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Abstract

Background: Myasthenia Gravis (MG) is a chronic autoimmune neuromuscular disorder that severely impacts patients' quality of life. Identifying 
plasma and cerebrospinal fluid (CSF) proteins with a genetic causal relationship to MG may provide novel therapeutic targets.
Methods: This study employed the Mendelian randomization (MR) approach, in combination with Bayesian colocalization analysis, to assess the 
causal relationship between 4,185 plasma proteins and 832 CSF proteins and the risk of MG. Sensitivity analyses were also performed to validate 
the robustness of the MR results. Additionally, protein–protein interaction networks and candidate drug predictions were utilized to elucidate the 
complex interactions between proteins and identify potential drug targets.
Results: Three plasma proteins and five CSF proteins were significantly associated with MG risk. ALDH2, HSPA1A, PRSS8, MFRP, CTSH, SHBG, 
and TXNDC12 were found to increase MG risk, while IL36A was negatively correlated. Further colocalization analysis revealed strong evidence 
for the associations between PRSS8 and HSPA1A with MG (pph4 > 0.8), and substantial evidence for TXNDC12 and ALDH2 (0.8 > pph4 > 0.6).
Conclusion: This study employed proteomics-based MR to identify several plasma and CSF proteins significantly associated with the risk of MG. 
Notably, PRSS8, HSPA1A, TXNDC12, and ALDH2 emerge as potential therapeutic targets for MG. While these findings offer valuable insights into 
the pathological mechanisms of MG and the development of novel therapeutic strategies, further research is required to evaluate the feasibility 
and clinical efficacy of these candidate proteins.
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Introduction

Myasthenia Gravis (MG) is a chronic autoimmune neuromus-
cular junction disorder [1]. Ocular weakness is the most com-
mon initial symptom, but the condition often progresses to 
involve the medullary muscles, limbs, axial muscles, and respi-
ratory muscles, ultimately leading to generalized MG [2]. Stud-
ies indicate that the global prevalence of MG is approximately 
20 to 50 cases per 100,000 people, with an annual incidence 
ranging from 0.3 to 2.8 cases per 100,000 people. MG can 
occur at any age, though it is most common in young women 
and elderly men [3]. Standard treatment options include ace-
tylcholinesterase inhibitors, corticosteroids, and immunosup-
pressants [4]. For patients who show inadequate responses 
to drug therapy, thymectomy, intravenous immunoglobulin, 
and plasmapheresis are commonly utilized [5]. Although these 

treatments help control symptoms, they still have significant 
limitations. Drug therapy often requires lifelong treatment, 
which potentially lead to side effects such as gastrointestinal 
discomfort, muscle spasms, and an increased risk of infec-
tions [5, 6]. Plasmapheresis and immunoglobulin therapy pro-
vide rapid symptom relief but have a short duration of effect 
and are costly [7]. Thymectomy may benefit some patients, 
but it carries surgical risks, and its effectiveness in cases of 
late-onset or antibody-negative MG remains uncertain [5, 8]. 
Additionally, approximately 10-20% of patients show limited or 
no response to standard treatments [5], highlighting the urgent 
need for further research into the pathological mechanisms of 
MG and the identification of novel therapeutic targets.
Proteins play a crucial role in the pathophysiology of MG. In 
MG patients, autoantibodies bind to target antigens at the 
neuromuscular junction, activating the complement system, 
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inflammation, and the damage or functional alteration of ace-
tylcholine receptors, thus impairing neuronal signal transmis-
sion [9]. The circulating proteome comprises proteins from 
various cells and tissues throughout the body, which may be 
actively secreted into the bloodstream or passively released 
during cell damage or turnover, serving as biomarkers for dis-
ease [10]. A cohort study of MG patients found elevated serum 
amyloid A (SAA) levels in MG patients and promoted the ex-
pansion of CD4+ T cells and CD19+ B cell subpopulations [11]. 
Furthermore, IL-17 expression levels were correlated with the 
severity of the disease in MG patients, suggesting its potential 
promotive role in the pathogenesis of MG [12]. While no direct 
studies have yet utilized cerebrospinal fluid (CSF) proteins to 
identify therapeutic targets for MG a review article pointed out 
the importance of CSF analysis in MG patients to better un-
derstand the immune pathological processes associated with 
the disease, particularly for developing personalized treatment 
strategies for different MG subtypes [13]. Moreover, proteins 
are the targets of most pharmacological agents [14]. A ran-
domized, double-blind, placebo-controlled, multicenter phase 
3 clinical trial (ADAPT study, NCT03669588) demonstrated 
that efgartigimod improved clinical symptoms in MG patients 
by inhibiting the neonatal Fc receptor, significantly enhancing 
their quality of life [15]. However, despite the identification of 
associations between certain circulating proteins and MG, 
clarifying their causal relationship is hindered by factors such 
as small sample sizes and observational study designs. Con-
ducting large-scale randomized controlled trials to explore 
potential causal links between numerous proteins and MG re-
mains impractical.
Mendelian Randomization (MR) is a method that uses genetic 
variation as an instrumental variable to assess causal relation-
ships between exposures and outcomes. Genetic variations 
are determined before birth and are generally not influenced 
by postnatal environmental or behavioral factors, effectively 
minimizing the impact of confounding variables [16]. Proteom-
ics-based MR, which integrates pQTL of plasma and CSF pro-
teins and genome-wide association study (GWAS) data on MG, 
analyzes proteins that may influence MG, thereby completely 
avoiding reverse causality. As such, proteomics-based MR 
offers a novel approach to elucidating the molecular mecha-
nisms underlying MG and can also aid in identifying genetically 
supported drug therapy targets. This approach has the poten-
tial to enhance the success rate of clinical drug development.

Methods

Study Design
In this study, we utilized pQTL data from large-scale plasma 
and CSF proteomics studies and applied MR to investigate the 
genetic causal relationship between these proteins and MG. 
Additionally, we conducted protein-protein interaction (PPI) 
network construction and colocalization analysis on the sta-
tistically significant proteins identified in the MR analysis, with 
the goal of pinpointing the most promising therapeutic targets 
and predicting potential drugs. This approach aims to bridge 
basic research and clinical applications (Figure 1).

Exposure Data Source
We obtained single nucleotide polymorphisms (SNPs) data 

associated with plasma protein levels from the Fenland study. 
This genome-proteome association study included 10,708 
participants of European descent and collected data on 4,775 
plasma proteins using SomaScan v4 (http://www.omicscience.
org/apps/pgwas) [17]. Since the selected circulating proteins 
were based on cis-acting protein quantitative trait loci (cis-
pQTL), a total of 4,185 plasma proteins were included in the 
subsequent analysis.
The SNP data associated with CSF protein levels were derived 
from a genome-proteome association study conducted by the 
Washington University School of Medicine, which included 
971 participants. Using an aptamer-based high-throughput 
proteomics platform, 1,305 proteins were detected. Following 
stringent quality control, 835 CSF protein data points were ob-
tained [18]. After excluding duplicate-sequenced proteins, 832 
CSF proteins were included in the subsequent analysis.

Outcome Data Source
In this study, our outcome data were sourced from the largest 
MG meta-GWAS study conducted in the United States and 
Italy. The study included 1,873 acetylcholine receptor anti-
body-positive (AChR+) MG patients and 36,370 healthy con-
trols, excluding all muscle-specific kinase antibody-positive 
(MuSK+) patients. Data were collected through collaboration 
among institutions including Johns Hopkins University, the 
National Institute on Aging, the University of Pisa, and the 
Catholic University of Rome, with ethical approval from all par-
ticipating institutional review boards [19].

Selection of Instrumental Variables 
In conducting the MR analysis, we selected cis-pQTLs that di-
rectly regulate protein expression levels as instrumental vari-
ables (IVs), with cis-pQTLs spanning a gene range of ±1Mb. 
The selection of SNPs was performed based on three main as-
sumptions: 1) SNPs highly correlated with plasma proteins 
were selected, and these SNPs met the significance threshold 
(P-value < 5 × 10 -8 ); 2) The linkage disequilibrium (LD) param-
eter threshold (r2) was set to 0.001, and SNPs were required 
to be at least 10,000 kb apart to ensure independence between 
SNPs and minimize the impact of LD; 3) Weak IVs, defined as 
those with an F-statistic < 10 were excluded to ensure a stable 
and reliable association with the exposure; 4) SNPs strongly 
associated with the outcome (P-value > 5 × 10-8 ) were exclud-
ed.

Statistical Analysis
In this MR study, we employed several statistical methods to 
assess the potential causal relationship between circulating 
proteins and MG. When two or more IVs were available, the 
inverse variance weighted (IVW) method was chosen as the 
primary analytical tool [20]. For proteins with only a single 
instrumental variable, the Wald ratio method was applied to 
estimate the change in the log-odds ratio of MG risk for each 
standard deviation (SD) increase in protein levels. To control 
for the expected false-discovery rate, we applied the Benjami-
ni-Hochberg (B-H) correction to adjust for p-values resulting 
from multiple tests and set the statistical significance thresh-
old at PFDR < 0.1 to enhance the reliability of the results [21].
Additionally, we conducted sensitivity analyses using Co-
chran's Q test, MR-Egger, and MR-PRESSO methods. Cochran's 
Q statistic was used to assess the heterogeneity among the 
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Figure 1. Flow Chart of the Overall Study Design. It begins with the exposure of proteins derived from the Fenland study (4775 
plasma proteins) and the Genomic Atlas of CSF proteins (835 proteins). The outcome is MG, based on GWAS data for 1873 cas-
es and 36, 370 controls. The study employs two-sample Mendelian randomization to assess causal relationships, with significant 
findings (P < 0.05 and PFDR < 0.1) showing that three plasma proteins and five CSF proteins have a genetic causal effect on MG. 
Further analysis includes colocalization and enrichment analyses.

selected IVs, with a P-value < 0.05 indicating significant hetero-
geneity. The MR-Egger method evaluates causality under the 
InSIDE assumption and can be performed even in the absence 
of valid IVs. A significant intercept in the MR-Egger method 
suggests the possibility of pleiotropy, indicated by a P-value 
< 0.05. The MR-PRESSO method, implemented through the 
"MR-PRESSO" package, identifies and removes SNP outliers 
with horizontal pleiotropy. However, in cases where the num-
ber of SNPs is small, it may be insufficient for effective analy-
sis of heterogeneity and pleiotropy [22]. Finally, the MR-Steiger 
test assesses the directionality of causal effects by comparing 
the variance ratio of IVs between the exposure and outcome 
variables, thus evaluating the applicability of the IVs [23].

pQTL-GWAS Colocalization Analysis
To assess whether two traits share causal variants in a sin-
gle region, we performed colocalization analysis using the 
default prior probabilities of the coloc R package [24]. For 
each cis-protein gene locus, the Bayesian method tested five 
mutually exclusive hypotheses: 1) no association with either 

trait (H0); 2) only associated with protein levels (H1); 3) only 
associated with MG risk (H2); 4) associated with both protein 
levels and MG risk, but with independent genetic variants for 
each trait (H3); 5) protein levels and MG risk share the same 
genetic variants (H4). In this study, the degree of colocalization 
support was measured using the posterior probability (pph4).

PPI Network and Potential Drug Prediction
Due to the presence of the blood-brain barrier (BBB), the con-
nection between plasma pQTLs and CSF pQTLs may be rela-
tively weak. To further identify protein targets associated with 
MG risk and to understand protein interactions in different 
tissue environments, we constructed PPInetworks for plasma 
and CSF proteins using the GeneMANIA tool [25].
Proteins are the fundamental units of bodily functions and 
represent one of the key categories of druggable targets [26], 
this study subsequently utilized the Drug Signatures Database 
(DSigDB) to predict potential drugs and assess the druggabil-
ity of genes corresponding to these target proteins [27]. The 
database contains 22,527 gene sets, encompassing 17,389 

A
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compounds and 19,531 genes, offering researchers a powerful 
tool for identifying and validating potential drug-target genes.

Results

Plasma and CSF Proteins and MG Risk: MR Analysis
Our team employed the IVW method and the Wald ratio meth-
od to comprehensively assess the effects of 4,185 plasma 
pQTLs and 832 CSF pQTLs on the risk of MG. Ultimately, we 
identified 95 plasma proteins and 23 CSF proteins associated 
with MG risk (P < 0.05). We then applied B-H correction to ad-
just the p-values, and the results indicated that three plasma 
proteins—Aldehyde Dehydrogenase 2 (ALDH2), Heat Shock 
Protein Family A Member 1A (HSPA1A), and Serine Protease 8 
(PRSS8)—and five CSF proteins—Interleukin 36 Alpha (IL36A), 
Membrane Frizzled-Related Protein (MFRP), Cathepsin H 
(CTSH), Sex Hormone Binding Globulin (SHBG), Thioredoxin 
Domain Containing 12 (TXNDC12)—have a genetic causal 
relationship with MG risk (PFDR < 0.1). Specifically, higher ex-
pression levels of plasma ALDH2 (OR = 2.32, 95% CI: 1.48-3.62, 
P = 2.22e-04, PFDR = 0.079), HSPA1A (OR = 2.68, 95% CI: 1.59-
4.51, P = 2.16e-04, PFDR = 0.079), and PRSS8 (OR = 6.89, 95% 
CI: 3.00-15.86, P = 5.62e-06, PFDR = 0.008) increase the risk of 
MG (Figure 2). Regarding CSF proteins, higher expression lev-
els of MFRP (OR = 2.81, 95% CI: 1.74-4.54, P = 2.38e-05, PFDR = 
0.005), CTSH (OR = 2.75, 95% CI: 1.68-4.49, P = 5.49e-05, PFDR = 
0.006), SHBG (OR = 6.20, 95% CI: 2.02-19.09, P = 1.47e-03, PFDR 
= 0.062), and TXNDC12 (OR = 21.17, 95% CI: 3.66-122.49, P = 
6.52e-04, PFDR = 0.046) were found to increase the risk of MG, 
whereas higher expression of IL36A (OR = 0.35, 95% CI: 0.19-
0.66, P = 1.25e-03, PFDR = 0.062) was negatively correlated with 
MG risk (Figure 3). Detailed data are shown in the Supplemen-
tary Materials.
Sensitivity analysis further confirmed the reliability of the 
study findings. MR-Steiger testing validated the positive causal 

Figure 2. Forest Plot Displaying Plasma Proteins Genetically Associated with MG. The data shown represent the odds ratios with 95% confidence 
intervals, where PFDR < 0.1 was considered statistically significant. Proteins identified include PRSS8, HSPA1A, and ALDH2, with the corresponding 
P-values and PFDR values indicated for each protein.

Figure 3. Forest Plot Displaying CSF Proteins Genetically Associated with MG. The data shown represent the odds ratios with 95% confidence 
intervals, where PFDR < 0.1 was considered statistically significant. Proteins identified include IL36A, MFRP, SHBG, TXNDC12, and CTSH, with the 
corresponding P-values and PFDR values indicated for each protein.

effect of the eight identified proteins on MG risk. Additionally, 
Cochran's Q test, MR-Egger, and MR-PRESSO analysis for pro-
teins with more than three SNPs all yielded p-values greater 
than 0.05, indicating no significant heterogeneity or horizontal 
pleiotropy among the selected IVs.

Bayesian Colocalization Analysis
The Bayesian colocalization results (Table 1) revealed that 
PRSS8 and HSPA1A exhibited strong colocalization with MG 
(pph4 > 0.8), suggesting these proteins share the same ge-
netic variants as MG and can be considered as primary drug 
candidate targets [28]. Meanwhile, TXNDC12 and ALDH2 
showed pph4 values between 0.6 and 0.8, indicating moderate 
colocalization strength, and may be considered as secondary 
candidate therapeutic targets. Detailed data are shown in the 
Supplementary Materials.

Protein pph4

PRSS8 9.85E-01

HSPA1A 8.82E-01

TXNDC12 7.31E-01

ALDH2 6.51E-01

SHBG 3.96E-01

CTSH 1.26E-02

IL36A 1.62E-05

MFRP 2.53E-06

Table 1. The pph4 values from the colocalization analysis of proteins 
with PFDR < 0.1.

*pph4: The posterior probability that proteins and MG share the same 
causal variant

A

A

A
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PPI Network and Potential Drug Prediction
Plasma and CSF proteins significantly associated with MG 
risk (P < 0.05) were input into GeneMANIA for protein network 
construction. In addition to the input proteins, each network 
was expanded to include 20 potential interacting genes. The 
plasma protein network was primarily driven by co-expression 
mechanisms (55.75%), predictive models (17.10%), physical 
interactions (11.86%), and colocalization (9.29%). The func-
tions of this network mainly included axonogenesis, glycos-
aminoglycan binding, neuronal projection guidance, regulation 
of chemotaxis, positive regulation of cell adhesion, ERK1 and 
ERK2 signaling cascades, and positive regulation of α-β T cell 
activation (PFDR < 0.05). Detailed data are shown in the Supple-
mentary Materials.
The CSF protein network was primarily connected through 
co-expression mechanisms (63.96%), with additional con-
nections involving colocalization (16.67%), shared protein 
domains (14.07%), and genetic interactions (5.30%). The net-
work's functions mainly include fucosyltransferase activity, 
positive regulation of cell adhesion, CD4-positive α-β T cell 
cytokine production, and T cell- and lymphocyte-mediated 
immunity, which form the core mechanisms of the immune re-
sponse. Detailed data are shown in the Supplementary Materi-
als. Notably, IL18 was identified as a potential interacting gene 
in both protein networks.
Subsequently, we compiled the same-named genes of IL18 
and the significant proteins from the two proteomics datasets 
and used the DSigDB database via the open-source Enrichr 
platform (https://maayanlab.cloud/Enrichr/) to predict candi-
date drugs associated with these genes [29]. The results were 
ranked by adjusted p-values, from smallest to largest. Figure 
4 displays the clustering of the top 20 chemical compounds 
with adjusted p-values less than 0.05, along with all target 
genes. The results show that arsenous acid (Arsenous acid 
CTD 00000922) had the smallest adjusted p-value, indicating 
the highest significance. Most of the genes interacted with 
retinoic acid (Retinoic acid CTD 00006918), benzo(a)pyrene 
(benzo[a]pyrene CTD 00005488), and estradiol (estradiol CTD 
00005920). Detailed data are shown in the Supplementary Ma-
terials.

Discussion

To our knowledge, this study is the first to combine plasma 
and CSF proteomics to explore new therapeutic targets for 
MG. Through rigorous multi-condition restrictions, we iden-
tified three plasma proteins and five CSF proteins that have 
a significant genetic causal relationship with MG risk. The 
results demonstrate that high expression of PRSS8, HSPA1A, 
TXNDC12, ALDH2, SHBG, CTSH, MFRP, and low expression of 
IL36A are positively associated with MG susceptibility. Among 
these, PRSS8 and HSPA1A showed strong colocalization sup-
port (pph4 > 0.8), while TXNDC12 and ALDH2 exhibited mod-
erate colocalization support (0.8 > pph4 > 0.6). Additionally, 
the complex interactions between proteins were visualized 
through the PPInetwork. Based on the expanded results from 
both plasma and CSF protein interaction networks, we inferred 
that IL18 is also closely related to MG risk. Finally, drug predic-
tions may facilitate the translation of basic research findings 
into clinical applications, optimize the research and develop-

ment process, and reduce drug development costs.
PRSS8, also known as Prostasin, is a member of the serine 
protease family. Previous studies have shown that PRSS8 
(Prostasin) is co-expressed with Matriptase during embryonic 
development, and that Prostasin can indirectly participate in 
extracellular matrix remodeling by activating Matriptase [30]. 
Additionally, Prostasin influences the migration and adhesion 
of immune cells, a mechanism confirmed in the tumor micro-
environment [31]. We hypothesize that, during the pathogene-
sis of MG, PRSS8 may contribute to abnormal attacks on the 
neuromuscular junction by affecting the migration and local-
ization of lymphocytes, thereby exacerbating disease progres-
sion. Moreover, one study suggests that PRSS8 can regulate 
the Toll-like receptor 4 (TLR4)-mediated signaling pathway, af-
fecting the expression of inflammatory factors such as TNF-α, 
IL-6, and IL-1β [32]. Another study indicates that PRSS8 can 
modulate the expression of inflammatory factors (including 
IL-6 and IL-8) in prostate epithelial cells through the regulation 
of PAR-2 and associated signaling pathways [33]. These in-
flammatory factors, including TNF-α, IL-6, and IL-1β, have been 
established as key regulators in the autoimmune response 
of MG [34]. Based on existing research and our MR analysis, 
we propose that changes in the expression levels and activity 
of PRSS8 could be a crucial molecular event leading to the 
onset of MG. Future studies should focus on investigating the 
expression of PRSS8 and its related signaling pathways in MG 
patients to further validate this hypothesis.
HSPA1A, a member of the heat shock protein 70 (HSP70) fam-
ily, primarily functions as a molecular chaperone that prevents 
the aggregation of misfolded proteins [35]. It plays a central 
role in various biological processes, including stress response, 
signal transduction, and cell cycle regulation [36]. HSPA1A 
can bind to peptide fragments generated within the cell due to 
stress or injury and subsequently release them extracellularly. 
These HSPA1A-peptide complexes can be recognized and in-
ternalized by antigen-presenting cells (APCs), where they are 
presented to T cells via MHC molecules, subsequently trigger-
ing a specific T cell response against self-antigens [37]. In the 
context of MG, if these peptides originate from the acetylcho-
line receptor, they may lead to misrecognition of these self-an-
tigens by T cells, activating B cells to produce corresponding 
autoantibodies, thus exacerbating the disease. Furthermore, 
the interaction between HSPs and APCs can promote the se-
cretion of inflammatory cytokines by macrophages, further 
amplifying the autoimmune response [37, 38]. Interestingly, 
studies have shown that compared to healthy controls, the 
mRNA expression level of HSPA1A in the peripheral blood 
mononuclear cells (PBMCs) of MG patients is significantly 
reduced [35]. This suggests a more complex potential rela-
tionship than initially expected, warranting further research to 
resolve this paradox and better understand the role of HSPA1A 
in the pathogenesis of MG [35].
TXNDC12, also known as AGR1, TLP19, or ERP18/19, is a 
member of the protein disulfide isomerase (PDI) family and 
plays a crucial role in the proper folding of proteins [39]. While 
research on the relationship between TXNDC12 and the risk of 
MG remains limited, an increasing body of evidence suggests 
that sustained protein misfolding can initiate apoptotic cas-
cades, contributing to the development of various neurological 
diseases [40]. ALDH2 is primarily responsible for the me-
tabolism of acetaldehyde in the body and is a key enzyme in 
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Figure 4. Top 20 Chemical Compounds Targeting Genes Corresponding to Proteins Associated with MG Risk. This figure visualizes the results 
from the DSigDB database via the Enrichr platform, which predicts candidate drugs associated with genes whose corresponding proteins are 
linked to MG risk (P < 0.05). The chemical compounds are ranked by adjusted p-values, with the top 20 compounds having p-values less than 
0.05 displayed. The red bars along the horizontal axis represent the strength of the association between each chemical compound and the corre-
sponding genes, with longer bars indicating stronger associations.

A
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maintaining cellular metabolic balance and reducing oxidative 
stress [41]. Like TXNDC12, the association between ALDH2 
and MG risk has been infrequently reported. However, in this 
multi-omics MR study, the levels of TXNDC12 and ALDH2 were 
found to exhibit strong positive correlations with MG risk. This 
genetic finding implies a complex pathophysiological relation-
ship between TXNDC12, ALDH2, and MG. Therefore, future 
research should focus on elucidating the biological functions 
of these proteins and the associated molecular pathways in-
volved in the pathogenesis of MG, with the aim of identifying 
potential new therapeutic targets for the disease.
This study leveraged a large-scale Finnish plasma protein 
dataset, along with data from over 900 CSF proteins, and 
the largest available GWAS on MG to conduct a MR analysis, 
thereby enhancing the robustness of the findings. Additionally, 
we employed multiple methodological strategies to minimize 
potential confounding factors. Specifically, we used the Steiger 
test to mitigate the influence of reverse causality. For plasma 
proteins, we prioritized cis-pQTLs, located at or near the gene 
encoding the target proteins, over trans-pQTLs and eQTLs 
due to their substantial contribution to explaining protein ex-
pression [42]. The B-H correction was applied to control for 
the false-positive rate, and gene colocalization analysis was 
conducted to further enhance the robustness of the statistical 
results. Finally, through PPInetworks and potential drug predic-
tions, we offer novel insights for the development of MG thera-
pies.
However, our study has several limitations. First, this research 
is based on data from populations of European ancestry, which 
limits the generalizability of the results to different ancestral 
groups. Second, although the study encompassed a broad 
range of proteins, it may have overlooked other potential thera-
peutic targets due to the selection of variables based on strin-
gent significance thresholds. Furthermore, drug predictions 
and the construction of interaction networks were based on 
the gene names corresponding to the proteins. The function 
and regulation of proteins are influenced by multiple factors, 
including environmental interactions and epigenetic modifica-
tions, which were not fully considered in this study, potentially 
oversimplifying the pathways through which proteins affect 
MG. Finally, MG exists in two subtypes, AChR+ and MuSK+, but 
we did not distinguish between these subtypes when selecting 
the outcome data sources, potentially overlooking target spec-
ificity.

Conclusion

In conclusion, our study suggests that the levels of three plas-
ma proteins and five CSF proteins are causally associated with 
the risk of MG. Among these, PRSS8, HSPA1A, TXNDC12, and 
ALDH2 are promising candidates for new therapeutic targets. 
Our research provides new perspectives for understanding the 
pathogenesis of MG. However, further studies are needed to 
confirm the association between these candidate plasma pro-
teins and MG risk to establish their clinical relevance.
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