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Background: Arteriosclerosis (AS) is a globally prevalent disease for which there is currently no effective treatment. Therefore,
identifying potential drug targets is of crucial importance. The Cyclic guanosine monophosphate–adenosine monophosphate
synthase (cGAS)–STING pathway is an intracellular immune sensing mechanism that detects DNA damage and viral infections,
and it could contribute to the progression of AS through its influence on immune regulation. By using bioinformatics methods, we
identified critical genes involved in the progression of AS that are associated with the cGAS–STING pathway, providing potential
molecular targets for further investigation.
Methods: Datasets related to AS were extracted from the Gene Expression Omnibus (GEO) database, including GSE100927,
GSE28829, and GSE43292. Furthermore, we conducted a search in the GeneCards database to identify genes associated with
the cGAS–STING signaling pathway. Key gene identification was carried out through comparative expression analysis using
Limma and weighted gene co-expression network analysis (WGCNA). Machine learning (ML) algorithms were then applied to
screen and evaluate the diagnostic value of potential biomarkers. After obtaining both cGAS–STING-related and AS-related
differentially expressed genes (cASDEGs), we utilized gene set enrichment analysis (GSEA) approach to analyze the potential
function of cASDEGs and CIBERSORT algorithm to assess immune cell infiltration in AS. Finally, experiments including reverse
transcription quantitative polymerase chain reaction (RT-qPCR), Western blotting and immunofluorescence were conducted to
validate the expression patterns of cASDEGs.
Results: By intersecting the Limma and WGCNA results, we identified a total of 741 differentially expressed genes (DEGs)
related to AS from the GSE100927 dataset. An intersection of these DEGs with the cGAS–STING-related genes identified 16
cASDEGs. Four pivotal cASDEGs (C-src tyrosine kinase (CSK), fatty acid binding protein 5 (FABP5), B-cell lymphoma 2-
associated athanogene (BAG2), and alpha-galactosidase A (GLA)) were identified through the ML-based screening, all of which
showing significant diagnostic relevance. Further immune profiling uncovered dysregulated immunity in AS and a link between
these genes and immune cell interactions. Experimental validation confirmed that the four central cASDEGs exhibited expression
patterns aligning with the bioinformatics predictions.
Conclusion: Our study identified four genes (CSK, FABP5, BAG2, and GLA) that may promote the development of AS through
the cGAS–STING pathway, providing new insights into the pathogenesis and potential treatment of AS.
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Introduction

With increasing annual incidence rate, cardiovascu-
lar diseases are among the leading causes of mortality in
humans, posing substantial health risk to affected individ-
uals and hindering social development [1,2]. Arterioscle-
rosis (AS) serves as the common pathological denomina-
tor for various cardiovascular pathologies, encompassing

coronary heart disease, cerebral infarction, and extremity
arterial diseases [3,4]. AS is a slow-progressing, chronic
disease of large- and medium-sized arteries, mainly char-
acterized by plaque formation on the inner arterial walls
[5]. The intimal layer beneath the vascular endothelium
undergoes pathological changes characterized by the accu-
mulation and transformation of lipids, cholesterol, calcium,
thrombi, inflammatory cells, smooth muscle cells, and
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necrotic debris within atherosclerotic plaques [6], which is
a prolonged process involving various pathological stages.
Nevertheless, the underlying causes and molecular mech-
anisms remain elusive, warranting in-depth investigation
of AS pathogenesis and treatments for improving physical,
mental, and social health.

Mitochondrial dysfunction is closely related to the
onset, progression, and cell death in AS. Excessive re-
active oxygen species levels can damage cellular macro-
molecules such as DNA, lipids, and proteins, inducing
cell death pathways such as cell necrosis, apoptosis, au-
tophagy, and ferroptosis, thereby promoting AS plaque for-
mation [7,8]. Cyclic guanosine monophosphate–adenosine
monophosphate synthase (cGAS) is a cytoplasmic DNA
recognition receptor that can recognize exogenous DNA
(such as viral and bacterial DNA), the host DNA (such as
mitochondrial DNA [mtDNA] and nuclear DNA) and dam-
aged DNA [9], thereby activating the cGAS–STING sig-
naling pathway and initiating the innate immune response
[10]. Reportedly, the cGAS–STING signaling pathway
plays an important role in tumors, autoimmune diseases,
and chronic inflammatory conditions [11]. Recent evidence
also suggests that mitochondrial dysfunction–mediated ox-
idative stress and cytoplasmic release of mtDNA can acti-
vate the cGAS–STING signaling pathway. While this path-
way is predominantly active in immune cells, it is also ex-
pressed in endothelial and epithelial cells [12]. Notably,
cGAS–STING activation in vascular smooth muscle cells
has been shown to contribute to their phenotypic switch-
ing [13], and its activation in endothelial cells regulates cell
proliferation and inflammatory responses. These findings
provide a rationale for investigating the cGAS–STING sig-
naling pathway in the context of AS, although its role in
AS remains incompletely defined. To elucidate the function
of cGAS–STING signaling in AS pathophysiology, bioin-
formatics analysis offers a novel complementary approach
to experimental validation, providing a more in-depth and
holistic method to unravel the disease’s pathogenesis.

This study aimed to identify critical genes involved
in the cGAS–STING pathway that could serve as poten-
tial molecular targets for treating AS. In this study, we em-
ployed a bioinformatics-driven approach to analyze pub-
licly available AS-related datasets. Differential expres-
sion analysis, weighted gene co-expression network anal-
ysis (WGCNA), and machine learning (ML) techniques
were integrated to identify potential therapeutic targets with
strong diagnostic potential. Furthermore, in vitro valida-
tion of the bioinformatics findings was conducted using re-
verse transcription quantitative polymerase chain reaction
(RT-qPCR), Western blotting, and immunofluorescence.

Materials and Methods

Research Design and Data Source
The study design is illustrated in Fig. 1. Herein, three

AS-related datasets were retrieved from the National Center
for Biotechnology Information Gene Expression Omnibus
database (https://www.ncbi.nlm.nih.gov/geo/) [14], namely
GSE100927, GSE43292, and GSE28829. GSE100927 is
based on the GPL17077 platform and includes 35 con-
trol arteries from organ donors and 69 peripheral arteries
from individuals with AS, including carotid, femoral, and
popliteal arteries. GSE43292 is based on the GPL6244 plat-
form and consists of 32 carotid artery samples, each for the
non-AS andAS groups. GSE28829 is based on the GPL570
platform and comprises 13 patients with early pathologi-
cal intimal thickening of the carotid artery and 16 patients
with late fibrous-cap atherosclerotic carotid artery plaque.
GSE100927 was used as the training set owing to its sub-
stantial sample size, and GSE43292 and GSE28829 served
as external validation sets for ML. Detailed information re-
garding the datasets can be found in Supplementary Table
1.

Data Processing and Screening for Differentially
Expressed Genes

The significant differentially expressed genes (DEGs)
in GSE100927 were identified using the R software (R
Foundation for Statistical Computing, Vienna, Austria) ver-
sion 4.3.1 package “limma version 3.56.2”. The dataset
was normalized using the normalizeBetweenArrays func-
tion. After normalization, a linear model was fitted using
lmFit, and contrasts were defined with makeContrasts. The
eBayes method was employed for statistical testing with
eBayes. Differential expression was determined based on
an absolute log fold change exceeding 0.585 and a false dis-
covery rate–adjusted p-value below 0.05. To visualize the
DEGs, we generated a heatmap using the “pheatmap ver-
sion 1.0.12” and “ggplot2 version 3.4.3” R software pack-
ages [15].

Weighted Gene Co-Expression Network Construction
and Gene Module Identification

The WGCNA R package version 1.72-5 was applied
to construct co-expression networks and identify genemod-
ules [16]. After standardizing the expression matrix, genes
within the top 25% variance were selected for module con-
struction. We used the goodSamplesGenes function to
screen for and remove outliers. Sample clustering and trait
heatmap were generated using hierarchical clustering. The
pickSoftThreshold function was applied to identify the opti-
mal soft-thresholding power for network construction. Us-
ing this value, an adjacency matrix was generated and fur-
ther converted into a topological overlap matrix (TOM).
Next, hierarchical clustering was performed using TOM-
differential measurement, with a minimum module size of
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Fig. 1. Flow chart depicting the study design. Abbreviations: AS, Arteriosclerosis; cGAS, Cyclic guanosine monophosphate–
adenosine monophosphate synthase; DEGs, differentially expressed genes; GO, Gene Ontology; GSEA, gene set enrichment analysis;
KEGG, Kyoto Encyclopedia of Genes and Genomes; LASSO, Least Absolute Shrinkage and Selection Operator; RT-qPCR, reverse tran-
scription quantitative polymerase chain reaction; ROC, receiver operating characteristic; SVM-RFE, support vector machine recursive
feature elimination; WGCNA, weighted gene co-expression network analysis.

150, to obtain gene modules. Random colors were assigned
to each module. Dynamic tree cutting was performed
to identify modules, and module eigengenes were calcu-
lated. Module-trait relationships were explored, and mod-
ule membership (MM) and gene significance (GS) were
computed. We generated scatter plots for MM vs. GS and
identified hub genes within each module. Following this,

the module most closely related to ASwas selected. Specif-
ically, genes with a module membership of>0.8 and a gene
significance of>0.5 were selected as core AS-related genes
for further analysis.

https://www.discovmed.com/


1537

AS-Related Differentially Genes Identification and
Functional Enrichment Analysis

AS-related DEGs were identified by intersecting the
AS-related genes obtained from WGCNA with the DEGs
identified using the “limma” software package. The can-
didate genes underwent functional characterization em-
ploying the ‘org.Hs.eg.db’ (v3.17.0) annotation database.
To elucidate the biological significance of AS-associated
DEGs, we implemented comprehensive Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway enrichment analyses using ‘clusterPro-
filer’ (v4.8.3) [17], examining biological processes, cellular
components, and molecular functions domains. Statistical
significance was determined at p < 0.05.

Identification Both cGAS–STING-Related and
AS-Related Differentially Genes (cASDEGs)

In the GeneCards database, the keyword “cGAS–
STING”, with a cutoff date of 1 May 2024, was searched,
yielding 435 genes (Supplementary Table 2). These
cGAS–STING-related genes were intersected with AS-
related DEGs, leading to the identification of 16 cASDEGs.

Machine Learning Screening of Critical cASDEGs
This investigation employed a tripartite ML approach,

utilizing Least Absolute Shrinkage and Selection Operator
(LASSO) regression, support vector machine (SVM) clas-
sification, and random forest (RF) ensemble learning to pin-
point critical cASDEGs. For the LASSO logistic regression
model, coefficients of non-contributory variables were re-
duced to zero, allowing for the selection of themost relevant
genes. The SVM framework, which is a supervised ML
technique, was used for binary classification. It maximizes
the classification margin by identifying the optimal model
without relying on sample size. In contrast, RF analysis is
an ensemble learning method based on decision trees, with
a focus on individual variable scores. The “glmnet version
4.1-8” package [18] was utilized for LASSO regression,
while the “e1071 version 1.7-14” [19] and “caret version
6.0-94” [20] packages were used for SVM analysis. For
RF analysis, the “randomForest version 4.7-1.1” package
[21] was employed. To obtain the optimal λ for LASSO
regression, repeated 10-fold cross-validation resampling it-
erations were performed. The performance of the SVM
and RFmodels was assessed using 10-fold cross-validation,
with a consistent random seed applied across all three meth-
ods [22]. Finally, genes that were identified as overlapping
in the results obtained from the LASSO, SVM, and RF anal-
yses were considered potential critical cASDEGs.

Receiver Operating Characteristic Curve
Verification and Nomogram Construction

The clinical values of the critical cASDEGs in
AS progression were assessed using the three retrieved
datasets: GSE100927 for internal validation; GSE43292

and GSE28829 for external validation. The diagnostic
performance was assessed by generating receiver operat-
ing characteristic (ROC) curves with the “pROC version
1.18.5” package in R, and the corresponding area under
the curve (AUC) values were computed. Genes with AUC
values of >0.75 were considered to exhibit notable diag-
nostic value. The nomogram calibration curves were inter-
nally validated using the GSE100927 dataset to assess the
agreement between predicted probabilities and actual ob-
served outcomes. Calibration plots were generated to visu-
ally evaluate the performance of the nomogram, ensuring
its reliability in predicting disease progression. A diagnos-
tic curve plot was generated using the R software package
“rma version 3.0”.

Immunocyte Infiltration Measurement, Evaluation,
and Correlation Analysis

The GSE100927 dataset was used to analyze immuno-
cyte infiltration. The infiltration levels of 22 immune cell
types were evaluated using the “CIBERSORT” package
[23] with the “LM22” file (https://cibersortx.stanford.edu/).
Following this, the results were screened based on the p <

0.05. Bar graphs were used to visualize the differences in
the levels of the 22 infiltrating immune cell types between
the AS and non-AS groups, and box plots were used for
intergroup comparisons. Heatmaps were generated to de-
pict the correlation between cASDEGs and immune cells.
R software packages such as “ggpubr version 0.6.0”, “vio-
plot version 0.4.0”, “corrplot version 0.92”, and “ggplot2
version 3.4.4” were used for visualization.

GSEA Enrichment Analysis
To examine variations in enriched biological pathways

between subgroups, we conducted GSEA employing the
clusterProfiler (v4.8.3). The disease cohort was stratified
into two subgroups according to median expression lev-
els of the core coronary artery sclerosis-associated DEGs,
enabling comparison of pathway enrichment patterns be-
tween high- and low-expression populations. Mean expres-
sion levels for each group were calculated, with extremely
low values adjusted to a small positive constant to pre-
vent logarithmic errors. The log fold change (logFC) be-
tween groupswas computed and ranked in descending order
to prepare the dataset for GSEA. The analysis utilized the
“c2.cp.kegg.symbols” gene set from the MSigDB database
(https://www.gsea-msigdb.org/gsea/).

Sample Collection
The samples were collected from patients undergoing

femoral arterial–femoral artery bypass in the Fujian Provin-
cial Hospital (n = 5). Atherosclerotic blood vessel samples
were obtained from the lesion area and normal blood vessels
were obtained from the bypass area. The specimens were
stored in liquid nitrogen at –80 °C within 1 hour of collec-
tion for long-term preservation. This study was approved
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by the Ethics Committee of our hospital (license number:
K2021-04-042). Informed consent was obtained from all
participants. The comprehensive clinical data of all patients
is presented in Supplementary Table 3.

RT-qPCR
Total RNA was extracted from tissue samples us-

ing TRIzol reagent (Invitrogen, Carlsbad, CA, USA), fol-
lowed by quantification of RNA quality and yield using a
Nanodrop 2000 spectrophotometric system (Thermo Fisher
Scientific, Waltham, MA, USA). Subsequent complemen-
tary DNA synthesis was carried out with 500 ng RNA in-
put according to standard procedures. Reverse transcrip-
tion quantitative polymerase chain reaction (RT-qPCR) was
conducted on a CFX96 Touch system (Bio-Rad, Hercules,
CA, USA) using iTaq Universal SYBR Green (Bio-Rad,
Hercules, CA, USA). Gene expression levels were calcu-
lated using the 2−∆∆Ct method, with β-actin as the internal
reference. Primer sequences are provided in Supplemen-
tary Table 4.

Western Blotting
Tissue samples were lysed on ice using radioimmuno-

precipitation assay (RIPA) buffer (KGB5203, KeyGEN
BioTECH, Nanjing, China) to extract proteins. Twenty
micrograms of protein were separated by sodium dodecyl
sulfate–polyacrylamide gel electrophoresis (SDS-PAGE)
and transferred onto a polyvinylidene fluoride (PVDF)
membrane (FFP22, Beyotime, Shanghai, China). The
membrane was then blocked with Tris-buffered saline with
Tween 20 (TBST) containing 5% non-fat milk for 2 hours
at room temperature. Subsequently, the blocked membrane
was incubated overnight at 4 °C with primary antibodies
targeting C-src tyrosine kinase (CSK; 1:1000; 17720-1-
AP; Proteintech, Wuhan, China), fatty acid binding pro-
tein 5 (FABP5; 1:1000; 12348-1-AP; Proteintech, Wuhan,
China), B-cell lymphoma 2-associated athanogene (BAG2;
1:1000; 29820-1-AP; Proteintech, Wuhan, China), alpha-
galactosidase A (GLA; 1:1000; 66121-1-Ig; Proteintech,
Wuhan, China), and β-actin (1:20,000; 66009-1-Ig; Pro-
teintech, Wuhan, China). After three washes with TBST,
the membrane was incubated at room temperature for 1
hour with horseradish peroxidase (HRP)-conjugated sec-
ondary antibodies (1:2000; AT0097 and AT0098, Engi-
body, Shanghai, China). Protein bands exhibiting im-
munoreactivity were detected through enhanced chemi-
luminescence (ECL) methodology (P0018S, Beyotime,
Shanghai, China), with subsequent digital documentation
performed using a computerized gel imaging apparatus.

Immunofluorescence Staining
The collected samples were fixed in 4% paraformalde-

hyde (P0099, Beyotime, Shanghai, China) for 24 hours,
then dehydrated, embedded in paraffin, and sectioned into
4 µm thick slices for immunofluorescence staining. The

sections were dewaxed and rehydrated, followed by anti-
gen retrieval using 10 mM sodium citrate buffer (pH 6.0)
heated in a microwave at high temperature for 5–10 min-
utes. They were then permeabilized with 0.1% Triton X-
100 (ST797, Beyotime, Shanghai, China), blocked with 5%
bovine serum (ST2254, Beyotime, Shanghai, China), and
incubated overnight at 4 °C with primary antibodies against
CSK (1:200; 17720-1-AP; Proteintech, Wuhan, China),
FABP5 (1:200; 12348-1-AP; Proteintech, Wuhan, China),
BAG2 (1:200; ab229089; Abcam, Cambridge, MA, USA),
and GLA (1:200; 66121-1-Ig; Proteintech, Wuhan, China).
The secondary antibody (1:400, A23410 or A23420, Ab-
bkine, Wuhan, China) was applied for 1 hour at room tem-
perature away from the light. Nuclei were stained with
DAPI (C1005, Beyotime, Shanghai, China), and after the fi-
nal wash, the slides were mounted with 50% glycerol. The
sections were then visualized using a fluorescence micro-
scope (Olympus, Tokyo, Japan).

Data Analysis Methods
Statistical analyses were performed to analyze the re-

sults of wet experiments and assess the differences in the
baseline data among included patients. The data are pre-
sented as mean ± standard deviation for independent ex-
periments. Differential analyses were performed using Stu-
dent’s t-tests with the Statistical Package for the Social
Sciences (SPSS) version 26.0 (IBM Corp., Armonk, NY,
USA). GraphPad Prism was used for statistical graph draw-
ing (version 9.0, GraphPad Software Inc., San Diego, CA,
USA). p < 0.05 was considered statistically significant.

Results

Identification of DEGs and AS-Related Genes
From the GSE100927 dataset, a total of 1656 DEGs

were obtained, consisting of 990 upregulated and 666
downregulated genes (volcano plot, Fig. 2A; heatmap,
Fig. 2B; Supplementary Table 5). The top 25% of genes
with the highest variance were selected for further analysis.
Utilizing the appropriate soft threshold parameter (β = 10)
and a scale R2 value of 0.83, a scale-free network was con-
structed (Supplementary Fig. 1A,B), and seven significant
modules were identified (TOM heatmap, Fig. 2C,D; Sup-
plementary Fig. 1C). Among them, the turquoise module
exhibited a strong association with AS (Fig. 2E), present-
ing 1162 AS-related genes based on the criteria of mod-
ule membership >0.8 and gene significance >0.5 (Fig. 2F,
Supplementary Table 6).

AS-Related DEGs Identification and Functional
Enrichment Analysis

The intersection of DEGs identified by the limma
package and AS-related genes revealed 741 genes as AS-
related DEGs (Fig. 3A, Supplementary Table 7). Gene
Ontology (GO) analysis showed that in both disease and
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Fig. 2. Expression analysis of DEGs and weighted co-expression network construction based on the GSE100927 dataset. (A)
Heatmap showing the top 50 DEGs. (B) Volcano plot of DEGs. (C) Sample clustering dendrogram with trait heatmap. (D) Cluster
dendrogram illustrating co-expression modules. (E) Correlation analysis of eigengene-clinical status relationships in control versus
AS populations. (F) Scatter plot illustrating turquoise module gene participation versus AS biological relevance. Abbreviations: AS,
Arteriosclerosis; DEGs, differentially expressed genes.
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Fig. 3. Functional enrichment analysis of AS-related DEGs and the selection of cGAS–STING and AS-related DEGs (cASDEGs).
(A) Identification of AS-related DEGs. (B) Heatmap of the cASDEGs in GSE100927. (C) Identification of cASDEGs. (D) GO en-
richment of AS-related DEGs. (E) KEGG enrichment of AS-related DEGs. Abbreviations: AS, Arteriosclerosis; DEGs, differentially
expressed genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.

control samples (Fig. 3B, Supplementary Table 8), DEGs
were predominantly enriched in biological processes such

as immune response-regulating signaling pathways, posi-
tive regulation of cytokine production, and immune activa-
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Fig. 4. Core cASDEGs selection by machine learning and verification. (A,B) Eight genes were identified through the LASSO
regression algorithm. (C,D) Random forest algorithm selected eight genes. (E,F) The SVM-RFE algorithm was used to extract 15 genes.
(G) Identification of the four core cASDEGs based on three machine learning results (CSK, FABP5, BAG2, and GLA). (H) ROC curve
of the four core cASDEGs in the GSE100927 (left panel), GSE28829 (middle panel), GSE43292 (right panel). (I) Construction of a
nomogram for predicting the risk of AS based on the four core cASDEGs. (J) The calibration curve and the decision curve analysis
of nomogram. Abbreviations: AS, Arteriosclerosis; cASDEGs, cGAS–STING-related and AS-related differentially expressed genes;
LASSO, Least Absolute Shrinkage and Selection Operator; ROC, receiver operating characteristic; SVM-RFE, support vector machine
recursive feature elimination; CSK, C-src tyrosine kinase; FABP5, fatty acid binding protein 5; BAG2, B-cell lymphoma 2-associated
athanogene; GLA, alpha-galactosidase A.
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Fig. 5. Immune cell infiltration profiling in AS patients. (A) A bar graph illustrating the relative distribution of 22 types of immune
cells in AS and control samples. (B) Boxplots displaying differences in immune cell infiltration levels between AS patients and healthy
controls. (C) Correlation patterns between the four key cASDEGs and the abundance of infiltrating immune cells. *p < 0.05, **p <

0.01, ***p< 0.001 (the Control group vs. the Treat group). Abbreviations: AS, Arteriosclerosis; cASDEGs, cGAS–STING-related and
AS-related differentially expressed genes.

tion; cellular components including endocytic vesicles, vac-
uolar membranes, and lysosomal membranes; and molecu-
lar functions like actin binding, phospholipid binding, and
immune receptor activity. The Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway analysis revealed
enrichment in pathways related to osteoclast differentiation,
lipids, and AS (Fig. 3C, Supplementary Table 9).

Identification of Critical cASDEGs Through ML
Methods

Herein, 16 genes were identified as cASDEGs by in-
tersecting the AS-related DEGs and cGAS–STING-related
genes, with 15 genes being upregulated (Fig. 3D,E, Sup-
plementary Table 10). LASSO (Fig. 4A,B) and RF
(Fig. 4C,D) algorithms each revealed eight genes as crit-

ical cASDEGs, and SVM analysis identified 15 genes
(Fig. 4E,F). Cross-validation among the three methods re-
vealed four critical cASDEGs, namelyCSK,FABP5, BAG2,
and GLA (Fig. 4G, Supplementary Table 11).

External Validation of the Diagnostic Value of
Critical cASDEGs and GSEA

The diagnostic potential of the four critical cASDEGs
was validated both internally and externally using three
datasets, namely GSE100927, GSE28829, and GSE43292.
Notably, all four genes exhibited good diagnostic value
(AUC value>0.75; Fig. 4H). Subsequently, the constructed
nomogram model based on the four cASDEGs (Fig. 4I)
was evaluated for its predictive efficiency using calibration
curves and decision curve analysis in the training set and
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Fig. 6. Confirmation of the four core cASDEGs in human arterial tissues. (A–D) The relative expressions of the mRNA through
RT-qPCR. (E,F) Representative Western blotting and quantitative analysis of the protein levels. (G) Representative immunofluorescence
images of BAG2, CSK, FABP5, and GLA expression in normal and AS groups. Scale bar = 200 µm. *p < 0.05, **p < 0.01, ***p
< 0.001 (the Normal group vs. the AS group). Abbreviations: AS, Arteriosclerosis; cASDEGs, cGAS–STING-related and AS-related
differentially expressed genes; RT-qPCR, reverse transcription quantitative polymerase chain reaction.

validation set (Fig. 4J, Supplementary Fig. 2A–D). The
nomogram demonstrated strong diagnostic performance.
Through comprehensive GSEA, we systematically exam-
ined pathway enrichment disparities between patient sub-

groups stratified by expression levels of disease-associated
genes. Our findings revealed that, within the disease co-
hort, the low expression of BAG2, coupled with the high
expression of FABP5 and GLA genes, correlated signifi-

https://www.discovmed.com/
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cantly with the cytokine-cytokine receptor interaction path-
way. Moreover, the low expression of BAG2, as well as the
high expression of CSK and GLA genes, pertained to the
nucleotide-binding oligomerization domain (NOD) -like re-
ceptor signaling pathway (Supplementary Fig. 3A–H,
Supplementary Tables 12–15). These observations sug-
gest that the modulation of these disease-critical genes may
precipitate alterations in vascular function, trigger immune
system activation, and modulate immune cell interactions.
In parallel, the high expression of BAG2, along with the low
expression of CSK, FAPB5, and GLA genes, was linked to
the vascular smoothmuscle cell contraction, focal adhesion,
and TGF-β signaling pathways (Supplementary Fig. 3A–
H, Supplementary Tables 12–15). These pathways are
pivotal in the pathogenesis of the disease, indicating that the
identified gene expression changes may play a critical role
in disease progression by influencing these specific pheno-
typic outcomes.

Immune Infiltration in AS and the Relationship
Between the Critical cASDEGs and Immune Cells

Inflammatory response and immune regulation play
crucial roles in the pathogenesis of AS [24]. Immune in-
filtration analysis using the GSE100927 dataset was con-
ducted to evaluate the involvement of various immune cells
in the AS immune microenvironment (Supplementary
Table 16). Comparative immune profiling revealed sta-
tistically significant variations in nine distinct immune
cell populations between AS patients and healthy controls
(Fig. 5A,B). These included: naïve and memory B cell
subsets, antibody-secreting plasma cells, quiescent CD4+
memory T cells, circulating monocytes, macrophage sub-
types (M0 and M1), along with resting and activated mast
cell populations. Additionally, the four cASDEGs were
correlated with distinct patterns of immune cell infiltration
(Fig. 5C). Specifically, GLA, FABP5, and CSK exhibited a
positive correlation with M0 macrophages and follicular T
helper (Th) cells, whereas BAG2 was negatively correlated
with these immune cells. Additionally, GLA, FABP5, and
CSK exhibited a negative correlation withM1macrophages
and resting mast cells. Finally, the expression of these
genes was assessed in clinical samples. Consistent with
previous results, BAG2 expression in AS decreased signif-
icantly, whereas that of FABP5, CSK, and GLA increased
significantly (p < 0.05, Fig. 6A–G).

Discussion

In this study, three AS microarray datasets (namely
GSE28829, GSE43292, and GSE100927) were utilized
to identify four critical AS-related genes involved in the
cGAS–STING pathway. The findings of this study provide
valuable insights into the mechanisms of AS and the devel-
opment of novel strategies for targeted treatment of AS via
the cGAS–STING pathway.

Although abnormal activation of the cGAS–STING
pathway has been reported in AS, to the best of our knowl-
edge, its role in AS, especially its relationship with the com-
plex oxidative stress and immune microenvironment in AS,
has not been systematically explored. The abnormal release
of mtDNA serves as a damage-associated molecular pattern
and initiates downstream signaling pathways by activating
the classical pattern recognition receptor cGAS [25]. The
cGAS–STING pathway has been reported to be involved in
various disease processes such as viral infections, tumor im-
munity, and aging [26–28]; however, most studies have fo-
cused on immune cells including dendritic cells, T lympho-
cytes, and natural killer cells. Notably, abnormal activation
of the cGAS–STING pathway in non-immune cells can me-
diate disease development. For example, lipopolysaccha-
rides can induce mtDNA release in endothelial cells, acti-
vating the cGAS–STING pathway to regulate cell prolifer-
ation and affect angiogenesis [29].

GLA, an enzyme involved in lipid metabolism, has
been associated with cGAS–STING pathway regulation
[30]. Reportedly, GLA deficiency leads to lipid accumu-
lation in lysosomes, thereby activating the cGAS–STING
pathway. This highlights the role of GLA in maintain-
ing lysosomal homeostasis and preventing aberrant acti-
vation of the cGAS–STING pathway. FABP5 has been
linked to the regulation of inflammation and immune re-
sponses [31], and it may indirectly affect cGAS–STING
pathway-associated gene expression and immune response
by modulating the nuclear factor kappa B (NF-κB) activ-
ity [32]. CSK, a tyrosine kinase, negatively regulates im-
mune cell activation [33]. Reportedly, CSK inhibits the ac-
tivity of Src family kinases, which can activate the cGAS–
STING pathway; hence, CSK may have an inhibitory ef-
fect on the cGAS–STING pathway-mediated immune re-
sponse [34]. Furthermore, our immune infiltration anal-
ysis revealed a positive correlation between the expres-
sion of GLA, FABP5, and CSK with M0 macrophages,
and a negative correlation with M1 macrophages. While
these associations are intriguing, we acknowledge that they
are correlative in nature and do not imply direct regu-
latory effects. Nonetheless, they may reflect underlying
biological relationships that warrant further investigation.
Macrophages play central roles in the inflammatory re-
sponse and atherosclerotic plaque progression [35], with
M0 macrophages acting as precursors capable of phagocy-
tosing lipids and debris, while M1 macrophages engage in
pro-inflammatory cytokine production and tissue damage
[36]. Therefore, the observed gene-immune cell associa-
tions may provide clues into how these genes are involved
in shaping the immune landscape of AS, though causal re-
lationships remain to be experimentally validated.

BAG2, a member of the BAG family of proteins, neg-
atively regulates the NF-κB activity, which is a key reg-
ulator of the cGAS–STING pathway [37]. BAG proteins
exhibit diverse functions in protein quality control, cell sig-
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naling, apoptosis, and stress responses, which have been
extensively studied in the context of cancer and neurode-
generative diseases [38]. However, the understanding of
the specific role of BAG2 in immune modulation remains
elusive. The negative correlation between BAG2 and im-
mune cells may be associated with its regulatory effects on
key immune pathways, which indirectly regulates the ex-
pression of immune cell markers, leading to the observed
negative correlation. For instance, BAG2 can interact with
and modulate the activity of immune signaling-related pro-
teins, such as Th1 and Th2 cell differentiation [39].

Targeting the cGAS–STING pathway and its asso-
ciated genes could offer a novel approach to modulating
the immune response in AS patients, potentially halting or
slowing disease progression. For example, FABP5 has been
shown to regulate lipid metabolism and inflammatory re-
sponses [40], both of which are crucial in AS pathogene-
sis. Similarly, CSK plays a key role in immune cell sig-
naling [34], while BAG2 and GLA are involved in cellu-
lar stress responses and metabolic processes, respectively.
These genes, therefore, represent potential molecular tar-
gets for the development of innovative treatments aimed
at addressing the underlying immune dysregulation in AS.
In addition to identifying potential therapeutic targets, our
study also contributes to the broader understanding of the
relationship between immune cell infiltration and AS. Our
immune cell infiltration analysis revealed that the expres-
sion levels of the critical cASDEGs were closely associated
with various immune cell types, further supporting the no-
tion that immune dysregulation is a key driver of AS patho-
genesis. These findings provide a foundation for future re-
search on investigating the cGAS–STING pathway’s role in
modulating immune responses in AS, as well as the poten-
tial therapeutic interventions aimed at correcting immune
imbalances.

Overall, GLA, a lysosomal enzyme involved in gly-
cosphingolipid metabolism, may contribute to lysosomal
dysfunction when downregulated or overexpressed, lead-
ing to mitochondrial damage and cytoplasmic leakage of
mtDNA—a key trigger of cGAS activation. FABP5, known
for its role in lipid transport and inflammatory regulation,
may enhance NF-κB signaling, thereby indirectly amplify-
ing cGAS–STING-mediated cytokine production and im-
mune activation. Interestingly, although CSK is classi-
cally recognized as a negative regulator of Src family ki-
nases, our findings showed that its expression was signifi-
cantly upregulated in AS tissues. This elevation may reflect
a compensatory response to heightened immune signaling
or, under sustained inflammatory stress, could paradox-
ically promote STING activation via altered interactions
with downstream adaptor proteins. Meanwhile, BAG2, a
co-chaperone protein known to suppress NF-κB signaling
and cellular stress responses, was significantly downregu-
lated, potentially relieving inhibition on inflammatory path-
ways and contributing to sustained immune activation. Col-

lectively, these genes may converge on the cGAS–STING
axis through different but complementary mechanisms—
affecting mitochondrial integrity, lipid metabolism, and im-
mune signaling—thereby promoting chronic vascular in-
flammation and immune cell infiltration characteristic of
advanced AS. This conceptual model provides a basis for
future functional validation studies and highlights potential
targets for therapeutic intervention.

Despite the insights gained, this study has several im-
portant limitations that should be acknowledged. First,
our analyses relied heavily on publicly available Gene Ex-
pression Omnibus (GEO) datasets, which may introduce
bias due to sample heterogeneity, batch effects, and incon-
sistencies in study design. Second, the validation exper-
iments (RT-qPCR, Western blotting, and immunofluores-
cence) were conducted on only five clinical samples. This
limited sample size, caused primarily by the difficulty in
acquiring matched arteriosclerotic and non-arteriosclerotic
arterial tissues, may reduce the statistical power and limit
the generalizability of our findings. However, the consis-
tency between the experimental validation results and the
bioinformatics predictions lends support to the robustness
of our observations. Third, while our immune cell infil-
tration analysis identified associations between the expres-
sion of key genes (e.g., CSK, FABP5,GLA, BAG2) and spe-
cific immune cell types (such as M0 andM1macrophages),
these findings are based on computational deconvolution
and reflect correlative—not causal—relationships. There-
fore, interpretations regarding macrophage polarization or
immune modulation should be viewed with caution, and
further in vitro or in vivo functional studies will be neces-
sary to validate these associations mechanistically. Finally,
while some of these limitations were mentioned briefly, we
now present them more explicitly to ensure a balanced in-
terpretation of our findings. Future studies involving larger
patient cohorts, additional multi-omics data, and functional
assays (e.g., gene knockout, overexpression, or co-culture
models) are warranted to clarify the precise molecular roles
of the identified genes in modulating the cGAS–STING
pathway and their impact on the immunemicroenvironment
in AS.

Conclusion

In summary, the findings of this study revealed that
AS-related genes, namely BAG2, GLA, FABP5, and CSK,
are all involved with the cGAS–STING pathway, either di-
rectly or indirectly, suggesting their potential roles in reg-
ulating immune responses and inflammatory processes in
AS. Additional studies are required to thoroughly decipher
how these genes interact with the cGAS–STING pathway
and their roles in immune-related diseases.
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