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Integrating Machine Learning and Multiomics Analyses
to ldentify Immune-Related Biomarkers and
Mechanisms in Primary Biliary Cholangitis

Zhiyu Zeng, PhDV2*, Jian Fang, MD**, Li Chen, PhD'?, Ying Liang, MD*!, Dongliang Li, PhD'?, Lei Xia, MD® and Longke Xie, MD*®

INTRODUCTION: Primary biliary cholangitis (PBC) is a chronic autoimmune liver disease that gradually progresses,
making early diagnosis and treatment challenging. Reliable biomarkers could enhance diagnostic
accuracy and therapeutic development.

METHODS: This study analyzed 3 publicly available gene expression data sets from the Gene Expression Omnibus
database: GSE119600 (90 patients with PBC and 47 healthy controls), GSE159676 (12 PBC patients
and 6 controls), and GSE61260 (11 patients with PBC and 38 controls). To identify genes closely
linked to PBC, we applied machine learning techniques, including Least Absolute Shrinkage and
Selection Operator, Support Vector Machine-Recursive Feature Elimination, and random forest. We
subsequently conducted gene set enrichment and immune cell infiltration analyses to investigate their
biological significance. IN addition, potential drug interactions were explored through the Drug Gene
Interaction Database, and a competing endogenous RNA regulatory network was developed to examine
gene regulation. Finally, the expression of selected genes was validated through multiplex
immunofluorescence staining of liver tissue samples from patients with PBC.

RESULTS: We identified proteasome subunit beta 7, TRAF family member associated nuclear factor kappa-light-
chain-enhancer of activated B cells activator Albumin (TANK)-binding kinase 1, solute carrier family 29
member 1, and natural killer cell receptor 2B4 as key genes associated with PBC; these genes were
significantly enriched in immune-related pathways and strongly correlated with immune regulation.
Drug target prediction indicated that some genes could interact with existing immunomodulators or
anticancer drugs. Competing endogenous RNA network analysis revealed that TANK-binding kinase 1,
solute carrier family 29 member 1, and natural killer cell receptor 2B4 interact with multiple miRNAs
and long noncoding RNAs, potentially regulating the immune microenvironment of PBC through
noncoding RNA mechanisms. Immunofluorescence staining confirmed that these genes were highly
expressed in liver tissues from patients with PBC.

DISCUSSION: By integrating machine learning and functional analyses, this study identified 4 genes that may serve as
potential biomarkers for PBC. Their involvement in immune regulation suggests possible applications in
both diagnosis and therapy. Further studies are necessary to explore their clinical relevance and
therapeutic potential.
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INTRODUCTION

Primary biliary cholangitis (PBC) is a progressive autoimmune
liver disorder that gradually damages the small bile ducts within
the liver. If left untreated, it can progress to cirrhosis, liver failure,
or hepatocellular carcinoma (1). The condition is more com-
monly observed in middle-aged women, although its underlying
cause remains uncertain. Research suggests that immune system
irregularities, particularly disruptions in T-cell-mediated im-
mune responses, are central to the development and progression
of PBC (2). Individuals with PBC often experience fatigue, itch-
ing, and jaundice (3), symptoms that typically intensify over time.
However, in the early stages, these signs are subtle and non-
specific, leading to frequent misdiagnosis as other liver con-
ditions. Currently, the presence of anti-mitochondrial antibodies
serves as a key biomarker for diagnosing PBC (4). Nevertheless,
a subset of patients may test negative for anti-mitochondrial
antibody, complicating diagnosis and highlighting the need for
additional reliable biomarkers. Liver histopathology remains
a valuable diagnostic tool capable of detecting characteristic PBC
features, including chronic nonsuppurative destructive chol-
angitis and interlobular bile duct damage (5). Despite its di-
agnostic value, this method is invasive, entails certain risks, and is
impractical for widespread early diagnosis and screening.
Therefore, the identification of novel noninvasive biomarkers and
improvements in early PBC detection accuracy have emerged as
critical research topics.

With the rapid development of genomics, transcriptomics,
and high-throughput technologies, significant progress has been
made in understanding the molecular mechanisms of PBC.
Studies have shown that PBC is closely associated with immune
system disorders and involves multiple biological processes, in-
cluding cytokine activity and bile acid metabolism (6). However,
despite existing studies revealing several molecular mechanisms
of PBC, comprehensive systemic analyses of the exact patho-
genesis, especially the role of immune cells within the immune
microenvironment and their interactions with PBC-related
genes, are still lacking. Moreover, ursodeoxycholic acid is cur-
rently the only first-line treatment of PBC, but up to 40% of
patients with PBC exhibit an incomplete response, and its ther-
apeutic efficacy remains limited (7), further highlighting the ur-
gent need to identify new molecular targets and therapeutic
strategies.

Therefore, the aim of this study was to apply machine learning
algorithms to integrate gene expression data from multiple public
data sets to identify potential key genes associated with PBC di-
agnosis. Through differential gene analysis, gene set enrichment
analysis (GSEA), and immune cell infiltration analysis, we
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explored the biological functions and potential mechanisms of
these genes in PBC. On the basis of these analyses, we further
collected liver tissue samples from patients with PBC and healthy
individuals to validate the expression levels and tissue localization
of the identified key genes by immunofluorescence staining
experiments. We anticipate that the novel biomarkers identified
in this study will increase the accuracy of early PBC diagnosis and
provide a theoretical basis for understanding the immune regu-
latory mechanisms and targeted therapies for PBC, thereby
promoting precision diagnosis and treatment of this disease.

MATERIALS AND METHODS

Data acquisition and processing

In this study, PBC data were retrieved from the Gene Expression
Omnibus (http://www.ncbi.nlm.nih.gov/geo/) database. Using
the keyword “PBC,” we downloaded the data sets GSE119600 (47
healthy controls and 90 patients with PBC) (8), GSE159676 (6
healthy controls and 12 patients with PBC) (9), and GSE61260
(38 healthy controls and 11 patients with PBC) (10). After nor-
malization, the data sets were analyzed and visualized using R
version 4.2.2 and the R packages limma (v3.52.4), sva (v3.44.0),
and ggplot2 (v3.4.0).

Differentially expressed gene analysis and functional
enrichment analysis

To identify differentially expressed genes (DEGs) in PBC, we set
the screening criteria as |logFC| > 0.5 and P < 0.05, using the
limma package for DEG detection. Gene Ontology (GO) en-
richment analysis and Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analysis were subsequently per-
formed to explore the potential biological functions of these
DEGs in PBC. GO and KEGG enrichment analyses were con-
ducted using the R packages ggplot2 (v3.4.0), clusterProfiler
(v4.4.4), org.Hs.eg.db (v3.15.0), and enrichplot (v1.16.1), with
significant GO and KEGG pathways identified under the condi-
tion of adjusted P < 0.05.

Screening of key diagnostic genes for PBC

To identify key diagnostic genes for PBC, this study combined 3
machine learning algorithms to screen for PBC-related DEGs.
First, the Least Absolute Shrinkage and Selection Operator
(LASSO) algorithm and support vector machine (SVM) algo-
rithm were used to classify diagnostic marker genes for PBC, with
model parameters optimized through 10-fold cross-validation
through the glmnet package (v4.1-4). The SVM-Recursive Fea-
ture Elimination (SVM-RFE) algorithm identifies the most dis-
criminative genes by constructing a hyperplane with the

VOLUME 16 | OCTOBER 2025 www.clintranslgastro.com


http://links.lww.com/CTG/B365
http://links.lww.com/CTG/B366
https://doi.org/10.14309/ctg.0000000000000907
http://www.ncbi.nlm.nih.gov/geo/
http://www.clintranslgastro.com

maximum margin in the feature space, implemented through the
€1071 (v1.7-13) and svm Radial packages in R. The random forest
(RF) algorithm ranks PBC-related DEGs on the basis of the Gini
index, identifying characteristic expression genes through re-
cursive binary tree partitioning. To identify genes with the highest
classification potential, the RF model was built through the RF
package (v4.7-1.1). The intersection of genes identified by all 3
algorithms was considered a key diagnostic gene for PBC. To
assess the model’s predictive performance, the p receiver oper-
ating characteristic package (v1.18.0) was used to compute the
area under the receiver operating characteristic curve (AUC). A
higher AUC value indicates greater predictive accuracy.

GSEA

GSEA was conducted through the “c2.cp.kegg.v11.0” gene set
from the Molecular Signatures Database (MSigDB, http://soft-
ware.broadinstitute.org/gsea/msigdb) as a reference. This analy-
sis was designed to investigate the biological functions and
potential roles of the identified key genes across different sig-
naling pathways. To ensure the robustness of the findings, 1,000
random permutations were performed, and enrichment scores
were normalized. Statistical significance was determined on the
basis of an adjusted P value threshold of less than 0.05.

Immune cell infiltration analysis

To assess the composition of immune cells within tissues, we used
the Cell-type Identification by Estimating Relative Subsets Of
RNA Transcripts algorithm (http://cibersortx.stanford.edu),
which estimates the relative abundance of 22 distinct immune cell
subsets on the basis of gene expression data. To further investigate
the associations between the expression of key genes and immune
cell infiltration, Spearman correlation analysis was performed
through R. The resulting correlation patterns were visualized with
the ggplot2 package, which provides a clear representation of the
interactions between gene expression levels and immune cell
infiltration dynamics.

Key gene drug prediction and competing endogenous RNA
network construction

To explore potential therapeutic strategies, the Drug Gene In-
teraction Database (DGIdb) (https://dgidb.org) was used to
identify targeted drugs associated with key genes through default
screening parameters. In addition, the mRNA-miRNA inter-
actions of key genes were predicted through data from the Na-
tional Center for Biotechnology Information and the StarBase
databases (http://starbase.sysu.edu.cn). On the basis of the pre-
diction results, a competing endogenous RNA (ceRNA) network
comprising mRNAs, miRNAs, and long noncoding RNAs
(IncRNAs) was constructed. This network was visualized through
Cytoscape software (version 3.7.1), revealing the interactions
between key genes, miRNAs, and IncRNAs, as well as their po-
tential regulatory mechanisms in PBC.

Multiplex immunofluorescence staining

From January 2024 to January 2025, a total of 11 paraffin-
embedded liver tissue samples were obtained from the 900th
Hospital of the Joint Logistics Support Force, comprising tissues
from one healthy donor and 10 patients diagnosed with PBC. The
diagnosis of PBC was determined by clinical experts through the
assessment of elevated serum alkaline phosphatase levels, de-
tection of specific autoantibodies, and histopathological
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examination of liver biopsy samples. Ethical approval for this
study was granted by the 900th Hospital’s Ethics Committee
(Approval No. 20221025), with informed consent obtained from
all participants in writing. Liver tissues were fixed with 4%
paraformaldehyde, embedded in paraffin and sliced into 4 wm
thick sections for subsequent hematoxylin and eosin staining.
Multiplex immunofluorescence staining was conducted on
paraffin-embedded liver sections from both patients with PBC
and healthy controls by a 5-color multiplex fluorescence staining
kit (HuBlue Bio, Catalog No. RC0086Plus-45RM). After depar-
affinization and rehydration, antigen retrieval of the 4 wm thick
liver sections was performed with sodium citrate buffer, and the
samples were heated in a microwave at medium power for
8 minutes, followed by an 8-minute rest and additional heating at
low-medium power for 7 minutes. To inhibit endogenous per-
oxidase activity, the sections were treated with 3% hydrogen
peroxide, followed by incubation in 5% bovine serum for
30 minutes to ensure effective blocking. The tissue sections were
incubated overnight at 4 °C in a dark environment with primary
antibodies diluted to specific concentrations: TANK (1:500,
Immunoway, YT4540), natural killer cell receptor 2B4 (CD244; 1:
200, Immunoway, YT5615), equilibrative nucleoside transporter
1 (1:500, Ab-mart, PC13077s), and proteasome subunit beta 7
(PSMB7) (1:100, Ab-mart, PH1345S). After incubation, the sec-
tions were washed with phosphate-buffered saline and incubated
with horseradish peroxidase-conjugated secondary antibodies at
room temperature for 50 minutes. Tyramide signal amplification
fluorescent dyes diluted 1:200 (TYR-520Plus, TYR-570Plus,
TYR-620Plus, and TYR-690Plus; HuBlue Bio) were subsequently
applied for 7 minutes of staining. After each round of staining,
antigen stripping was performed through sodium citrate buffer at
95 °C for 25 minutes in a water bath, and the staining-stripping
cycle was repeated 4 times. Finally, the slides were mounted with
antifade mounting medium (Meilun Bio, MA0221), and multi-
channel fluorescence images were captured by a fluorescence
microscope (NIKON, ECLIPSE Ci-L) at different magnifications.
Quantitative analysis was conducted on the basis of fluorescence
intensity and the distribution of positive signals, which were
evaluated through image analysis software.

Ethical approval for this study was granted by the 900th
Hospital’s Ethics Committee (Approval No. 20221025), with
informed consent obtained from all participants in writing.

RESULTS

Identification and enrichment analysis of DEGs in PBC

Three data sets (GSE119600, GSE159676, and GSE61260) com-
prising data from 113 patients with PBC and 91 healthy controls
were analyzed in this study. The gene expression matrix for PBC
was first processed through normalization (see Supplementary
Figure 1A, http://links.lww.com/CTG/B365), and DEGs were
subsequently identified through R software. Supplementary
Digital Content (see Supplementary Figure 1B, http://links.lww.
com/CTG/B365) presents a heatmap illustrating the differential
expression of genes between PBC and control samples, revealing
74 DEGs (see Supplementary Table S1, http://links.lww.com/
CTG/B365). GO and KEGG pathway enrichment analyses were
performed to investigate the functional roles and signaling
pathways associated with these DEGs in PBC. According to the
GO analysis, the DEGs were predominantly associated with
ribosomes, focal adhesions, and cell-matrix junctions in the
context of cellular components, whereas molecular functions

Clinical and Translational Gastroenterology


http://software.broadinstitute.org/gsea/msigdb
http://software.broadinstitute.org/gsea/msigdb
http://cibersortx.stanford.edu/
https://dgidb.org
http://starbase.sysu.edu.cn
http://links.lww.com/CTG/B365
http://links.lww.com/CTG/B365
http://links.lww.com/CTG/B365
http://links.lww.com/CTG/B365
http://links.lww.com/CTG/B365

BILIARY

Zengetal

were linked mainly to ribosomal structural elements (see Sup-
plementary Table S2, http://links.lww.com/CTG/B365). KEGG
pathway analysis revealed that the DEGs were significantly as-
sociated with ribosomal functions, motor protein activities, and
Toll-like receptor signaling pathways (see Supplementary Table
S3, http://links. Iww.com/CTG/B365).

Identification of 4 key genes associated with PBC
Considering the marked biological variations between patients with
PBC and healthy controls, the aim of this study was to assess the

diagnostic value of DEGs in PBC. To identify key genes distinguishing
patients with PBC, 3 machine learning techniques—LASSO, SVM-
RFE, and RF—were applied to analyze DEGs within the control data
set. The LASSO algorithm selected 18 genes from the 74 DEGs
(Figure 1a,b; see Supplementary Table S4, http://links.lww.com/CTG/
B365). Through the SVM-RFE algorithm, 30 genes were selected,
achieving a maximum accuracy of 0.794 and a minimum root mean
square error of 0.206 (Figure 1¢,d; see Supplementary Table $4, http://
links.Iww.com/CTG/B365). The RF algorithm evaluated the impor-
tance of NAFRGs, identifying 11 genes with importance scores
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Figure 1. Four key genes were identified as critical for primary biliary cholangitis (PBC). (a, b) Least Absolute Shrinkage and Selection Operator (LASSO)
logistic regression was used for penalty parameter tuning and tenfold cross-validation, selecting 18 PBC-related features. (¢, d) The Support Vector
Machine-Recursive Feature Elimination (SYM—RFE) algorithm was applied to identify PBC-related genes and determine the optimal combination of key
genes, ultimately resulting in the selection of 30 key genes (maximum accuracy = 0.794, minimum root mean square error = 0.206). (e—f) The random
forest (RF) algorithm was used for key gene selection, identifying 11 genes with importance scores greater than 0.2. (g) Intersection of key genes obtained
from the LASSO, SVM-RFE, and RF models. (h) Receiver operating characteristic (ROC) curves for the 4 key genes in PBC. (i) ROC curve of the 4 genes as

a combined model for PBC classification.
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exceeding 2 (Figure le,f; see Supplementary Table S4, http://links.lww.
com/CTG/B365). By combining the outputs from the 3 machine
learning models, 4 critical genes—PSMB7, TANK-binding kinase 1
(TBK1), solute carrier family 29 member 1 (SLC29A1), and
CD244—were identified as significant markers (Figure 1g). Receiver
operating characteristic curves were generated to assess the effective-
ness of these 4 genes in differentiating PBC samples from healthy
controls (Figure 1f). The analysis revealed that these 4 genes had an
AUC of 0.826, highlighting their strong diagnostic performance with
high accuracy and specificity in distinguishing patients with PBC from
healthy controls (Figure 1i). These results imply that the identified
genes exhibit robust diagnostic accuracy and specificity in differenti-
ating patients with PBC from healthy individuals.

GSEA analysis of key genes

Given the unclear potential functions of key genes in PBC, GSEA
was used to investigate their biological roles and significance in
PBC. The GSEA results revealed that PSMB7, TBKI, and
SLC29A1 were significantly enriched in multiple immune-related
pathways, including those related to the regulation of the actin
cytoskeleton, focal adhesion, oxidative phosphorylation, and the
phosphatidylinositol signaling system (Figure 2). The enrichment
of TBK1 in the chemokine signaling pathway suggests its po-
tential role in immune cell signal transduction.

Immune cell infiltration analysis

To compare the immune microenvironment differences between
patients with PBC and healthy controls, the Cell-type Identifi-
cation by Estimating Relative Subsets Of RNA Transcripts algo-
rithm was used to analyze immune cell infiltration. The immune
cell infiltration profiles of the normal and PBC groups are first
illustrated (see Supplementary Figure 2A, http://links.lww.com/
CTG/B365), followed by a correlation heatmap of 22 immune cell
types across both groups (see Supplementary Figure 2B, http://
links.lww.com/CTG/B365). The relationships between the 4 core
genes and immune genes were then analyzed, revealing strong
correlations with multiple immune cell types (see Supplementary
Figures 2C-2F, http://links.lww.com/CTG/B365).

Prediction of targeted drugs for key genes and construction of the
ceRNA network

The DGIdb database facilitated the identification of potential
drugs that target key genes. Cytoscape analysis revealed strong
interactions between the PSMB7, SLC29A1, and CD244 genes
and approved drugs, primarily anticancer drugs. TBKI is in-
volved in numerous drug interactions, although most drugs have
not yet received approval (see Supplementary Figure 3, http://
links.Iww.com/CTG/B365). To further explore the regulatory
mechanisms of the core genes in PBC, a ceRNA regulatory net-
work was constructed (see Supplementary Figure 4, http://links.
Iww.com/CTG/B365). TBK1 forms a complex regulatory net-
work with IncRNAs such as RP11-343D2.11 and LINC01070
through miRNAs, including miR-302a-5p and miR-365a-3p.
CD244 interacts with miR-876-5p, miR-26b-3p, and IncRNAs
such as RP11-699C17.1 and RP13-143G15.4. SLC29A1 is regu-
lated by miRNAs such as miR-185-5p and miR-149-3p, along
with IncRNAs such as LINC00266 and LINC00666.

Validation of key gene expression in clinical samples

To further validate the expression levels and spatial distribution
of PSMB7, TBK1, SLC29A1, and CD244 in the liver tissues of
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patients with PBC, liver tissue samples from one healthy in-
dividual and 10 patients with PBC were analyzed by multiplex
immunofluorescence staining. The results revealed significantly
increased expression levels of PSMB7, TANK, equilibrative nu-
cleoside transporter 1, and CD244 antibodies in the liver tissues of
patients with PBC compared with those in normal liver tissues.
Notably, high expression of these key gene-related proteins was
observed in both inflammatory cells and hepatocytes, particularly
in the portal areas of patients with PBC (Figures 3-6, see Sup-
plementary Figure 5, http://links.Iww.com/CTG/B365).

DISCUSSION

In this study, we analyzed multiple public data sets and applied
machine learning techniques to identify 4 key genes associated
with PBC: PSMB7, TBK1, SLC29A1, and CD244. Through GSEA
enrichment analysis and immune cell infiltration assessment, we
discovered that these genes may play significant roles in regu-
lating immune responses, inflammation, antigen presentation,
and metabolic activities, highlighting their diagnostic and ther-
apeutic potential in PBC (11). We observed a marked increase in
PSMB?7 expression among patients with PBC, potentially affect-
ing T-cell activation and immune tolerance by modulating pro-
tein degradation pathways. Its trypsin-like enzymatic activity
could be crucial for antigen processing, thereby influencing im-
mune responses (12). TANK functions as a critical modulator of
the nuclear factor kappa-light-chain-enhancer of activated B
cells signaling pathway (13), affecting inflammatory and antiviral
defenses through the regulation of proteins such as TNF recepter-
associated factor 2, TBK1, and inhibitor of nuclear factor kappa-B
kinase subunit Epsilon (14). In PBC, elevated TANK levels may
alter innate immune activation by modulating the nucleotide-
binding oligomerization domain-like and retinoic acid-inducible
gene-like receptor pathways, contributing to liver inflammation
(15,16). SLC29A1, a nucleoside transporter, facilitates the
transmembrane movement of purine and pyrimidine nucleo-
sides, playing a pivotal role in cellular energy metabolism and
controlling inflammatory pathways (17). Increased expression of
SLC29A1 may exacerbate bile duct damage by disrupting im-
mune cell metabolism and cytokine-mediated inflammatory
signaling. CD244, which is expressed on natural killer (NK) and
T cells and is involved in non-MHC-restricted cytotoxicity and
T-cell activation (18,19), is expressed at elevated levels in the liver
tissues of patients with PBC, particularly in portal areas with
inflammatory infiltration.

Using the DGIdb database, we identified notable interactions
between PSMB7, SLC29A1, and several approved anticancer agents,
with CD244 showing a specific association with the drug ALDE-
SLEUKIN. These results indicate that currently available immuno-
modulatory therapies could be beneficial for managing PBC (20).
PSMB?7, as an integral part of the proteasome complex, may mod-
ulate immune responses in PBC through its interaction with pro-
teasome inhibitors such as bortezomib, potentially affecting antigen
presentation mechanisms. The SLC29A1 gene plays a role in drug
transport and cellular metabolism, which may affect bile acid path-
ways and influence the effectiveness of nucleoside analog-based
therapies (21). In addition, CD244, a key receptor found on NK cells,
interacts with ALDESLEUKIN, a drug known for its potential to
enhance NK cell-mediated anti-inflammatory responses. These
findings suggest that CD244 could serve as an immunotherapeutic
target for PBC (18). These observations indicate that ALDESLEU-
KIN may have potential applications in PBC treatment. Although
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Figure 2. (a) Proportional composition of different immune-infiltrating cells in the control and primary biliary cholangitis (PBC) groups. (b) Correlation
heatmap of immune-infiltrating cells in patients with PBC. Correlations between immune infiltration and the expression of key genes: (c¢) proteasome subunit
beta type-7 (PSMB?7), (d) TANK-binding kinase 1 (TBK1), (e) solute carrier family 29 member 1 (SLC29A1), and (f) natural killer cell receptor 2B4 (CD244).

this drug and similar agents have yet to receive approval for PBC
management, their interactions with PBC-related genes open the
door for further studies on immunomodulatory therapies and pre-
cision medicine. Although anticancer drugs are not part of the cur-
rent standard treatment for PBC, their possible immunoregulatory
properties warrant additional investigation. Future research may
help determine whether these agents could contribute to the de-
velopment of targeted therapeutic approaches for PBC.

This study established a ceRNA regulatory network, demon-
strating that TBK1, CD244, and SLC29A1 modulate immune cell

Clinical and Translational Gastroenterology

function through interactions with miRNAs and IncRNAs,
playing pivotal roles in the immunopathogenesis of PBC. TBK1 is
regulated by miR-365a-3p in our predicted ceRNA network. miR-
365a-3p has been previously reported to regulate cell proliferation
and migration in Hep-2 carcinoma cells by targeting ten-eleven
translocation 1 (22), suggesting potential roles in cellular signal-
ing. Although its specific function in immune cells or in the
context of PBC has not been experimentally confirmed, it may
potentially influence the PBC immune microenvironment
through post-transcriptional regulation of TBK1.
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Figure 3. Immunofluorescence staining of proteasome subunit beta type-7 (PSMB7) in normal liver tissue (a—¢) and primary biliary cholangitis (PBC) liver
tissue (d-f). (a, b) Magnification x 10, (¢, d) magnification x20, (e, f) magnification x40.

SLC29A1 is modulated by miR-185-5p and miR-149-3p, po-
tentially affecting the energy supply and metabolism in immune
cells (23). miR-149-3p participates in both the initiation and
resolution of immune responses (24), and its interaction with
SLC29A1 suggests that SLC29A1 may play a critical regulatory
role in immune injury in PBC. CD244 is influenced by miR-876-
5p and miR-26b-3p and further regulates NK cell function and
immune surveillance through the IncRNA network. As an
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essential receptor on NK cells, CD244 may be integral to immune
tolerance and evasion in PBC (25). This complex regulatory
network offers novel insights into PBC immune regulation at the
noncoding RNA level and provides a foundation for RNA-
targeted therapies.

The novelty of this study lies in the combination of machine
learning and experimental validation to systematically screen key
genes for PBC and uncover their roles in the immune
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Figure 4. Immunofluorescence staining of TANKin normalliver tissue (a—c) and primary biliary cholangitis (PBC) liver tissue (d-f). (a, b) Magnification x 10,

(¢, d) magnification %20, (e, f) magnification x40.
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Figure 5. Immunofluorescence staining of equilibrative nucleoside transporter 1 (ENT1) in normal liver tissue (a—¢) and primary biliary cholangitis (PBC)
liver tissue (d—f). (a, b) Magnification x 10, (c, d) magnification x 20, (e, f) magnification x40.

microenvironment. Compared with traditional methods based
on individual gene analysis, this study integrated multiomics data
and applied machine learning for more accurate and specific gene
selection, offering new directions for early PBC diagnosis and
targeted therapy. Nevertheless, this study has certain limitations.
The Gene Expression Omnibus data sets used lack detailed
immunoserological and clinical information, which are known to
influence PBC progression and treatment response (26,27).

-
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Although we validated gene expression in liver tissues from 10
patients with PBC, the small sample size and lack of serum data
precluded further stratified analysis. In addition, antinuclear
antibody detection is serum-based and cannot be reliably assessed
in tissue sections, limiting our ability to explore its association
with gene expression. Future studies should address these limi-
tations by integrating transcriptomic data with clinical and se-
rological features in larger patient cohorts, and by combining

Figure 6. Immunofluorescence staining of natural killer cell receptor 2B4 (CD244) in normal liver tissue (a—c) and primary biliary cholangitis (PBC) liver
tissue (d-f). (a, b) Magnification x 10, (c, d) magnification x20, (e, f) magnification x40.
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single-cell sequencing and functional experiments to further
elucidate the mechanisms, diagnostic relevance, and therapeutic
potential of the identified genes in distinct PBC subtypes.

In this study, we identified 4 key genes—PSMB7, TBK1,
SLC29A1, and CD244—using machine learning methods and
explored their mechanisms in PBC through multiple analytical
approaches. These results indicate that these genes may influence
immune inflammation, metabolic regulation, and antigen pre-
sentation and are significantly upregulated in the liver tissues of
patients with PBC, suggesting their potential diagnostic value. In
addition, drug target prediction suggests that existing immuno-
modulators or anticancer drugs may be effective for PBC treat-
ment, offering new directions for precision therapy. This study
provides new insights into the molecular mechanisms, early di-
agnosis, and targeted treatment of PBC, although further studies
are needed to validate their clinical applicability.
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Study Highlights
WHAT IS KNOWN

/ Primary biliary cholangitis (PBC) is a chronic autoimmune
liver disease that gradually progresses, making early
diagnosis and treatment challenging.

WHAT IS NEW HERE

/ Machine learning identified 4 key genes (PSMB7, TBK1,
SLC29A1, and CD244) for PBC.

/ Immunofluorescence confirmed gene overexpression in PBC
liver tissues.

Drug target prediction suggested potential
immunomodulatory therapies for PBC.
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