one-way ANOVA (n=4; p<0.0001). (g)
Quantification of the fluorescence area ratio of phospho-a-SYN/DAPI was performed as shown in (e), and the fluorescence mean values were subjected
to one-way ANOVA (n=4; p<0.0001). MAP2: Microtubule Associated Protein 2; Phospho-a-SYN: phospho-a-synuclein (Ser129); UK+ Rot: Pretreated for
2 hours with UK-356618 and then incubated with rotenone for 24 hours. P value: >0.1234 (ns indicates no significance),<0.0332 (*),<0.0021 (**),<0.0002
(***),<0.0001 (****). Values are means + SEM. Data are representative of at least three independent experiments.

https://doi.org/10.1371/journal.pcbi.1014323.9005

We also conducted cytological research on GSK-1059615 and provided a detailed description in the supplementary
materials.

Discussion

Discovering new brain disorder genes and elucidating the mechanisms of brain disorders are crucial for the precise
treatment of brain disorders. Integrating multi-omics data of genes and their interactions can effectively represent genes.
Combining multi-omics information graphs with GWAS findings can effectively identify disease risk genes.

Here, we introduced a model based on graph transformer and prototype learning, MOGT, which identified high-risk
genes (HRGs) associated with various neurological conditions. MOGT differs from other methods in three main ways: (1)
The biological network graph of MOGT considers SNP-SNP interactions as edge relationships rather than PPI networks. (2)
MOGT introduced prototype learning to the transformer-based graph neural network because genes with similar functions
might be closer in graph representation and tend to belong to the same category, enhancing the ability to capture the most
significant gene patterns. We maximize the mutual information between nodes and prototypes by minimizing the contrastive
loss. (3) MOGT bridges GWAS findings and the biological network of brain disorders to identify novel risk genes. Hence,
MOGT can precisely locate risk genes from a massive pool of candidate genes around disease-related loci, increasing the
possibility of discovering disease risk genes. Compared to the existing models, it achieved better performance in the risk
gene prediction task. We found that gene expression in brain regions was the most important omics feature, greatly affect-
ing the predictive performance of MOGT. This may be because the clinical manifestations of brain disorders (such as cogni-
tive deficits, emotional instability, hallucinations and delusions, negative symptoms) are usually closely related to structural
changes in specific brain regions or abnormal circuit function. [40—42] These neurobiological abnormalities largely explain
the generation and manifestation of symptoms. With the expansion of genomic data and the discovery of GWAS loci, the
exploration of disease mechanisms and the identification of risk genes will be greatly improved.

We applied MOGT to five brain disorders and identified HRGs for each brain disorder. The HRGs predicted by MOGT
exhibited greater tissue specificity in the brain tissues than LRGs (Figs S3, 3a). In particular, we observed that HRGs in
AD and BP were significantly enriched in the LV and atrial appendage than LRGs, and AD and SCZ were significantly
enriched in the pituitary than LRGs. These results are highly consistent with previous studies. Subclinical alterations in the
LV might contribute to cognitive decline by aggravating tau phosphorylation and neurodegeneration in cognitively normal
individuals [43] A matched case—control study revealed that patients with BP exhibited greater LV concentric hypertro-
phy and cardiac dysfunction than healthy controls [44]. The hypothalamic—pituitary—adrenal axis (HPA axis) is the major
stress response pathway in the body, and dysregulation of the HPA axis and cortisol levels is associated with AD and
SCZ [45—-48]. The midbrain is involved in the pathophysiology of various brain diseases, including SCZ [49-51], AD [52],
PD [53,54], and BP [51,55]. We found that HRGs associated with SCZ, BP, AD, and PD have more pronounced cell-type
specificity in neuronal cells in midbrain tissues, including GABAergic neurons, Inhibitory neurons, Excitatory neurons,
Dopaminergic neurons (DaN), and CADPS2-overexpressing neuronal cells, compared with LRGs (Fig 3b). Moreover, the
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Fig 6. The effect of UK-356618 in restoring abnormal gene expression in PD primary neuron model. (a) Immunoblot analysis of lysates from
primary murine midbrain neurons after pretreatment for 2 hours with UK-356618 and then incubated with rotenone and UK-356618 for 24 hours.
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(b-e) Quantification of TH, phospho-a-synuclein, a-synuclein protein, MMP3 level shown in (a), statistical analysis was performed using two-way
ANOVA (n=3; p<0.0001). (f, g) BSN and MMP3 mRNA expression of substantia nigra from postmortem human brain of Parkinson’s disease patients
(GSE7621) (9 replicates for the controls and 16 replicates for the Parkinson’s disease patients were used. Both cohorts included males and females;
Pgsy Value=0.0199, P, .. value =0.5564). (h) Bassoon(BSN) mRNA expression of primary neurons after pretreatment for 2 hours with UK-356618 and
then incubated with rotenone and UK-356618 for 24 hours (n=6; p<0.0001). (i, j) Correlation analysis between MMP3 and BSM transcript abundance.
Scatter plot of normalized RNA-seq counts (log, TPM) for MMP3 versus BSN across n=9 control samples and n=16 Parkinson’s disease samples.
The solid blue line denotes the linear regression fit; the shaded band represents the 95% confidence interval. P value:>0.1234 (ns indicates no
significance), <0.0332 (*),<0.0021 (**),<0.0002 (***),<0.0001 (****). Values are presented as means + SEM. Data are representative of at least three
independent experiments.

https://doi.org/10.1371/journal.pcbi.1014323.g006

expression levels of HRGs during brain development stages exhibited similar expression patterns, which suggests that
the five brain disorders may have a similar pathogenesis mechanism.

Taking SCZ as an example, we compared MOGT with a Bayesian Framework (iGOAT), two eQTL-based gene annotation
tools (TWAS and coloc), and gene-level genome-wide association analysis(H-MAGMA). MOGT showing significantly bet-
ter performance than current approaches (MOGT average AUROC=0.8602, H-MAGMA AUROC=0.6404; MOGT average
AUROC=0.8145, iGOAT AUROC =0.6569), and the MOGT-only genes are significantly enriched in more SCZ gene sets
compared to other methods. These results indicated MOGT is a more powerful tool for detecting brain disorder-related genes.

Our ultimate goal is to guide the development of effective treatments. To this end, the genes identified by MOGT were
used to discover drug candidates, leading to the identification of 10 candidate compounds for PD. It is important to clarify
that the direct drug target, MMP3, was not itself a high-risk gene (HRG) predicted by MOGT. This observation highlights
the rationale of our module-based strategy. Rather than focusing on a single predicted gene, our pipeline operated at the
network level: MOGT identified HRGs (e.g., BSN), which were enriched within a specific co-expression module (HCpink).
This module, representing a disease-associated functional unit, was then considered as a potential target for intervention.
By screening for compounds that could reverse the expression signature of the HCpink module, we identified UK-356618,
a known MMP3 inhibitor. In our experimental system, treatment with UK-356618 improved cellular phenotypes and was
accompanied by changes in the expression levels of both MMP3 and BSN. These observational results indicate that there
may be a potential functional association between the predicted genes (BSN), drug targets (MMP3), and the observed
phenotypic improvements at the module level. This strategy reflects a shift from focusing solely on individual genes to
considering the broader disease-associated network context. Within the HCpink network, MMP3 may act as an influential
regulatory node. Although it was not predicted as a genetic risk gene, its activity may still affect the overall state of the
module. Therefore, inhibition of MMP3 by UK-356618 could potentially contribute to partial normalization of the dysregu-
lated network. Such an approach may provide a practical way to modulate disease-associated pathways without directly
targeting core risk genes that are often difficult to pharmacologically manipulate, such as BSN.

In our models, we observed that UK-356618 exerted neuroprotective effects under injury conditions. Injured neurons
showed increased MMP3 expression and a negative correlation with BSN levels. Previous studies have reported that
elevated MMP3 can activate inflammatory cascades [56]. Based on these observations and prior reports, one possible
explanation is that inhibition of MMP3 may attenuate inflammatory signaling and thereby reduce dopaminergic neuron vul-
nerability [57] and neuronal loss [58]. However, these interpretations remain speculative and require further experimental
validation to establish causal mechanisms. However, these findings are consistent with previous research results, which
indicate that MMP3 may play a role in the process of neurodegeneration. [59,60].

Bassoon (BSN), a major presynaptic scaffold protein [61], has been implicated in multiple aspects of synaptic organi-
zation and function, including presynaptic ubiquitination [62], vesicle exocytosis [63], and homeostatic plasticity [64]. It is
noteworthy that following the completion of our study, a recent genetic study reported an association between BSN gene
mutations and gait and motor impairments in PD patients [39]. This independent evidence from a population genetics per-
spective is consistent with the involvement of BSN in PD-related processes. Our work focuses on the cellular model level,
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where BSN loss was associated with alterations in PD-relevant cellular phenotypes, including neuronal activity, synaptic
function, and a-synuclein accumulation. Together, these findings provide complementary insights into the possible involve-
ment of BSN in PD at the molecular and cellular levels.

Overall, our framework not only facilitates the identification of candidate neuroprotective compounds but also generates
testable hypotheses regarding potential interactions among proteins within disease-relevant networks. Further functional
studies will be required to clarify the precise mechanisms underlying these relationships.

Despite the above advantages, MOGT may still face potential limitations. Firstly, in this study, the strategy used for
constructing negative datasets includes removing those interacting with positive genes. Our original motivation for this
negative sampling strategy was to reduce label ambiguity. Genes that interact with known risk genes are more likely to
be functionally related and may represent unlabeled or weakly associated risk genes rather than true negatives. Exclud-
ing such genes was intended to construct a cleaner negative set, avoid introducing false negatives during training, and
empower the prediction ability of the model. However, this design choice may artificially amplify the separability of positive
and negative nodes in the graph. Secondly, we used the + 1 Mb window to define the candidate genes regulated by SNPs.
Although the regulatory effects can be distal, GWAS-derived SNPs are not used as model input features, but only to
define a candidate gene set that constrains the search space for high-risk gene identification. As such, the +1Mb win-
dow does not determine model learning, but rather serves as a conservative filter to include genes with plausible genetic
proximity to disease-associated loci. Thus, using a broader window increases sensitivity at the cost of specificity, while
a narrower window risks excluding relevant genes. Nevertheless, incorporating long-range regulatory interactions rep-
resents an important future direction. Thirdly, the candidate gene space is defined by SNP thresholding and window size.
MOGT was trained to improve the performance in evaluating the associations between the candidate genes and diseases.
Consequently, the presence of correlated SNPs primarily affects the representation of loci within the candidate gene
pool, rather than the prediction of the model. Sensitivity analysis across different window sizes demonstrated that the
prioritization results are largely robust to variations in the candidate gene set. However, accounting for LD structure, lead
SNPs, and ancestry heterogeneity in GWAS summary statistics can further refine candidate gene selection and improve
recall in identifying disease-associated genes. Fourthly, MOGT only considers the interactions between genes, but in fact,
genes are also affected by other biological molecules, such as transcription factors (TFs). We hope to incorporate other
bioinformatic molecules into the bioinformatic network in future work to improve the ability to identify disease risk genes.
Furthermore, data from single-cell sequencing encodes information about genes and the tissue microenvironment, which
helps us understand the interactions between genes. Effective integration of single-cell sequencing data may help identify
disease-causing genes. Finally, the ability of MOGT to identify HRGs is partially dependent on the power of the original
GWAS. Hence, further development of GWAS studies should dramatically improve the predictive power of MOGT.

In conclusion, we have proposed a general framework, MOGT, which integrates heterogeneous genomic data with
graph representation learning to allow the prediction of disease-associated genes. The application of MOGT to both psy-
chiatric disorders and neurodegenerative/neurological diseases revealed its ability to identify disease-associated genes.
Further research indicated that HRGs predicted by MOGT may aid in the discovery of drug candidates for diseases and in
revealing their underlying mechanisms. MOGT is flexible in terms of input features, showing that our framework could be
applicable to other diseases by leveraging disease-specific multi-omics data.

Methods
Ethics statement

This animal experiment was approved by the Sun Yat-sen Memorial Hospital, Sun Yat-sen University, with approval NO.
of AP20250134. The animal experiments and experimental procedures have all been appraised in accordance with the
guidelines for the Welfare and Ethics Review of Laboratory Animals, and are strictly carried out in compliance with the reg-
ulations on the Management of Laboratory Animals in Guangdong Province.
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Data source and processing

MOGT is a brain disorder prediction framework built on the attributed graph. It integrated multi-omics data and SNP-SNP
interaction networks. The integrated multi-omics data included differential expression (DE), enhancer-promoter inter-
actions (EPI) in patients and controls, and gene expression in five brain regions (Parietal Lobe, Frontal Lobe, Tempo-
ral Lobe, Cerebellum, and Occipital Lobe) in adolescents and adults. We described the details of the multi-omics data
collection associated with each brain disorder, as shown in Supplementary Methods. For each fold, all data preprocessing
steps (including normalization and missing data imputation) were fitted using only the training data, and the fitted param-
eters were subsequently applied to the validation and test sets. This design prevents any information from the validation
or test sets from influencing the preprocessing procedure. For SNP-SNP interaction networks, we collected five networks
for SCZ, BP, AD, PD, and MG, respectively. In addition, we also collected gene annotations as ground-truth values (1 for
diseases related and 0 for non-diseases related).
Collection of positive and negative training samples. We firstly collected genes related to brain disorders from four
databases, Human Phenotype Ontology (HPO, https://hpo.jax.org/), Online Mendelian Inheritance in Man (OMIM, htips://
omim.org/), Disease Gene Network (DisGeNet, https://disgenet.com/), and GeneCards(https://www.genecards.org/).
Then, we excluded genes with low expression in brain regions by using Human Protein Atlas (https://www.proteinatlas.
org/), and the remaining genes were used as positive samples. For genes with low expression in brain regions in Human
Protein Atlas, we excluded genes that interacted with positive samples by using BioGrid (https://thebiogrid.org/), and the
remaining genes were used as negative samples. The number of positive and negative samples for each brain disorder is
shown in the S12 Table.

From the positive and the negative data, 80% were randomly selected as the training set for each brain disorder. The
remaining genes were used as hold-out test sets.
Defining candidate genes. The candidate genes are those with 1Mb distance to the SNP index (p<5x 1078) in disease-
associated GWAS. The significant SNPs (P <5 x 107%) were directly taken from the original published GWAS for each
disease and only used to select candidate genes. GWAS-derived SNPs are used for selecting disease-specific candidate
genes, with the purpose of restricting the search space. Varying the SNP threshold primarily affects the size of the can-
didate gene pool, but not the learned model parameters or decision function of MOGT. In this study, the + 1 Mb window
was adopted as a pragmatic and widely used heuristic to associate GWAS variants with nearby genes, particularly in the
absence of disease-specific, high-resolution regulatory maps. This window size is commonly used in GWAS-based gene
prioritization studies to balance coverage of local regulatory effects and control of false-positive gene inclusion [4,5,65].
In total, we collected 287, 112, 397, 181, and 75 SNPs for SCZ, BP, AD, PD, and MG, respectively. The number of unique
SNPs used for this study associated with each disorder is shown in S13 Table, and disease-specific lists of significant
SNPs are shown in S14 Table. In general, the number of candidate risk genes for SCZ, BP, AD, PD, and MG was 1378,
466, 1112, 595, and 214, respectively.
SNP-SNP interaction networks. We collected the epistasis interactions between SNPs from a previous study [5], which
estimated SNP-SNP interactions between genes for brain disorders under a dominant—-dominant model (DDM) by the
hypergeometric test. Under the DDM, three genotypes of each SNP, the majority homozygous, heterozygous, and minority
homozygous, were denoted MM, Mm, and mm, respectively. A SNP is encoded as MM =2, Mm=1, and mm=0. Genotype
and phenotype data utilized to establish SNP-SNP interactions were downloaded from the UK Biobank (UKB), including
500,000 individuals. Based on trait-specific SNP-SNP interactions, the interaction between genes g; and g; was defined
as SNP-SNP interaction negative logarithm between SNP S; and S;, if S; and S; had the highest significant correlation
level with a given disease among all SNP pairs located in 1kb of g; and g;. For each brain disorder, we kept the interac-
tions with scores at the top 1%. To validate the reliability of MOGT on other SNP-SNP interaction networks, we tested
MOGT on the top1%, top2%, top5%, and top10% scores of SNP-SNP interactions.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014323 May 29, 2026 18/30



https://hpo.jax.org/
https://omim.org/
https://omim.org/
https://disgenet.com/
https://www.genecards.org/
https://www.proteinatlas.org/
https://www.proteinatlas.org/
https://thebiogrid.org/

N\ Computational
PLOS }. Biology

Prototype learning

MOGT introduces prototype learning to enhance the ability to capture the most significant gene patterns that can aid in
identifying the genes within each class. The prototype layer allocated a fixed number of prototypes for each class. We
use n to denote a node and V; = {vg V2, .., vM, } to denote the prototypes for a given class ¢, where M is the number of
prototypes for each class, and each prototype vy is a parameter vector that serves as the latent representation of the
prototypical part of class c. For J classes, the total number of prototypes K = J x M. The prototype layer consists of a set
of prototypes V, = {Vv7 |c=1,...,Jsm=1,..,M}.

Recent studies on contrastive learning have proven that minimizing contrastive loss is equivalent to
maximizing the mutual information between two variables. Therefore, our goal is to maximize the similarity between a
node and its positive prototypes, while minimizing the similarity with the negative prototypes. Hence, the contrastive loss
is given by,

g(vay
1 N Zm:‘/lyev}/i exp( ( TP))
‘Cp/ - _N _Z Iog Q(Vlh,\/ﬁ;) y
a 2 e, EXP (T)

where T is the temperature hyperparameter, N denotes the number of nodes in a batch, m indicates indices of positive
samples, and j indicates indices of negative samples. V), is the set of prototypes that belong to the class y;. The similarity
score between the prototype v, and the embedding v, is as follows:

2
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(1)

(2)

Transformer-based gene prediction model for brain disorders

MOGT is built on a transformer-based graph neural network. We applied the layer normalization (LN) before the second
Layer Graph Transformer and the max-pooling. The two fully connected linear layers are used to make the final prediction.
The dropout layer is used to prevent overfitting. We used focal loss for disease risk gene prediction. which was defined as
follows,

FL (pr) =—at (1-p1)" log (pr) . (3)

wherex (« € [0, 1]) denoted the weighting factor, y(y > 0) denoted the tunable focusing parameter, and p; was defined
as,

pt = { p.y=1 .
1—p, otherwise (4)

where y denoted the ground-truth class, p denoted the model’s estimated probability for the class with label y = 1. In
the experiments, « was set to 0.25 and y was set to 2.
Finally, we define the objective of our model as the sum of the losses as follows:

Liotas = FL (pt) + Lo, (5)
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Training the model

In the training process, we initially divided the labelled data into training and testing sets by stratified sampling for all
datasets and applied 5-fold cross-validation (CV) to validate the model. To avoid overfitting and over-smoothing, we
implemented an early stop strategy that would terminate training if the validation performance did not improve for 50
consecutive epochs. To improve model robustness and reduce overfitting, the dropout rate was set to 0.4 for the modules.
The prototype layer allocated seven prototypes to each class. To address class imbalance, we used the Focal loss for
gene classification. Finally, to keep high efficiency and stable performance, we extracted subgraphs from the input graphs.
These subgraphs contained all first- and second-order neighbors of each node and served as the basis for training. We
performed mini-batch neighbor-sampled training with masked supervision in which the loss is computed exclusively on
nodes in the training mask, and although the neighbor sampler operates on the full graph, validation and test nodes are
included only as unlabeled context without contributing labels or gradients, preventing information leakage. The threshold
for identifying high-risk genes was calculated using Youden’s index in the best model in the validation set. The perfor-
mance of the model in five-fold cross-validation was evaluated on a hold-out test set. The performance was evaluated by
AUROC, F1-score, and AUPRC.

Comparing MOGT with other methods

To evaluate the performance of MOGT on identifying high-risk genes in brain disorders, we compared MOGT with four
other methods, EMOGI [13], HGDC [66], logistic regression, and LabelSpreading. For these two methods, EMOGI and
HGDC, we maintained the same model architectures and hyperparameter settings as described in their original papers and
used the same network and gene feature matrix as inputs. Feature-only baseline, implemented using logistic regression on
the same multi-omics feature matrix. Graph-only baseline, implemented using LabelSpreading on the SNP-SNP interaction
graph. Same model without prototype loss, constituting a true architectural ablation of MOGT. The performance of the mod-
els in five-fold cross-validation was evaluated on a hold-out test set and evaluated by AUROC, AUPRC, and F1-score.
Using SCZ as an example, we also compared the output of MOGT with the output of four high-risk gene annotation
methods for brain disorders, including the Bayesian framework iGOAT, two eQTL-based approaches, coloc and TWAS,
and a developed gene-level genome-wide association analysis, H-MAGMA. Both TWAS and coloc were obtained from the
adult human DLPFC tissue. H-MAGMA was performed using the epigenetic data derived from the adult brain (v1.08). The
input GWAS for H-MAGMA and MOGT are from a core Psychiatric Genomics Consortium (PGC) dataset of 90 cohorts
of European (EUR) and East Asian (ASN) ancestry from the PGC, involving a total of 67,390 cases and 94,015 controls.
This GWAS identified 300 independent SNPs (linkage disequilibrium (LD) r2<0.1) that exceeded genome-wide signifi-
cance (P<5x1078). For MOGT, we classify genes of the training data with test scores.

Cell-type specificity analysis

We collected single-cell transcriptomic data from two GEO datasets, GSE67835 [67] and GSE157783 [54,68,69].
GSE67835 includes 466 cells of the adult and fetal human brain at a whole transcriptome level. GSE157783 contains
single-cell transcriptomics of the postmortem midbrain of six controls and five idiopathic Parkinson’s disease cases.

We evaluated the cell type specificity for HRGs by using LRGs as background, as a strategy from a previous study
[27]. We assigned the mean expression level of gene g in cell type ¢ as the expression value of gene g in cell type c. We
calculated the expression proportion of gene g and cell type c as the cell-specific score. The specificity metric for gene g
and cell type c is given by,

N,
E,‘=c1 rg,i,ch

Sg,c = N ’
Z}A—_/1 (ZI:J1 "gJ,ij)
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where rg ;. means the expression of gene g in the i-th cell of cell type c; N, is the number of cell type ¢; and w is
the total number of cell types. We then employed the one-sided Wilcoxon rank-sum test with BH correction to evaluate
whether the HRGs predicted by MOGT carry lower P values compared to the LRGs.

Tissue-type specificity analysis

The tissue-specificity investigation was performed using two gene expression datasets from two sources, as a strategy
from a previous study [26]. Briefly, we downloaded the median expression levels, Reads Per Kilobase of transcript, per
Million mapped reads (RPKM) of genes in brain tissues from GTEx (V8, https://gtexportal.org/home/datasets), and the
expression levels of genes in ten brain regions from BrainEAC (http://www.braineac.org/, cerebellar cortex [CRBL], frontal
cortex [FCTX], hippocampus [HIPP], medulla [MEDU], occipital cortex [OCTX], putamen [PUTM], substantia nigra [SNIG],
thalamus [THAL], temporal cortex [TCTX], and intralobular white matter [WHMT]). We normalized the expression of each
gene in all tissues to a density vector by dividing the total expression counts. Formally,

%

E= —/—,
> i1 Vi (7)

where V = (v1 Vo, .., vn) is the expression vector of a gene across all tissues and E is the new normalized density
vector. For two discrete probability distributions p', p?, the JS divergence is given by:

JS<p1,p2):H<P1;’P2>_H(P1);H(p2) o

where H is the entropy of a discrete probability distribution H(p) = —Zi":1 p; log p; and p; is the proportion of event i
happening. The distance between two tissue expression patterns E' and E?, was defined as the square root of the JS
divergence, /JS (E1 , EZ). The tissue specificity score of the gene with expression V across n tissues with respect to

tissue t is given by:
TS (Elt) = 1-4/JS(E EY, 9)

where E! = (E}, E, .., E},) be the expression of a gene that is only expressed in tissue t, t=1, 2, ..., n and
t_ [ 0,i=/t
Ei= { 1=t
We then employed the one-sided Wilcoxon rank-sum test to evaluate whether the HRGs predicted by MOGT carry
lower P values compared to the LRGs.

Gene set enrichment analysis

A total of 20 functional gene sets associated with brain disorders were systematically curated for this study by following
the procedures described in a previous study [5]. We collected three SCZ-related gene sets(FUMA: Risk genes of SCZ
predicted by FUMA; GABA: GABA, receptor complex; miR.137.targets: Targets of miR-137), seven synaptic pathway-
specific gene sets (CCS: Calcium Channel Synapse; FMRP.Ascano: FMRP targets; FMRP.Darnell: FMRP targets; PRAZ:
Presynaptic Active Zone; PRP: Postsynaptic Proteome; PSD: Postsynaptic Density; SYV: Synaptic Vesicle) which were
involved in biological processes considered to be associated with the five brain disorders, including synaptic transmission,
presynaptic function, and voltage-gated calcium channel activity. We also collected SCZ-associated genes, additionally
extracted from two independent biomedical databases: GenCLiP and DisGeNET, and three SCZ-associated pathways
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from KEGG. These curated gene sets collectively represent molecular pathways implicated in SCZ, as detailed in S15
Table (including gene set nomenclature, functional annotations, and cardinality). The gene set enrichment analysis was
performed by Fisher’s Exact test. The results with p, ,<0.05 were considered significant.

Trajectories of genes associated with diseases

The spatiotemporal transcriptome data were downloaded from two sources. The first dataset from GEO with accession
number GSE25219 [70-72] is composed of 1,340 brain tissue samples encompassing the entire human lifespan (age
range 5 PCW-82 years) and covering 16 brain regions. The second dataset analyzed >700,000 single-nucleus RNA
sequencing profiles from 106 donors during prenatal and postnatal developmental stages. [73] We classified the age of
cells in the second dataset according to the developmental stage of the first dataset, which is divided into 12 developmen-
tal stages in total. A detailed description of the developmental stages for the second dataset is provided in S16 Table. For
the first dataset, analysis was done on the core and unique probe sets, representing 17,565 mainly protein-coding genes,
into gene-level information. The log-transformed expression values of all genes were centered around the mean expres-
sion level per sample using the function scale (data, center=T, scale=F) in R.

Drug repurposing

The drug repurposing was performed as described in our previous study [22]. Briefly, it comprises by three main steps:

(1) using gene expression data of 1,231 healthy human brain samples across 10 brain regions to construct consensus
weighted gene co-expression network and differential co-expression network associated with normal brain functions; (2)
identifying the co-expression modules enriched with disease-associated genes, SNPs and genes expressed significantly
different in patients and controls; (3) identifying DEGs in the significant modules and aligning to the gene expression pro-
files perturbed by small molecular compounds in CMAP database. The GSE60862 [32—34] dataset was used to construct
weighted gene co-expression networks by two different approaches, WGCNA [24] and DiffCoEx [25]. The WGCNA was
applied to detect co-expression modules common to all ten brain regions (consensus co-expressed modules, CCMs). The
DiffCoEx was used to identify gene modules specifically expressed in each of the ten brain regions compared to the other
nine brain regions (specific co-expressed modules, SCMs).

The CCMs and SCMs that are enriched with the HRGs predicted by MOGT were used for further analysis. These mod-
ules were further analyzed to test their enrichment of known PD-associated SNPs and DGEs. The enrichment analysis
was performed for DGEs in the GEO dataset, GSE8397 [74,75], which is RNA-seq data of the substantia nigra split into
medial and lateral portions, and frontal cortex from 24 PD patients and 15 controls. We collected PD-associated SNPs
from a previous study [76], which performed the largest meta-GWAS of PD to date, involving the analysis of 7.8M SNPs
in 37.7K cases, 18.6K UK Biobank proxy-cases, which have a first-degree relative with PD, and 1.4M controls. The PD-
related modules were delivered to the Connectivity Map (CMAP, https://clue.io/about) to find potential PD drug candidates.
The drug candidates were ranked by their connectivity scores. In this study, the top 10 compounds with the lowest con-
nectivity scores were selected for further analysis.

Cell culture

HT-22 cells: HT-22 cells (CL-0697, Pricella) were cultured in Dulbecco’s Modified Eagle Medium (DMEM) supplemented
with 10% fetal bovine serum (FBS; FBSST-01033-500, OriCell) and 1% penicillin-streptomycin (15140-122, Gibco) at 37
°Cin a 5% CO, incubator.

Primary midbrain neurons: Primary neurons were isolated from the ventral mesencephalon of postnatal day 0-3
C57BL/6J mice (Guangdong Medical Laboratory Animal Center). Brain tissues were dissected on ice in D-Hanks solution
(PB180321, Pricella), digested with 0.25% trypsin (25200072, Gibco), and triturated to obtain a single-cell suspension.
Cells were seeded at a density of 2 x 10° cells per well onto poly-L-lysine (PB180523, Pricella)-coated 6-well plates and
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maintained in neuronal culture medium consisting of Neurobasal-A Medium (10888022, Gibco), 4% B-27 supplement
(17504044, Gibco), 0.5% L-glutamine (25030081, Gibco), and 1% penicillin-streptomycin. The medium was replaced after
the first 6 h and subsequently every 2 days, with neurons used for experiments on day 7 in vitro. All the procedures were
carried out in accordance with the guidelines.All animal procedures were approved by the Animal Welfare and Ethics
Committee of Sun Yat sen Memorial Hospital, Sun Yat sen University (Approval No. AP20250134) and conducted in
accordance with institutional and national guidelines.

Parkinson’s disease cell models and drug treatments

Dose determination for rotenone: To establish the rotenone-induced PD model, HT-22 cells were seeded in 96-well
plates (5,000 cells/well) overnight and treated with a gradient of rotenone concentrations (0.25-16 yM; HY-B1756, Med-
ChemExpress) or vehicle (0.1% DMSO) for 8 h. Cell viability was assessed by CCK-8 assay, and the concentration that
reduced viability to 50% of the control (ICso) was determined to be 4 uM (S7a Fig). This concentration was used for all
subsequent rotenone treatments in HT-22 cells.

Drug treatment protocols: HT-22 model: Cells were pretreated with UK-356618 (HY-107394, MedChemExpress; 6, 12,
or 24 nM) for 2h, followed by co-treatment with UK-356618 and 4 uM rotenone for 8 h. Primary neuron model: Neurons
were pretreated with 6 nM UK-356618 for 2 h, then co-treated with 6 nM UK-356618 and 400 nM rotenone (a concentration
previously established by our group) for 8 h to assess neuroprotection.

Cell viability assay (CCK-8)

Following drug treatments, 10 yL of CCK-8 reagent (K1018, APExBIO) was added to each well of the 96-well plate
containing 90 uL of culture medium. Plates were incubated at 37 °C for 2h, and the absorbance at 450 nm was mea-
sured using a BioTek SYNERGY H1 microplate reader (Agilent). Viability was expressed as a percentage relative to the
untreated control group.

Calcein-AM/Propidium lodide (PI) staining

After adding a circle microscope cover glass (14mm, 801010, Nest) to the 24-well plate, we coated it overnight with PLL
and directly inoculated neurons (2 midbrain/24 wells) into the pre-treated 24-well plate. Neurons are implanted into a
24-well plate at the beginning of 7 days of incubation. After undergoing the same medication treatment steps as described
above, discard the medium and wash it twice with PBS. Then, add Calcein-AM (CA1630, Solarbio) dissolved in the
medium for 25 minutes (37 °C, 5% CO2). Afterwards, use PBS wash twice and add PI dissolved in medium for 5 minutes.
After washing with PBS twice, the fluorescence was detected via EVIDENT BX63 Upright Microscopes.

Western blot

Using cell lysis buffer for Western and IP (P0013, Beyotime) with phosphatase inhibitor cocktail (CW2383S, CWbio)
and protease inhibitor cocktail (CW2200S, CWbio) added to lyse cells. Equivalent amounts of boiled protein sam-
ples were separated by SDS—PAGE (FuturePAGE 4-20%, ET10420LGel, ACE) and transferred to PVDF membranes
(ISEQ00010, Merck Millipore). After blocking with 5% BSA (BSA Albumin Fraction V, 4240GR100, BioFroxx), the
membranes were incubated overnight at 4 °C with the indicated primary antibodies (Vinculin: 26520—1-AP, protein-
tech; GADPH: 60004-1-lg, proteintech; TH: 25859—1-AP, proteintech; Alpha Synuclein: 10842—1-AP, proteintech;
Phospho-a-Synuclein (Ser129): 23706S, Cell Signaling Technology; MMP3: ab52915, abcam) and then with horse-
radish peroxidase (HRP)-linked secondary antibodies (7074S, 7076S, Cell Signaling Technology) for 2 hours at room
temperature. The proteins were detected using an ECL kit HRP (FD8020, Fdbio science) and visualized with a BLT
GelView 6000Pro Imaging System
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Immunofluorescence staining

To stain neurons, circle microscope cover glasses with cells are rinsed with PBS and fixed with 4% paraformaldehyde.
Then incubate with 1% Triton X-100 in PBS for 12 minutes before staining. Cells are rinsed and incubated with the follow-
ing primary antibodies overnight at 4°C (MAP2: 1:200, ab300645, abcam; Phospho-a-Synuclein (Ser129): 1:200, 23706S,
Cell Signaling Technology)

Sections were incubated with DAPI and the corresponding secondary antibodies (all from Abcam and all diluted
1:400) to visualize the primary antibodies: Dylight 488, Goat Anti-Rabbit IgG (A23220); Dylight 649, Goat Anti-Mouse IgG
(A23610). Sections were mounted and imaged using an Olympus 1X73 and Olympus BX63 microscope.

RNA isolation and RT-PCR

Total RNA was isolated from primary mouse midbrain neurons with EZ-press RNA Purification Kit (B0004D, EZbiosci-
ence), according to the manufacturer’s instructions. The concentration was determined with a NanoDrop one spectro-
photometer (Thermo Fisher, 840—-317500), and 300 ng of total RNA was reverse transcribed using the HiScript Il Q RT
SuperMix for gPCR (gDNA wiper) (Vazyme, R223). The amount of cDNA was evaluated by ChamQ Universal SYBR
gPCR Master Mix (Vazyme, Q711) on a Fast Real-Time PCR System (LightCycler 96, Roche) using primer sets for BSN
(forward: 5'-CGAGGAGGAGAAGGAGATTGAC-3'; reverse: 5-TGAGGCAGGGTAGTCCACATAC-3') and GAPDH (for-
ward: 5'-AGGTCGGTGTGAACGGATTTG-3'; reverse: 5-TGTAGACCATGTAGTTGAGGTCA-3'). Differences in mRNA
expression were calculated through the formula N = (2)A-AACT [77].

Expression correlation analysis

We downloaded bulk transcriptomic data from the GEO datasets with accession number GSE7621 [78]. Then,
log-transformed expression values of all genes were centered around the mean expression level per sample using the
function scale (data, center=T, scale=F) in R. Outliers were defined as samples with values exceeding 1.5 times the
interquartile range or both gene expression values exceeding one standard deviation. All outliers in these data were filled
using the median expression value. The expression correlation analysis was performed by the function ggscatterstats [79].

Statistical analysis

Western blots were analyzed as previously described. Relative optical density values for bands corresponding to TH,
Phospho-a-SYN, a-SYN, and MMP3 were normalized to the value for GADPH or Vinculin. For cell viability assays, values
for the control group were taken as 1. Statistical analyses were carried out using Prism 9.5 software (GraphPad Inc., La
Jolla, CA, USA). Results were presented as means = SD from at least three independent experiments. Statistical anal-
yses were performed using analysis of variance, followed by a Bonferroni post-hoc correction for multiple comparisons.
P,...->0.1234 (ns indicates no significance), <0.0332 (*),<0.0021 (**),<0.0002 (***),<0.0001 (****).

Supporting information
S1 Text. Supplementary material to this article.
(DOCX)

S$1 Fig. AUROC of MOGT with different numbers of SNP-SNP interactions.
(TIF)

S2 Fig. Ablation test AUROC performance of multi-omics data for five brain diseases.
(TIF)
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S3 Fig. Tissue-specificity analysis on HRGs compared to LRGs in tissues from GTEXx.

(TIF)

S$4 Fig. Cell specificity analysis of HRGs compared to LRGs (Methods). “+” denotes significant result (Fisher’s exact
teSt pcorrected< 005)

(TIF)

S5 Fig. Developmental expression trajectories of the HRGs during the entire brain developmental stages.
(TIF)

S6 Fig. Developmental expression trajectories of the LRGs during the entire brain developmental stages.
(TIF)

S7 Fig. Analysis of the expression of HRGs predicted by the model without using expression-features. (a)The overlap
between the HRGs predicted by MOGT and the HRGs predicted by the model without using expression-features. (b) Tis-

sue specificity analysis of HRGs compared to LRGs using expression profiles from BrainEAC (Methods). (c) Cell specificity
analysis of HRGs compared to LRGs (Methods). “+” denotes significant result (o, . ..,<0.05, Wilcoxon test, with BH(Benjamini-
Hochberg) correction. (d, e) Developmental expression trajectories of the HRGs and LRGs during the entire brain developmen-
tal stages. The dashed line represents birth. The shaded areas represent the 95% confidence interval of expression levels.
(TIF)

S8 Fig. The influence of UK-356618 in HT-22 and GSK-1059615 in primary astrocytes. (a) Cell viability of HT-22
detected by CCK-8 after incubating Rotenone for 8 hours (n=6; p<0.0001). (b) Cell viability of HT-22 detected by

CCK-8 after incubating UK-356618 for 24 hours (n=6; p=0.3043). (c) Cell viability of HT-22 detected by CCK-8 after
pretreated for 2 hours with UK-356618 6 nM and then incubated with rotenone 4uM and UK-356618 6 nM for 8 hours.
(n=6; p<0.0001). (d) Immunoblot analysis of lysates from HT-22 after pretreatment for 2 hours with UK-356618 and

then incubated with rotenone and UK-356618 for 8 hours. (e, f) Cell viability of primary astrocytes detected by CCK-8
after incubating Rotenone for 24 hours and 48 hours (n=6; p<0.0001). (g) Cell viability of primary astrocyte detected by
CCK-8 after incubating GSK-1059615 for 24 hours (n=6; p<0.0001). (h) Cell viability of primary astrocytes was detected
by CCK-8 after pretreatment for 24 hours with GSK-1059615 and then incubated with rotenone and GSK-1059615 for 48
hours. (n=6; p<0.0001). (i) Calcein-AM/PI staining of primary murine astrocytes after pretreatment for 2 hours with GSK-
1059615 and then incubated with rotenone and GSK-1059615 for 48 hours. Green: Calcein-AM, Calcein acetoxymethyl
ester; Red: PI, Propidium iodide. (scale bar=100 um) (j) After passing the normality and homogeneity of variance tests on
the fluorescence intensity data shown in (i), statistical analysis was performed using two-way ANOVA (n=4; p<0.0001).
P,....->0.1234 (ns indicates no significance), <0.0332 (*),<0.0021 (**),<0.0002 (***),<0.0001 (****). Values are presented
as means + SEM. Data are representative of at least three independent experiments.

(TIF)

S1 Table. AUROC, AUPRC, and F1-score values of the best MOGT model on the validation set on the hold-out test
dataset.
(XLSX)

S2 Table. Methods comparison on SCZ, AD, PD, BP, and MG. Performance was evaluated on the hold-out test set
using AUROC, F1-score, and AUPRC, with model selection conducted via 5-fold cross-validation.
(XLSX)

S3 Table. The positive prevalence in the test set for each disorder.
(XLSX)
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S4 Table. Ablation study on SCZ, AD, PD, BP, and MG. Performance was evaluated on the hold-out test set using
AUROC and F1-score, with model selection conducted via 5-fold cross-validation.
(XLSX)

S5 Table. The overlap between HRGs and LRGs predicted by MOGT on +500kb and *1Mb window size.
(XLSX)

S6 Table. The performance of MOGT on an alternative negative sample set excluding interactions from the BioG-
RID database. Performance was evaluated on the hold-out test set using AUROC, F1-score, and AUPRC, with model
selection conducted via 5-fold cross-validation.

(XLSX)

S7 Table. Number of HRGs and LRGs predicted by MOGT.
(XLSX)

S8 Table. Enrichment of PD-associated genes, DGEs, and SNPs in consensus co-expressed modules (CCMs) for
ten brain regions.
(XLSX)

S9 Table. Enrichment of PD-associated genes, DGEs, and SNPs in specific co-expressed modules (SCMs) for ten
brain regions.
(XLSX)

S10 Table. DGEs submitted to CMAP for drug candidate discovery.
(XLSX)

S$11 Table. Drug candidates.
(XLSX)

S$12 Table. The number of training set genes and candidate genes.
(XLSX)

S$13 Table. SNPs associated with brain disorders are utilized in this study.
(XLSX)

S14 Table. The list of significant SNPs for each disease.
(XLSX)

S$15 Table. Gene sets are associated with neurological disorders.
(XLSX)

S$16 Table. Periods of human development and adulthood defined by single-nucleus RNA sequencing data.
(XLSX)

S$17 Table. RNA-seq data were utilized for generating genes differentially expressed in patients and controls.
(XLSX)

S18 Table. Information on the 10 individuals utilized to generate enhancer-protein interactions (EPI).
(XLSX)

S$1 Raw Image. The original Western blot data of Fig_6a (TH, GAPDH, Phospho-a-SYN).
(TIF)
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S2 Raw Image. The original Western blot data of Fig_6a (GAPDH, a-SYN, MMP3, Vinculin).
(TIF)

S3 Raw Image. The original western blot data of S8d_Fig (TH, a-SYN, Phospho-a-SYN, Vinculin).
(TIF)
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