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Abstract

Background: Systemic lupus erythematosus (SLE) is a complex autoimmune disease that severely impacts patient quality of life. Current treat-
ments primarily manage symptoms rather than cure the disease, emphasizing the need for a deeper understanding of its pathogenesis and the 
discovery of novel therapeutic targets. Circulating proteins are thought to play a critical role in SLE risk, but their causal relationships remain un-
derexplored.
Methods: This study used pQTL and genome-wide association study (GWAS) data to perform a two-sample Mendelian randomization (MR) anal-
ysis to investigate the genetic causal relationships between circulating proteins and SLE. We identified proteins potentially associated with SLE 
risk and further analyzed their roles in immune regulation and inflammation using Protein-Protein Interaction (PPI) networks. Colocalization anal-
ysis was conducted to validate the associations of key proteins with SLE.
Results: Our analysis identified 82 plasma proteins potentially causally linked to SLE risk (p < 0.05). Colocalization analysis confirmed the asso-
ciation of proteins such as TNFAIP3, PDHX, and CTSF with SLE, underscoring their critical role in disease pathogenesis. Additionally, PPI network 
analysis revealed that these proteins are involved in immune modulation and inflammatory pathways, further supporting their relevance as thera-
peutic targets.
Conclusion: This study identifies 82 plasma proteins that may play a causal role in SLE, with TNFAIP3, PDHX, and CTSF emerging as promising 
therapeutic targets. These findings provide a foundation for future research aimed at developing precision therapies for SLE.
Keywords: Systemic Lupus Erythematosus; Mendelian Randomization; Circulating Proteins; Colocalization Analysis; Protein-Protein Interaction 
Network
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Exploring the Causal Relationship Between Plasma Proteins and Systemic 
Lupus Erythematosus: A Mendelian Randomization Study

Introduction

Systemic lupus erythematosus (SLE) is a chronic, multi-system 
autoimmune disorder characterized by widespread immune 
dysregulation, autoantibody production, and tissue inflamma-
tion that profoundly affects the quality of life and imposes sig-
nificant socio-economic burdens [1, 2]. The global annual in-
cidence of SLE is approximately 5.14 per 100,000 (1.4 to 15.1 
per 100,000), while the prevalence is 43.7 per 100,000 (15.9 
to 108.9 per 100,000). The incidence and prevalence rates 
are significantly higher in females than in males, particularly 
among women of reproductive age. Additionally, the incidence 
and prevalence are higher in high-income countries and re-
gions [3]. The conventional treatment regimen for SLE includes 

nonsteroidal anti-inflammatory drugs (NSAIDs), antimalarials, 
corticosteroids, and immunosuppressants [4]. Though effec-
tive in many cases, these treatments come with limitations 
in managing long-term disease progression and preventing 
irreversible organ damage, leading to ongoing research for 
better management strategies. Recent advancements have in-
troduced biologic agents, offering new therapeutic avenues for 
SLE management. For instance, belimumab, approved by the 
U.S. Food and Drug Administration (FDA), targets the B-lym-
phocyte stimulator (BLyS) to curtail autoantibody production 
[5]. Despite the diversity of treatment options, therapeutic out-
comes for SLE vary considerably among individuals, and most 
strategies prioritize symptom management over disease erad-
ication [6]. Moreover, long-term use of existing medications 
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can lead to serious adverse effects, including infections, oste-
oporosis, and retinal disorders [6]. This underscores the need 
for therapeutic strategies that not only manage symptoms but 
also target the underlying pathophysiology of SLE, aiming for 
disease remission and preventing flare-ups.
Proteins play a crucial role in immune regulation and inflam-
matory responses, both of which are closely associated with 
the pathophysiological processes of SLE [7]. For example, 
complement activation is one of the key pathological mecha-
nisms leading to tissue inflammation and damage in SLE [8]. 
Furthermore, proteins are primary targets for pharmacological 
interventions [9]. In two Phase III trials, anifrolumab, which 
blocks the type I interferon receptor 1 (IFNAR1), received 
approval for treating SLE [10]. This represents a shift toward 
targeting specific molecular pathways to control disease ac-
tivity in SLE, highlighting the potential of precision medicine in 
autoimmune disorders. The circulating proteome, comprising 
proteins released both actively and passively into the bloods 
from various tissues and cells [11], has been confirmed its 
correlation with SLE. Yong Dai's team utilized data-dependent 
acquisition (DDA) and data-independent acquisition (DIA) 
proteomics techniques to identify three proteins as potential 
biomarkers for diagnosing SLE [12]. Liu et al. applied TMT-la-
beled quantitative proteomics alongside enzyme-linked immu-
nosorbent assays (ELISA) to demonstrate notable differences 
in the serum levels of SAA1 and CD248 between SLE patients 
and healthy controls [13]. Nonetheless, current research is 
constrained by small sample sizes, a limited protein range, and 
potential confounding factors. Additionally, the variability in 
patient populations and the complexity of autoimmune diseas-
es like SLE make it challenging to pinpoint universal biomark-
ers or therapeutic targets. Conducting randomized controlled 
trials to investigate the potential causal relationships between 
numerous proteins and SLE is also challenging.
Mendelian Randomization (MR) employs genetic variations 
as instrumental variables (IVs) to establish causal relation-
ships between exposures and outcomes, effectively mitigating 
confounding factors and preventing reverse causality [14, 
15]. The power of MR lies in its ability to discern causal rela-
tionships through genetic instruments, and it has emerged as 
a robust tool in autoimmune disease research. In this study, 
we conducted a two-sample MR analysis using pQTL data 
derived from extensive proteomics studies and genome-wide 
association study (GWAS) data for SLE to explore the genetic 
causal relationship between these elements. Additionally, we 
constructed a protein-protein interaction (PPI) network and 
performed colocalization analysis for proteins statistically 
significant in the MR analysis. These analyses enable a more 
comprehensive understanding of the biological pathways in-
volved in SLE and help to identify proteins that could be target-
ed for therapeutic interventions. This comprehensive approach 
is aimed at identifying potential therapeutic targets for SLE 
and providing valuable insights for future clinical applications 
(Figure 1).

Methods

Source of Exposure Data
We obtained single nucleotide polymorphisms (SNPs) data 
associated with plasma protein levels from the Fenland study. 

The Fenland study provided a robust dataset for understand-
ing the genetic underpinnings of complex diseases, with a 
large sample size and comprehensive data on genetic varia-
tions. This research carried out a genome-wide proteomics 
association study involving 10,708 participants of Europe-
an ancestry, assessing 4,775 plasma proteins utilizing the 
SomaScan v4 assay (http://www.omicscience.org/apps/
pgwas) [16].

Source of Outcome Data
The outcome of interest, SLE, was studied using GWAS data 
obtained from the Finnish Genetic Study (FinnGen), a col-
laborative research initiative that links genetic data from the 
Finnish biobank with detailed health records from national 
registries. This study extracted over 500,000 samples from 
the Finnish biobank, integrating longitudinal phenotypic data 
and digital health records from the national health registry 
[17]. We accessed the publicly available FinnGen R10 data-
set (https://r10.finngen.fi/), which included data on 1,083 
SLE cases and 306,504 controls [17]. The inclusion of lon-
gitudinal data allows for the identification of incident SLE 
cases, reducing the risk of misclassification bias compared 
to cross-sectional studies.

Study Design
In this research, we performed a comprehensive two-sample 
MR analysis to evaluate the causal relationship between 
circulating proteins and SLE. MR analysis has become in-
creasingly popular in exploring the causal pathways involved 
in autoimmune diseases due to its ability to minimize biases 
inherent in observational studies. To ensure the validity of 
the results, the MR analysis mandated that the selected IVs 
satisfy three critical criteria: (1) the IVs must demonstrate 
a significant direct association with the exposure variable 
(circulating proteins); (2) the IVs must be independent of any 
confounders that could affect the exposure-outcome rela-
tionship; (3) the influence of the IVs on the outcome must be 
mediated exclusively through the exposure, with no alterna-
tive causal pathways [18].

Selection of Instrumental Variables
Informed by the three assumptions outlined previously and 
recent research findings, stringent criteria for SNP selection 
were applied: (1) SNPs must be significantly associated 
with circulating proteins, adhering to a stringent significance 
threshold (P < 5 × 10-8) [19]; (2) To ensure the independence 
of the selected IVs and mitigate the effects of linkage dis-
equilibrium (LD), SNP clustering methods were utilized (r² = 
0.001, kb = 10,000) [20]; (3) IVs with an F-statistic less than 
10, generally considered weak, were excluded to avoid insta-
bility and bias in effect estimation [21]; (4) SNPs strongly as-
sociated with the ou tcome variable (P < 5 × 10-8) were also 
excluded to prevent direct causal interference with the out-
come [22]; (5) Cis-protein quantitative trait loci (cis-pQTLs) 
spanning a gene range of ±1Mb were selected. Located at or 
near the gene encoding the target proteins, cis-pQTLs are fa-
vored for their substantial contribution to explaining protein 
expression by directly regulating transcription, mRNA splic-
ing, or translation, compared to trans-pQTLs, which act at a 
distance and may have more complex or indirect effects [23]. 
This selection criterion enhances the power of our study by 
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ensuring that the genetic variants selected are likely to have a 
direct and significant impact on protein expression, reducing 
the likelihood of bias due to unrelated genetic effects.

MR Analysis and Sensitivity Analysis
In this study, we conducted two-sample MR analysis using R 
software (version 4.3.3) and the "TwoSampleMR" package, 
employing various statistical methods to assess the potential 
causal relationship between circulating proteins and the risk of 
SLE. We employed the inverse variance weighted (IVW) meth-
od as the primary analytical tool when two or more IVs were 
available. Additionally, when the number of IVs was three or 
more, the weighted median (WM) and Mendelian randomiza-
tion-Egger (MR-Egger) methods were also implemented. For 
proteins represented by a single IV, the Wald ratio method was 
applied to estimate the change in the log odds ratio of SLE risk 
per one standard deviation (SD) increase in protein levels [24].
Additionally, we performed sensitivity analysis using Cochran's 
Q test, MR-Egger, and MR-PRESSO methods. The Cochran's 
Q statistic was used to assess heterogeneity among the se-
lected IVs, with a P < 0.05 indicating significant heterogeneity. 
A significant intercept in the MR-Egger method suggested 
potential pleiotropy, which was considered if the P < 0.05 
[25]. The MR-PRESSO method, utilized via the "MR-PRESSO" 

package, aimed to identify and remove SNP outliers with 
horizontal pleiotropy. P < 0.05 in the MR-PRESSO global test 
typically indicates the presence of horizontal pleiotropy in the 
IVs. However, when the number of SNPs is small (nSNP < 3), 
this method may be insufficient for effective heterogeneity 
and pleiotropy analysis [26]. Lastly, the MR-Steiger test was 
applied to evaluate directional causality by comparing the pro-
portion of variance explained by the IVs in relation to both the 
exposure and outcome variables, thus assessing the suitability 
of the IVs [27]. In our analysis, P < 0.05 for the MR-Steiger test 
was considered indicative of a valid causal direction. These 
multiple sensitivity analyses ensure that our findings are ro-
bust to violations of the MR assumptions, minimizing the risk 
of false-positive causal associations.

pQTL-GWAS Co-localization Analysis
To determine whether protein expression levels and SLE risk 
share causal variants within the same genomic region, we per-
formed a colocalization analysis using the "coloc" R package 
with default prior probabilities [28]. Bayesian methods were 
applied to each cis-gene locus of the proteins to evaluate five 
mutually exclusive hypotheses: (1) No significant association 
with either trait (H0); (2) Associated only with protein levels 
(H1); (3) Associated only with SLE risk (H2); (4) Association 

Figure 1. Flow Chart of the 
Overall Study Design. This 
study examines the poten-
tial genetic causal effects 
of plasma proteins on the 
risk of SLE using MR. The 
exposure (plasma proteins) 
was assessed using data 
from the Fenland study, 
comprising 4,775 plasma 
proteins.  The outcome 
(SLE) was analyzed using 
data from the FinnGen 
study, which included 1,083 
cases and 306,504 con-
trols. Cis-pQTLs variables 
with specific criteria were 
used to assess the causal 
relationship. The analy-
sis revealed 82 proteins 
demonstrating a genetic 
causal effect on SLE risk. 
Additional analyses were 
conducted on protein-pro-
tein interaction and colo-
calization to further vali-
date the findings.

A
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with both traits, driven by distinct causal variants (H3); (5)  
Both traits driven by the same causal variant (H4). In our analy-
sis, co-localization was deemed supported when the posterior 
probability of sharing pathogenic variants (pph4) exceeded 0.6 
[29].

PPI Network
To enhance our understanding of the interactions between 
proteins, we constructed a PPI network using the STRING da-
tabase (version 11.5, https://cn.string-db.org/), a comprehen-
sive resource that integrates experimental data, computational 
predictions, and text mining to catalog protein-protein inter-
actions [30]. We developed the PPI network with a minimum 
interaction threshold of 0.4 (medium confidence), maintaining 
other parameters at their default settings. The PPI network is 
essential for visualizing protein interactions and uncovering 
potential signaling pathways involved in SLE.

Results

Circulating proteins and SLE risk mendelian analysis results
In this study, due to the stringent selection criteria for IVs, 
only 1581 of the 4,775 circulating proteins assessed in the 
Fenland study were included in the analysis. This rigorous 
filtering ensures that the remaining proteins are associated 
with high-quality, independent genetic instruments, minimizing 
the risk of bias. MR analysis revealed that 82 plasma proteins 
were potentially causally associated with SLE risk (P < 0.05) 
as shown in Figure 2. This substantial number of proteins of-
fers valuable insights into the complex interplay of molecular 
factors contributing to SLE. Specifically, high expression of 46 
proteins and low expression of 36 proteins are positively cor-

related with an increased risk of SLE. Additionally, for proteins 
with at least three SNPs (nSNP ≥ 3), 13 proteins were further 
validated by the WM method as being associated with SLE risk 
(P < 0.05) (Table S1).
The minimum F-statistic for the selected IVs for each protein 
was 23.926, far exceeding the threshold of 10, confirming their 
strength as robust instruments. The p-values of the Steiger 
test ranged from 0 to 9.01E-06, affirming that the directionality 
of the IVs is consistent with the fundamental assumptions of 
the MR analysis. Additionally, the MR-Egger intercept tests for 
each protein indicated no evidence of horizontal pleiotropy (P 
> 0.05), with further details available in Table S1, supporting 
the validity of our causal inferences.

Co-localization Analysis
Bayesian co-localization analysis was conducted on 82 circu-
lating proteins that showed statistically significant associa-
tions, encompassing both upstream and downstream regions 
(detailed results are presented in Table S2). Co-localization 
analysis is a crucial step in understanding the genetic mech-
anisms that may underlie both the exposure (protein levels) 
and the outcome (SLE). The analysis revealed co-localization 
between SLE and several proteins, namely PDHX (pph4 = 0.67), 
CTSF (pph4 = 0.64), and TNFAIP3 (pph4 = 0.66), suggesting 
that these proteins may share common genetic variants with 
SLE (Figure 3).

PPI networks
A total of 82 proteins (P < 0.05) were entered into the STRING 
database to construct a protein network. Given the study's 
threshold for minimum interaction strength of 0.4, only 50 im-
ported proteins successfully formed a network with other sup-
plementary proteins, collectively comprising 82 nodes and 54 

Figure 2. Mendelian Randomization Analysis Identified 82 Plasma Proteins Potentially Causally Linked to SLE Risk (p < 0.05). (A) Presents the 
analysis for proteins with a single associated SNP (nSNP = 1) using the Wald ratio test in the Mendelian Randomization (MR) analysis. (B) De-
picts proteins with multiple associated SNPs (nSNP > 1) using the Inverse Variance Weighted (IVW) method in the MR analysis.

A
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Figure 3. Colocalization Analysis of TNFAIP3, PDHX, and CTSF with SLE Risk. (A) Illustrates the co-localization pattern of TNFAIP3 with SLE; 
the upper image shows pQTLs for TNFAIP3 plasma protein levels, and the lower image displays genetic associations with SLE, with key variant 
rs59693083 exhibiting significant colocalization. (B) Depicts the co-localization pattern of PDHX with SLE; the upper image presents pQTLs for 
PDHX plasma protein levels, and the lower image shows genetic associations with SLE, with key variant rs12289762 demonstrating significant 
colocalization. (C) Presents the co-localization pattern of CTSF with SLE; the upper image displays pQTLs for CTSF plasma protein levels, and 
the lower image illustrates genetic associations with SLE, with key variant rs4920540 showing significant colocalization, indicating shared causal 
variants for protein expression and SLE across all panels.

A
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edges (Figure 4). Subsequent network functional enrichment 
analysis (Figure S1) identified several proteins significantly in-
volved in biological processes such as inflammatory response 
and immune system regulation, with PFDR values of 1.1e-
04 and 4.8e-04, respectively. These processes are intimately 
connected to the pathophysiology of SLE [31, 32], as chronic 
inflammation and immune dysregulation are hallmarks of the 
disease.

Discussion

This proteomics MR study investigated the causal relation-
ships between 4775 plasma proteins and the risk of SLE, lever-
aging large-scale pQTL and GWAS datasets to overcome lim-
itations of previous observational studies. Employing stringent 
selection criteria, we identified 82 plasma proteins significantly 
associated with SLE risk. Notably, proteins such as TNFAIP3, 
PDHX, and CTSF appear to share the same causal variants as 
the disease, as evidenced by colocalization analysis. The iden-
tification of these proteins highlights their potential as novel 
therapeutic targets and biomarkers for early diagnosis of SLE, 
addressing the unmet need for more effective and personal-
ized treatments.

TNFAIP3 is an ubiquitin-editing enzyme extensively document-
ed to act as an endogenous negative feedback regulator of 
inflammatory responses by inhibiting NF-κB signaling pathway 
activity [33, 34]. However, TNFAIP3 also promotes the phos-
phorylation of receptor-interacting protein 3 (RIP3) through 
deubiquitination [35], thereby activating the NLRP3 inflam-
masome pathway, which contributing to the development of 
lupus nephritis [36]. This dual role of TNFAIP3 as both an an-
ti-inflammatory and pro-inflammatory mediator highlights its 
complex role in SLE pathogenesis. Additionally, various GWAS 
studies across different populations have demonstrated that 
SNPs at the TNFAIP3 locus are associated with susceptibility 
to SLE [37]. For instance, the rs2230926 SNP alters the amino 
acid sequence of the A20 protein (from phenylalanine to cyste-
ine), diminishing its capacity to inhibit TNF-induced NF-κB ac-
tivation. This alteration compromises the inflammatory control 
in individuals carrying this risk allele, thereby heightening their 
susceptibility to SLE [38, 39]. Additionally, cohort studies have 
associated the TNFAIP3 rs5029939 genetic polymorphism 
with SLE susceptibility and potential impacts on its clinical 
phenotype [39]. Notably, this study identifies for the first time 
that rs59693083 (located in the TNFAIP3 promoter [40]) esca-
lates the risk of SLE, offering new insights into the pathogene-
sis and clinical treatment of the disease.

Figure 4. Protein-Protein Interaction (PPI) Network Illustrating Relationships Between Plasma Proteins (p < 0.05) Associated with Systemic Lupus 
Erythematosus (SLE) Risk. Each node represents a plasma protein, and edges between the nodes indicate direct interactions. The greater the 
number of edges, the stronger the interactions between the proteins. Notable proteins such as TNFAIP3, PDHX, and CTSF are highlighted in red.

A



Life Conflux

8

PDHX, a crucial component of the pyruvate dehydrogenase 
complex (PDC), primarily facilitates the conversion of pyruvate 
into acetyl-CoA, bridging glycolysis to the Krebs cycle [41]. Re-
search indicates that the 11p13 locus, situated between PDHX 
and CD44, is linked to genetic susceptibility to SLE. This region 
contains multiple regulatory sites, which potentially affect the 
expression and function of both PDHX and CD44, consequent-
ly influencing immune regulation and inflammatory responses 
in SLE [42]. This aligns with our MR results. Intriguingly, high 
PDHX expression has also been associated with diminished 
immune cell infiltration in the tumor microenvironment [43], 
suggesting that PDHX's role in SLE pathogenesis might be 
more complex than previously understood. These insights 
necessitate further basic and clinical studies to elucidate the 
underlying mechanisms.
CTSF is a lysosomal cysteine protease that plays a role in vari-
ous physiological processes, including antigen processing [44]. 
In clear cell renal carcinoma (ccRCC) studies, CTSF expression 
has been found to inversely correlate with the infiltration of 
immune cells and the expression of MHC molecules such as 
TAP1 and TAP2 [45]. Our MR results show a negative correla-
tion between CTSF and SLE risk, suggesting that CTSF may 
influence SLE susceptibility. Additionally, cysteine cathepsins 
(Cts) have been implicated in the hydrolysis of the extracellular 
matrix (ECM), processing cytokines, chemokines, and cell ad-
hesion molecules, which are critical in inflammatory responses 
[46]. Cts may mitigate inflammation triggered by cellular debris 
by degrading damaged organelles and proteins. Although the 
link between CTSF and SLE risk has not been widely studied, 
the causal relationship identified in this study warrants further 
investigation into CTSF’s specific role and mechanisms in SLE, 
which could uncover new therapeutic targets.
This study employed a large-scale dataset for MR analysis to 
enhance result reliability. In the initial phases, we selected cis-
pQTLs for inclusion due to their typical proximity to or within 
genes encoding proteins, thus directly regulating protein ex-
pression by affecting transcription, translation, degradation, 
stability, or activity. This reduces the likelihood of pleiotropy 
compared to trans-pQTLs, strengthening the validity of our 
causal inferences. Additionally, our team utilized various sta-
tistical methods such as the Wald ratio, IVW, WM, and MR-
Egger to bolster the robustness of the MR analysis, with sensi-
tivity analyses confirming no evidence of horizontal pleiotropy 
or weak instrument bias. Finally, we performed PPI network 
analysis to validate the links between protein-related biological 
processes and the disease's pathological processes.
Despite the strengths of our study, several limitations must be 
acknowledged. Firstly, it relies on population data from individ-
uals of European ancestry, which may limit the generalizability 
of the findings to other ancestral groups, as genetic associa-
tions and protein levels can vary by ethnicity.  Future studies 
should replicate these findings in diverse populations, includ-
ing African, Asian, and Hispanic cohorts, to ensure global ap-
plicability. Secondly, while the Fenland study included a broad 
range of circulating proteins, our stringent selection criteria 
for IVs might have excluded other potentially relevant target 
proteins. Moreover, protein expression and function are influ-
enced by various factors, such as environmental interactions 
and epigenetic modifications, which were not comprehensively 
accounted for in our analysis. Furthermore, there is limited re-
search on CTSF and its relationship with SLE, and much of the 

proposed mechanisms discussed in this paper are primarily 
based on inference from related cathepsins or other diseases. 
Therefore, further research —including in vitro studies with 
SLE patient samples and in vivo murine models—is needed to 
establish the direct relationship between CTSF and SLE, eluci-
date its specific mechanisms, and evaluate its potential as a 
therapeutic target.

Conclusion

Overall, this study offers a comprehensive assessment of the 
causal relationships between circulating proteins and SLE, 
further confirming their critical roles in the initiation and pro-
gression of the disease. By combining MR, colocalization, and 
PPI network analyses, we identified 82 proteins with poten-
tial causal associations with SLE. Notably, proteins such as 
TNFAIP3, PDHX, and CTSF are identified as likely candidates 
for new therapeutic targets. These findings contribute to the 
growing body of knowledge on the molecular mechanisms un-
derlying autoimmune diseases, offering promising directions 
for the development of precision therapies for SLE. However, 
additional research is essential to unravel the complex mecha-
nisms linking these candidate proteins with SLE risk, a crucial 
step in validating their potential clinical relevance.

Abbreviations

B-lymphocyte stimulator: BLyS; cysteine cathepsins: Cts; 
Cis-protein Quantitative Trait Loci: cis-pQTLs; data-dependent 
acquisition: DDA; data-independent acquisition: DIA; Extracellu-
lar Matrix: ECM; enzyme-linked immunosorbent assays: ELISA; 
Food and Drug Administration: FDA; Genome - Wide Associa-
tion Study: GWAS; I interferon receptor 1: IFNAR1; Instrumen-
tal Variables: IVs; Inverse Variance Weighted: IVW; Linkage 
Disequilibrium: LD; Mendelian Randomization: MR; Mendelian 
Randomization-Egger: MR-Egger; protein Quantitative Trait 
Loci: pQTL; Protein-Protein Interaction: PPI; Receptor-Interact-
ing Protein 3: RIP3; Single Nucleotide Polymorphisms: SNPs; 
Systemic Lupus Erythematosus: SLE; Trans-protein Quantita-
tive Trait Loci: trans-pQTLs; Weighted Median: WM.

Author Contributions

Xinzhen Zhao: Writing – review & editing, Writing – original 
draft, Conceptualization, Visualization, Formal analysis. Yiny-
ing Chai: Writing – review & editing, Validation, Supervision, 
Data curation, Formal analysis. Qianran Hong: Writing – review 
& editing, Writing – original draft, Validation, Funding acquisi-
tion, Formal analysis. Yuxuan Song: Writing – review & editing, 
Validation, Funding acquisition, Data curation. Yibo He: Writing 
– review & editing, Conceptualization, Supervision.  All authors 
read and approved the final manuscript.

Acknowledgements

Not Applicable.



9

https://doi.org/10.71321/ma96k735

Funding Information 

This work was supported by Innovation Fund for Qutstanding 
Doctoral Candidates of Peking University Health Science Cen-
ter (BMU2024BSS001).

Ethics Approval and Consent to Participate

Not Applicable.

Competing Interests 

The authors declare that they have no existing or potential 
commercial or financial relationships that could create a con-
flict of interest at the time of conducting this study.

Data Availability

The data that supports the findings of this study are available 
in the supplementary material of this article.

Reference

[1]	 Durcan L, O'Dwyer T, & Petri M. (2019). Management strat-
egies and future directions for systemic lupus erythemato-
sus in adults. Lancet, 393(10188), 2332-2343. https://doi.
org/10.1016/s0140-6736(19)30237-5 

[2]	 Rees F, Doherty M, Grainge MJ, Lanyon P, & Zhang W. 
(2017). The worldwide incidence and prevalence of sys-
temic lupus erythematosus: a systematic review of epide-
miological studies. Rheumatology (Oxford), 56(11), 1945-
1961. https://doi.org/10.1093/rheumatology/kex260 

[3]	 Tian J, Zhang D, Yao X, Huang Y, & Lu Q. (2023). Global 
epidemiology of systemic lupus erythematosus: a compre-
hensive systematic analysis and modelling study. Annals 
of the Rheumatic Diseases, 82(3), 351-356. https://doi.
org/10.1136/ard-2022-223035 

[4]	 Fava A, & Petri M. (2019). Systemic lupus erythematosus: 
Diagnosis and clinical management. J Autoimmun, 96, 
1-13. https://doi.org/10.1016/j.jaut.2018.11.001 

[5]	 Navarra SV, Guzmán RM, Gallacher AE, Hall S, Levy RA, 
Jimenez RE, et al. (2011). Efficacy and safety of belimum-
ab in patients with active systemic lupus erythematosus: 
a randomised, placebo-controlled, phase 3 trial. Lancet, 
377(9767), 721-731. https://doi.org/10.1016/s0140-
6736(10)61354-2 

[6]	 Fanouriakis A, Kostopoulou M, Alunno A, Aringer M, Baje-
ma I, Boletis JN, et al. (2019). 2019 update of the EULAR 
recommendations for the management of systemic lupus 
erythematosus. Ann Rheum Dis, 78(6), 736-745. https://
doi.org/10.1136/annrheumdis-2019-215089 

[7]	 Liu Z, & Davidson A. (2012). Taming lupus-a new under-
standing of pathogenesis is leading to clinical advanc-
es. Nat Med, 18(6), 871-882. https://doi.org/10.1038/
nm.2752 

[8]	 Weinstein A, Alexander RV, & Zack DJ. (2021). A Review of 
Complement Activation in SLE. Curr Rheumatol Rep, 23(3), 
16. https://doi.org/10.1007/s11926-021-00984-1 

[9]	 Finan C, Gaulton A, Kruger FA, Lumbers RT, Shah T, Eng-
mann J, et al. (2017). The druggable genome and support 
for target identification and validation in drug develop-
ment. Sci Transl Med, 9(383). https://doi.org/10.1126/
scitranslmed.aag1166 

[10]	Baker T, Sharifian H, Newcombe PJ, Gavin PG, Lazarus MN, 
Ramaswamy M, et al. (2024). Type I interferon blockade 
with anifrolumab in patients with systemic lupus erythe-
matosus modulates key immunopathological pathways in 
a gene expression and proteomic analysis of two phase 
3 trials. Ann Rheum Dis, 83(8), 1018-1027. https://doi.
org/10.1136/ard-2023-225445 

[11]	Henry A, Gordillo-Marañón M, Finan C, Schmidt AF, Ferreira 
JP, Karra R, et al. (2022). Therapeutic Targets for Heart 
Failure Identified Using Proteomics and Mendelian Ran-
domization. Circulation, 145(16), 1205-1217. https://doi.
org/10.1161/circulationaha.121.056663 

[12]	He J, Tang D, Liu D, Hong X, Ma C, Zheng F, et al. (2023). 
Serum proteome and metabolome uncover novel biomark-
ers for the assessment of disease activity and diagnosing 
of systemic lupus erythematosus. Clin Immunol, 251, 
109330. https://doi.org/10.1016/j.clim.2023.109330 

[13]	Zhou G, Wei P, Lan J, He Q, Guo F, Guo Y, et al. (2022). 
TMT-based quantitative proteomics analysis and potential 
serum protein biomarkers for systemic lupus erythemato-
sus. Clin Chim Acta, 534, 43-49. https://doi.org/10.1016/
j.cca.2022.06.031 

[14]	Emdin CA, Khera AV, & Kathiresan S. (2017). Mendelian 
Randomization. Jama, 318(19), 1925-1926. https://doi.
org/10.1001/jama.2017.17219 

[15]	Davey Smith G, & Hemani G. (2014). Mendelian randomiza-
tion: genetic anchors for causal inference in epidemiolog-
ical studies. Human Molecular Genetics, 23(R1), R89-R98. 
https://doi.org/10.1093/hmg/ddu328 

[16]	Pietzner M, Wheeler E, Carrasco-Zanini J, Cortes A, Ko-
prulu M, Wörheide MA, et al. (2021). Mapping the pro-
teo-genomic convergence of human diseases. Science, 
374(6569), eabj1541. https://doi.org/10.1126/science.
abj1541 

[17]	Kurki MI, Karjalainen J, Palta P, Sipilä TP, Kristiansson K, 
Donner KM, et al. (2023). FinnGen provides genetic in-
sights from a well-phenotyped isolated population. Nature, 
613(7944), 508-518. https://doi.org/10.1038/s41586-022-
05473-8 

[18]	Zheng J, Baird D, Borges MC, Bowden J, Hemani G, Hay-
cock P, et al. (2017). Recent Developments in Mendelian 
Randomization Studies. Curr Epidemiol Rep, 4(4), 330-345. 
https://doi.org/10.1007/s40471-017-0128-6 

[19]	Sun J, Zhao J, Jiang F, Wang L, Xiao Q, Han F, et al. (2023). 
Identification of novel protein biomarkers and drug targets 
for colorectal cancer by integrating human plasma pro-
teome with genome. Genome Med, 15(1), 75. https://doi.
org/10.1186/s13073-023-01229-9 

[20]	Lai R, Deng X, Lv X, & Zhong Y. (2024). Causal relationship 
between inflammatory proteins, immune cells, and gout: 
a Mendelian randomization study. Sci Rep, 14(1), 30070. 
https://doi.org/10.1038/s41598-024-80138-2 

[21]	Burgess S, & Thompson SG. (2011). Avoiding bias from 

https://doi.org/10.1016/s0140-6736(19)30237-5
https://doi.org/10.1016/s0140-6736(19)30237-5
https://doi.org/10.1016/s0140-6736(19)30237-5
https://doi.org/10.1016/s0140-6736(19)30237-5
https://doi.org/10.1093/rheumatology/kex260
https://doi.org/10.1093/rheumatology/kex260
https://doi.org/10.1093/rheumatology/kex260
https://doi.org/10.1093/rheumatology/kex260
https://doi.org/10.1093/rheumatology/kex260
https://doi.org/10.1136/ard-2022-223035
https://doi.org/10.1136/ard-2022-223035
https://doi.org/10.1136/ard-2022-223035
https://doi.org/10.1136/ard-2022-223035
https://doi.org/10.1136/ard-2022-223035
https://doi.org/10.1016/j.jaut.2018.11.001
https://doi.org/10.1016/j.jaut.2018.11.001
https://doi.org/10.1016/j.jaut.2018.11.001
https://doi.org/10.1016/s0140-6736(10)61354-2
https://doi.org/10.1016/s0140-6736(10)61354-2
https://doi.org/10.1016/s0140-6736(10)61354-2
https://doi.org/10.1016/s0140-6736(10)61354-2
https://doi.org/10.1016/s0140-6736(10)61354-2
https://doi.org/10.1016/s0140-6736(10)61354-2
https://doi.org/10.1136/annrheumdis-2019-215089
https://doi.org/10.1136/annrheumdis-2019-215089
https://doi.org/10.1136/annrheumdis-2019-215089
https://doi.org/10.1136/annrheumdis-2019-215089
https://doi.org/10.1136/annrheumdis-2019-215089
https://doi.org/10.1038/nm.2752
https://doi.org/10.1038/nm.2752
https://doi.org/10.1038/nm.2752
https://doi.org/10.1038/nm.2752
https://doi.org/10.1007/s11926-021-00984-1
https://doi.org/10.1007/s11926-021-00984-1
https://doi.org/10.1007/s11926-021-00984-1
https://doi.org/10.1126/scitranslmed.aag1166
https://doi.org/10.1126/scitranslmed.aag1166
https://doi.org/10.1126/scitranslmed.aag1166
https://doi.org/10.1126/scitranslmed.aag1166
https://doi.org/10.1126/scitranslmed.aag1166
https://doi.org/10.1136/ard-2023-225445
https://doi.org/10.1136/ard-2023-225445
https://doi.org/10.1136/ard-2023-225445
https://doi.org/10.1136/ard-2023-225445
https://doi.org/10.1136/ard-2023-225445
https://doi.org/10.1136/ard-2023-225445
https://doi.org/10.1136/ard-2023-225445
https://doi.org/10.1161/circulationaha.121.056663
https://doi.org/10.1161/circulationaha.121.056663
https://doi.org/10.1161/circulationaha.121.056663
https://doi.org/10.1161/circulationaha.121.056663
https://doi.org/10.1161/circulationaha.121.056663
https://doi.org/10.1016/j.clim.2023.109330
https://doi.org/10.1016/j.clim.2023.109330
https://doi.org/10.1016/j.clim.2023.109330
https://doi.org/10.1016/j.clim.2023.109330
https://doi.org/10.1016/j.clim.2023.109330
https://doi.org/10.1016/j.cca.2022.06.031
https://doi.org/10.1016/j.cca.2022.06.031
https://doi.org/10.1016/j.cca.2022.06.031
https://doi.org/10.1016/j.cca.2022.06.031
https://doi.org/10.1016/j.cca.2022.06.031
https://doi.org/10.1001/jama.2017.17219
https://doi.org/10.1001/jama.2017.17219
https://doi.org/10.1001/jama.2017.17219
https://doi.org/10.1093/hmg/ddu328
https://doi.org/10.1093/hmg/ddu328
https://doi.org/10.1093/hmg/ddu328
https://doi.org/10.1093/hmg/ddu328
https://doi.org/10.1126/science.abj1541
https://doi.org/10.1126/science.abj1541
https://doi.org/10.1126/science.abj1541
https://doi.org/10.1126/science.abj1541
https://doi.org/10.1126/science.abj1541
https://doi.org/10.1038/s41586-022-05473-8
https://doi.org/10.1038/s41586-022-05473-8
https://doi.org/10.1038/s41586-022-05473-8
https://doi.org/10.1038/s41586-022-05473-8
https://doi.org/10.1038/s41586-022-05473-8
https://doi.org/10.1007/s40471-017-0128-6
https://doi.org/10.1007/s40471-017-0128-6
https://doi.org/10.1007/s40471-017-0128-6
https://doi.org/10.1007/s40471-017-0128-6
https://doi.org/10.1186/s13073-023-01229-9
https://doi.org/10.1186/s13073-023-01229-9
https://doi.org/10.1186/s13073-023-01229-9
https://doi.org/10.1186/s13073-023-01229-9
https://doi.org/10.1186/s13073-023-01229-9
https://doi.org/10.1038/s41598-024-80138-2
https://doi.org/10.1038/s41598-024-80138-2
https://doi.org/10.1038/s41598-024-80138-2
https://doi.org/10.1038/s41598-024-80138-2
https://doi.org/10.1093/ije/dyr036


Life Conflux

10

weak instruments in Mendelian randomization studies. Int 
J Epidemiol, 40(3), 755-764. https://doi.org/10.1093/ije/
dyr036 

[22]	Zhao H, Zhou Y, Wang Z, Zhang X, Chen L, & Hong Z. (2024). 
Plasma proteins and psoriatic arthritis: a proteome-wide 
Mendelian randomization study. Front Immunol, 15, 
1417564. https://doi.org/10.3389/fimmu.2024.1417564 

[23]	Wei T, Zhu Z, Liu L, Liu B, Wu M, Zhang W, et al. (2023). 
Circulating levels of cytokines and risk of cardiovas-
cular disease: a Mendelian randomization study. Front 
Immunol, 14, 1175421. https://doi.org/10.3389/fim-
mu.2023.1175421 

[24]	Burgess S, Dudbridge F, & Thompson SG. (2016). Com-
bining information on multiple instrumental variables in 
Mendelian randomization: comparison of allele score and 
summarized data methods. Stat Med, 35(11), 1880-1906. 
https://doi.org/10.1002/sim.6835 

[25]	Burgess S, & Thompson SG. (2017). Interpreting find-
ings from Mendelian randomization using the MR-Egger 
method. Eur J Epidemiol, 32(5), 377-389. https://doi.
org/10.1007/s10654-017-0255-x 

[26]	Morin PA, Martien KK, & Taylor BL. (2009). Assessing sta-
tistical power of SNPs for population structure and con-
servation studies. Mol Ecol Resour, 9(1), 66-73. https://doi.
org/10.1111/j.1755-0998.2008.02392.x 

[27]	Hemani G, Tilling K, & Davey Smith G. (2017). Orienting 
the causal relationship between imprecisely measured 
traits using GWAS summary data. PLoS Genet, 13(11), 
e1007081. https://doi.org/10.1371/journal.pgen.1007081 

[28]	Giambartolomei C, Vukcevic D, Schadt EE, Franke L, Hingo-
rani AD, Wallace C, et al. (2014). Bayesian test for colocal-
isation between pairs of genetic association studies using 
summary statistics. PLoS Genet, 10(5), e1004383. https://
doi.org/10.1371/journal.pgen.1004383 

[29]	Yao P, Iona A, Pozarickij A, Said S, Wright N, Lin K, et al. 
(2024). Proteomic Analyses in Diverse Populations Im-
proved Risk Prediction and Identified New Drug Targets for 
Type 2 Diabetes. Diabetes Care, 47(6), 1012-1019. https://
doi.org/10.2337/dc23-2145 

[30]	Szklarczyk D, Kirsch R, Koutrouli M, Nastou K, Mehryary 
F, Hachilif R, et al. (2023). The STRING database in 2023: 
protein-protein association networks and functional en-
richment analyses for any sequenced genome of inter-
est. Nucleic Acids Res, 51(D1), D638-d646. https://doi.
org/10.1093/nar/gkac1000 

[31]	Tsai YG, Liao PF, Hsiao KH, Wu HM, Lin CY, & Yang KD. 
(2023). Pathogenesis and novel therapeutics of regulatory 
T cell subsets and interleukin-2 therapy in systemic lupus 
erythematosus. Front Immunol, 14, 1230264. https://doi.
org/10.3389/fimmu.2023.1230264 

[32]	Ameer MA, Chaudhry H, Mushtaq J, Khan OS, Babar M, 
Hashim T, et al. (2022). An Overview of Systemic Lu-
pus Erythematosus (SLE) Pathogenesis, Classification, 
and Management. Cureus, 14(10), e30330. https://doi.
org/10.7759/cureus.30330 

[33]	Mooney EC,  & Sahingur  SE.  (2021).  The Ubiqui -
t in  System and A20:  Impl icat ions in Health and 
Disease.  J Dent Res,  100(1) ,  10-20.  https://doi .
org/10.1177/0022034520949486 

[34]	Catrysse L, Vereecke L, Beyaert R, & van Loo G. (2014). 
A20 in inflammation and autoimmunity. Trends Immunol, 

35(1), 22-31. https://doi.org/10.1016/j.it.2013.10.005 
[35]	Witt A, & Vucic D. (2017). Diverse ubiquitin linkages reg-

ulate RIP kinases-mediated inflammatory and cell death 
signaling. Cell Death Differ, 24(7), 1160-1171. https://doi.
org/10.1038/cdd.2017.33 

[36]	Guo C, Fu R, Zhou M, Wang S, Huang Y, Hu H, et al. (2019). 
Pathogenesis of lupus nephritis: RIP3 dependent necropto-
sis and NLRP3 inflammasome activation. J Autoimmun, 
103, 102286. https://doi.org/10.1016/j.jaut.2019.05.014 

[37]	Mele A, Cervantes JR, Chien V, Friedman D, & Ferran C. 
(2014). Single nucleotide polymorphisms at the TNFAIP3/
A20 locus and susceptibility/resistance to inflammatory 
and autoimmune diseases. Adv Exp Med Biol, 809, 163-
183. https://doi.org/10.1007/978-1-4939-0398-6_10 

[38]	Kawasaki A, Ito I, Ito S, Hayashi T, Goto D, Matsumoto I, 
et al. (2010). Association of TNFAIP3 polymorphism with 
susceptibility to systemic lupus erythematosus in a Jap-
anese population. J Biomed Biotechnol, 2010, 207578. 
https://doi.org/10.1155/2010/207578 

[39]	Musone SL, Taylor KE, Lu TT, Nititham J, Ferreira RC, Or-
tmann W, et al. (2008). Multiple polymorphisms in the 
TNFAIP3 region are independently associated with sys-
temic lupus erythematosus. Nat Genet, 40(9), 1062-1064. 
https://doi.org/10.1038/ng.202 

[40]	Liu Y, Dan G, Wu L, Chen G, Wu A, Zeng P, et al. (2014). 
Functional effect of polymorphisms in the promoter of TN-
FAIP3 (A20) in acute pancreatitis in the Han Chinese pop-
ulation. PLoS One, 9(7), e103104. https://doi.org/10.1371/
journal.pone.0103104 

[41]	Harris RA, Bowker-Kinley MM, Wu P, Jeng J, & Popov 
KM. (1997). Dihydrolipoamide dehydrogenase-binding 
protein of the human pyruvate dehydrogenase complex. 
DNA-derived amino acid sequence, expression, and recon-
stitution of the pyruvate dehydrogenase complex. J Biol 
Chem, 272(32), 19746-19751. https://doi.org/10.1074/
jbc.272.32.19746 

[42]	Lessard CJ, Adrianto I, Kelly JA, Kaufman KM, Grundahl 
KM, Adler A, et al. (2011). Identification of a systemic lu-
pus erythematosus susceptibility locus at 11p13 between 
PDHX and CD44 in a multiethnic study. Am J Hum Genet, 
88(1), 83-91. https://doi.org/10.1016/j.ajhg.2010.11.014 

[43]	Jiang R, Sun Y, Li Y, Tang X, Hui B, Ma S, et al. (2023). 
Cuproptosis-related gene PDHX and heat stress-relat-
ed HSPD1 as potential key drivers associated with cell 
stemness, aberrant metabolism and immunosuppression 
in esophageal carcinoma. Int Immunopharmacol, 117, 
109942. https://doi.org/10.1016/j.intimp.2023.109942 

[44]	Turk V, Stoka V, Vasiljeva O, Renko M, Sun T, Turk B, et al. 
(2012). Cysteine cathepsins: from structure, function and 
regulation to new frontiers. Biochim Biophys Acta, 1824(1), 
68-88. https://doi.org/10.1016/j.bbapap.2011.10.002 

[45]	Zhou X, Chen H, Huang D, Guan G, Ma X, Cai W, et al. (2024). 
Reduced expression of cathepsin F predicts poor progno-
sis in patients with clear cell renal cell carcinoma. Sci Rep, 
14(1), 13556. https://doi.org/10.1038/s41598-024-64542-
2 

[46]	Gureeva TA, Timoshenko OS, Kugaevskaya EV, & Solo-
vyova NI. (2021). [Cysteine cathepsins: structure, phys-
iological functions and their role in carcinogenesis]. 
Biomed Khim, 67(6), 453-464. https://doi.org/10.18097/
pbmc20216706453 

https://doi.org/10.1093/ije/dyr036
https://doi.org/10.1093/ije/dyr036
https://doi.org/10.1093/ije/dyr036
https://doi.org/10.3389/fimmu.2024.1417564
https://doi.org/10.3389/fimmu.2024.1417564
https://doi.org/10.3389/fimmu.2024.1417564
https://doi.org/10.3389/fimmu.2024.1417564
https://doi.org/10.3389/fimmu.2023.1175421
https://doi.org/10.3389/fimmu.2023.1175421
https://doi.org/10.3389/fimmu.2023.1175421
https://doi.org/10.3389/fimmu.2023.1175421
https://doi.org/10.3389/fimmu.2023.1175421
https://doi.org/10.1002/sim.6835
https://doi.org/10.1002/sim.6835
https://doi.org/10.1002/sim.6835
https://doi.org/10.1002/sim.6835
https://doi.org/10.1002/sim.6835
https://doi.org/10.1007/s10654-017-0255-x
https://doi.org/10.1007/s10654-017-0255-x
https://doi.org/10.1007/s10654-017-0255-x
https://doi.org/10.1007/s10654-017-0255-x
https://doi.org/10.1111/j.1755-0998.2008.02392.x
https://doi.org/10.1111/j.1755-0998.2008.02392.x
https://doi.org/10.1111/j.1755-0998.2008.02392.x
https://doi.org/10.1111/j.1755-0998.2008.02392.x
https://doi.org/10.1371/journal.pgen.1007081
https://doi.org/10.1371/journal.pgen.1007081
https://doi.org/10.1371/journal.pgen.1007081
https://doi.org/10.1371/journal.pgen.1007081
https://doi.org/10.1371/journal.pgen.1004383
https://doi.org/10.1371/journal.pgen.1004383
https://doi.org/10.1371/journal.pgen.1004383
https://doi.org/10.1371/journal.pgen.1004383
https://doi.org/10.1371/journal.pgen.1004383
https://doi.org/10.2337/dc23-2145
https://doi.org/10.2337/dc23-2145
https://doi.org/10.2337/dc23-2145
https://doi.org/10.2337/dc23-2145
https://doi.org/10.2337/dc23-2145
https://doi.org/10.1093/nar/gkac1000
https://doi.org/10.1093/nar/gkac1000
https://doi.org/10.1093/nar/gkac1000
https://doi.org/10.1093/nar/gkac1000
https://doi.org/10.1093/nar/gkac1000
https://doi.org/10.1093/nar/gkac1000
https://doi.org/10.3389/fimmu.2023.1230264
https://doi.org/10.3389/fimmu.2023.1230264
https://doi.org/10.3389/fimmu.2023.1230264
https://doi.org/10.3389/fimmu.2023.1230264
https://doi.org/10.3389/fimmu.2023.1230264
https://doi.org/10.7759/cureus.30330
https://doi.org/10.7759/cureus.30330
https://doi.org/10.7759/cureus.30330
https://doi.org/10.7759/cureus.30330
https://doi.org/10.7759/cureus.30330
https://doi.org/10.1177/0022034520949486
https://doi.org/10.1177/0022034520949486
https://doi.org/10.1177/0022034520949486
https://doi.org/10.1177/0022034520949486
https://doi.org/10.1016/j.it.2013.10.005
https://doi.org/10.1016/j.it.2013.10.005
https://doi.org/10.1016/j.it.2013.10.005
https://doi.org/10.1038/cdd.2017.33
https://doi.org/10.1038/cdd.2017.33
https://doi.org/10.1038/cdd.2017.33
https://doi.org/10.1038/cdd.2017.33
https://doi.org/10.1016/j.jaut.2019.05.014
https://doi.org/10.1016/j.jaut.2019.05.014
https://doi.org/10.1016/j.jaut.2019.05.014
https://doi.org/10.1016/j.jaut.2019.05.014
https://doi.org/10.1007/978-1-4939-0398-6_10
https://doi.org/10.1007/978-1-4939-0398-6_10
https://doi.org/10.1007/978-1-4939-0398-6_10
https://doi.org/10.1007/978-1-4939-0398-6_10
https://doi.org/10.1007/978-1-4939-0398-6_10
https://doi.org/10.1155/2010/207578
https://doi.org/10.1155/2010/207578
https://doi.org/10.1155/2010/207578
https://doi.org/10.1155/2010/207578
https://doi.org/10.1155/2010/207578
https://doi.org/10.1038/ng.202
https://doi.org/10.1038/ng.202
https://doi.org/10.1038/ng.202
https://doi.org/10.1038/ng.202
https://doi.org/10.1038/ng.202
https://doi.org/10.1371/journal.pone.0103104
https://doi.org/10.1371/journal.pone.0103104
https://doi.org/10.1371/journal.pone.0103104
https://doi.org/10.1371/journal.pone.0103104
https://doi.org/10.1371/journal.pone.0103104
https://doi.org/10.1074/jbc.272.32.19746
https://doi.org/10.1074/jbc.272.32.19746
https://doi.org/10.1074/jbc.272.32.19746
https://doi.org/10.1074/jbc.272.32.19746
https://doi.org/10.1074/jbc.272.32.19746
https://doi.org/10.1074/jbc.272.32.19746
https://doi.org/10.1074/jbc.272.32.19746
https://doi.org/10.1016/j.ajhg.2010.11.014
https://doi.org/10.1016/j.ajhg.2010.11.014
https://doi.org/10.1016/j.ajhg.2010.11.014
https://doi.org/10.1016/j.ajhg.2010.11.014
https://doi.org/10.1016/j.ajhg.2010.11.014
https://doi.org/10.1016/j.intimp.2023.109942
https://doi.org/10.1016/j.intimp.2023.109942
https://doi.org/10.1016/j.intimp.2023.109942
https://doi.org/10.1016/j.intimp.2023.109942
https://doi.org/10.1016/j.intimp.2023.109942
https://doi.org/10.1016/j.intimp.2023.109942
https://doi.org/10.1016/j.bbapap.2011.10.002
https://doi.org/10.1016/j.bbapap.2011.10.002
https://doi.org/10.1016/j.bbapap.2011.10.002
https://doi.org/10.1016/j.bbapap.2011.10.002
https://doi.org/10.1038/s41598-024-64542-2
https://doi.org/10.1038/s41598-024-64542-2
https://doi.org/10.1038/s41598-024-64542-2
https://doi.org/10.1038/s41598-024-64542-2
https://doi.org/10.1038/s41598-024-64542-2
https://doi.org/10.18097/pbmc20216706453
https://doi.org/10.18097/pbmc20216706453
https://doi.org/10.18097/pbmc20216706453
https://doi.org/10.18097/pbmc20216706453
https://doi.org/10.18097/pbmc20216706453

