
Dissecting the genetic basis and mechanisms underlying the associations 
between multiple extrahepatic factors and autoimmune liver diseases

Zheng Zhang a,1, Jiayi Zhang a,1, Xinyang Yan b,1, Jiachen Wang c, Haoxiang Huang d,  
Menghao Teng e, Qingguang Liu a,**, Shaoshan Han a,*

a Department of Hepatobiliary Surgery, the First Affiliated Hospital of Xi’an Jiaotong University, Xi’an, 710061, Shaanxi Province, China
b Department of Neurosurgery, the First Affiliated Hospital of Xi’an Jiaotong University, Xi’an, 710061, Shaanxi Province, China
c Department of Joint Surgery, HongHui Hospital, Xi’an Jiaotong University, Xi’an, 710061, Shaanxi Province, China
d Department of urology, the First Affiliated Hospital of Xi’an Jiaotong University, Xi’an, 710061, Shaanxi Province, China
e Department of Orthopedics, the First Affiliated Hospital of Xi’an Jiaotong University, Xi’an, 710061, Shaanxi Province, China

A R T I C L E  I N F O

Handling editor: Y Renaudineau

Keywords:
Autoimmune liver diseases
Extrahepatic factors
Genetic association

A B S T R A C T

Background: Autoimmune liver diseases (AILDs) encompass autoimmune hepatitis (AIH), primary biliary chol
angitis (PBC), and primary sclerosing cholangitis (PSC). The onset of these diseases is fundamentally influenced 
by genetic susceptibility. Although various extrahepatic factors are potentially linked to AILDs, the genetic 
underpinnings and mechanisms of these associations remain unclear.
Methods: Utilizing large-scale genome-wide association study (GWAS) data, this study systematically investigated 
the relationships between extrahepatic autoimmune diseases (EHAIDs), immune cells, and various triggering 
factors with AILDs. Mendelian randomization (MR) was employed to assess the causal effects of these extrahe
patic factors on AILDs, complemented by linkage disequilibrium score (LDSC) regression to uncover shared 
genetic architecture and causal effects underlying the associations between autoimmune diseases. We employed 
colocalization, enrichment analysis, and protein-protein interaction (PPI) network to identify the functions of 
shared loci. Additionally, we proposed that activated immune cells in the circulation may contribute to liver and 
biliary tract inflammation via migration, mediating the impact of extrahepatic factors on AILDs. This hypothesis 
was tested using two mediation analysis methods: two-step MR (TSMR) and multivariable MR (MVMR).
Results: Causal associations between multiple extrahepatic factors and AILDs were identified. Notably, CD27+ B 
cells were found to be a risk factor for PBC, while PSC progression was associated with CD28+ CD8+ T cells 
exhaustion and increased levels of CD28− CD8+ T cells. Mediation analyses revealed 64 pathways via TSMR and 
15 pathways via MVMR, indicating that the effects of extrahepatic factors on AILDs may be mediated by 
circulating immune cells. The shared genetic architecture also contributed to these associations. Analysis of 
shared loci and gene functions identified ATXN2 as being shared between PBC and 9 EHAIDs, while SH2B3 and 
PSMG1 were shared with 6 and 5 EHAIDs, respectively, in PSC.
Conclusions: Our research compared three distinct AILDs, enhancing the understanding of their etiology and 
providing new evidence on risk factors, diagnostic markers, and potential therapeutic targets.

1. Introduction

Autoimmune liver diseases (AILDs) are a group of immune-mediated 
chronic inflammatory liver conditions that include three main types: 
autoimmune hepatitis (AIH), primary biliary cholangitis (PBC), and 
primary sclerosing cholangitis (PSC). Although AILDs have a relatively 

low incidence, uncontrolled inflammation often progresses to end-stage 
liver disease, necessitating liver transplantation and imposing a signif
icant clinical burden [1]. The immune injury mechanisms and patho
logical features of these three AILDs differ. AIH primarily presents with 
interface hepatitis histologically [2], while PBC and PSC primarily affect 
bile duct cells. PBC is characterized by chronic granulomatous 
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lymphocytic cholangitis centered around the intrahepatic small bile 
ducts [3]. PSC involves both intra- and/or extrahepatic bile ducts, with 
bile duct damage and fibrosis leading to multifocal bile duct stricturing, 
cholestasis, cirrhosis, and progressive liver dysfunction [4].

The etiology of AILDs remains unclear. Genetic susceptibility pro
vides a foundation for the disease, but factors such as infections, the 
commensal microbiome, drugs, smoking, and alcohol consumption also 
play crucial triggering roles [5–7]. Approximately one-third of AILD 
patients have extrahepatic autoimmune diseases (EHAIDs), suggesting a 
shared genetic background may underlie this phenomenon. For 
instance, genome-wide association studies (GWAS) have demonstrated 
that about half of the susceptibility genes for PSC overlap with the ge
netic structures of other autoimmune diseases, including type 1 dia
betes, rheumatoid arthritis, and multiple sclerosis [8]. Additionally, 
around 70 % of PSC patients have inflammatory bowel disease (IBD). 
Some researchers propose that PSC could be an extraintestinal mani
festation of IBD, suggesting that they may be considered as a single 
disease entity. However, clinical observations indicate that PSC-related 
IBD presents differently from ulcerative colitis and Crohn’s disease. 
Furthermore, the two conditions can influence each other through the 
gut-liver axis, including gut microbiota and bile acid metabolism [9]. 
Therefore, it remains unclear whether the co-occurrence of these dis
eases is due to a shared genetic architecture or a causal relationship.

AILDs are characterized by lymphocyte-mediated immune dysregu
lation, loss of tolerance, and cell destruction, resulting in chronic liver 
inflammation driven by the accumulation of various immune cells [10]. 
Activated immune cells in circulation may induce liver and biliary 
inflammation through migration, potentially mediating the impact of 
extrahepatic factors on AILDs. This hypothesis provides an intriguing 
perspective for understanding the pathogenesis of AILDs. Jang et al. 
used mass cytometry to report abnormalities in the abundance of spe
cific immune cell subsets in the peripheral blood of PBC patients [11]. 
However, while circulating immune cells reflect the immune status of 
the liver, they may also be related to other organs, complicating 
observational studies with confounding factors. Additionally, reverse 
causality poses a challenge. Abnormal levels of circulating immune cells 
in AILD patients do not necessarily indicate whether these cells are 
risk/protective factors for AILDs, biomarkers for disease progression, or 
compensatory mechanisms. Observational studies can identify associa
tions, but determining causality remains difficult. Although prospective 
randomized controlled trials (RCTs) are the gold standard for causal 
inference, the low incidence of AILDs in the general population makes 
large-scale epidemiological surveys costly.

Genetic evidence can offer valuable insights. Researchers have 
developed the linkage disequilibrium score (LDSC) regression method to 
identify genetic correlations between complex traits and diseases [12], 
which is widely used to assess the impact of genetic overlap. Mendelian 
randomization (MR) can help investigate causal relationships within 
these associations. MR infers causality by using appropriate genetic 
variants as instrumental variables (IVs). According to Mendelian in
heritance laws, the random allocation of genetic factors during gamete 
formation ensures that the separation and combination of genetic vari
ants controlling different traits occur independently before disease 
onset, effectively simulating the RCT process and minimizing con
founding factors and reverse causality [13]. Using publicly available 
GWAS summary data, this study includes 14 EHAIDs, 731 circulating 
immune cell traits, and various suspected triggering factors (including 
23 drug uses, 4 smoking behaviors, 1 drinking behavior, 211 gut 
microbiota, and 19 special pathogen infections). MR was employed to 
evaluate causal associations between these traits and the three AILDs, 
while LDSC was used to assess genetic correlations between EHAIDs and 
AILDs. Subsequent colocalization analysis identified pleiotropic loci 
shared with AILDs [14]. The functions of these shared loci were further 
elucidated through Kyoto Encyclopedia of Genes and Genomes (KEGG) 
and Gene Ontology (GO) enrichment analyses, as well as protein-protein 
interaction (PPI) network analysis. Finally, we hypothesize that 

circulating immune cells mediate the effects of multiple EHAIDs and 
triggering factors on AILDs, and use mediation analysis to explore the 
role of immune cells in this process. The analysis workflow for this study 
is illustrated in Fig. 1.

2. Materials and methods

2.1. Data source

The GWAS summary data utilized in this study were all derived from 
populations of European ancestry. Detailed information regarding 
sample sizes, publication institutions and years, and data download 
websites is provided in Supplementary Table S1. The data for AIH (Ncase 
= 821, Ncontrol = 484,413) were obtained from a GWAS meta-analysis 
including cases from the UK Biobank and the FinnGen Consortium 
[15]. For PBC (Ncase = 8,021, Ncontrol = 16,489), the data were derived 
from a GWAS encompassing five cohorts of European ancestry [16]. PSC 
data (Ncase = 2,871, Ncontrol = 12,019) were sourced from the Interna
tional PSC Study Group (IPSCSG) [17]. This study incorporated a total of 
731 circulating immune cell traits, obtained from an independent GWAS 
involving 3757 Sardinians. Flow cytometry was employed to analyze 
genetic characteristics of immune cells, including 118 absolute cell 
counts, 389 surface antigens, 32 morphological parameters, and 192 
relative counts (ratios between cell levels) [18]. The study also included 
data on 14 EHAIDs, which are: inflammatory bowel disease [19], 
Crohn’s disease [19], ulcerative colitis [19], rheumatoid arthritis [20], 
ankylosing spondylitis [21], systemic lupus erythematosus [22], multi
ple sclerosis [23], type 1 diabetes [24], celiac disease [25], psoriasis 
[26], asthma [27], myasthenia gravis [28], Graves’ disease [29], and 
Hashimoto thyroiditis [15]. Data for these conditions were sourced from 
the largest GWASs or disease alliances. Additionally, the study examined 
multiple suspected triggering factors related to AILDs. Genetic variation 
data associated with 23 drug use categories were collected from 
approximately 320,000 individuals in the UK Biobank. Wu et al. con
ducted a GWAS on self-reported drug use across these 23 medication 
categories to uncover new insights related to drug use and to predict 
associated risks [30]. Data on smoking and drinking behaviors were 
obtained from the GWAS and Sequencing Consortium of Alcohol and 
Nicotine Use (GSCAN) [31], which included four smoking phenotypes 
(age of initiation of regular smoking, smoking initiation, cigarettes per 
day, and smoking cessation) and one drinking phenotype (drinks per 
week). Smoking initiation denotes whether the individual had ever 
smoked regularly, while cigarettes per day and drinks per week reflect 
the severity of smoking and drinking, respectively. Human gut micro
biome data were acquired from the international consortium MiBioGen 
[32]. This study included 24 cohorts and 18,340 individuals, predomi
nantly of European descent (16 cohorts, 13,266 individuals). The re
searchers analyzed the composition of 211 taxa (131 genera, 35 families, 
20 orders, 16 classes, and 9 phyla) of gut microorganisms in fecal 
samples through 16S rRNA gene sequencing and investigated associa
tions between human genetic variation and these microbial composi
tions. The study also included GWAS data on 19 common special 
pathogen infections. Data for human papillomavirus (HPV), 
Epstein-Barr virus, herpes simplex virus types 1 and 2, human herpes
virus types 6 and 7, varicella-zoster virus, human cytomegalovirus, 
polyomavirus, influenza A virus, Helicobacter pylori, Chlamydia tracho
matis, and Toxoplasma gondii were derived from serum-specific antigen 
or antibody detection [33–35]. Data for COVID-19, mumps, typhoid 
fever, scarlet fever, rheumatic fever, and tuberculosis were obtained 
from clinically diagnosed cases [15,29,36].

2.2. Instrumental variables (IVs) selection

For screening IVs, we initially aimed for a significance threshold of P 
< 5 × 10− 8. Due to limitations in sample size, not all exposures yielded 
sufficient SNPs (single nucleotide polymorphisms) at this threshold. 
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Thus, we applied varying thresholds based on exposure type. For PBC, 
PSC, EHAIDs, drug use, COVID-19, smoking, and drinking behaviors, a 
threshold of P < 5 × 10− 8 was used. For AIH, immune cell traits, gut 
microbiota, and other pathogenic infections, a more lenient threshold of 
P < 1 × 10− 5 was applied. To ensure that selected SNPs were inde
pendent, we performed clumping procedure (r2 < 0.001, dis
tance>10,000 kb) based on the European 1000 Genomes Project 
reference panel [37]. To minimize the impact of weak IVs, we calculated 
the strength of each IV (F = beta2/se2) and included only those with F >
10 in subsequent analyses [38].

2.3. Univariate MR (UVMR) analysis

We used UVMR to assess the effects of EHAIDs and potential triggers 
on AILDs, and bidirectional UVMR to explore the causal relationships 
between circulating immune cells and AILDs. Causal estimates were 
obtained using three methods: inverse variance weighted (IVW) [13], 

MR-Egger [39], and weighted median [40], with IVW as the main 
method. When only one IV was available, the Wald ratio method was 
applied. The effect size in MR analysis was expressed as odds ratio (OR) 
or beta (β). Multiple sensitivity analyses were conducted to ensure the 
reliability of the MR results. The Mendelian randomization pleiotropy 
residual sum and outlier (MR-PRESSO) test was used to identify hori
zontal pleiotropic outliers [41], and MR analysis was repeated after 
excluding these outliers to obtain adjusted estimates. The MR-Egger 
intercept test and Cochran’s Q test were used to detect pleiotropy and 
heterogeneity, respectively. To address multiple hypothesis testing in 
the analysis of 731 immune cell traits and AILDs, we corrected the false 
discovery rate (FDR) of IVW results using the Benjamini-Hochberg 
method to obtain significance values (q). Values of q < 0.05 indicated 
statistical significance, while P < 0.05 but q > 0.05 suggested potential 
genetic association [42]. Due to the complex linkage disequilibrium 
structure of the human leukocyte antigen (HLA) region, which makes it 
susceptible to horizontal pleiotropy and violations of the MR 

Fig. 1. Overview of the study design.
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assumptions. We removed the SNPs in this region on the short arm of 
chromosome 6 and re-performed the MR analysis to further examine the 
impact of HLA region SNPs on causal associations. To avoid sample 
overlap, we excluded a few phenotypes derived from the UK Biobank 
and FinnGen Consortium in the AIH analysis. This study adhered to the 
Strengthening the Reporting of Observational Studies in Epidemiology 
using Mendelian Randomization (STROBE-MR) statement [43] (Sup
plementary file).

2.4. Cross-trait LDSC regression

We employed cross-trait LDSC regression to assess the genetic cor
relation between EHAIDs and AILDs. SNPs from the GWAS data were 
filtered using HapMap 3, and those with a minor allele frequency below 
0.01 were excluded. The chi-square statistic for a single trait [44] was 
substituted with the product of the z-scores for the two traits, with ge
netic covariance estimated by the slope of the LDSC regression. After 
SNP-heritability standardization, this genetic covariance reflects the 
genetic correlation (rg). It is important to note that this method is not 
influenced by sample overlap; however, if one or both traits have very 
low heritability, LDSC analysis results may be unobtainable [12].

2.5. Colocalization analysis

Colocalization analysis was conducted using the coloc package to 
identify loci shared by the two traits in the genome. Genetic variants 
involved in the MR analysis were used as lead SNPs, and SNPs within a 
200 kb surrounding region were extracted [45]. For each locus, the 
Bayesian method assessed the support for five exclusive hypotheses: H0 
(no association with either trait); H1 (only associated with trait 1); H2 
(only associated with trait 2); H3 (associated with both traits, but with 
different causal variants); and H4 (associated with both traits, sharing 
the same causal variant). The analysis yields a posterior probability (PP) 
for each hypothesis. A posterior probability of shared causal variants 
(PPH4) greater than 0.8 indicates strong evidence of colocalization [14].

2.6. KEGG/GO enrichment analysis and PPI network

To elucidate the role of the shared loci identified in the colocalization 
analysis, we investigated the functions of these SNPs. KEGG and GO 
enrichment analyses were conducted using the DAVID bioinformatics 
resource (https://david.ncifcrf.gov/) [46]. KEGG analysis primarily 
identifies regulatory pathways associated with genes, while GO analysis 
encompasses biological processes (BP), molecular functions (MF), and 
cellular components (CC). Subsequently, the STRING database (htt 
ps://string-db.org/) was utilized to construct a PPI network to explore 
potential interactions among the identified genes [47].

2.7. Mediation analysis

We employed two mediation methods, two-step MR (TSMR) [48] 
and multivariate MR (MVMR) [49,50], to investigate the mediating role 
of circulating immune cells in the relationship between extrahepatic 
factors and AILDs. In this analysis, EHAIDs and trigger factors served as 
exposures, immune cells as mediators, and AILDs as outcomes. In the 
previous UVMR analysis, we calculated the total effect of extrahepatic 
factors on AILDs (β1) and the effect of immune cells on AILDs (β3). The 
same UVMR method was used to determine the effect of extrahepatic 
factors on immune cells (β2). The mediating effect of immune cells (β2 
× β3) was computed using the Delta method [51]. The proportion 
mediated, representing the ratio of the mediating effect to the total ef
fect, was given by (β2 × β3)/β1. The TSMR result was considered sig
nificant if the P values for β1, β2, and β3 (P1, P2, and P3) were all 
significant and if the mediating effect (β2 × β3) and the total effect (β1) 
were in the same direction. MVMR was used to validate the TSMR 
findings and to address potential biases from genetic overlap. After 

adjusting for immune cells, the effect of extrahepatic factors on AILDs 
was β1*, and after adjusting for extrahepatic factors, the effect of im
mune cells on AILDs was β3*. At this stage, the mediated effect of im
mune cells was β2 × β3*, and the proportion mediated was β2 × β3*/β1 
[52].

3. Results

We calculated the F values for all IVs (Supplementary Table S2), and 
all were greater than 10, suggesting that this study was unlikely to be 
influenced by weak instrumental variable bias.

3.1. Associations between EHAIDs and AILDs

UVMR and LDSC regression were utilized to evaluate the causative 
roles and genetic correlations in the associations between 14 EHAIDs 
and 3 AILDs (Fig. 2). The UVMR analysis identified 14 significant causal 
associations, with EHAIDs serving as risk factors for AILDs in all cases. 
The LDSC regression analysis revealed 16 associations with genetic 
correlation. Except for asthma and PBC, the remaining 15 correlations 
were positive. Additionally, significant results were observed in both 
UVMR and LDSC regression for 7 associations. Notably, in the MR 
analysis, we employed the MR-PRESSO global test to exclude the in
fluence of pleiotropic SNPs, indicating a combined effect of causation 
and genetic overlap in these associations.

We employed colocalization analysis to investigate the shared ge
netic variation between EHAIDs and AILDs, with the results detailed in 
Supplementary Table S3. To determine the functional roles of these loci, 
we identified the nearest genes by querying the National Center for 
Biotechnology Information (https://www.ncbi.nlm.nih.gov/) database. 
Our analysis revealed that 9 loci were shared with AIH, 83 loci were 
shared with PBC, and 48 loci were shared with PSC. In particular, 
rs10774625 (ATXN2) was found in both PBC and 9 EHAIDs. For PSC, 
rs3184504 (SH2B3) and rs4817988 (PSMG1) were shared with 6 and 5 
EHAIDs, respectively. To elucidate the regulatory pathways and in
teractions of these shared loci, we conducted GO/KEGG enrichment 
analysis and constructed a PPI network. The findings indicated that 
these loci were involved in various immune responses and disease pro
cesses, with notable differences among the three AILDs (Fig. 3). In AIH, 
the shared loci were primarily associated with HLA-related antigen 
presentation, T cell activation and cytotoxic response, and the differ
entiation of Th1, Th2, and Th17 cells. For PBC, the shared loci were 
related to a range of cytokines and surface antigens and participated in 
multiple signaling pathways, including interleukins, chemokines, in
terferons, JAK-STAT, NF-κB, Toll-like receptor signaling, and 
immunoglobulin-mediated immune responses. These loci also impacted 
the proliferation and differentiation of B and T cells, as well as inflam
matory processes such as autophagy and apoptosis. The PPI network 
analysis showed that loci associated with PSC predominantly included 
CTLA4, IL2RA, BACH2, SH2B3, and CLEC16A, with CTLA4 occupying a 
central position in the network. Enrichment analysis indicated that 
CTLA4 was mainly involved in the negative regulation of T cell prolif
eration and associated with various immune diseases.

3.2. Associations between immune cell traits and AILDs

We conducted bidirectional MR analysis to explore the causal re
lationships between 731 immune cell traits and AILDs. Significant as
sociations (P < 0.05) identified using the IVW method are detailed in 
Supplementary Table S4. The associations that remained significant 
after FDR correction (q < 0.05) are illustrated in Fig. 4.

Among the effects of immune cells on AILDs, 35 immune phenotypes 
were causally associated with AIH, 49 with PBC, and 33 with PSC. After 
FDR correction, seven immune phenotypes showed strong associations 
with AILDs. Specifically, CD25 on IgD- CD27− B cells had a protective 
effect in PBC, whereas CD27 on CD24+ CD27+ B cells, CD27 on IgD +
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CD24+ B cells, CD27 on IgD- CD38dim B cells, CD27 on unswitched 
memory B cells, and CD27 on switched memory B cells were risk factors 
for PBC. Additionally, CD28 on resting CD4 regulatory T cells played a 
protective role in PSC.

Among the effects of AILDs on immune cells, AIH was causally 
associated with 30 immune phenotypes, PBC with 63 immune pheno
types, and PSC with 92 immune phenotypes. After FDR correction, 
AILDs were strongly associated with 12 immune phenotypes. Specif
ically, PBC onset was associated with decreased levels of CD4 regulatory 
T cell %CD4+ T cell, resting CD4 regulatory T cell %CD4+ T cell, CD33−

HLA DR-absolute count, CD3− lymphocyte %leukocyte, natural killer 
absolute count, and natural killer %lymphocyte, but an increased level 
of T cell %lymphocyte. On the other hand, PSC onset was associated 
with increased levels of effector memory CD8+ T cell absolute count, 
CD28− CD127- CD25++ CD8+ T cell absolute count, CD28− CD25++

CD8+ T cell absolute count, CD28− CD8+ T cell %CD8+ T cell, and 
CD28− CD8+ T cell absolute count.

Colocalization analysis identified shared causal variation in two of 
these significant associations. In the association between PBC and CD4 
regulatory T cell %CD4+ T cell, the PPH4 of rs60600003 (ELMO1) =
0.96. In the association between PBC and natural killer absolute count, 
the PPH4 of rs10774625 (ATXN2) = 0.98.

3.3. Associations between triggering factors and AILDs

In the UVMR analysis of potential triggers for AILDs, we identified a 
total of 41 statistically significant associations: 8 related to AIH, 15 to 
PBC, and 18 to PSC. Among these, thyroid preparations were found to be 
a risk factor for PBC, while drugs affecting bone structure and miner
alization, as well as calcium channel blockers and antihypertensives, 
were associated with an increased risk of PSC. Regular smoking in the 
past was associated with an increased risk of AIH and PBC but a 
decreased risk of PSC. Additionally, certain gut microbiota and pathogen 
infections were found to have a causal relationship with AILDs. For 
detailed information, refer to Fig. 5.

3.4. The mediating role of immune cells in the associations between 
extrahepatic factors and AILDs

TSMR was employed to investigate the mediating role of circulating 
immune cells in the effects of EHAIDs and triggering factors on AILDs. 
Initially, we assessed the causal effects of the aforementioned extrahe
patic factors related to AILDs on immune cells, identifying a total of 89 
significant associations (Supplementary Table S5). After excluding as
sociations with conflicting directions of mediating and total effects, 64 
mediating pathways were ultimately confirmed using the TSMR method 
(Supplementary Table S6). The mediating effects and their 95 % confi
dence intervals (CIs) were calculated using the Delta method, revealing 
5 significant mediating effects. Notably, CD27 on IgD + CD24+ B cells, 
CD27 on IgD- CD38− B cells, and CD27 on switched memory B cells 
mediated the association between smoking and PBC, with proportions 
mediated of 14.5 % (P = 0.046), 17.4 % (P = 0.026), and 11.1 % (P =
0.028), respectively. CD28− CD8+ T cell %T cell mediated the associa
tion between gut microbiota (class Deltaproteobacteria) and PBC, with a 
proportion mediated of 12.8 % (P = 0.033). Additionally, CD25 on IgD- 
CD27− B cells mediated the association between gut microbiota (genus 
Blautia) and PBC, with a proportion mediated of 20.0 % (P = 0.044).

We further validated the 64 mediating pathways identified in TSMR 
using MVMR. Among these, 15 mediating pathways were significant in 
the MVMR analysis (Table 1). The Delta method was again applied to 
calculate the mediating effects and their 95 % CIs, with two immune cell 
mediators showing significant effects. Specifically, CD27 on switched 
memory B cells mediated the promoting effect of smoking on PBC, with a 
proportion mediated of 11.8 % (P = 0.032). Additionally, CD28− CD8+

T cell %T cell mediated the protective effect of gut microbiota (class 
Deltaproteobacteria) on PBC, with a proportion mediated of 8.5 % (P =
0.049).

3.5. Sensitivity analysis

Outliers in the associations were detected using the MR-PRESSO 
global test, and MR analysis along with sensitivity tests were repeated 
after excluding these outliers. Among the 446 significant associations 

Fig. 2. UVMR and LDSC regression elucidate the causal effects and shared genetic architecture underlying the association of 14 EHAIDs and 3 AILDs. (A) Associ
ations with significant causal effects discovered through UVMR. (B) Associations with significant genetic correlation discovered through LDSC regression. (C) 
Integration of UVMR and LDSC regression results: red indicates significant MR results, blue indicates significant LDSC results, and yellow indicates significant results 
for both methods.
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identified in this study (Supplementary Table S7), the Cochran’s Q test 
revealed heterogeneity in 24 associations (5.4 %), while the MR-Egger 
intercept test indicated horizontal pleiotropy in 14 associations (3.1 
%). A total of 24,933 SNPs were selected as instrumental variables in this 
study, of which 733 were in the HLA region (accounting for approxi
mately 2.9 %). The MR results after removing these SNPs showed that 
among the significant results we reported after FDR correction, these 
associations were basically consistent with the results of previous ana
lyses, indicating that this study was less affected by bias related to HLA 
genetic factors (Supplementary Table S8).

4. Discussion

Based on a substantial amount of publicly available genetic data, this 
study systematically examined the complex relationships between 
extrahepatic factors (14 EHAIDs, immune cells, and suspected triggers) 
and AILDs using MR, LDSC regression, colocalization, enrichment 
analysis, PPI network, and mediation analysis. We investigated the po
tential impact of various extrahepatic factors on AILDs and distin
guished the shared genetic architecture and causal effects underlying the 
associations between autoimmune diseases, while also visualizing the 
functions of these shared loci. Additionally, we employed mediation 

analysis to explore the pathways through which extrahepatic factors 
contribute to liver inflammation, indicating that some circulating im
mune cells play a mediating role in the relationship between extrahe
patic factors and AILDs.

Although epidemiological surveys have established some associa
tions between EHAIDs and AILDs, the mechanisms underlying these 
associations remain unclear. In our study, we identified 14 significant 
causal associations via UVMR and observed significant genetic overlap 
in 16 associations through LDSC regression. We noted both causal effects 
and genetic overlap in seven associations; for instance, significant causal 
effects and genetic correlations were found in the analysis of rheumatoid 
arthritis and PBC. Mediation analysis indicated that the effect of rheu
matoid arthritis on PBC may be mediated by CD127 on CD28+ CD45RA 
+ CD8+ T cells and CD45 on immature myeloid-derived suppressor cells. 
Colocalization analysis identified 20 loci shared between the two dis
eases, among which IL-12 and STAT4 have been elaborated in previous 
studies. In rheumatoid arthritis, IL-12 plays a key role in promoting the 
polarization of naive CD4+ T cells into mature Th1 effector cells. IL-12 
can also induce the production of IFN-γ by Th1 cells, NK cells, and 
CD8+ T cells [53]. In PBC, IL-12 exerts a pro-inflammatory effect by 
activating Th1 cells, stimulate the production of IFN-γ and can also 
inhibit the production of IL-17 by pro-inflammatory Th17 cells through 

Fig. 3. Enrichment analysis and PPI network results show differences in the functions of shared loci among the three AILDs. (A) Enrichment analysis of shared loci 
related to AIH. (B) PPI network of shared loci related to AIH. (C) Enrichment analysis of shared loci related to PBC. (D) PPI network of shared loci related to PBC. (E) 
Enrichment analysis of shared loci related to PSC. (F) PPI network of shared loci related to PSC.
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Fig. 4. Causal associations between circulating immune cells and AILDs. (A) (B) (C) depict the MR results of 731 immune cell traits on AIH, PBC, and PSC, 
respectively. (D) (E) (F) depict the reverse MR results of AIH, PBC, and PSC on 731 immune cell traits, respectively. (G) Significant associations remaining after FDR 
correction. (H) (I) Colocalization analysis results of these significant MR associations.
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IL-23 [54]. The specific cellular effects of IL-12 are mainly manifested in 
inducing the activation of the transcription factor STAT4, and GWAS 
have identified at least three IL-12-related genes that are closely related 
to PBC: IL12A, IL12RB2, and STAT4 [55]. We found that these genes are 
also related to rheumatoid arthritis and systemic lupus erythematosus.

We compared the shared loci across the three AILDs and found that, 
although PBC and PSC may overlap genetically with some of the same 
EHAIDs, the specific shared loci are quite different. In PBC, rs10774625 
(ATXN2) is shared with 9 EHAIDs. Ataxin-2, the protein encoded by this 
gene, is well-documented for its role in neurodegenerative diseases [56]. 
Additionally, research has linked ataxin-2 to insulin resistance and 
dyslipidemia [57]. For PSC, rs3184504 (SH2B3) and rs4817988 
(PSMG1) are shared with 6 and 5 EHAIDs, respectively. SH2B3 was 
initially identified as a regulator of hematopoiesis and lymphocyte dif
ferentiation, involved in various signaling pathways of growth factor 
and cytokine receptors, and is closely related to autoimmunity and 
inflammation. Although GWAS have shown associations between 
SH2B3 and type 1 diabetes, celiac disease, rheumatoid arthritis, sys
temic lupus erythematosus, and multiple sclerosis, the specific mecha
nisms in these diseases are not fully understood [58]. The association 
between PSMG1 and autoimmune diseases has been observed only in 
pediatric-onset inflammatory bowel disease [59], and its role remains 
unclear.

We investigated the causal relationships between 731 immune cell 
traits and three AILDs, with several exhibiting strong associations after 
FDR correction. Our analysis identified five CD27 B cell traits as risk 
factors for PBC and revealed that CD27 B cells mediate the enhancing 
effect of smoking on PBC. CD27 (TNFRSF7), a member of the tumor 
necrosis factor receptor family, has CD70 (TNFSF7) as its sole known 
ligand, and the CD27− CD70 pathway plays a crucial role in stimulating 
T and B cell activation. In B cells, CD27 is predominantly expressed on 
memory B cells within the germinal center. CD27 is not only a marker of 
memory B cells but may also be essential for their formation. Addi
tionally, in vitro studies indicate that the CD27− CD70 interaction pro
motes plasma cell differentiation and immunoglobulin production. 
CD27’s involvement has been documented in systemic lupus erythe
matosus, rheumatoid arthritis, inflammatory bowel disease, psoriasis, 
and neuroimmune diseases [60,61]. Li X et al. reported the accumula
tion of CD27 memory B and plasma cells in the hepatic portal tracts of 
PBC patients using spatial transcriptomics and multiplex immunofluo
rescence [62]. Targeted therapies against CD27/CD70 have demon
strated significant potential in cancer treatment [63], highlighting CD27 
as an attractive target for PBC treatment in our study. In reverse MR 
analysis, we observed that the onset of PSC was strongly associated with 
increased levels of four CD28− CD8+ T cells (q < 0.05). Among the as
sociations noted before FDR correction (P < 0.05), these findings were 

Fig. 5. Triggering factors associated with the onset of AILDs.
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particularly intriguing. PSC occurrence was linked to reduced levels of 
four CD28+ CD8+ T cells and increased levels of 13 CD28− CD8+ T cells. 
Previous research has shown that CD28 is a primary co-stimulatory 
molecule for T cell activation, and its loss during activation results in 
CD28− T cells, which are typically antigen-specific and highly differ
entiated. Although CD28− CD8+ T cells lose proliferative capacity during 
replicative senescence due to repeated antigenic stimulation, they can 
transiently upregulate telomerase activity and proliferate under certain 
conditions. CD28− CD8+ T cells are functionally heterogeneous, often 
exhibiting enhanced cytotoxic or immunomodulatory capabilities [64,
65]. In PSC research, Liaskou E et al. observed that CD28− T cells 
accumulate in the liver of PSC patients, releasing high levels of TNF-α 
and IFN-γ, and are localized around the bile ducts [66]. Consequently, 
our study suggests that the depletion of circulating CD28+ CD8+ T cells 
and the increase in CD28− CD8+ T cells are promising markers for PSC 
occurrence and inflammatory activity.

Despite rigorous quality control procedures, this study has several 
inherent limitations. First, our research utilized a substantial amount of 
publicly available GWAS data, and the reliability of our findings is 
contingent upon the quality of these data. Due to the lack of detailed 
information on these cohorts, we were unable to perform further strat
ified analyses based on variables such as age, gender, and other de
mographic factors. Second, Although bioinformatics research has 
uncovered many new insights, these associations cannot be definitively 
concluded and ultimately need to be validated in patients. Therefore, 
follow-up case-control studies and foundational experiments are 
necessary. Third, developmental compensation might introduce bias, 
and the widespread use of certain immune modulators and anti- 
inflammatory drugs could alter the natural associations between 

genetic variation and immune traits. Fourth, the study was limited to 
European populations due to the lack of relevant data on other racial 
groups, necessitating caution when generalizing these findings to other 
populations.
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Table 1 
Mediating pathways verified by MVMR analysis.

Exposure Mediator Outcome Direct effect 
(β1*±SE)

P1* Direct effect 
(β3*±SE)

P3* Mediating effect 
(β2 × β3*±SE)

Pm Proportion 
mediated (β2 ×
β3*/β1)

Myasthenia gravis Plasma Blast-Plasma Cell 
%B cell

AIH 0.218 ±
0.068

0.001 − 0.119 ±
0.046

0.009 0.012 ± 0.007 0.094 4.4 %

Gut microbiota (family 
Victivallaceae)

CD14+ CD16+ monocyte 
%monocyte

AIH 0.266 ±
0.115

0.021 − 0.267 ±
0.086

0.002 0.051 ± 0.028 0.062 14.6 %

Gut microbiota (genus 
Clostridium innocuum 
group)

CD62L- CD86+ myeloid 
Dendritic Cell %Dendritic 
Cell

AIH − 0.380 ±
0.144

0.008 0.237 ±
0.061

9.75E- 
05

− 0.043 ± 0.023 0.059 11.0 %

Gut microbiota (genus 
Clostridium innocuum 
group)

HLA DR + Natural Killer 
Absolute Count

AIH − 0.380 ±
0.161

0.019 − 0.231 ±
0.086

0.007 − 0.042 ± 0.024 0.086 10.5 %

Gut microbiota (genus 
Clostridium innocuum 
group)

HLA DR + Natural Killer 
%Natural Killer

AIH − 0.340 ±
0.168

0.043 − 0.185 ±
0.084

0.028 − 0.032 ± 0.021 0.130 8.0 %

Gut microbiota (genus 
Ruminiclostridium 9)

CD14+ CD16+ monocyte 
%monocyte

AIH − 0.863 ±
0.297

0.004 − 0.210 ±
0.078

0.007 − 0.078 ± 0.043 0.069 8.3 %

Smoking initiation CD27 on CD24+ CD27+ B 
cell

PBC 1.009 ±
0.444

0.023 0.114 ±
0.037

0.002 0.071 ± 0.040 0.075 8.0 %

Smoking initiation CD27 on memory B cell PBC 0.966 ±
0.477

0.043 0.128 ±
0.040

0.001 0.082 ± 0.047 0.080 9.2 %

Smoking initiation CD27 on switched 
memory B cell

PBC 0.902 ±
0.424

0.034 0.146 ±
0.039

2.03E- 
04

0.105 ± 0.049 0.032 11.8 %

Smoking initiation CD127 on CD28+

CD45RA + CD8+ T cell
PBC 0.999 ±

0.416
0.016 0.129 ±

0.043
0.003 0.087 ± 0.048 0.071 9.8 %

Gut microbiota (class 
Deltaproteobacteria)

Terminally Differentiated 
CD8+ T cell Absolute 
Count

PBC − 0.550 ±
0.217

0.011 − 0.242 ±
0.095

0.011 − 0.075 ± 0.042 0.076 11.4 %

Gut microbiota (class 
Deltaproteobacteria)

CD28− CD8+ T cell %T 
cell

PBC − 0.613 ±
0.122

5.55E- 
07

− 0.144 ±
0.058

0.013 − 0.056 ± 0.028 0.049 8.5 %

Gut microbiota (family 
Desulfovibrionaceae)

Terminally Differentiated 
CD8+ T cell Absolute 
Count

PBC − 0.508 ±
0.255

0.047 − 0.242 ±
0.103

0.019 − 0.078 ± 0.047 0.097 12.3 %

Gut microbiota (family 
Desulfovibrionaceae)

CD28− CD8+ T cell %T 
cell

PBC − 0.605 ±
0.142

1.97E- 
05

− 0.139 ±
0.062

0.026 − 0.050 ± 0.030 0.094 7.8 %

Rheumatoid arthritis CD45 on CD33dim HLA 
DR + CD11b-

PSC 0.328 ±
0.085

1.08E- 
04

− 0.295 ±
0.120

0.014 0.018 ± 0.012 0.124 10.0 %

Pm, the significance value of the mediating effect.
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