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Abstract
Objective: To identify potential biomarkers in patients with polycystic ovary syn-
drome (PCOS) and atherosclerosis, and to explore the common pathologic mecha-
nisms between these two diseases in response to the increased risk of cardiovascular 
diseases in patients with PCOS.
Methods: PCOS and atherosclerosis data sets were downloaded from the GEO da-
tabase, and their differentially expressed genes were identified. Weighted gene 
co- expression network analysis was used to obtain intersection genes, and then pro-
tein–protein interaction and functional enrichment analysis were performed. Machine 
learning algorithms were used to select the key genes, which were then validated  
through external data sets. We constructed a nomogram to predict the risk of athero-
sclerosis in women with PCOS. Finally, the CIBERSORT algorithm was used to analyze 
the infiltration of immune cells in the atherosclerosis group.
Results: We identified six hub genes (CD163, LAPTM5, TNFSF13B, MS4A4A, FGR, 
and IRF1) that exhibited excellent diagnostic value in validation data sets. Gene on-
tology terms and KEGG signaling pathway analysis revealed that key genes were as-
sociated with immune responses and inflammatory reactions. Abnormal immune cell 
infiltration was also found in the atherosclerosis group and was correlated with the 
six hub genes.
Conclusion: Common therapeutic targets of PCOS and atherosclerosis were pre-
liminarily identified through bioinformatics analysis and machine learning techniques. 
These findings provide new treatment ideas for reducing the risk that PCOS will de-
velop into atherosclerosis.
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1  |  INTRODUC TION

Among women of reproductive age, polycystic ovary syndrome 
(PCOS) is the most common endocrine and metabolic disorder. 
Its principal etiologies are associated with insulin resistance, low- 
grade chronic inflammation, and elevated androgen levels.1,2 The 
diagnosis of PCOS is based on criteria that include hyperandro-
genism, ovulatory dysfunction, and polycystic ovary morphology.3 
PCOS not only impacts fertility but is also associated with a range 
of long- term health problems, such as hypertension, diabetes, and 
cardiovascular diseases.4,5 Atherosclerosis is a chronic inflamma-
tory vascular disease, and is the primary pathologic basis for car-
diovascular diseases.6 Studies have shown that women with PCOS 
are at a significantly greater risk and have a higher incidence of  
cardiovascular diseases than those without PCOS.7–9 Moreover, 
the incidence of acute myocardial infarction among young PCOS 
patients has been increasing.10 A large retrospective cohort study 
investigated adverse cardiovascular events in 174 660 women with 
PCOS and showed that young women with PCOS had a greater risk 
of myocardial infarction, angina, and revascularization.11 Therefore, 
early identification and intervention are essential for the preven-
tion of cardiovascular diseases in individuals with PCOS.

Chronic inflammation plays a pivotal role in the pathogenesis 
of both PCOS and atherosclerosis. During the progression of ath-
erosclerosis, the NLRP3 (NOD- ,LRR- and pyrin domain- containing 
3) inflammasome promotes the release of the proinflammatory 
cytokine interleukin- 1 (IL- 1), which enhances inflammatory re-
sponses and contributes to thrombosis and vascular occlusion.12 
Studies have shown that elevated levels of inflammatory markers 
such as C- reactive protein, interleukin- 18, tumor necrosis factor- α 
(TNF- α), interleukin- 6, white blood cells, monocyte chemoat-
tractant protein- 1, and macrophage inflammatory protein- 1α,are 
closely linked to the pathogenesis of PCOS and may function as 
early indicators of the risk of atherosclerosis.13,14 Moreover, hor-
monal imbalances and chronic low- grade inflammation have been  
demonstrated to accelerate atherosclerotic processes and the 
progression of cardiovascular diseases in young PCOS patients.15 
Insulin resistance can impair endothelial function by inhibiting the 
production of nitric oxide and activating the mitogen- activated 
protein kinase (MAPK) pathway, facilitating lipid deposition and 
the infiltration of inflammatory cells.16 In addition, oxidative stress 

can also damage vascular endothelial cells and accelerate the pro-
gression of atherosclerosis.17

PCOS and atherosclerosis are two interrelated chronic condi-
tions that impact patients' cardiovascular health. This study aims to 
explore the potential molecular mechanisms of these two diseases 
through bioinformatics analysis and machine learning techniques, 
providing new perspectives and strategies for the prevention and 
treatment of PCOS.

2  |  MATERIAL S AND METHODS

2.1  |  Data collection and processing

The PCOS and atherosclerosis data sets were downloaded from the 
Gene Expression Omnibus (GEO) database.18 Data sets for PCOS 
are GSE10946, GSE34526, and GSE137684, and the data sets for 
atherosclerosis are GSE28829, GSE100927, and GSE43292. Details  
of six data sets are presented in Table 1. Additionally, the data sets 
GSE137684 and GSE43292 were used as external validation data 
sets. The entire research design workflow is depicted in Figure 1. 
This study was an analysis of publicly available data and did not in-
volve any new human or animal experiments; as a result, it was ex-
empt from ethical approval.

We used the “sva” package to perform batch effect correction. 
The “limma” package was used to identify differentially expressed 
genes (DEGs). In the PCOS data set, DEGs with a P value less than 
0.05 and a |log2FC (fold change)| greater than 0.585 were screened. 
For atherosclerosis, the criteria were a P value adjusted of less than 
0.05 and a |log2 FC| greater than 1. Heatmaps and volcano plots 
provide visual displays for gene expression analysis.

2.2  |  Weighted gene co- expression network 
analysis

Weighted gene co- expression network analysis (WGCNA) is 
an important bioinformatics method for revealing the complex 
associations between gene expression and phenotypes.19 In this study, 
we used the R package for WGCNA to construct gene co- expression 
networks of two diseases. At the beginning of the analysis, a scale- free 

TA B L E  1  Details of polycystic ovary syndrome and atherosclerosis microarray data.

Disease GSE series Samples Platform Group

PCOS GSE34526 7 patients and 3 controls GPL570 Discovery

GSE10946 13 patients and 11 controls GPL570 Discovery

GSE137684 8 patients and 4 controls GPL17077 Validation

AS GSE100927 69 patients and 35 controls GPL17077 Discovery

GSE28829 16 patients and 13 controls GPL570 Discovery

GSE43292 32 patients and 32 controls GPL6244 Validation

Abbreviations: AS, atherosclerosis; PCOS, polycystic ovary syndrome.
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network is constructed and an appropriate β value is selected to form an 
adjacency matrix, which is transformed into a topologic overlap matrix. 
Then, the dynamic tree cut algorithm is applied to identify distinct  
gene modules. Ultimately, we filtered out the gene modules that were 
most significantly associated with clinical phenotypes.

2.3  |  Identification of shared genes and functional 
enrichment analysis

To explore the biologic functions of these genes and the signaling 
pathways involved, we used the R package “clusterProfiler” for Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway enrichment analysis.20,21 We selected GO terms 
and KEGG pathways with P values less than 0.05 to analyze relevant 
biologic processes and molecular functions.

2.4  |  Establishment of protein–protein 
interactions and identification of hub genes

The intersecting genes were input into the STRING database to 
explore the interactions between protein molecules, specifying 
Homo sapiens as the species and setting confidence score to 0.4.22 
Protein–protein interactions (PPI) network data were visualized via 

Cytoscape (version V3.9.0), and the top 15 key genes were identified 
by degree value with the CytoHubba plugin. Additionally, GO and  
KEGG pathway analyses were conducted on key genes to further 
explore their biologic functions and the biologic processes.

2.5  |  Feature selection via three well- established 
machine learning algorithms

Three distinct machine learning algorithms (LASSO, SVM, and RF) 
were used to further identify the key genes.23 LASSO was used for 
gene expression data analysis and feature selection. We constructed 
a regression model using the R package “glmnet” and assessed the 
model's performance through 10- fold cross- validation. The SVM 
algorithm was selected for its applicability to small sample data 
sets. The RF algorithm was applied to classify the significant genes 
that were filtered out, and the R package “ggplot2” was used for  
the analysis. The intersection genes acquired from these algorithms 
were considered potential biomarkers.

2.6  |  ROC evaluation and nomogram construction

We used the R package “pROC” to construct receiver operating 
characteristics (ROC) curves for key genes, and calculated the area 

F I G U R E  1  Study work flow chart. AS, atherosclerosis; DEGs, differentially expressed genes; GO, gene ontology; KEGG, Kyoto 
Encyclopedia of Genes and Genomes; LASSO, Least absolute shrinkage and selection operator; PCOS, polycystic ovary syndrome; RF, 
random forest; SVM- RFE, support vector machine- recursive feature elimination; WGCNA, weighted gene co- expression network analysis.
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under the curve (AUC) to evaluate their diagnostic value in the validation 
data set. A nomogram was constructed through the R package “rms”, 
and the relative expression levels of each gene were converted into  
a score. The aggregation of these scores can predict the risk of PCOS 
progressing to atherosclerosis.

2.7  |  Immune cell infiltration

CIBERSORT is an algorithm based on the principle of linear support 
vector regression, which involves the expression data of 22 types 
of immune cells and is used to estimate the relative abundance of 
immune cells.24 The proportions of 22 types of immune cells in the 
atherosclerosis group and the control group were analyzed and visu-
alized using the R package “ggplot2”, and are presented in bar plots. 
The differences in the expression of each immune cell type between 
the two groups were compared using box plots, with P values less 
than 0.05 considered statistically significant. In addition, a heatmap 
was constructed through the R package “corrplot” to illustrate the 
correlations between different immune cells during the pathogen-
esis of atherosclerosis.

3  |  RESULTS

3.1  |  Identification of DEGs

By analyzing the GSE10946, GSE34526, GSE28829, and GSE100927 
data sets, we identified the DEGs for PCOS and atherosclerosis. 
Preliminary principal component analysis plots revealed significant 
batch effects in the data from both disease groups (Figure 2a,e). 
After correction using the sva algorithm, the batch effects between 
chips were significantly reduced (Figure 2b,f). Volcano plots and 
heatmaps were subsequently generated to display the DEGs associ-
ated with the two diseases. A total of 191 DEGs were identified in  
the PCOS data sets, including 92 upregulated genes and 99 down-
regulated genes (Figure 2c). For atherosclerosis, we obtained a total 
of 257 DEGs, including 206 upregulated genes and 51 downregu-
lated genes (Figure 2g). The DEGs between PCOS and atherosclero-
sis are illustrated in heatmaps (Figure 2d,h).

3.2  |  Screening for key modules via WGCNA

We conducted WGCNA on the GSE10946 and GSE28829 data 
sets to identify key modules. We initially constructed a gene co- 
expression network and selected an appropriate soft- thresholding 
β according to the standard of a scale- free network, setting a cor-
relation coefficient threshold greater than 0.8. In the PCOS group,  
β = 6 was the optimal “soft” threshold value (Figure 3a). An adja-
cency matrix was generated using the adjacency function and input 
into the topologic overlap matrix for hierarchical clustering analy-
sis (Figure 3b). We identified a total of 32 co- expression modules, 

among which the MElightsteelblue1 module (R2 = 0.47, P = 0.020) 
showed the strongest positive correlation with the PCOS phenotype, 
containing 164 genes (Figure 3c). For the AS group, β = 18 was the 
optimal “soft” threshold value (Figure 3d). We identified a total of 12 
modules, among which MEcyan (R2 = −0.59, P < 0.001), MEroyalblue 
(R2 = 0.59, P < 0.001), MEsaddlebrown (R2 = 0.67, P < 0.001), and  
MEbrown (R2 = 0.84, P < 0.001) demonstrated stronger associations. 
After screening, we identified MEbrown as a key module, which con-
tains 1102 genes (Figure 3e,f).

3.3  |  Analysis of the shared genes and functional 
enrichment

To thoroughly identify key genes for PCOS and atherosclerosis, a 
total of 22 genes were obtained by using the online Venn diagram 
tool (Figure 4a). Similarly, we conducted intersection analysis on the 
module genes filtered by WGCNA and obtained 16 shared key genes 
(Figure 4b). Thirty- eight key genes were obtained by combining two 
methods, and further functional annotation and enrichment analy-
ses were performed to explore their potential functions and roles in  
both diseases (Figure 4c,d). GO terms showed that 38 genes were sig-
nificantly enriched in multiple biologic processes, including positive 
regulation of cytokine production, phagocytosis, the cellular defense  
response, activation of the innate immune response, and mononu-
clear cell differentiation. Notably, these biologic processes play cru-
cial roles in immune responses and inflammatory reactions. KEGG 
signaling pathway analysis revealed seven signaling pathways related 
to immune responses, inflammatory processes, and lipid metabolism, 
including osteoclast differentiation, lipid and atherosclerosis, hemat-
opoietic cell lineage, and cytokine- cytokine receptor interaction.

3.4  |  PPI network construction and hub gene 
selection

The analysis showed that the PPI network comprising these genes con-
tained 38 nodes and 83 edges (Figure 5a). We subsequently imported 
these genes into Cytoscape software and used the Cytohubba plugin 
to further select the top 15 key genes on the basis of degree ranking, 
including ITGAM, CD163, HLA- DRA, VSIG4, SIGLEC1, TREM2, HLA- 
DPA1, LAPTM5, TNFSF13B, CD52, MS4A4A, FGR, STAB1, IRF1, and 
HLA- DMA (Figure 5b). Additionally, we performed functional annota-
tion and enrichment analysis on these key genes and found that the  
majority of the biologic processes and enriched pathways were inti-
mately related to immune system functions (Figure 5c,d).

3.5  |  Candidate gene identification using machine 
learning algorithms

On the basis of the above 15 shared genes, we applied three 
different machine learning algorithms (including LASSO, SVM- RFE 
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F I G U R E  2  Removal of batch effects and identification of differentially expressed genes (DEGs) in polycystic ovary syndrome (PCOS) and 
atherosclerosis. (a, b) Principle component analysis (PCA) plots showed the expression pattern in two data sets of PCOS before and after 
eliminating the batch effects. (c, d) DEG volcano and heatmap plot in PCOS group. (e, f) PCA plots showed the expression pattern in two 
data sets of atherosclerosis before and after removing the batch effects. (g, h) Volcano and the heatmap plot of DEGs in atherosclerosis 
group.
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and RF) to screen for key genes associated with both diseases. The  
LASSO regression analysis identified 14 DEGs with the lowest 
binomial deviation (Figure 6a). The SVM- RFE analysis revealed that 

13 biomarkers had the highest accuracy and the smallest error in  
screening PCOS candidate biomarkers (Figure 6b). The RF algorithm 
was used to calculate the gene importance scores for DEGs, and 

F I G U R E  3  Weighted gene co- expression network analysis of polycystic ovary syndrome (PCOS) and atherosclerosis. (a) Determination of 
soft- threshold power for PCOS. (b) Cluster dendrogram of PCOS highly connected genes in key modules. (c) Relationships between modules 
and traits in PCOS. Correlations and p values are included in each cell. (d) Calculation of soft- threshold power for atherosclerosis. (e) Cluster 
dendrogram of atherosclerosis modules with highly connected genes. (f) Module- trait relationships in atherosclerosis. A correlation and p 
value are included in each cell.
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genes with scores greater than 1 were selected. Seven genes that 
fulfilled the screening criteria were identified (Figure 6c). Finally, 
we analyzed the intersection of the Venn diagrams of the key genes 
obtained by these three machine learning methods and found that  
six DEGs, namely, CD163, LAPTM5, TNFSF13B, MS4A4A, FGR, and 
IRF1, intersected across all methods (Figure 6d). These results sug-
gest that these genes may play a central role in the pathogenesis of 
both diseases.

3.6  |  Evaluation of the predictive 
value and nomogram construction

To evaluate the specificity and sensitivity of the six key genes for 
the diagnosis of these two diseases, we performed ROC analysis. In 
the PCOS group, the following genes had considerable diagnostic  
value: CD163 (AUC = 0.719, 95% confidence interval [CI] 0.34–1.00), 
LAPTM5 (AUC = 0.781, 95% CI 0.47–1.00), TNFSF13B (AUC = 0.781, 

95% CI 0.47–1.00), MS4A4A (AUC = 0.750, 95% CI 0.31–1.00), FGR 
(AUC = 0.781, 95% CI 0.50–1.00), and IRF1 (AUC = 0.844, 95% CI 
0.56–1.00) (Figure 7a). In the atherosclerosis group, the same ROC 
analysis was conducted, and each biomarker showed significant 
predictive performance: CD163 (AUC = 0.850, 95% CI 0.75–0.93), 
LAPTM5 (AUC = 0.828, 95% CI 0.72–0.92), TNFSF13B (AUC = 0.777, 
95% CI 0.66–0.89), MS4A4A (AUC = 0.767, 95% CI 0.64–0.88), 
FGR (AUC = 0.797, 95% CI 0.69–0.89), and IRF1 (AUC = 0.804, 95% 
CI 0.69–0.90) (Figure 7b). We observed that the performance of 
these markers in the atherosclerosis data set was superior to that 
in the PCOS data set, suggesting that these genes may play a more 
critical role in the pathophysiologic processes of atherosclerosis.  
Additionally, a nomogram was constructed to predict the associa-
tions between six key genes and the risk of atherosclerosis. In this 
model, the relative expression level of each gene is assigned a spe-
cific score, and the sum of these scores yields a total score that is 
directly correlated with the risk of atherosclerosis development in 
individuals with PCOS (Figure 7c).

F I G U R E  4  Shared gene signatures and functional enrichment between polycystic ovary syndrome (PCOS) and atherosclerosis (AS). (a) 
Shared differentially expressed genes (DEGs) between PCOS and AS by overlapping their DEGs. (b) Shared genes between the weighted 
gene co- expression network analysis (WGCNA) modules of PCOS and AS by overlapping them. (c, d) Shared genes were represented by bar 
plots displaying GO and KEGG enrichment. GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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3.7  |  Immune infiltration analysis

The above analysis results suggest that atherosclerosis is closely re-
lated to the immune response. We used CIBERSORT to analyze the  
abundance of immune cells in the atherosclerosis data set and visually 
presented the proportion of immune cells in each sample using a 

bar chart (Figure 8a). Compared with those in the control group, 
the abundances of memory B cells, γδ T cells, M0 macrophages, 
and activated mast cells were greater, whereas the abundances  
of naive B cells, plasma cells, CD8+ T cells, resting memory CD4+ 
T cells, monocytes, M1 macrophages, and resting mast cells were 
lower (Figure 8b). Correlation analysis revealed that activated mast 

F I G U R E  5  Shared gene protein–protein interactions network and functional enrichment of polycystic ovary syndrome and 
atherosclerosis. (a) Interaction network of proteins using the STRING database. The remaining 15 differentially expressed genes were 
eliminated due to lack of interaction. (b) Top 15 hub genes of degree by Cytohubba. (c) Gene ontology (GO) analysis (biologic process, cellular 
component, and molecular function) of 15 common genes. (d) Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis of 15 common 
genes.
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cells and resting mast cells had the greatest negative correlation (r = 
−0.73), and the greatest positive correlation was observed between 
resting memory CD4+ T cells and monocytes (r = 0.41) (Figure 8c). 
Furthermore, relationships were found between biomarkers and 
the content of immune cells—as resting memory CD4+ T cells and  
activated natural killer cells were positively correlated with CD163, 
LAPTM5, TNFSF13B, MS4A4A, and FGR, whereas follicular helper 
T cells and M0 macrophages were negatively correlated with these 
biomarkers (Figure 8c).

4  |  DISCUSSION

In recent years, the relationship between PCOS and cardiovascular 
disease has garnered widespread attention. A meta- analysis revealed 
that PCOS is associated with significant changes in functional and 
structural markers of subclinical atherosclerosis, suggesting that 
PCOS can promote the occurrence of subclinical atherosclerosis.25 
Other studies have shown that the hearts of women with PCOS 
are characterized by increased macrophage accumulation, which 

significantly exacerbates the development of atherosclerotic plaques.26 
Therefore, finding biomarkers for these two diseases is key to 
improving the prognosis of PCOS patients. In this study, we identified 
six key genes from an array of gene data: CD163, LAPTM5, TNFSF13B, 
MS4A4A, FGR, and IRF1. These genes have good predictive value 
for promoting the development of atherosclerosis in PCOS and 
provide new clues for understanding the potential mechanisms of the 
interaction between PCOS and cardiovascular diseases.

The scavenger receptor cysteine- rich type 1 protein M130 
(CD163) is a receptor that is expressed primarily on the surface of 
tissue macrophages and may play an important role in PCOS and 
atherosclerosis. One study observed that the percentage of CD163+ 
M2 macrophages in the endometria of patients with PCOS was 
abnormally increased, suggesting that CD163+ macrophages may 
be involved in the immune response and inflammatory process in 
PCOS.27 Another study found that the level of soluble CD163 in  
PCOS patients was significantly increased and positively correlated 
with total testosterone, total cholesterol, and luteinizing hormone 
levels.28 Hence, we speculate that CD163 may be related to the in-
flammatory response in PCOS. In atherosclerosis, previous research 

F I G U R E  6  Candidate biomarker identification via machine learning algorithms. (a) Based on the Lasso regression algorithm, 14 genes 
were identified as the biomarkers with the lowest binominal deviation. (b) Thirteen genes were screened by SVM- RFE. (c) Screening genes 
by importance score based on random forest algorithm. (d) Six hub genes (CD163, LAPTM5, TNFSF13B, MS4A4A, FGR, IRF1) visualize the 
intersection of three machine learning algorithms by Venn diagram.
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F I G U R E  7  Construction of the nomogram and receiver operating characteristics (ROC) curves of the six common core genes in polycystic 
ovary syndrome (PCOS) and atherosclerosis. (a) The ROC curve of each candidate gene (CD163, LAPTM5, TNFSF13B, MS4A4A, FGR, IRF1) 
was verified in the PCOS data set GSE137684. (b) The ROC curve of each candidate gene (CD163, LAPTM5, TNFSF13B, MS4A4A, FGR, 
IRF1) was verified in the atherosclerosis data set GSE43292. (c) Nomogram for predicting the risk of atherosclerosis in PCOS. AUC, area 
under the curve; CI, confidence interval.
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F I G U R E  8  Immune infiltration analysis between atherosclerosis and control and correlations between the hub differentially expressed 
genes (DEGs) and immunologic features in atherosclerosis. (a) Barplot shows the proportion of immune cells in different samples. (b) Boxplot 
compares the expression of immune cells between atherosclerosis and controls. *P < 0.05; **P < 0.01; ***P < 0.001. (c) Correlation analysis of 
immune cell infiltrations with six hub DEGs.
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has shown that CD163 knockout increases atherosclerotic lesion 
size, and it is regarded as an atheroprotective.29 However, an in-
creasing number of studies have shown that CD163 has a proath-
erosclerotic effect. The pathogenic role of CD163+ macrophages 
is closely related to their role in promoting angiogenesis, vascular  
permeability, and plaque progression. Specifically, macrophages 
activate HIF1α by inhibiting prolyl hydroxylase, thereby promot-
ing VEGF- mediated angiogenesis, vascular permeability, and the 
recruitment of inflammatory cells within the plaque.30 A study 
demonstrated that the expression levels of CD163 mRNA and pro-
tein are increased in the plaques of patients with cerebrovascular 
symptoms.31 Another study further revealed that CD163+ macro-
phages inhibit vascular calcification through nuclear factor κB (NF- 
κB)- induced enhancement of hyaluronan synthase, thus promoting 
the development of high- risk plaques.32

Lysosomal- associated transmembrane protein 5 (LAPTM5) 
has been demonstrated to be involved in the regulation of im-
mune responses, inflammation, apoptosis,33 and autophagy.34–36 
As a positive regulatory factor in proinflammatory pathways in 
macrophages, LAPTM5 plays a necessary role in the activation 
of the NF- κB and MAPK signaling pathways mediated by TNF 
receptors.37 The mRNA expression levels of LAPTM5 are signifi-
cantly increased in mice with myocardial infarction and diabetic 
nephropathy, and when LAPTM5 is downregulated, the inflam-
matory response can be significantly improved.38,39 The mecha-
nism by which it participates in the inflammatory response may  
be related to activation of the RIP1/NF- κB pathway.40 However, 
in research on cerebral ischemia–reperfusion injury and nonalco-
holic steatohepatitis, LAPTM5 gene knockout intensified inflam-
matory responses. These findings indicate that LAPTM5 may help 
to inhibit inflammation under certain conditions.41,42 Therefore, 
LAPTM5 is involved in the processes of inflammation and immune 
regulation, indirectly influencing the pathogenesis of PCOS and 
atherosclerosis.

Tumor necrosis factor ligand superfamily member 13B 
(TNFSF13B) is also called B- cell- activating factor (BAFF). 
TNFSF13B plays a biphasic role in the inflammatory response. 
In the early stages of inflammation, BAFF binding to its recep-
tors BAFFR, TACI, and BCMA can promote B- cell survival and 
proliferation, participating in the positive regulation of immune 
responses.43 An increase in TNFSF13B levels is associated with 
autoimmune diseases such as systemic lupus erythematosus and  
rheumatoid arthritis,44,45 which suggests that its overexpression 
promotes the progression of inflammatory responses. Chen et al.46 
demonstrated that TNFSF13 participates in immunosuppression 
through various immunoregulatory pathways and regarded it as 
a new diagnostic biomarker and a potential therapeutic target. 
Furthermore, higher levels of BAFF in patients with myocardial 
infarction are associated with an increased risk of major adverse 
cardiovascular events.47 Considering the function of TNFSF13B in 
regulating B- cell- mediated immune responses, we speculate that 
it may be indirectly involved in the inflammatory responses and 
immune dysregulation of PCOS.

Membrane- spanning 4- domain subfamily A member 4A 
(MS4A4A) is a member of the transmembrane four- domain family A 
(MS4A) subfamily. MS4A proteins control cell activation by acting as 
ion channels or modulating the signal transduction of other immune 
receptors, including B- cell receptors, other immunoglobulin recep-
tors, pattern recognition receptors, or trigger receptors.48 MS4A4A 
is co- expressed on the cell membrane of monocytes as well as in 
the inflammatory synovium and tumor- associated macrophages.49,50 
MS4A4A promotes M2 polarization of macrophages by activating  
the PI3K/AKT and JAK/STAT6 signaling pathways, which suggests 
that MS4A4A is involved in inflammatory and immune responses.51 
In allergic asthma the expression level of MS4A4A is related to the 
increased expression of cytokines associated with type 2 immune 
responses, which further demonstrates the role of MS4A4A in regu-
lating allergic immune responses.52

Tyrosine- protein kinase Fgr (FGR) is a nonreceptor protein ty-
rosine kinase expressed in many cell types. FGR positively regu-
lates the activity of mast cells by activating spleen tyrosine kinase, 
which is involved in the pathogenesis of various allergic diseases.53 
Studies have shown that knockout of the Fgr gene impairs the po-
larization of proinflammatory macrophages, and that the activation 
of Fgr kinase by reactive oxygen species can lead to the activation 
of proinflammatory adipose tissue macrophages.54 Furthermore, in 
sepsis- associated encephalopathy, FGR kinase inhibitors have been 
found to improve mitochondrial dysfunction, oxidative stress, and 
neuroinflammation.55 In summary, as an oncogene, FGR can regulate 
the function of immune cells and the production of inflammatory 
mediators, directly or indirectly participating in the pathologic pro-
cesses of PCOS and atherosclerosis.

Interferon regulatory factor 1 (IRF1) is a pivotal transcrip-
tional regulator of immune responses. It plays a significant role in 
the development, differentiation, and function of immune cells by 
modulating the expression of various cytokines, interferons, and 
immune- related genes. Research indicates that IRF1 is a key mol-
ecule in the progression of sepsis- induced acute respiratory dis-
tress syndrome, promoting the polarization of macrophages to the 
M1 phenotype, and that the deletion of IRF1 significantly alleviates 
lipopolysaccharide- induced lung injury and M1 polarization infil-
tration.56 In the study of ovarian cancer, IRF1 has been identified 
as a downstream target of the IL- 6 signaling pathway and serves as  
a regulator of androgen receptor expression, making it a potential 
therapeutic target for ovarian cancer.57 Under the activation of the 
noncanonical NF- κB signaling pathway, the expression of IRF1 is 
upregulated, which promotes pyroptosis and the development of 
atherosclerosis.58 The latest research suggests that chondrocytes 
lacking IRF1 accumulate irreversible DNA damage under oxidative 
stress, accelerating cellular senescence and leading to cartilage de-
struction and osteoarthritis.59

In conclusion, the present study employed a variety of bioin-
formatics analyses and machine learning algorithms to rigorously 
identify six key genes (CD163, LAPTM5, TNFSF13B, MS4A4A, 
FGR, and IRF1) and established a nomogram to predict the risk of 
atherosclerosis in patients with PCOS. These findings provide new 



324  |    WANG et al.

insights into the potential pathogenic mechanisms underlying the 
relationship between PCOS and atherosclerosis. However, there are 
several limitations in this study. First, when relevant transcript data 
were selected from online databases, the chosen case samples lacked 
more extensive related clinical information. Second, the relatively 
small sample size of this study may affect the accuracy of the results. 
Future research is needed to explore the molecular connections be-
tween PCOS and atherosclerosis, as well as to investigate how life-
style changes, pharmacologic treatments, or other interventions can 
reduce the risk of cardiovascular diseases in patients with PCOS.
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