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Identification of potential 
diagnostic genes for atherosclerosis 
in women with polycystic ovary 
syndrome
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Polycystic ovary syndrome (PCOS), which is the most prevalent endocrine disorder among women 
in their reproductive years, is linked to a higher occurrence and severity of atherosclerosis (AS). 
Nevertheless, the precise manner in which PCOS impacts the cardiovascular well-being of women 
remains ambiguous. The Gene Expression Omnibus database provided four PCOS datasets and two 
AS datasets for this study. Through the examination of genes originating from differentially expressed 
(DEGs) and critical modules utilizing functional enrichment analyses, weighted gene co-expression 
network (WGCNA), and machine learning algorithm, the research attempted to discover potential 
diagnostic genes. Additionally, the study investigated immune infiltration and conducted gene set 
enrichment analysis (GSEA) to examine the potential mechanism of the simultaneous occurrence of 
PCOS and AS. Two verification datasets and cell experiments were performed to assess biomarkers’ 
reliability. The PCOS group identified 53 genes and AS group identified 175 genes by intersecting DEGs 
and key modules of WGCNA. Then, 18 genes from two groups were analyzed by machine learning 
algorithm. Death Associated Protein Kinase 1 (DAPK1) was recognized as an essential gene. Immune 
infiltration and single-gene GSEA results suggest that DAPK1 is associated with T cell-mediated 
immune responses. The mRNA expression of DAPK1 was upregulated in ox-LDL stimulated RAW264.7 
cells and in granulosa cells. Our research discovered the close association between AS and PCOS, and 
identified DAPK1 as a crucial diagnostic biomarker for AS in PCOS.

Keywords Polycystic ovary syndrome, Atherosclerosis, Bioinformatics analysis, Machine learning, Immune 
infiltration

Polycystic ovary syndrome (PCOS), a prevalent endocrine-metabolic disorder, affects a significant proportion 
(15% to 65%) of women in their reproductive  years1. PCOS is a complex condition caused by genetics, hor-
mones, metabolism, and environmental  factors2. Diagnosing it involves clinicians primarily concentrating on 
anovulation, the morphology of polycystic ovaries, and hyperandrogenemia as key  criteria3. According to recent 
research, it has been demonstrated that this condition is an endocrine and metabolic dysfunction that could 
make patients more susceptible to atherosclerosis (AS) and elevate the risk of cardiovascular  problems4. The AS, 
the buildup of a fibrofatty plaque in the artery wall, along with the presence of immune cells like macrophages, 
T cells, and monocytes, can potentially lead to coronary and carotid artery  disease5,6. Jabbour et al. reported 
that PCOS women had significantly increased intima-media thickness (IMT), a marker of AS, compared with 
healthy controls, which is a strong predictor of future cardiovascular events, including myocardial infarction 
and  stroke7. Meanwhile, a meta-analysis by Lorenz et al. concluded that for every 0.1 mm increase in IMT, the 
risk of myocardial infarction increased by 10–15% and the risk of stroke increased by 13–18%8.

Although the exact connection between PCOS and AS remains unidentified, it is evident that both disorders 
encompass persistent inflammation and immune  infiltration9,10. For instance, metabolic, endocrine, and immune 
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dysfunction are caused by patients who are overweight and have PCOS. The impact of adipose tissue on PCOS 
pathology is enhanced by the presence of active immune cells (macrophages, T cells), which further contribute 
to endocrine and metabolic effects 11. The immune cells residing in fat produce different cytokines (such as Inter-
leukin-1, Tumor necrosis factor alpha [TNF-α], and Interleukin-6 [IL-6]), which play a role in the inflammatory 
cascade associated with  PCOS12. AS is a harmful procedure that may result in the rupture of plaque, formation 
of blood clots, and blockage of blood  vessels13. Furthermore, IL-6 derived from peripheral blood mononuclear 
cell secretion is significantly elevated in insulin-resistant PCOS patients, leading to an increased risk of  AS14. 
Hence, the early detection of immune infiltration and related inflammatory substances could be beneficial in 
diagnosing PCOS patients with AS, thus helping to prevent serious cardiovascular complications.

This study was conducted to determine which biomarkers and potential pathways may be associated with 
PCOS and AS progression. In order to accomplish the objective, we screened transcriptomic information 
associated with PCOS and AS acquired from Gene Expression Omnibus (GEO). Subsequently, we utilized 
the ’limma’ package and weighted gene co-expression network analysis (WGCNA) to detect genes that were 
expressed differently and crucial modules in each disease. By intersecting the results of three machine learning 
techniques, we successfully characterized Death Associated Protein Kinase 1 (DAPK1), which exhibited excellent 
performance that was confirmed by validation datasets. Additionally, we performed gene set enrichment analysis 
(GSEA) on DAPK1 to discover shared pathways linked to PCOS and AS. By analyzing immune infiltration, this 
study revealed the involvement of immune cells in the co-development of these two diseases. There is a possibility 
that elevated levels of T cell-mediated immune responses could be involved in the co-pathogenesis of PCOS 
and AS. Finally, we gathered granulosa cells from women who were healthy and had PCOS, along with ox-LDL 
stimulated macrophage, in order to confirm the dependability of DAPK1. To summarize, this research offers a 
valuable understanding of the common molecular processes that contribute to PCOS and AS, emphasizing the 
potential of DAPK1 as a diagnostic indicator for these disorders.

Methods
Gathering and organizing data
As both PCOS and AS were included in this study, GEO datasets related to both conditions were  searched15. The 
study population included PCOS patients with high androgen levels, excluded patients with normal androgen 
levels, and did not consider the impact of obesity. The samples for PCOS were collected from granulosa cells 
of patients with hyperandrogenemia, chronic oligo/anovulation and polycystic ovarian morphology, which 
were considered typical cases. In order to reduce the impact of small sample size on the general applicability 
of the research results, there were three datasets numbered GSE137684, GSE114419, and GSE106724, which 
contained a total of 11 patients with PCOS and 11 controls. The research investigation centered on AS and 
employed the dataset GSE28829, comprising 29 samples of atherosclerotic plaques (13 early intimal thickening 
and intimal xanthoma, and 16 advanced thin or thick fibrous cap atheroma lesions) obtained from autopsied 
carotid arteries of human subjects from the Maastricht Pathology Tissue Collection. The patient information 
was handled in accordance with the "Code for Proper Secondary Use of Human Tissue". Additionally, GSE54250 
was based on peripheral blood samples in 4 PCOS patients and 4 controls, whereas GSE43292 was conducted 
from paired pieces of carotid endarterectomy collected in 32 hypertensive patients. They were utilized for the 
purpose of externally validating PCOS and AS, correspondingly. The study utilized GEO datasets, and the details 
are provided in Table 1.

Analysis of differential gene expression
Next, by utilizing the R package called ’sva’, which detected and constructed substitute variables for datasets 
with high dimensions, the batch effect was successfully eradicated. After preparing the data for each disease, 
we compared the PCOS and AS datasets separately using the R ’limma’  package16. We used it to calculate 
differentially expressed genes (DEGs) between patients and controls. The DEG threshold of both diseases was 
defined as a P value less than 0.05 and an absolute log2 fold change greater than  117. The heatmap and volcano 
plot were used to present the differential analysis results.

The analysis of gene co-expression networks using weights
The algorithm of WGCNA can detect gene modules exhibiting comparable expression patterns, explore a cor-
relation between module and disease, and pinpoint gene  biomarkers18. To obtain gene modules related to PCOS 
and AS, we utilized WGCNA to analyze the processing of raw data. A scale-free distribution network was 

Table 1.  Details of GEO datasets used in the study.

Diseases GEO number Number of patients Number of controls Group

PCOS

GSE114419 3 3 Discovery cohort

GSE106724 4 4 Discovery cohort

GSE137684 4 4 Discovery cohort

GSE54250 4 4 Validation cohort

Atherosclerosis
GSE28829 13 16 Discovery cohort

GSE43292 32 32 Validation cohort
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constructed by calculating the suitable soft powers β (ranging from 1 to 20) utilizing the pickSoftThreshold 
function in the WGCNA package. To detect connectivity between gene modules, a topological overlap matrix 
(TOM) was derived using the adjacency matrix. Additional hierarchical clustering was conducted, leading to the 
identification of gene co-expression modules. After adjusting the minModuleSize to 60 and the mergeCutHeight 
to 0.25, we combined the comparable modules. In conclusion, we computed the eigengene module to depict the 
expression pattern of each module and examined its correlation with the clinical phenotype.

Functional enrichment of intersected genes
The combination of DEGs and modules identified by WGCNA allowed us to identify genes that contributed to 
PCOS and AS pathogenesis, respectively. To analyze the enrichment of Gene Ontology (GO), Disease Ontology 
(DO), and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways, we employed the ’clusterProfier’ 
package to identify the biological functions of  genes19. The dot plots displayed the significant enrichment 
outcomes with a P-value less than 0.05.

Feature selection using machine learning algorithms
In order to explore the potential candidate genes for diagnosing PCOS with AS, we conducted analyses utilizing 
machine learning algorithms. A Least Absolute Shrinkage and Selection Operator (LASSO) can be used to 
improve prediction accuracy, which incorporates variable selection and  regularization20. The Random Forest 
(RF) algorithm is a predictive model that can make predictions without any apparent variations by not imposing 
restrictions on variable  conditions21. The identification of critical genes was achieved by applying a support 
vector machine recursive feature elimination (SVM-RFE) algorithm 22. To perform machine learning analyses, 
we utilized the ’glmnet’, ’randomforest’, and ’e1071’ packages of the R software. The overlap of the three findings 
can be considered potential hub genes for  diagnosis17.

Performance of forecasting for validation datasets
For testing the effectiveness of the diagnostic gene, the GSE54250 and GSE43292 were screened for validation 
of PCOS and AS. These original data were normalized utilizing ’RMA’  package23. In validation cohorts, the 
boxplot demonstrated the diagnostic gene expression levels, and the calculation of area under curve (AUC) was 
performed.

Application of GSEA for individual biomarker
Using the ’clusterProfiler’ package, a single-gene GSEA was performed to explore the functional signaling pathway 
in both groups after the diagnostic gene was  acquired24. The gene sets were obtained by downloading MSigDB 
(c5.go.bp.v7.5.1.entrez.gmt)25. The enriched plots were utilized to display the top six pathways activated and 
inhibited in both disease categories.

Abundance of immune cells
The CIBERSORT (http:// ciber sort. stanf ord. edu/) analysis was performed on every disease sample to ascertain 
the relative quantities of immune  cells26. By utilizing gene expression data, the CIBERSORT algorithm accurately 
determines the composition of immune cells through deconvolution. A gene signature based on LM22 has been 
used to quantify 22 types of immune cells with CIBERSORT and 500 iterations. For the subsequent examination, 
we chose samples for analysis that had a P value below 0.05. The results were visualized using the R packages 
’corplot’, ’vioplot’, and ’ggplot2’27. Moreover, Spearman’s correlation was applied to evaluate the association 
between immune infiltrating cells and biomarkers.

Collection of human samples and cell lines for verification
Approval for this research was granted by the Ethics Committee of the Obstetrics and Gynecology Hospital 
affiliated with Zhejiang University School of Medicine (Approval No. IRB-20230285-R). Granulosa cells were 
obtained from 5 patients with polycystic ovary syndrome (PCOS) and 5 control individuals. These patients were 
infertile women who received assisted reproductive technology treatment at the reproductive endocrinology 
department of Zhejiang University Women’s Hospital in China. The 2023 Rotterdam Criteria were used as the 
basis for determining the inclusion criteria for patients with  PCOS28. The AS cellular model is identical to the 
one described  previously29, and the summarized procedure is as follows: mouse macrophage RAW264.7-cell 
lines were obtained from ATCC (Passage 20–25, American Type Culture Collection, Rockville, MD, USA). 
They were converted into foam cells within 24 h using 40 µg/mL of ox-LDL (4.0 mg/mL, L34357, Thermo Fisher 
Scientific, Germany). Cells were collected for verification by reverse transcription polymerase chain reaction 
(RT-PCR). TRIzol Reagent (Invitrogen™, Japan) was used to extract the RNA from these samples, and HiScript 
III RT SuperMix for qPCR (Vazyme, Nanjing, China) was employed for cDNA synthesis. Next, the expression 
level of DAPK1 was quantified using real-time PCR by calculating 2 to the power of -ΔΔCt (2 -ΔΔCt). The primer 
sequences for DAPK1 were provided in Table 2.

Statistical analysis
Statistical analyses were conducted utilizing the R software (version 4.0.2). The Wilcoxon rank-sum test was 
utilized to assess differences among the groups, while Spearman correlation analysis was employed to calculate 
correlation coefficients between DEFRGs and immune cells. A significance level of two-tailed p < 0.05 was chosen 
to determine statistical significance.

http://cibersort.stanford.edu/
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Ethics approval and consent to participate
The GEO database is publicly accessible. Ethics approval has been obtained for the patients involved in the 
database. The studies involving human participants were reviewed and approved by the ART Ethnics Committee 
of the Women’s Hospital, School of Medicine, Zhejiang University (Approval No. IRB-20230285-R). The patients/
participants provided their written informed consent to participate in this study. The study was completed in 
accordance with the declaration of Helsinki.

Results
Identification of DEGs in PCOS and AS
Figure 1 illustrates the complete analytical process. Next, the DEGs were identified utilizing ’limma’ package in 
different groups. PCOS was connected to 69 DEGs, of which 55 were upregulated and 14 downregulated. Among 
124 DEGs for AS, 113 were upregulated and 11 were downregulated. In Fig. 2A and C, volcano plots indicate 
all DEGs related to PCOS and AS. The heatmaps were used to visualize the DEGs in both groups collectively 
(Fig. 2B,D). The occurrence and development of PCOS and AS may be influenced by DEGs.

Screening for key modules by WGCNA
To investigate the potential relationship between diseases and crucial genes, we conducted WGCNA and also 
analyzed the differential expression in both groups. Our research built a co-expression network using the soft-
threshold method. Maintaining a scale-free topology required the inclusion of parameter β in co-expression 
networks. The fit index exceeded 0.9 for PCOS group, indicating the presence of a scale-free topology, and β was 
set to 4 (Fig. 3A). Subsequently, we produced an adjacency matrix by utilizing the adjacency function. The TOM 
dissimilarity measure was utilized to construct hierarchical clustering (Fig. 3B). In total, we have discovered a 
total of 7 co-expression modules. Among them, the turquoise module exhibited the highest positive correlation 

Table 2.  Primers applied to Quantitative Real-Time PCR.

Primers Sequence (5′→3′)

DAPK1-Human
Forward 5′-ACG TGG ATG ATT ACT ACG ACACC-3′

Reverse 5′-TGC TTT TCT CAC GGC ATT TCT-3′

DAPK1-Mouse
Forward 5′-CAG ATT CTC AGC GGC GTT TAC-3′

Reverse 5′-GAT CCG AGG TTT GGG CAC ATT-3′

GAPDH-Human
Forward 5′-GCC TCA AAA TCC TCT CGT TGTG-3′

Reverse 5′-GGA AGA TGG TGA TGG GAT TTC-3′

GAPDH-Mouse
Forward 5′-AGG TCG GTG TGA ACG GAT TTG-3′

Reverse 5′-TGT AGA CCA TGT AGT TGA GGTCA-3′

Figure 1.  The flow chart for the whole design.
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(r = 0.73, p = 1 ×  10–4), encompassing 242 genes (Fig. 3C). Furthermore, the AS group underwent WGCNA analy-
sis, where the ideal soft power value (β = 7) was determined (Fig. 3D). A total of 8 modules were identified, with 
red (r = 0.62, p = 3 ×  10–4) and blue (r = 0.74, p = 5 ×  10–6) exhibiting a robust positive correlation, while modules 
brown and yellow displayed a significant negative correlation (Fig. 3E,F). Within AS group, we additionally chose 
372 genes from the blue module that have |MM|> 0.8 and |GS|> 0.518.

Intersected genes and functional enrichment analysis in PCOS and AS
The intersection of DEGs and critical module genes was taken as a starting point for exploring the pathogenesis 
of PCOS and AS, respectively. In PCOS and AS, there was an overlap observed between the DEGs and the most 
crucial module (Fig. 4A,B). In order to examine the possible biological alterations in PCOS and AS, we conducted 
an analysis of these genes to determine their functional annotation and pathway enrichment. As expected, the 
GO analysis of the common genes revealed significant enrichment in cell chemotaxis, activation of T cells, and 
the pathway involving G protein-coupled receptors in both PCOS and AS (Fig. 4C,D). The KEGG exhibited 
that PCOS genes were focused on cell metabolism, while AS genes were related to T cell immune regulation. 
Interestingly, DO analysis discovered that PCOS was related to aortic disease and pre-eclampsia (PE), whereas 
AS genes were correlated to PCOS and PE (Fig. 4E,F).

Figure 2.  Identification of DEGs in PCOS and AS. (A,B) DEG heatmap and volcano plot in PCOS group. (C,D) 
Heatmap and the volcano plot of DEGs in AS group.
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Identify potential critical genes in PCOS and AS by machine learning algorithms
We intersected DEGs and key modules between PCOS and AS to obtain 17 genes, whereas CCL18 and DAPK1 
were in all gene clusters (Fig. 5A). To identify additional optimal gene targets that effectively classify different 
groups, we utilized the algorithms of LASSO, SVM-RFE, and Random Forest to filter out optimal genes. Accord-
ing to LASSO coefficient profiles and an optimal tuning parameter selection map, five genes were obtained for 
PCOS group (Fig. 5B). After loading 17 genes to the RF classifier, we found the 6 genes with the highest sig-
nificance (Fig. 5C). Afterward, the SVM-REF algorithm identified 8 genes (Fig. 5D). At the same time, similar 
analyses were accomplished in the AS group, and 6 genes were found in each of the 3 machine learning methods 
(Fig. 5E–G). Furthermore, by overlapping these three algorithms in PCOS and AS, DAPK1, and CLIC6 were 
the optimal genes (Fig. 5H).

Validation and single-gene GSEA of biomarkers from PCOS and AS
By utilizing the analyses of differentially expressed and machine learning between PCOS and AS, DAPK1 was 
recognized as a diagnostic hub biomarker. The DAPK1 mRNA expression increased dramatically in two external 
datasets obtained from PCOS patients (p < 0.05) and AS patients (p < 0.001) (Fig. 6A). Additionally, the diag-
nostic ability of DAPK1 was confirmed through the implementation of ROC curves with an AUC of 1 in PCOS. 
Furthermore, AS exhibited a diagnostic ability with an AUC of 0.798 (Figs. 6B). DAPK1 was then analyzed by 

Figure 3.  Analysis of PCOS and AS using weighted gene co-expression network (WGCNA). (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. (D) Calculation of soft-threshold power for AS. (E) 
Cluster dendrogram of AS modules with highly connected genes. (F) Module–trait relationships in AS.
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single-gene GSEA in PCOS and AS groups, respectively, and 6 pathways were visualized by GSEA. In both disease 
groups, DAPK1 was found to be associated with inflammation and immune response pathways, including toll-like 
receptor signaling pathway, chemokine signaling pathway, and antigen processing and presentation (Fig. 6C,D).

Figure 4.  Shared gene signatures and functional enrichment between PCOS and AS. (A) The shared genes 
between DEGs and MEturquoise in PCOS. (B) The shared genes between DEGs and MEblue in AS. (C,D) 
Shared genes form PCOS and AS were represented by dot plots displaying GO analysis. (E,F) Shared genes form 
PCOS and AS were represented by dot plots displaying DO and KEGG enrichment.
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Figure 5.  The screening of candidate PCOS and AS diagnostic genes using three machine learning algorithms. 
(A) 17 genes were selected between PCOS and AS for further analysis. (B) Coefficient profile plot of the LASSO 
model for PCOS showed the final parameter selection λ. (C) PCOS top-6 genes according to their discriminant 
ability in the RF algorithm. (D) Eight crosstalk genes were selected by using the SVM-RFE algorithm for PCOS. 
(E) Coefficient AS profile plot of the LASSO model showed the selection of the optimal parameter λ. (F) Top-6 
RF algorithm step discriminant ability genes for AS. (G) Six crosstalk genes were selected by using the SVM-
RFE algorithm for AS. (H) The Venn diagram showed two candidate diagnostic genes by intersecting the results 
in PCOS and AS.
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Immune infiltration analysis of PCOS and AS
In light of the fact that PCOS and AS were marked by an excessive immune response. The distribution of immune 
cells among the various groups was analyzed utilizing CIBERSORT. Bar plots were drawn for each group show-
ing the proportion of immune cells in PCOS (Fig. 7A) and AS (Fig. 7B). In comparison to the control samples, 
there was an elevation in neutrophils (p = 0.023) observed in PCOS group (Fig. 7C). Conversely, the AS group 
showed an elevation in gamma delta T cells (p = 0.044), M0 Macrophages (p = 0.005), and M2 Macrophages 
(p = 0.028), while experiencing a decrease in monocytes and activated dendritic cells (Fig. 7D). Furthermore, an 
examination was conducted on the correlation of biomarkers with the composition of immune cells. The resting 
dendritic cells (p = 0.035) were negatively related to DAPK1 in PCOS group (Fig. 7E). In the AS samples, DAPK1 
exhibited a notable favorable association with gamma delta T cells (p = 0.003), M0 Macrophages (p < 0.001), and 
M2 Macrophages (p < 0.001). However, activated mast cells (p = 0.031), regulatory T cells (p = 0.013), monocytes 
(p = 0.013), and activated dendritic cells (p < 0.001) showed an adverse correlation with DAPK1 (Fig. 7F). In order 
for PCOS and AS to develop, immune function appears to be crucial.

Validation of DAPK1 by RT-PCR
RT-PCR was conducted on granulosa cells obtained from healthy females and individuals with PCOS as well 
as on ox-LDL stimulated RAW264.7 cells. As a result, the expression levels of DAPK1 were confirmed. In line 
with the data analysis, our findings indicated that the expression of DAPK1 was increased in the granulosa cells 
(p < 0.01) of individuals with PCOS and RAW264.7 cells (p < 0.05) stimulated by ox-LDL (Fig. 8A,B).

Discussion
Assessment for hirsutism, menstrual irregularity, and infertility is often the primary focus of initial clinical 
management in women with  PCOS30. Nevertheless, they also commonly experience insulin resistance, obesity, 
dyslipidemia, metabolic syndrome, and hypertension, which increases their susceptibility to Cardiovascular 
 disease31. Considering that PCOS is marked by excessive androgen levels, it is evident from various researches 
that pre- and postmenopausal women with PCOS exhibit a higher occurrence of coronary artery calcium (CAC) 
and notably elevated CAC  score4. These findings persist even after accounting for age and Body Mass  Index32. 
In comparison to controls, women suffering from PCOS exhibit higher carotid intimal medial thickness and a 
remarkerable increased occurrence of carotid  plaque33. A different research analyzed the blood flow mediated 
dilation in brachial artery and discovered that women with PCOS had notably reduced levels compared to 
controls of the same age, suggesting a higher degree of endothelial  dysfunction34. The precise connection between 
PCOS and AS remains incompletely comprehended thus far. Hence, investigating the molecular mechanisms 

Figure 6.  Validation and GSEA of the diagnostic gene. (A) Differential expression of DAPK1 in the validation 
group for PCOS and AS. (B) ROC curve of DAPK1 in the validation group for PCOS and AS. (C,D) GSEA 
analysis for DAPK1 in PCOS and AS group. *P < 0.05, ***P < 0.001.
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connecting PCOS and AS, along with timely detection and intervention, unquestionably hold crucial clinical 
importance.

This study conducted various bioinformatics analyses on separate gene chip databases for PCOS and AS. 
The analysis of GO enrichment revealed that differentially expressed genes (DEGs) were primarily enriched 
in cellular chemotaxis, pathways involving cytokine-mediated signaling, and pathways involving G protein-
coupled receptors (GPCRs). In one hand, Feinstein et al. discovered that GPCRs such as chemokine receptors 
(CCR2 and CXCR4) are involved in the recruitment of immune cells to the site of inflammation in the vascular 
endothelium, exacerbating the atherosclerotic  process35. In the other hand, the luteinizing hormone receptor, 
a GPCR, had been shown to have altered signaling in PCOS patients, contributing to excessive androgen 
production and anovulation, which are hallmark features of the  PCOS36. Meanwhile, GPCRs such as GPR40 
and GPR120, which were involved in fatty acid signaling, affected insulin secretion and sensitivity, exacerbated 
insulin  resistance37. Evidently, the analysis of differential expression revealed that the DEGs associated with AS 
were predominantly enriched in PCOS, preeclampsia, and diseases related to the female reproductive system. 
This strongly indicates a significant connection between PCOS and AS in terms of their development. Meanwhile, 
KEGG and GSEA analyses showed that leukocyte migration and cytokine-mediated signaling pathway mainly 
occurred in AS whereas antigen presentation and intestinal immunity were the main manifestations in PCOS. 
Chattopadhayay and colleagues found that individuals with PCOS exhibit heightened levels of oxidative stress, 

Figure 7.  PCOS and AS immune cell composition. (A,B) Infiltrating immune cells were plotted in a stacked 
bar chart for the PCOS and AS group. (C,D) Violin diagram indicated that the PCOS and AS group exhibited a 
significantly different type of immune cell. (E) Correlation between DAPK1 expression and immune cells in the 
PCOS group. (F) Relationship between the expression of DAPK1 and immunity in AS patients.
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which is intricately linked to inflammation. Patients with PCOS display increased levels of oxidative stress 
indicators, such as malondialdehyde, and diminished antioxidant capacity. This oxidative stress exacerbates 
inflammatory processes, resulting in elevated levels of inflammatory markers, including C-reactive protein, IL-6, 
and TNF-α, as well as heightened insulin resistance, thereby establishing a detrimental feedback  loop38. Moreover, 
Libby reported that inflammatory cytokines play crucial roles in atherosclerosis. IL-6, produced by various cells 
within the plaque, promotes further recruitment of immune cells and enhances the inflammatory response. 
TNF-α contributes to endothelial dysfunction, increases vascular permeability, and stimulates the expression 
of other pro-inflammatory mediators. Additionally, chemokines such as monocyte chemoattractant protein-1 
direct the migration of monocytes to sites of  inflammation39. Thus, both diseases were primarily related to the 
immune response and inflammation, which contributed to our discovery of new diagnostic genes and study of 
the underlying molecular mechanisms.

In this research, we utilized WGCNA and machine learning techniques to discover and confirm DAPK1 
as a diagnostic gene that is strongly linked to polycystic ovary syndrome and AS, indicating an unfavorable 
prognosis. DAPK1 is a member of a group of five Ser/Thr kinases, and it stands as the most extensive protein 
in the DAPK family, comprising 1,430 amino acids. The presence of the  Ca2+/CaM autoregulatory domain 
in this component leads to the regulation of apoptosis, cell motility, and autophagy via phosphorylation and 
ERK signaling  pathways40. Zheng et al. indicated a notable decrease in miR-141-3p levels within the rat model 
of PCOS, leading to the promotion of apoptosis in ovarian granulosa cells through the targeting of  DAPK141. 
Gauster et al. found that placental tissues of early-onset pre-eclampsia showed low expression of DAPK1, and 
increased expression and lipolabelling of LC3B, suggesting that inflammation and oxidative stress as potential 
stimuli for altered placental  autophagy42. In addition, Duan et al. discovered that DAPK1 hinders autophagy 
to alleviate inflammatory reactions in mice with LPS-induced acute lung injury (ALI). Thus, DAPK1 regulates 
PCOS and inflammatory disease processes by mediating apoptosis or autophagy.

Tian et al. reported that Gpr137b-ps regulates amino acid-mTORC1-autophagy signalling by impairing the 
interaction of HSC70 with G3BP, leading to defective macrophage autophagy, plaque necrotic core enlargement 
and lipid accumulation in patients with advanced  AS43. Deficient autophagy in T cells without autophagy-related 
protein 7 hampers the development of fatty liver and the advancement of AS by enhancing the secretion of 
interferon-γ and interleukin–17 from CD4+ and CD8+ T  cells44. Our immune infiltration analysis revealed a 
very strong association of DAPK1 with immune cells. DAPK1 showed a strong positive correlation with gamma 
delta T cells, M0 macrophages, and M2 macrophages in AS samples. Conversely, DAPK1 exhibited a negative 
association with activated mast cells, regulatory T cells, monocytes, and activated dendritic cells. Therefore, 
although there are no relevant studies of DAPK1 in AS, we speculate that DAPK1 may regulate the progression 
of AS by mediating macrophage or T cell autophagy.

The present study requires mentioning certain limitations. Initially, the relatively small sample size of selected 
datasets could affect the generalizability and statistical power of the findings. Future studies should aim to include 
larger sample sizes to enhance statistical power and generalizability. Furthermore, processing raw data is limited 
in our understanding, and these datasets were analyzed utilizing a microarray technology, which is significantly 
less advanced compared to RNA sequencing techniques, and limits the depth and accuracy of the gene expression 
analysis. Finally, the study also lacks experimental validation of the identified biomarkers, such as functional 
assays to confirm the role of DAPK1 in PCOS and AS.

Conclusion
The diagnostic biomarker DAPK1 has been identified as a crucial factor in the regulation of immune responses 
mediated by T cells in PCOS and AS. Our results provide molecular targets for subsequent in vitro experiments 
for mechanistic studies in PCOS model with AS. Our research may guide clinicians to incorporate longitudinal 
data to gain insight into the temporal dynamics of DAPK1 expression and its role in disease progression.

Figure 8.  Validation of DAPK1 in granulosa cells and RAW264.7 cells. (A) Expression levels of DAPK1 in 
granulosa cells of normal and PCOS patients (n = 5). (B) Expression levels of DAPK1 in ox-LDL stimulated 
RAW264.7 cells. (n = 4) *P < 0.05, **P < 0.01.
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geo/ query/ acc. cgi? acc= GSE10 6724),  GSE54250 (https:// www. ncbi. nlm. nih. gov/ geo/ query/ acc. cgi? acc= GSE54 
250),  GSE28829 (https:// www. ncbi. nlm. nih. gov/ geo/ query/ acc. cgi? acc= GSE28 829) and  GSE43292 (https:// 
www. ncbi. nlm. nih. gov/ geo/ query/ acc. cgi? acc= GSE43 29) supporting the conclusions of this article are available 
in the GEO database (http:// www. ncbi. nlm. nih. gov/ geo).
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