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Background: Atherosclerosis (AS) is a common cardiovascular disease worldwide. The mitochondrial unfolded protein response
(UPRmt) is a defense mechanism that enhances protein folding and degradation to maintain mitochondrial function and cellular
homeostasis under stress. Research suggests a strong link between mitochondrial dysfunction and AS, particularly related to oxidative
stress and inflammation. However, the exact relationship between UPRmt and AS is unclear. Identifying biomarkers associated with
UPRmt is crucial for improving AS diagnosis and treatment.

Methods: Microarray datasets related to AS were retrieved from the Gene Expression Omnibus (GEO) database. After integrating
these datasets and eliminating batch effects, we obtained 101 AS and 67 control samples. Based on the expression levels of UPRmt-
related genes (MRGs), the samples were classified into two subtypes and subjected to differential analysis, weighted correlation
network analysis, and immune infiltration analysis. A predictive model was built using 12 machine learning algorithms to identify hub
genes associated with UPRmt. Additionally, single-cell RNA-seq data and the CellChat algorithm were used to explore intercellular
communication mechanisms mediated by these hub genes in AS. Mendelian randomization analysis was performed to identify
biomarkers linked to AS. Molecular simulation techniques assessed the therapeutic potential of Iloprost. Finally, the expression and
distribution of core genes were analyzed by RT-qPCR, Western blot, and immunofluorescence.

Results: We identified seven hub genes at the intersection of UPRmt dysregulation and atherosclerosis. These genes showed
consistent differential expression across cohorts and formed coherent mitochondria-stress modules. Their expression correlated with
multiple immune-cell infiltration scores, including macrophage and T-cell signatures, and with inflammatory mediators. A classifier
based on the seven-gene panel distinguished atherosclerotic from non-atherosclerotic samples across external datasets and remained
robust after accounting for clinical covariates. Experimental assays confirmed altered expression of selected genes and their
modulation under mitochondrial stress. Molecular simulation suggested that Iloprost can bind to the APOC]1 protein’s active pocket.
Conclusion: ARHGAP25, CYTH4, ITGB7, APOC1, WDFY4, MARCO and PLCB2 are pivotal genes intimately linked to AS and
the UPRmt. They potentially play crucial roles in mitochondrial dysfunction and immune regulation. As such, these genes may be
promising biomarkers and therapeutic targets for AS.

Keywords: atherosclerosis, mitochondrial unfolded protein response, machine learning, immune infiltration, single-cell sequencing

analysis, molecular dynamics

Introduction
Atherosclerosis (AS) is a complex, multifactorial disease characterised by endothelial dysfunction and abnormal lipid
metabolism, culminating in chronic inflammation and plaque formation."> Aberrant activation of immune cells and

sustained release of pro-inflammatory cytokines drive structural and functional decline of the vascular wall.> Globally,
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AS is a leading cause of cardiovascular disease; prevalence increased from 271 million in 1990 to 523 million in 2019
and deaths from 12.1 to 18.6 million.*

These trends have intensified efforts to dissect molecular mechanisms, particularly the crosstalk between oxidative stress and
immunity. Oxidised low-density lipoprotein (LDL) accumulation in endothelium triggers cellular stress and LOX-1-NF-«xB
signalling, promoting release of cytokines such as IL-6 and TNF-a.®® Toll-like receptors (TLRs) recognise PAMPs and DAMPs,
amplifying immune-cell recruitment and activation, thereby aggravating inflammation and plaque instability.”'® New therapies,
including PCSK?9 inhibitors and anti-inflammatory agents, reduce cardiovascular events, yet overall efficacy remains suboptimal;
multi-omics biomarker discovery may help refine treatment strategies.'"'* Nevertheless, there is a need to improve treatment
efficacy for patients with AS. In the future, employing rapidly advancing multi-omics approaches to identify new therapeutic
biomarkers will be crucial in refining treatment strategies for AS.

Mitochondria are essential energy converters in eukaryotic cells, crucial for ATP production and play a pivotal role in
regulating cellular apoptosis, signal transduction, reactive oxygen species (ROS) processing, and disease-associated
metabolic pathways.'*'* The UPRmt is a cellular defense mechanism activated under conditions of protein misfolding or
stress accumulation in eukaryotic cells. It promotes the folding, repair, and degradation of proteins by enhancing the
transcriptional activity of specific genes, thus preserving mitochondrial functional integrity and cellular viability."> " In
pathological states characterized by increased oxidative stress or mitochondrial DNA damage, the activation of UPRmt
plays a critical role in mitigating disease progression, primarily through the reduction of mitochondrial damage and the
maintenance of cellular metabolic homeostasis.'®'® Furthermore, UPRmt modulates gene expression through the
regulation of retrograde signaling from mitochondria to the nucleus, aiding the cellular adaptive responses to diverse
environmental stressors, including temperature variations and nutritional shortages.*

The regulatory network of the UPRmt comprises various signaling pathways and transcription factors, including
ATF5, CHOP, and HSP60. These components interact to form a sophisticated network that improves cellular adaptability
and response accuracy under stress. In disease models such as cardiovascular and neurodegenerative diseases, cancer, and
metabolic disorders, mitochondrial dysfunction is intricately associated with disease progression. Strategies that target
mitochondrial function regulation or enhancement through UPRmt have demonstrated significant therapeutic potential.
Specifically, in cardiovascular diseases, UPRmt activation is tightly linked to cardiomyocyte protection and cardiac
function improvement, highlighting its potential in the prevention and treatment of these diseases.”'** Furthermore,
UPRmt plays a pivotal role in modulating immune-inflammatory responses. Mitochondrial damage-induced mtDNA
release can initiate intracellular inflammatory reactions, but UPRmt can mitigate these reactions by reducing mtDNA
release. Additionally, UPRmt’s regulatory effects contribute to alleviating oxidative stress and suppressing the activation
of inflammatory pathways, thus decelerating AS progression.”> > UPRmt also enhances the metabolic flexibility and
stress response capabilities of immune cells like macrophages, affecting their polarization states and significantly
influencing both local and systemic inflammation regulation.?®*” Therefore, the UPRmt is not only a crucial internal
stress response mechanism but also a vital connector of metabolic health, immune regulation, and disease progression. Its
potential value in future disease treatments warrants further investigation.

Although the UPRmt is linked to oxidative and inflammatory responses and growing evidence implicates it in
cardiovascular and immune-inflammatory processes, its specific impact on atherosclerosis—and the molecular mediators
involved—has not been systematically characterised. This study aimed to identify UPRmt-related biomarkers in AS
using integrative bioinformatics, machine learning, and experimental validation. We employed a comprehensive
approach to investigate the role of UPRmt in the development of AS, examining the effects of MRGs across different
AS subtypes. Machine learning techniques were utilized to develop predictive models, identifying key UPRmt-related
genes, which were then validated using an AS validation dataset. Additionally, we constructed a transcription factor (TF)-
mRNA-miRNA network, predicted potential therapeutic drugs, and analyzed the complex interactions between hub genes
and the AS immune microenvironment. This work provides novel insights into the role of immune regulation in disease
progression and validates the expression levels and distribution of these genes in animal models. The workflow and key
findings of this study are illustrated in Figure 1. Our results offer valuable insights for understanding the complex

pathological mechanisms of AS and for the development of therapeutic strategies targeting UPRmt-related factors.

16638 ‘= Journal of Inflammation Research 2025:18



Wu et al

a.Date collection and cluster analysis

-

b.Immune infiltration and analysis WGCNA

L o"
g Y & YT MEturquoise
GSE100927 - § - — f
w104 3 v > [T TTVTIN™m
MRGs DEGs (&
DEGs=134 Cluster |
GSE43292 TN SR KL LSRG AT J/DOIXYIXY IRRNL )
n=64 DEGs=101 FOXO3, HDACI, HDAC2. HSF MRGs_31 Immune infiltration WGCNA ﬂ 71 Candidate genes
- Cluster 2:
DEGs=33
SIRT?, UCP2. ATFS
¢.Machine learning d.Hub genes ion & Mend rand ion
Validation set (Qv]
3 Hub genes -., . .F . Interference
M) ] ] factor
ARHGAP25 7 hub-genes /\
RF. LASSO. Ridge. CYTHY s ‘ = j, @
Enet. Stepglm. SVM. Expre ‘ ’.(
GBM. XGBoost. ApoCt ImBoost-GBM z /\RH(;/‘\I’ZSF
NBM. RR BInE00stHy f & o
WDFY4 S
SNP:
1 Fa5820 20 MARCO
113 algorithm - GSE28829 n=29 \
wiw GSE41571 n=11 lemnomn(}BM PLCB2 AS MR
Pathway enrichment
e.TFs-mRNA-miRNA network & Drug-Gene Interaction
@ 33 potential drug f.Single-cell RNA seq and Exper verification
transcription factor = -l
2 3 key genes s
i - " EEE - o ] H
SMARCE1 - . | i
s S GEO set v & - - L= |
PPARG ) Sy S
Single-cell seqy o
4POC pront hsa-miR-148b . :
i g
=

n=3

MIF Signal pathway

Figure | Workflow of the analysis.

Method

Data Collection

Using “Atherosclerosis” as the search term, four microarray datasets—GSE100927, GSE43292, GSE28829 and GSE41571—
were retrieved from the GEO database. Specifically, GSE100927 includes 69 atherosclerotic and 35 healthy arterial samples,
GSE43292 comprises 32 atherosclerotic plaque and 32 distal macroscopically intact tissue samples, GSE28829 contains 16 late-
stage and 13 early-stage atherosclerotic plaque samples, and consists of 5 ruptured plaque and 6 stable plaque samples. We
employed the “SVA” package in R software to integrate the GSE100927 and GSE43292 datasets and to correct for batch
effects,”® using GSE28829 and GSE41571 as validation sets. Furthermore, 31 MRGs were identified from previous studies,? !
(Supplementary Material 1).

Differential Gene Expression Screening

We utilized the Limma package in R software (version 4.4.1) to identify DEGs, setting the criteria as Log2|fold change
(FC)| > 1.1 and P-value < 0.05.%? Visualization of these DEGs was achieved using the “ggplot” package, which
facilitated the creation of volcano plots and heatmaps for the top 50 ranked genes. Additionally, we conducted functional
enrichment analysis of the DEGs using the “clusterProfiler” package. This analysis was instrumental in delineating the
roles of these genes within biological processes, cellular components, and molecular functions, and in identifying their

pivotal positions in metabolic or signaling pathways.***
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Consensus Clustering Analysis

To conduct the primary analysis, we integrated data from two distinct microarray datasets, GSE100927 and GSE43292,
creating a merged dataset. Consensus clustering analysis was executed using the “ConsensusClusterPlus” package.*® We
set the maximum number of clusters (maxK) to 9, based on the gene expression levels in the treatment group samples.
The process included 50 repeated iterations, with each iteration randomly selecting 80% of the features for clustering to
increase the robustness of the analysis. To identify the optimal number of clusters, we examined the cumulative
distribution function curves and the heatmaps produced from the consistency matrix. These procedures systematically
evaluated the consistency among samples, thereby enhancing the reliability and accuracy of the clustering outcomes.

WGCNA Analysis

We conducted an analysis of categorized gene expression data using the “WGCNA” package in R to explore the
correlations between genes and phenotypes.*® Initially, we processed sample data from two categories, C1 and C2,
following the consensus clustering results. We calculated the Pearson correlation coefficients for all gene pairs to
generate a correlation matrix, subsequently transformed into a weighted adjacency matrix using a specific method.
We then selected an optimal soft-thresholding power (b) to compute adjacency, converting the matrix into
a topological overlap matrix (TOM) to enhance network robustness and minimize noise interference. From the
dissimilarity measure of the TOM, we used average linkage hierarchical clustering to categorize genes with similar
expression patterns into modules, setting a minimum module size of 60 genes. Additionally, we focused on
correlating module eigengenes with specific phenotypes to identify crucial gene modules.

Construction of Biomarkers and Diagnostic Features Based on Machine Learning

The intersection of DEGs identified from differential analyses with key module genes from WGCNA analysis revealed
candidate diagnostic genes associated with MRGs. To develop a highly accurate and stable diagnostic model, we integrated
12 machine learning algorithms across 113 combinations. These algorithms included Random Forest (RF), LASSO, Ridge
Regression, Elastic Net (Enet), Stepwise GLM, Support Vector Machine (SVM), glmBoost, Linear Discriminant Analysis
(LDA), Gradient Boosting Machine (GBM), XGBoost, and Naive Bayes. The model development process encompassed
several steps: (a) identification of expression profiles for candidate hub genes associated with MRGs; (b) application of 113
algorithm combinations to these candidate hub genes using a merged dataset from GSE100927 and GSE43292 for 10-fold
cross-validation; (¢) model validation using datasets GSE28829 and GSE41571; (d) calculation of the area under the curve
(AUC) for each model, selecting the combination with the highest average AUC as the indicator of the most promising
model, and identifying the top seven diagnostic hub genes. We visualized the optimal predictive model using bar charts,
calibration curves, and decision curves, employing packages such as “rms” and “rmda”.

Gene Set Variation Analysis

Gene Set Variation Analysis (GSVA) is an unsupervised, non-parametric approach that assesses gene set enrichment
within transcriptomic data. This technique converts gene-level expression variations into pathway-level functional
changes, assigning scores that reflect the activation or inhibition status of each gene set in individual samples. In our
study, we extracted relevant gene sets from version 7.0 of the Molecular Signatures Database (MsigDB) and employed
GSVA to evaluate the variations in biological functions across diverse samples comprehensively. Prior to analysis, we
normalized all gene expression data to enhance the accuracy and reproducibility of our findings.

Gene Set Enrichment Analysis

This study employed Gene Set Enrichment Analysis (GSEA) to determine the statistical significance of expression
differences across predefined gene sets between various biological states. GSEA computes association scores between
gene sets and phenotypes, ranks these scores based on empirical distributions, and assesses the significance of enrichment
by comparing the enrichment scores (ES) to those from a random distribution. We used the gene set ¢5.go.bp.v7.5.1.
entrez.gmt, setting the significance criteria for enrichment analysis at a p-value below 0.05, an absolute Normalized
Enrichment Score (NES) above 1, and a False Discovery Rate (FDR) g-value below 0.05. Additionally, the enrichment
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plots illustrate the top five activating and inhibitory pathways for each pivotal gene under two disease conditions,
highlighting variations in functional phenotypes and their associated biological pathways.

Immune Infiltration Analysis

To further explore immune system changes in AS patients, this study employed the CIBERSORT R package and the
LM22 gene signature from the CIBERSORT website to quantitatively analyze 22 types of immune cells.’” Subsequently,
we investigated the relationships between various immune cell phenotypes and key genes using Pearson correlation
analysis. These associations were then graphically represented using suitable visualization techniques.

Predicting Transcription Factors and miRNAs

Utilizing the ENCODE and TarBase databases, we constructed TF-gene and gene-miRNA regulatory networks using the
NetworkAnalyst 3.0 platform. The ENCODE database offers extensive annotated data on functional elements of human
and mouse genomes, such as gene expression, transcription factor binding sites, and epigenetic modifications. Similarly,
the miRTarBase provides experimentally validated data on miRNA-target mRNA interactions, crucial for studies on gene
regulation and function. Finally, we visualized these interactions using Cytoscape.

Predicting Therapeutic Drugs
The Drug-Gene Interaction Database (DGIdb, http://www.dgidb.org)*® is a repository that integrates information on

drug-gene interactions, offering data on genes as drug targets, gene-drug sensitivity, and gene-drug interactions. In this
study, we utilized DGIdb to identify potential drugs targeting biomarkers, thereby discovering new therapeutic targets.
These targets were then visualized using Cytoscape.

Mendelian Randomization Analysis

Mendelian randomisation (MR) was used to test the causal effect of core-gene expression on AS. Analyses were
performed in R (v4.4.1) with the TwoSampleMR package using summary statistics from FinnGen. For each gene, we
selected cis-acting variants and retained at least three independent instruments after linkage-disequilibrium clumping
(r*<0.001; 10,000-kb window). Exposure and outcome datasets were harmonised, removing palindromic or ambiguous
SNPs; variants showing association with the outcome at P < 1x107> were excluded. The inverse-variance weighted
(IVW) estimator was the primary analysis, complemented by MR-Egger, weighted-median and mode-based methods for
sensitivity. Horizontal pleiotropy and robustness were further assessed using MR-PRESSO (global and outlier tests),
Cochran’s Q for heterogeneity, and leave-one-out analysis.

Single-Cell Sequencing Analysis

In this study, we obtained single-cell RNA sequencing data of atherosclerotic plaques from three patients from the GEO
database (GSE155512). Data analysis was conducted using the Seurat software package.’® To ensure data quality, we
excluded cells that met any of the following criteria: fewer than 300 or more than 10,000 detected genes, mitochondrial
gene expression ratios exceeding 10%, or fewer than 500 unique molecular identifiers (UMIs). Additionally, we removed
low-expression genes present in fewer than five cells. We then normalized the filtered data using the LogNormalize
method and identified 2000 highly variable genes through the FindVariableFeatures function. Subsequent analyses
included principal component analysis (PCA), clustering using Seurat’s “FindClusters” function, and visualization with
UMAP (Uniform Manifold Approximation and Projection), a nonlinear dimensionality reduction technique. For cell
population annotation, we used “singleR” package (version 1.2).** Lastly, we utilized CellChat software (version 1.6.1)*'
to infer potential signaling interactions between cells, based on a predefined ligand-receptor pair database, which helped
elucidate their roles and interactions in biological processes.

Molecular Docking and MD Simulations
In this study, molecular structures of the required compounds were retrieved from the PubChem database (https://
pubchem.ncbi.nlm.nih.gov/), while three-dimensional structures of key proteins were obtained from the Protein Data
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Bank (PDB, https://www.rcsb.org/). Molecular docking was conducted using AutoDock Vina software to predict the

likelihood and strength of interactions by evaluating binding modes of various ligands with the target protein. A lower
docking score indicates a higher binding affinity and greater stability between ligand and protein, essential for screening
effective drug candidates. To validate the molecular docking results, PyYMOL software was used for 3D visualization,
providing a detailed view of ligand-protein binding interactions. Additionally, molecular dynamics simulations were
performed using Gromacs software to analyze the dynamic behavior and stability of molecular structures under
physiological conditions. These simulations revealed structural changes over time, enhancing our understanding of
molecular interactions and their mechanical and dynamic properties, which are crucial for predicting bioactivity and
function. By integrating these computational approaches, we conducted a comprehensive assessment of candidate
molecule efficacy and safety, laying a scientific foundation for further drug development.

Animals

The control group consisted of 10 male C57BL/6J mice, 8 weeks old, maintained under specific pathogen-free (SPF)
conditions. The experimental group comprised 10 male APOE knockout mice (C57BL/6J strain), also 8 weeks old. AS
was induced in the experimental group by feeding the mice a high-fat diet for 12 weeks. All mice weighed approximately
20 grams and were purchased from Spaf-Bio (Beijing) Biotechnology Co., Ltd. (License No. SCXK (Beijing)
2024-0001). The animals were housed in an SPF facility with a 12-hour light/dark cycle and were acclimatized for at
least one week before the experiments. Mice were anaesthetised with intraperitoneal injection of 5% sodium pentobar-
bital solution at 1.0 mL/kg. For humane endpoints, animals were euthanised with an overdose of 5% sodium pento-
barbital at 3.0 mL/kg, in accordance with the AVMA Guidelines for the Euthanasia of Animals (2020 edition). All mice
were housed in the SPF laboratory at Jiangxi University of Chinese Medicine, and the experimental procedures were
approved by the Ethics Committee of Jiangxi University of Chinese Medicine (Ethics Approval No. 20240312025).
Regarding the animal experiment sample size, the sample size was set a priori with reference to prior atherosclerosis
studies and study feasibility, in accordance with the ARRIVE guidelines.

RT-qPCR

Total RNA was extracted using the Molpure® Cell/Tissue Total RNA Kit (YEASEN, 19221ES50, China). The extracted
RNA was then converted into complementary DNA (cDNA) using the PrimeScript RT Reagent Kit (Bioray
Biotechnology Co., Ltd., RR047A, China). PCR amplification was conducted on a QuantStudio TM3 Real-Time PCR
System (ThermoFisher, USA), using TB Green™ Premix Ex Taq™ II (Tli RNaseH Plus) (Bioray Biotechnology Co.,
Ltd., RR820A, China) as the PCR reaction mixture. The real-time quantitative PCR results were analyzed using the 2”-
AACT method, with B-actin as the internal reference gene to normalize gene expression levels across all samples. The
specific primers used in these RT-qPCR assays are listed in Supplementary Material 2.

Western Blotting

First, the target tissue was washed with PBS and minced. The tissue was then homogenized in a lysis buffer containing
protease inhibitors. After incubating on ice for 30 minutes, the lysed samples were centrifuged at high speed to remove
cell debris, and the supernatant was collected for protein concentration determination. Protein concentration was
measured using the BCA assay, where absorbance at 562 nm was recorded, and a standard curve was plotted to calculate
the protein concentration of the samples. The protein samples were subsequently denatured at 95°C to ensure consistent
protein concentrations across experimental groups. During Western blotting, PVDF membranes (Sigma-Aldrich,
ISEQO00010) were equilibrated and transferred using transfer buffer, with transfer conditions set at 200 mA for 1-2 hours.
The membranes were then blocked to reduce background interference and incubated with primary antibodies (ITGB7,
Proteintech, 11328-1-AP) and the internal control antibody B-actin (Abclonal, AC026) for detection. Finally, ECL
chemiluminescent substrate was used for detection, and bands were imaged using the Tanon chemiluminescence imaging
system. The results were analyzed by measuring the optical density of the bands with Gel-Pro Analyzer software.
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Immunofluorescence Staining

Immunofluorescence staining was performed on paraffin-embedded sections in this experiment. First, the sections were
deparaffinized and rehydrated through a series of xylene and graded alcohol washes. Antigen retrieval was then carried
out in a microwave using a retrieval solution for 20 minutes, followed by washing the sections with PBS buffer. To block
endogenous peroxidase activity, the sections were incubated in 3% hydrogen peroxide solution in the dark for 25 minutes,
then washed three times with PBS. Next, serum blocking was performed using bovine serum albumin (BSA), and the
sections were incubated at room temperature for at least 30 minutes. The primary antibody (ITGB7, Proteintech, 11328-
1-AP) was applied, and the sections were incubated overnight at 4°C. After washing the sections, the secondary antibody
(FITC-conjugated goat anti-rabbit or goat anti-mouse) was added and incubated for 30 minutes at 37°C, followed by PBS
washing. Finally, nuclear counterstaining was performed using DAPI, with incubation at room temperature for 10 min-
utes, and the sections were washed three times with PBS. All sections were mounted with anti-fade mounting medium.
Images were captured using an Olympus VS200 scanner, and data analysis was performed using Olympus digital
scanning software (OlyVIA) and the image analysis system (Image-Pro Plus) from Media Cybernetics.

Statistical Analysis

Statistical analysis was conducted using GraphPad Prism 10 software. Since the data were normally distributed and met the
assumption of homogeneity of variance, independent sample t-tests were performed to compare the differences in continuous
variables between the two groups. The correlation between different molecules was assessed using Spearman’s rank
correlation analysis. All statistical tests were two-tailed, with a significance level set at a p-value of less than 0.05.

Results
AS Gene Expression Differential Analysis and GO & KEGG Enrichment Results

After merging the GSE100927 and GSE43292 datasets, we normalized the resulting gene expression matrix. The gene
expression matrices before and after processing were visualized using two-dimensional PCA plots (Figure 2A and B),
demonstrating the reliability of the resultant sample data. A differential analysis on the merged dataset identified 134
DEGs, comprising 101 upregulated and 33 downregulated DEGs. We illustrated the expression patterns of these DEGs
using a volcano plot and displayed the top 50 DEGs in a heatmap (Figure 2C and D). Subsequently, we conducted GO
and KEGG enrichment analyses on these DEGs. The GO enrichment analysis Biological Process(BP) highlighted
significant involvement in the regulation of leukocyte-mediated immunity and immune effector processes. Cellular
Component (CC) enrichment was notable in the secretory granule membrane, the outer side of the cell membrane, and
tertiary granules. The Molecular Function (MF) results indicated significant enrichment in G protein-coupled receptor
binding, cargo receptor activity, and integrin binding (Figure 2E). Finally, KEGG analysis revealed that the primary
pathways involved included osteoclast differentiation, chemokine signaling pathway, cytokine receptor interaction, and
multiple infectious disease pathways (Figure 2F).

Expression Patterns of MRGs in AS and Analysis of Their Roles in AS Development

To further explore the expression patterns of MRGs in AS, we identified 31 MRGs from previous publications. Our
analysis revealed that, within the merged dataset, 18 MRGs exhibited significant expression differences between the
control and AS groups (Figure 3A). Specifically, SIRT3, SIRT7, MRPSS5, UCP2, ATF5, EP300, and HDAC1 were highly
expressed in the AS group, while CLPP, CLPX, PINK1, SSBP1, LRPPRC, TFAM, ATF4, DDIT3, FOXO3, and HSF1
showed higher expression in the control group. Furthermore, we performed a correlation analysis on the MRGs to
investigate their roles in the progression of AS (Figure 3B and C).

Consensus Clustering of AS Based on MRG Expression

In this study, we employed a consensus clustering approach to explore the modulatory patterns of UPRmt in AS, focusing on
MRGs expression differences. The analysis indicated that at k=2, the distinction between the two sample clusters was
significantly enhanced, establishing two distinct subgroups (Figure 3D-I). Additionally, we visualized the chromosomal
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distribution of these 18 differentially expressed MRGs (Figure 3J). We then validated these findings using PCA, which
confirmed the significant differences in MRGs expression profiles within the merged dataset. Further analysis revealed that 12
genes exhibited significant differential expression between the subgroups (Figure 4A—C). These genes included CLPX,
SIRT3, PINK1, LRPPRC, ATF4, FOXO3, HDACI1, HDAC2, and HSF1 with higher expression levels in Group 1, whereas
SIRT7, UCP2, and ATF5 were more highly expressed in Group 2. Given that ATFS significantly enhances UPRmt regulation
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Figure 3 Identifying differentially expressed MRGs and establishing consensus clustering analysis. (A) Overall expression landscape of MRGs in AS. *P < 0.05; **P < 0.01;
*#%P < 0. 001. Treat represents the AS group and Control represents the normal control group. (B and C) Correlation analysis diagram of 18 differentially expressed MRGs.
(D-F) Consensus clustering matrixes were generated for values of k ranging from 2 to 4. (G) CDF curves displayed consensus distributions from k=2 to k=9. (H) lllustrates
the relative change in area under the cumulative distribution function curve for consensus clustering, with k values ranging from 2 to 9. (I) Depicts the variation in item
consensus values for k=2, k=3, and k=4. (J) Displays the expression of 18 differentially expressed MRGs at various positions on human chromosomes, with each position
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while SIRT3 inhibits it,**** it is hypothesized that patients in Group 2 with high ATF5 expression may experience enhanced
UPRmt regulation, whereas those in Group 1 with high SIRT3 expression may experience inhibitory effects.

Analysis of Gene Set Expression Activity and Immune Infiltration Between Clusters
To investigate gene set activities in two sample clusters, we conducted GSVA, followed by GO and KEGG enrichment
analyses based on the GSVA results. These analyses aimed to identify significantly activated biological processes and
signaling pathways in each cluster. Initially, we calculated t-values of the GSVA scores to pinpoint the processes and
pathways with the most significant expression differences between Cluster 1 and Cluster 2. We visually presented these
differences using bar charts, with the bar length representing the significance of the activity difference. In the GO
enrichment analysis, significantly activated biological processes in Cluster 1 included ubiquinone metabolic process,
glycosaminoglycan degradation, and O-palmitoyltransferase activity. In contrast, Cluster 2 primarily showed activation in
processes such as transmembrane receptor protein tyrosine kinase activity, regionalization, and benzodiazepine receptor
activity. The KEGG enrichment analysis revealed that pathways like cysteine and methionine metabolism, apoptosis, and
natural killer cell-mediated cytotoxicity were significantly activated in Cluster 1. Conversely, Cluster 2 exhibited
significant activation in pathways including propionate metabolism, myo-inositol phosphate metabolism, and the calcium
and Wnt signaling pathways (Figure 4F and G).
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Figure 4 Analysis of immune infiltration, enrichment analysis and weighted correlation network analysis (WGCNA) between clusters. (A) The box plot displays the
expression patterns of MRGs across two AS clusters *P < 0.05; **P < 0.01; ***P < 0. 001. (B) The heatmap illustrates the differences in expression levels of various genes
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To accurately depict the distribution of immune cells and their dynamic changes across different immune states, this study
employed the CIBERSORT algorithm for a compositional analysis of two immune cell subgroups (cluster C1 and C2). The
analysis results are displayed in bar graphs (Figure 4D) and box plots (Figure 4E). The results show that cluster C1 is
significantly enriched with plasma cells, naive CD4 T cells, resting CD4 memory T cells, activated NK cells, monocytes, M2
macrophages, and resting mast cells compared to cluster C2. Conversely, cluster C2 has a higher proportion of follicular helper
T cells, Tregs, gamma delta T cells, MO macrophages, and activated mast cells.

Construction of a Diagnostic Feature Model

We conducted WGCNA to identify the modules with the highest connectivity in Clusters 1 and 2. Initially, we excluded
three significant outliers from the merged dataset. Using the scale independence and mean connectivity metrics, we
determined an appropriate “soft” threshold (b = 13) (Supplementary Material 3). This analysis revealed eight modules.
Through clinical correlation analysis, the MEturquoise module exhibited the highest correlation with clinical features
(MEturquoise: r = 0.86, p = 1e—29) (Figure 4H-J). Based on this result, we focused further analysis on the MEturquoise
module. By intersecting the genes in this module with differentially expressed genes in AS, we identified 71 candidate

genes with potential diagnostic value (Figure 4K).
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In this study, we developed a comprehensive analytical framework based on machine learning, designed to precisely
filter gene expression features closely related to disease states from high-dimensional biomarker data. To achieve this, we
employed various machine learning techniques, including RF, GBM and multivariate logistic regression, using merged
datasets (training set) and GSE28829, GSE41571 datasets (validation set) for model construction and evaluation. During
the model training phase, we implemented 12 machine learning algorithms and conducted 10-fold cross-validation,
constructing a total of 113 models. We also calculated the AUC for each model on both training and validation datasets
(Figure SA). The glmBoost+GBM model emerged as the optimal performer across all combinations, achieving an average
AUC of 0.975, with AUCs of 0.989, 0.942, and 1.0 in the training and validation sets, respectively (Figure SB-D). This
demonstrates the model’s excellent predictive precision and robust generalization capabilities. Building on the glmBoost
+GBM model’s superior performance, we created a confusion matrix to validate the model’s accuracy and practicality
(Figure 6A—C). Furthermore, through the glmBoost+GBM model, we identified pivotal genes with the best diagnostic
potential, namely ARHGAP25, CYTH4, ITGB7, APOC1, WDFY4, MARCO, and PLCB2, and displayed these findings in
a volcano chart (Figure 6D).

Expression Differences of Hub Genes in AS and Their Diagnostic Applications

In the merged dataset, we compared controls with AS across seven key genes (ARHGAP25, CYTH4, ITGB7, APOCl,
WDFY4, MARCO, PLCB2). Density plots showed clear expression shifts for all genes, and box plots confirmed higher
expression in AS, indicating significant upregulation (Figure 6F). Additionally, we assessed the diagnostic efficacy of these
seven genes for AS, finding that most had AUC values above 0.85, with specific values being ARHGAP25 (0.910), CYTH4
(0.906), ITGB7 (0.884), APOC1 (0.754), WDFY4 (0.894), MARCO (0.744), and PLCB2 (0.900), demonstrating their high
diagnostic potential (Figure 6E). Applying the glmBoost+GBM model, we achieved an even higher AUC value of 0.975,
indicating superior diagnostic efficacy compared to single biomarkers. Further validation on the GSE28829 and GSE41571
datasets showed that the AUC values for these biomarkers generally exceeded 0.8 (Supplementary Material 4). These
results suggest that ARHGAP25, CYTH4, ITGB7, APOC1, WDFY4, MARCO and PLCB2 are all effective potential
biomarkers for AS. Subsequently, we plotted density distributions of the pivotal genes to demonstrate the expression

variability and statistical significance in the study dataset (Figure 6I).

Additionally, we constructed a nomogram based on the expression levels of these pivotal genes to predict the disease
risk for AS. We converted the expression level of each gene into corresponding points (ranging from 5 to 10) and
weighted these based on their respective roles in the disease. By aggregating the points from all genes, we calculated
a total score, which we then transformed into specific disease risk predictions. This approach clearly illustrates the direct
relationship between gene expression levels and disease risk (Figure 6G and H).

Enrichment of Hub Genes in Signaling Pathways

In our GSVA, we observed significant pathway activations associated with the expression of several key genes. High expression
of ARHGAP2S significantly upregulated pathways including sphingolipid metabolism, Toll-like receptor signalling, NOD-like
receptor signalling, and apoptosis (Figure 7A). Similarly, elevated levels of CYTH4 were notably enriched in pathways such as
lysosomes, sulphur metabolism, sphingolipid metabolism, and Toll-like receptor signalling (Figure 7B). ITGB7 expression
prominently enriched the Toll-like receptor signalling pathway, as well as fructose and mannose metabolism, and NOD-like
receptor signalling (Figure 7C). High expression of APOCI activated pathways like lysosomes, glycerolipid metabolism, and
galactose metabolism (Figure 7D). Elevated expression of WDFY4 activated pathways including lysosomes, sphingolipid
metabolism, and Toll-like receptor signalling (Figure 7E). MARCO activation was linked to pathways involved in Vibrio
cholerae infection, sulphur metabolism, lysosomes, and galactose metabolism (Figure 7F). PLCB2 expression activated path-
ways such as the Toll-like receptor signalling pathway, FcyR-mediated phagocytosis, and signalling pathways of B-cell and
T-cell receptors (Figure 7G). We also performed single-gene GSEA for these genes and visualised the top five upregulated
pathways (Figure 7H-N). Collectively, these results indicate that the pivotal genes are primarily enriched in pathways including
cytokine—cytokine receptor interaction, lysosomes, and NOD-like receptor signalling, which are closely related to the onset and
progression of AS.
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Figure 5 Identify hub genes associated with MRGs in two AS groups using a machine learning diagnostic model. (A) Heatmap shows the performance of various machine
learning diagnostic models on the training set and two distinct datasets (GSE28829 and GSE41571), evaluated by AUC values. (B—-D) ROC curves illustrate the model’s

0.880

0.875

0.880

0.885
0.684
0.684

0.884

0.883
0.881
0.881
0.881
0.879
0.875
0.875
0.872
0.872
0.871
0.87
9

@
3

0.869

0.868

0.867

0.865

0.864
0.864
0.864

0.863

0.863

0.856

0.854

o
@
r

0.829

performance on the training set, GSE28829 and GSE41571.

i

o

olo

sE1E18
3lzlzlz 2
HEEE 8

0.768

o
o
@

C

AUC  Cohort

B GSE28829
0.8 | GSE41571

Train
I 0.6
0.4

Train

P

_/AUC: 0.984
95% Cl: 0.970-0.995

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

1 - Specificity
GSE28829
/
///
pd
/

_/AUC: 0.942
95% Cl: 0.851-1.000

0.0 0.2 04 0.6 0.8 1.0

1 - Specificity

GSE41571

_/AUC: 1.000
95% CI: 1.000-1.000

0.0 0.2 0.4 0.6 0.8 1.0

1 - Specificity

16648 "

Journal of Inflammation Research 2025:18




Wu et al

CONFUSION MATRIX (Train) CONFUSION MATRIX (GSE28829) CONFUSION MATRIX (GSE41571)
A GBM Actual B GBM Actual GBM Actual
15%
Control 3 Control Control 4 %
o 80% - - 8%
] g 3
= 5 10% 2
° ° o °
2 60% 3 8 6%
[ a a
o 40%
Treat " Treat 5% Treat 2 4%
20%
2%
Control Treat Control Treat Control Treat
D . E 24 F Type EBH Contol BS Treat
? frewn)
|
20 . <
10
g §
S Si o | @
= 9 > 8
=3 . s 4
3 Down 5 % 8
s Nt & . o
Tg’m e Up S g
— ARHGAP25, AUC=0.910 6
« CYTH4, AUC=0.906 .
S ~—— ITGB7, AUC=0.884
~—— APOC1, AUC=0.754 .
= WDFY4, AUC=0.894
— MARCO, AUC=0.744 Q’f’ ,\Q*"‘ Cg;\ 00\ d’ Q.c;o o@’
o S — PLCB2, AUC=0.900 Q_‘?‘Ov o & K O & Q7
T T T T T T
-2 -1 0 1 2 3 v
logFC 0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity
15 s e s1em s 1 e
G L e rr e e n e w [ Sl
Points e w i ) X 4 0.70 |0.85["°
High 5 . H
oW = kN e de N
High 3
— o @ g 0.77 | 0.91
Low s
High ok woxdf &
ITGB7 —_—— 2z N
Low Tow : o | 0.73 | 0.82 =
APOC1 g8 ° N H
kah High g g ] x|
WDFY4 — s e 0.75 | 0.81
o . 35 :
MARCO — 2 wxd  wekn
Hgh High Apparent 0.77 [0.94 [ -
PLCB2 o~ —— Bias-corrected °
Toal Points p ° - ldeal ) —
ceironts 0 s 10 180 20 250 00 30 400 40 500 - \| 0.70
Risk of Disease 2 =
01 05 09 099 T T T T T T oL s
0.0 02 04 06 08 10 3
Predicted probability 70 0 A as 15 8 70 80 50

Figure 6 Acquisition and validation of hub genes, along with the construction of line plots. (A—C) Confusion matrices display the model’s prediction results on the training
set, GSE28829 and GSE41571. (D) The volcano plot displays seven hub genes. (E) ROC curve graph illustrates the diagnostic performance of seven hub genes on the training
set. (F) Box plot displays the expression differences of seven hub genes between the control and treatment groups. (G and H) Nomogram construction for clinical
application, enabling accurate prediction of AS risk based on hub genes expression. () Pearson correlation heatmap for the seven hub genes; each cell shows the correlation
coefficient. Asterisks indicate statistical significance and are used where shown (F and I): *P < 0.05; **P < 0.01; ***P < 0.001.

Immune Infiltration Analysis

To elucidate the immunological profile of AS and investigate potential immune mechanisms, we utilized the CIBERSORT
algorithm to determine the prevalence of 22 immune cell types in a combined dataset. Our findings, depicted in bar graphs and
heatmaps (Figure 8A and C), indicate elevated levels of memory B cells, gamma delta T cells, MO macrophages, and activated
mast cells in the AS cohort. In contrast, levels of naive B cells, CD8 T cells, activated CD4 memory T cells, activated NK cells,
monocytes, and resting mast cells were decreased (Figure 8B). We assessed the correlations between seven critical genes and
immune cells through Spearman correlation analysis, visualized in heatmap and cell association graph (Figure 8D and E). Our
analysis showed significant correlations between these genes and various immune cells, with MO macrophages and regulatory
T cells demonstrating strong positive correlations with all critical genes. Conversely, M2 macrophages and resting CD4 memory
T cells exhibited significant negative correlations, particularly with ITGB7. These results underscore the pivotal roles of
macrophages and T cells in AS pathogenesis.

Construction of Gene-Drug Interactions and TFs-mRNA-miRNA Networks
This study established a gene-drug interaction network, identifying 33 potential drugs that target pivotal genes, thereby providing
substantial evidence for personalized treatment and the development of new drugs (Figure 9A). Furthermore, we constructed
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a TF-mRNA-miRNA regulatory network, consisting of 96 nodes and 104 edges (Figure 9B). This network elucidates the
mechanisms of gene expression regulation and their potential implications in disease, offering novel insights for refining
diagnostic and therapeutic strategies. Notably, the interactions involving SMARCE1, PPARG, and hsa-miR-148b with various
pivotal genes indicate their critical regulatory roles. Nonetheless, these observations require further experimental validation to

ascertain their specific functions.

Validation of MR Analysis

MR supports a putative causal association between genetically proxied expression of ARHGAP25 and AS. The forest
and scatter plots (Figure 10A and B) show concordant effect directions across instruments, with consistent slopes,
indicating that higher ARHGAP25 expression is associated with increased AS risk. The funnel plot (Figure 10C) is
approximately symmetrical and the IVW and MR-Egger estimates are closely aligned, suggesting limited small-study
effects and no strong directional pleiotropy. Leave-one-out analysis (Figure 10D) shows that removal of any single SNP
does not materially change the IVW estimate, supporting robustness. Full pleiotropy and heterogeneity diagnostics—
including MR-Egger intercept, MR-PRESSO global/outlier tests, and Cochran’s Q—are reported in Supplementary
Materials 5-8 and do not indicate substantial violation of MR assumptions. Collectively, these findings implicate
ARHGAP2S as a candidate contributor to the aetiology and progression of AS. Taken together, these findings nominate
ARHGAP?25 as a candidate key gene involved in the aetiology and progression of AS.
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Single-Cell Sequencing Analysis

ScRNA-seq data from three AS plaque samples were analyzed from the GSE155512 dataset using the Seurat package.
Employing the UMAP algorithm for clustering, initial quality control selected 2000 genes with the highest expression
variability for further analysis (Figure 11A). PCA then reduced data dimensionality, identifying 14 distinct cell clusters.
Heatmap was generated to display the genes with significant expression differences across these clusters (Figure 11B).
Annotation of these clusters using the SingleR package revealed nine major subpopulations: chondrocytes, macrophages,
endothelial cells, T cells, monocytes, common myeloid progenitors (CMP), tissue stem cells, B cells and CD34- pre-B
cells (Figure 11C and D). Subsequent analysis highlighted that hub genes were predominantly expressed in macrophages
and monocytes, with significant upregulation also observed in T cells for ARHGAP25, CYTH4, ITGB7 and PLCB2
(Figure 11E and F). Additionally, intercellular communication was explored using the CellChat tool, focusing on
differentially expressed ligands and receptors to assess potential communication pathways, with results visualized in
various formats (Figure 12A—C). Bubble charts illustrated a comprehensive communication network, indicating the
likelihood and intensity of specific ligand-receptor interactions (Figure 12D). Heatmap analysis revealed notable
differences in the MIF signaling pathway across cell types. Further network analysis assessed communication probabil-
ities among cell populations, defining their roles as signal senders and receivers. Additionally, analysis of ligand-receptor
pairs combined with gene expression data underscored the critical molecular interactions and genes in the MIF signaling
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Figure Il Analysis of single-cell RNA sequencing data from three AS samples. (A) Violin plot displays single-cell RNA sequencing data for three sample groups, including the
number of RNA features (nFeature_RNA), RNA counts (hnCount_RNA), and the percentage of mitochondrial genes (percent.mt). (B) Heatmap depicts the expression levels
of the top 10 marker genes among 14 detected cell clusters. (C and D) UMAP plots display the distribution of various cell types, each represented by a different color,
revealing the spatial relationships and clustering patterns among cell subtypes. (E and F) The UMAP plot and violin plot show the expression distribution of selected hub
genes across different cell types.

pathway, emphasizing the complexity and diversity of intercellular signaling (Figure 12E and F). Figure 12G illustrates
the relative contributions of MIF ligand-receptor pairs, with the MIF-(CD74+CXCR4) interaction being the most
significant. Figure 12H shows the expression of key genes in the MIF signaling pathway across different cell types,
revealing high expression levels of MIF and CXCR4 in B cells, T cells and monocytes. Finally, Figure 121 visualizes the
cellular communication network, demonstrating that endothelial cells, macrophages, and chondrocytes are the primary
signal senders and receivers in the MIF signaling pathway.

Molecular Docking and MD Simulation Between lloprost and APOCI

Through an extensive literature review, we identified that iloprost, within the gene-drug interaction network, is most
closely associated with cardiovascular disease. Iloprost, a prostacyclin analog, acts by dilating blood vessels and
inhibiting platelet aggregation, thereby improving blood flow and reducing vascular resistance, which may aid in
preventing and treating atherosclerosis.*>**® Among the hub genes identified in this study, APOC1 accelerates the
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Figure 12 Cell-cell communication analysis. (A) Interaction net count plot of AS cells. The thicker the line, the greater the number of interactions. (B) Interaction weight
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and commonality probabilities. (E) Heatmap illustrates the activity levels of the MIF signaling pathway across various cell types. (F) Heatmap depicts the roles and relative
importance of different cell types within the MIF signaling network. (G) Bar chart displays the relative contributions of different ligand-receptor pairs in the MIF signaling
pathway. (H and I) An illustration of MIF signaling pathways, including a violin plot (left) depicting ligand and receptor gene expression levels and circle plots (right) showing
interaction strengths.

deposition of LDL in the vascular wall and, by enhancing the inflammatory response, contributes to the formation and
progression of atherosclerosis.*’” Additionally, APOC1 indirectly influences mitochondrial function by affecting lipid
metabolism pathways, with potential activation of the mtUPR. Although a direct link between APOC1 and mtUPR
remains unconfirmed, it is plausible that APOC1 may exert an impact, given the central role of mitochondria in lipid
metabolism and energy balance. Mitochondrial dysfunction and mtUPR activation can trigger cellular stress responses,
promoting oxidative stress and vascular endothelial injury, and thus accelerate atherosclerosis progression.*®

In this study, molecular docking results revealed that Iloprost exhibited high compatibility with the APOCI1 protein’s
receptor binding pocket, achieving a binding energy of —6.7 kcal/mol, which suggests strong binding activity under
physiological conditions. Visualization of the docking results showed that Iloprost formed four hydrogen bonds with
amino acid residues SER27A, ARG28A, GLN31A, and SER32A in APOCI1. Additionally, hydrophobic interactions were
observed between Iloprost and residues ARG28A, LEU34B, LYS37B, and TRP41B in APOCI. These findings indicate
that Iloprost has the potential to establish multiple interactions with APOC1 (Figure 13A).

Subsequently, we performed 100-ns MD simulations to characterise the binding, stability and flexibility of Iloprost—
APOCI. The protein RMSD stayed low (<1.5 nm) throughout, indicating a stable APOC1 fold, whereas Iloprost RMSD
rose rapidly to ~7.5 nm, fluctuated, then stabilised near ~5.0 nm, consistent with substantial ligand rearrangement

(Figure 13B). RMSF values were <0.5 nm for most residues, while regions around residues 1 and 50 approached ~1.0
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Figure 13 Molecular docking analysis and molecule dynamics. (A) A stable interaction between the APOCI protein and lloprost was identified. lloprost engages in hydrogen
bonding with the amino acid residues SER27A, ARG28A, GLN3 1A, SER32A of APOCI, and forms hydrophobic interactions with ARG28A, LEU34B, LYS37B, and TRP41B,
thereby contributing to the binding stability. (B) Presents the RMSD (Root Mean Square Deviation) variations of the protein APOCI and ligand lloprost over 100
nanoseconds during molecular dynamics simulations. (C) lllustrates the variations in the radius of gyration of proteins across different experimental groups during molecular
dynamics simulations. The x-axis denotes the simulation time in nanoseconds, while the y-axis measures the radius of gyration in nanometers. The red curve corresponds to
the Rg group, the green curve to Rg/S/X, the purple to Rg/S/Y, and the blue to Rg/S/Z. Each color traces distinct trajectories, reflecting the dynamic structural changes in
each protein group over time. (D) lllustrates the changes in the number of secondary structural elements in a protein during molecular dynamics simulations. (E) Depicts the
changes in solvent-accessible surface area (SASA) of a protein during a molecular dynamics simulation. (F) Shows the fluctuation in the number of hydrogen bonds during
a molecular dynamics simulation. The x-axis represents time in nanoseconds, while the y-axis shows the number of hydrogen bonds.

nm, indicating local flexibility (Supplementary Material 9). The radius of gyration varied over time; in the “Rg/sZ/N”

group it fell from ~1.5 nm to ~0.5 nm, suggesting compaction (Figure 13C). Secondary-structure content showed
minimal fluctuations and remained largely stable (Figure 13D). SASA stayed ~100 nm? overall, with hydrophobic
area ~55 nm? and a more variable hydrophilic component averaging ~40 nm?, consistent with dynamic solvent exposure
(Figure 13E). Hydrogen bonds between Iloprost and APOCI1 oscillated between one and three, indicating transient
contacts and ongoing adjustment of the binding interface (Figure 13F).

Validation in Animal Experiments
The expression of seven core genes was validated using RT-qPCR. The results indicated that the expression levels of
ARHGAP25, CYTH4, ITGB7, and PLCB2 exhibited significant differences, which were statistically significant. Although
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the expression differences of APOC1 and MARCO did not reach statistical significance, they were still notably apparent. In
contrast, no significant differences were observed in the expression level of WDFY4 (Figure 14A—@). Based on these findings,
we selected the ITGB7 gene, which showed strong PCR results, for further validation through WB and immunofluorescence
staining experiments, confirming the differences in its expression at the protein level (Figure 14H-J). Finally, the ITGB7-
positive cell counts were visualized using bar charts, further supporting its significance in this study (Figure 14K).

Discussion

In this study, we utilized bioinformatics and machine learning techniques to analyze integrated datasets for investigating AS
subtypes associated with the UPRmt. This analysis delineated two predominant AS subtypes, demonstrating significant
correlations with the expression of MRGs. Employing machine learning approaches, we developed a predictive model,
pinpointed critical hub genes, and corroborated these genes through Mendelian randomization analysis. Furthermore, the
study explored the potential interactions between these UPRmt-associated hub genes and immune infiltration. This
comprehensive bioinformatics investigation not only deepens our understanding of AS pathogenesis and progression but
also establishes a theoretical basis for devising precision therapeutic strategies targeting AS.

AS is a chronic inflammatory vascular disease that significantly threatens global cardiovascular health.*’ This disease
ranks as a primary contributor to cardiovascular and cerebrovascular events, particularly in its early stages when minimal
clinical manifestations often result in delayed diagnosis and missed opportunities for early intervention.’® The pathogen-
esis of AS includes endothelial dysfunction, lipid and calcium salt accumulation in the vessel walls, and fibrosis, which
collectively promote plaque formation and increase the risk of unstable ruptures, potentially leading to severe complica-
tions such as acute myocardial infarction or stroke. Despite the availability of advanced diagnostic and therapeutic
modalities, including nanomedicine, gene editing and mRNA therapies, AS management continues to face significant
challenges, with limited improvements in long-term patient survival rates.”’ > Consequently, current research empha-
sizes the development of novel biomarkers to enhance early disease detection and monitoring, and the identification of
new therapeutic targets to optimize treatment strategies. These initiatives strive to improve patient prognosis comprehen-
sively, from molecular mechanisms to therapeutic applications.

Mounting evidence links the mitochondrial unfolded protein response (UPRmt) to atherosclerosis. In mammals,
UPRmt is a mitonuclear stress programme mediated by ATF5, with crosstalk to the integrated stress response via ATF4,
which induces mitochondrial chaperones and proteases (HSP60/10, LONP1, CLPP) to restore proteostasis.’*>> In
atherosclerosis, mitochondrial dysfunction and mitochondrial DNA (mtDNA) damage are abundant in human and murine
plaques and are sufficient to drive lesion growth and features of vulnerability independent of bulk reactive oxygen
species, placing mitochondrial quality control as causal rather than correlative.’®>’ Mitochondrial injury also provides
pro-inflammatory cues: leaked mtDNA activates cGAS—-STING signalling in vascular cells and macrophages, and
genetic or pharmacological inhibition of STING reduces atherogenesis in ApoE-deficient mice.”® Components of the
UPRmt intersect with these processes; for example, macrophage LONP1 is upregulated by lipid stress through PERK—
elF20—ATF4 signalling, which impairs mitophagy and amplifies mitochondrial ROS and IL-1f, implicating maladaptive
UPRmt-ISR signalling in plaque progression.”® Finally, experimental boosting of UPRmt confers cardio-cerebral
protection in ischaemia—reperfusion models in an ATF5-dependent manner, supporting the premise that calibrated
activation of UPRmt could dampen vascular inflammation and stabilise plaques.®®

However, the specific effects of the UPRmt in AS remain incompletely understood. Consequently, this study conducted
a comprehensive bioinformatics analysis using consensus clustering based on the expression of MRGs to categorize AS into
two distinct subtypes for further exploration. Subsequently, we developed a machine learning-based predictive model that
identified seven key genes. GSEA and GSVA revealed that high expression of these key genes is closely associated with
interactions among various cytokines and multiple receptor signaling pathways. Additionally, our immune infiltration
analysis of these key genes indicated a significant association with macrophages and T cells. Further validation through
single-cell sequencing analysis confirmed this association, showing that the expression of these key genes is significantly
elevated in macrophages, monocytes, and T cells compared to other cell types. Moreover, based on the immune infiltration
characteristics of different AS subtypes, we observed notable differences in macrophage and T cell expression between the
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subtypes. Therefore, we hypothesize that UPRmt may regulate the immune response and inflammatory processes by
influencing the function and distribution of macrophages and T cells across different AS subtypes.

In the pathophysiological process of AS, macrophages play a central role, intricately linked to several key patholo-
gical activities. AS is fundamentally an inflammatory disease where macrophages recognize and ingest ox-LDL via
specific scavenger receptors, such as CD36 and LOX-1. This action is a crucial step in the disease’s progression, leading
to the transformation of macrophages into foam cells. These cells accumulate in arterial plaques, forming typical lipid
cores that significantly promote plaque thickening and instability. The activation of macrophages and the formation of
foam cells are governed by a complex signaling network, including the activation of the NLRP3 inflammasome and
regulation of SLAMF7. Abnormal regulation of these signaling pathways not only intensifies the inflammatory response
but also significantly drives AS progression.®'*®> Moreover, macrophages amplify the local inflammatory response by
secreting a range of cytokines, such as TNF-q, ILs, and chemokines like CXCL1, CXCL2, and CCLS5, thereby attracting
more inflammatory cells to the site.>*** Additionally, macrophages contribute to the disease by secreting metalloprotei-
nases, such as MMP-9, which degrade collagen and other extracellular matrix components in plaques, weakening the
fibrous cap and increasing the risk of plaque rupture.> Concurrently, oxidative stress responses and abnormalities in
autophagic mechanisms within macrophages complicate the disease’s progression. Specifically, oxidative stress can
damage lysosomal membranes, impairing the fusion of lysosomes with autophagosomes and leading to cellular damage
and death, while abnormal autophagic activity may cause excessive accumulation of ox-LDL, further destabilizing
plaques and exacerbating the inflammatory response.®®

The activation and functional differentiation of T cells are critical in the immunopathological process of AS. These
cells respond to various stimuli, such as oxidized low-density lipoprotein, hyperglycemia, and hypertension, and interact
with vascular endothelial cell adhesion molecules, including VCAM-1 and ICAM-1, to traverse the endothelium and
infiltrate the arterial wall. Within the plaque microenvironment, T cells are categorized as pro-inflammatory (Thl and
Th17) or anti-inflammatory (Treg) based on the cytokines they secrete. Specifically, Thl cells amplify the pro-
inflammatory activity of macrophages by secreting interferon gamma (IFN-y), while Th17 cells intensify plaque
inflammation and progression by recruiting more inflammatory cells through the release of interleukin 17 (IL-17).
Conversely, Treg cells mitigate the local inflammatory response and enhance plaque stability by secreting anti-
inflammatory cytokines such as transforming growth factor beta (TGF-P) and interleukin 10 (IL-10).°”%® Regarding
plaque stability in AS, different T cell subgroups play pivotal roles by influencing the behavior of other immune cells
within the plaque and the phenotypic transformation of smooth muscle cells. Thl and Thl7 cells, through their pro-
inflammatory factors, may contribute to the destruction of plaque structure, thus increasing the risk of plaque rupture. In
contrast, Treg cells can promote the integrity of the fibrous cap, potentially reducing this risk.°®’" This dynamic interplay
of T cell interactions underscores their complex and essential role in the progression of AS.

The UPRmt is critical in modulating the functions of macrophages and T cells, particularly in the pathophysiological
processes of cardiovascular diseases such as AS. As a protective mechanism that responds to mitochondrial protein
accumulation and damage, UPRmt bolsters antioxidant defenses, improves protein quality control, and enhances
mitochondrial DNA repair, thereby maintaining immune cell function stability.'® In AS, macrophages and T cells
encounter oxidative stress and metabolic pressure, common stressors in plaque formation and progression. The activation
of UPRmt is essential for macrophages to engage in extensive metabolic activities that produce inflammatory mediators
and also influences the polarization of macrophages toward the M1 or M2 phenotype. Similarly, T cells rely on UPRmt to
enhance their pro-inflammatory or anti-inflammatory functions, adapting to metabolic stress and oxidative pressure in
this environment, which directly impacts plaque stability and disease progression.®®’"”? Therefore, in-depth research
into the UPRmt pathway can improve our understanding of the pathophysiological mechanisms of cardiovascular
diseases and may provide a scientific basis for designing new therapeutic strategies for AS and related conditions. By
optimizing UPRmt activity, we can effectively regulate inflammatory responses in cardiovascular diseases, offering new
therapeutic directions. This approach will also unveil the complexity of mitochondrial function regulation in cardiovas-
cular diseases and underscore its potential importance in disease management.

ARHGAP25 (Rho GTPase activating protein 25) belongs to the RhoGAP protein family and regulates the activity of
Rho family GTPases through its RhoGAP domain, significantly influencing various physiological and pathological
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processes in cells. Studies have shown that the expression of ARHGAP2S5 in human neutrophils is crucial for maintaining
cell migration and adhesion, which are key in ensuring positional accuracy during immune responses and inflammatory
processes. Moreover, ARHGAP25 might also regulate cell polarity and migration capabilities, contributing to broader
cellular signaling pathways that could significantly affect immune regulation and disease progression.”* In the cardio-
vascular system, ARHGAP2S5 is thought to play a pivotal role in cardiovascular diseases, particularly in the progression
of AS, by regulating the contraction of vascular smooth muscle cells and maintaining endothelial cell functions.”* These
findings suggest that ARHGAP2S is integral in linking changes in cellular behavior with the mechanisms underlying
cardiovascular disease development.

CYTHA4, also known as PSCD4, is crucial in cellular signal transduction, facilitated by its Sec7 and PH domains. The
Sec7 domain functions as a guanine nucleotide exchange factor (GEF), essential for activating the Arf family of GTPases
which are critical for processes such as membrane trafficking and cytoskeletal reorganization. Additionally, the PH
domain of CYTH4 is involved in cellular localization and membrane binding, specifically through interactions with
phosphatidylinositol, crucial for the accurate propagation of signaling pathways. The synergy of these domains positions
CYTH4 as a pivotal regulator in cellular responses within key signaling pathways like AKT/PI3K, which are central to
regulating cell survival, proliferation, and differentiation.”>’® The Gene Set Variation Analysis (GSVA) in this study
reveals significant enrichment of CYTH4 in pathways such as lysosomal, Toll-like receptor signaling, sulfur metabolism,
and sphingolipid metabolism, suggesting that the gene may influence the UPRmt and AS by regulating immune defense
mechanisms and inflammatory responses. These findings may offer some new perspectives for future research.

ITGB7 (integrin B7) partners with o chains to form heterodimers such as a4f7 and oEB7, which are pivotal in
regulating the migration and localization of immune cells. Integrin a4p7 is particularly vital for linking the gastro-
intestinal mucosa with lymphocytes, primarily through its interaction with MAdCAM-1, facilitating the homing of T cells
and B cells to the intestine. Conversely, integrin aEf7, predominantly expressed in mucosa-associated cells like intestinal
epithelial T cells, stabilizes the position of immune cells in specific tissues by binding to E-cadherin. Research has
demonstrated that dysfunction in ITGB7 is closely associated with various immune-mediated diseases, including
inflammatory bowel disease and multiple sclerosis.”””’® Further research by Zheng et al highlights ITGB7 as
a significant biomarker related to the immune system in carotid atherosclerotic plaques, while other integrin family
members such as ITGB1 and ITGB3 are involved in angiogenesis, platelet aggregation, and cardiac function.”**°
Currently, therapeutic strategies targeting ITGB7, such as the monoclonal antibody vedolizumab against integrin a4p7,
have proven effective in treating autoimmune diseases.®' Therefore, in-depth exploration of the biological functions of
ITGB7 and its disease associations is crucial for developing novel therapeutic approaches.

APOCI is a crucial member of the apolipoprotein family, primarily involved in regulating lipid transport and
metabolism, particularly in the metabolic processes of HDL and very low-density lipoproteins (VLDL). APOC1 inhibits
the activity of LPL, which slows the clearance of triglycerides and increases the risk of lipid deposition in the arterial
walls, closely linking it to the progression of AS. At the cellular level, APOCI regulates lipid levels by inhibiting the
receptor-mediated binding of VLDL and LDL, which is facilitated by apolipoprotein E.*** Additionally, APOC]
influences the activity of various enzymes, such as hepatic lipase and phospholipase A2, further modulating lipid
metabolism and transport. APOC1’s impact on HDL metabolism may disrupt the efficiency of reverse cholesterol
transport (RCT), as it regulates the activity of various plasma proteins and cellular receptors involved in HDL
remodeling. Notably, in vitro studies have shown that APOCI1 can partially activate lecithin-cholesterol acyltransferase
(LCAT), a key enzyme in the maturation process of HDL. Simultaneously, APOC1’s inhibitory effects extend to hepatic
lipase, directly affecting the hydrolysis of triglycerides in cholesterol-rich lipoproteins, including HDL.®%%
Consequently, these mechanisms of APOC1 may lead to the accumulation of cholesterol in arterial walls, elevating
the risk of cardiovascular diseases.

WDFY4 (WD repeat and FYVE domain-containing protein 4) is crucial for immune system regulation, especially in
modulating autoimmune responses. This protein’s complex structure includes a pleckstrin homology (PH) domain,
BEACH domain, and multiple WD40 repeats, which are pivotal in cellular signaling and vesicular transport—key
processes for immune system functionality.®> WDFY4 is instrumental in determining B cell fate by engaging in both
canonical and non-canonical autophagy pathways, essential for the cells’ viability and function in various health states. It
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also plays a pivotal role in dendritic cell-mediated antigen cross-presentation, essential for eliciting strong CD8+ T cell
responses against viral and tumor antigens.*®®” Animal model studies have underscored WDFY4’s critical involvement
in developing effective immune surveillance and response strategies. Additionally, WDFY4 interacts with molecules
crucial for intracellular antigen processing and presentation, potentially offering therapeutic targets to boost immunother-
apy outcomes. While direct associations between WDFY4 and mitochondria are sparse, its involvement in autophagic
processes, particularly mitophagy linked to neurodegenerative diseases, implies an indirect impact on mitochondrial

function (Supplementary Material 10). Similarly, WDFY3, from the same family, is vital in neuronal mitophagy, hinting
88

at possible significant roles for WDFY4 in related cellular processes.

MARCO (Macrophage Receptor with Collagenous Structure), a pivotal receptor within the SRCR (Scavenger Receptor
Cysteine-Rich) superfamily, is primarily expressed on macrophages. It plays a critical role in the innate immune system by
mediating the phagocytosis of pathogens and other potentially harmful particles, essential for immune defense. MARCO
recognizes a wide array of ligands, including bacteria, viruses, and apoptotic cells, attributed largely to its unique structure,
notably the combination of collagenous and SRCR domains that confer versatile binding properties. Furthermore, MARCO
activates various signaling pathways, such as NF-kB, enhancing the production of inflammatory mediators and promoting
inflammatory responses. It also influences the activation of immune cells and their antigen-presenting capabilities.**° In the
context of respiratory diseases, MARCO’s expression correlates with disease severity, and its dysfunction is linked to
heightened inflammatory responses in lung infection models. Additionally, in AS, MARCO facilitates the transformation of
macrophages into foam cells and exacerbates plaque formation and arterial thickening by internalizing modified lipoproteins
like oxidized low-density lipoprotein (oxLDL).**! Changes in mitochondrial function, especially through the mtUPR
mechanism under stress conditions, are crucial for macrophage survival and stress responses. The regulation of MARCO
thus influences metabolic pathways and inflammatory responses, potentially affecting mitochondrial function and overall cell
health.”*** These insights not only underscore the complexity of MARCO?s role in immune regulation but also highlight its
potential as a therapeutic target for disease management.

Phospholipase Cp2 (PLCB2) is instrumental in immune cells such as B cells and natural killer cells, where it hydrolyzes
phosphatidylinositol 4,5-bisphosphate (PIP2) into diacylglycerol (DAG) and inositol trisphosphate (IP3). This reaction
initiates downstream signaling pathways, including protein kinase C (PKC) and calcium signaling, which are vital for
regulating immune and inflammatory responses, especially in the context of chronic cardiovascular inflammation like
atherosclerotic plaque formation and rupture.”**> Activation of immune cell receptors enhances PLCB2 activity, leading to
significant increases in intracellular calcium levels that are essential for cardiac contraction and the modulation of vascular
smooth muscle cell activity, potentially impacting blood pressure, heart rhythm, and myocardial contractile function.”®"’
Research by Yamada et al has identified a robust association between PLCB2 and conditions such as early-onset myocardial
infarction and hypertension, underscoring its critical role in linking cellular signal transduction with immune regulation and
highlighting its potential as a therapeutic target for treating immune-related and cardiovascular diseases.”®

In this study, we employed a comprehensive bioinformatics approach to investigate biomarkers associated with the
UPRmt in AS. Compared with previous bioinformatics analyses that broadly targeted “mitochondrial dysfunction™ or
“oxidative stress” in atherosclerosis, our study differs in three principal ways: (i) we centre specifically on the UPRmt—a
defined and relatively overlooked stress axis—rather than generic oxidative-stress signatures; (ii) we pair a machine-learning
diagnostic model with orthogonal validation at single-cell resolution, two-sample Mendelian randomisation, and protein-
level assays (PCR, Western blotting and immunofluorescence), thereby moving beyond correlation towards stronger causal
inference and cell-type specificity; and (iii) we extend biomarker discovery to therapeutic inference by integrating molecular
docking and molecular-dynamics simulations to prioritise potentially druggable interactions, providing an actionable shortlist
for mechanistic and translational follow-up. Clinically, the seven-gene panel may aid risk stratification and earlier detection
and could be adapted into a peripheral blood assay pending prospective validation. Single-cell localisation supports its use in
monitoring plaque inflammation and treatment response. Translationally, the docking and molecular-dynamics results
nominate actionable protein—ligand interfaces (eg, APOC1) for drug repurposing and lead optimisation. However, several
limitations warrant consideration. First, the data used in this research were sourced from the GEO database, and the methods
of data collection and processing may affect the accuracy of the analysis and the reliability of the results. Variations in the
technical platforms and protocols employed by different laboratories could introduce biases. Although gene expression
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changes were validated at the protein level, the functional experiments in animal models still have some constraints. While
animal models were employed, limitations in experimental conditions and the choice of species may hinder the models’
ability to fully replicate the complexity of human diseases. Differences in physiology and immune responses across animal
models may also influence the generalizability and clinical relevance of the findings. Additionally, molecular docking and
molecular dynamics simulations have provided valuable insights into predicting molecular interactions, though they have
inherent limitations. Molecular docking relies on known molecular structures and may not fully capture the dynamic changes
of molecules within complex biological environments. Moreover, although molecular dynamics simulations model the
motion of molecular systems, limitations in force field accuracy, computational resources, and simulation time may prevent
these simulations from completely reflecting the true behavior of biomolecules inside the cell. Thus, future research should
focus on refining molecular simulation methods and incorporating additional experimental data for validation. Expanding the
range of animal models and experimental conditions, increasing the sample size, and integrating diverse clinical data will be
essential for validating the biomarkers proposed in this study and for developing more effective strategies for the prevention
and treatment of AS. These efforts will provide a foundation for future clinical applications and contribute to advancing early
diagnosis and precision treatment of AS-related diseases.

Conclusion

This study identifies seven UPRmt-associated hub genes—ARHGAP25, CYTH4, ITGB7, APOC1, WDFY4, MARCO
and PLCB2—Ilinked to immune modulation in atherosclerosis, offering promising diagnostic and therapeutic targets.
These genes likely contribute to AS pathogenesis and immune-cell infiltration, with activities closely connected to the
mitochondrial unfolded protein response, and may inform clinical management. Next steps include validation in
independent clinical cohorts, expanded sample sizes with protein-level and longitudinal assessments, and mechanistic
studies in relevant cellular and animal models to establish causality and evaluate therapeutic potential.
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