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ABSTRACT
Background: Carotid artery stenosis (CAS) is a major cause of ischemic stroke, yet reliable molecular biomarkers for early iden-
tification remain limited.
Methods: We integrated single-cell RNA sequencing (scRNA-seq), bulk transcriptomics, and in-house multi-omics data, apply-
ing WGCNA and machine learning to identify endothelial cell-derived diagnostic biomarkers, validated across independent GEO 
and ZZ cohorts at single-cell, transcriptomic, and proteomic levels.
Results: scRNA-seq identified endothelial enrichment in CAS and yielded 836 markers. Integrative analysis (DEGs + WGCNA) 
defined 80 candidates, with NRP1 and XAF1 selected by machine learning. Both were consistently upregulated and validated 
across multi-omics datasets, showing strong diagnostic performance.
Conclusion: NRP1 and XAF1 represent novel endothelial cell-derived biomarkers with potential utility for early CAS screening 
and clinical diagnosis.

1   |   Introduction

Carotid artery stenosis (CAS), a pathological narrowing of the 
carotid arteries caused primarily by atherosclerotic plaque accu-
mulation, is a major contributor to ischemic stroke worldwide. 
Stroke remains the second leading cause of death and the third 
leading cause of disability-adjusted life years globally [1, 2]. 
Among stroke subtypes, CAS accounts for approximately 10%–
20% of ischemic events, particularly in aging populations [3]. 
According to recent epidemiological modeling, over 57 million 
individuals aged 30–79 years were estimated to be affected by 
CAS globally in 2020, with the highest burden observed in the 
Western Pacific region, including China [4]. Despite its clinical 
significance, CAS is often asymptomatic in early stages. Current 
diagnostic methods, such as carotid artery ultrasound or CT an-
giography, mainly focus on the degree of lumen stenosis and 

have limited understanding of potential molecular or cellular 
changes. This limitation hinders early risk stratification and tar-
geted intervention and also indicates the current lack of carotid 
plaque biomarkers.

In recent years, bulk transcriptomic analyses have enabled 
global gene expression profiling in vascular tissues and con-
tributed to the identification of differentially expressed genes 
(DEGs) in CAS [5]. However, bulk RNA sequencing represents 
an average signal across diverse cell types within a sample, 
masking cell-specific regulatory signatures critical to disease 
progression. The advent of single-cell RNA sequencing (scRNA-
seq) has transformed our ability to characterize complex tis-
sues like atherosclerotic plaques with unprecedented resolution 
[6, 7]. By dissecting gene expression patterns at the single-
cell level, scRNA-seq allows for the identification of rare or 
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disease-driving cell populations, mapping of intercellular com-
munication networks, and reconstruction of cellular trajectories 
within dynamic pathological environments [8, 9]. In the context 
of atherosclerosis, scRNA-seq has revealed previously unappre-
ciated heterogeneity in endothelial cells, smooth muscle cell 
phenotypic transitions, and immune cell activation states that 
contribute to plaque instability [10].

Despite these advances, several challenges persist in CAS re-
search. First, studies often rely on small sample sizes or lim-
ited tissue types, restricting generalizability. Second, there is a 
lack of integrative analytic frameworks that bridge single-cell 
resolution with bulk cohort-level validation. Third, few studies 
have harnessed machine learning techniques to prioritize key 
molecular features from high-dimensional data in a clinically 
translatable manner. Recent efforts combining weighted gene 
co-expression network analysis (WGCNA) and machine learn-
ing have shown promise in identifying disease-relevant gene 
modules and refining biomarker panels for complex cardio-
vascular disorders [11, 12]. However, such approaches remain 
underexplored in CAS, particularly in relation to endothelial 
cell–driven molecular pathology and immune involvement.

In this study, we integrated single-cell RNA sequencing, 
WGCNA, and machine learning to identify reliable biomarkers 
associated with carotid plaque formation. Endothelial cell–spe-
cific genes were identified from scRNA-seq data and intersected 
with DEGs and co-expression modules from bulk transcrip-
tomic profiles. Random forest and LASSO regression were used 
to prioritize key genes, which were validated in an external data-
set. Immune infiltration analysis further explored their poten-
tial immunological relevance. This integrative approach offers 
novel insights into CAS pathogenesis and highlights potential 
diagnostic markers.

2   |   Materials and Methods

2.1   |   Data Acquisition and Preprocessing

Transcriptomic datasets related to carotid artery stenosis 
(CAS) and normal arterial tissues were obtained from the Gene 
Expression Omnibus (GEO) database. GSE43292 includes 32 
CAS plaque samples (CS group) and 32 normal carotid artery 
samples (Con group) [13]. GSE28829 dataset consists of 16 CAS 
samples and 13 healthy control samples [14]. In addition, to 
further investigate the findings at the single-cell level, we in-
corporated the GSE159677 dataset [15], which contains carotid 
tissue samples from three patients with CAS and three control 
individuals.

In addition, one in-house bulk RNA sequencing cohort (ZZ-
Cohort) was generated from carotid plaque specimens collected 
during carotid endarterectomy at the Department of Vascular 
Surgery, The First Affiliated Hospital of Zhengzhou University. 
All specimens were promptly preserved and processed for RNA 
sequencing using standardized protocols. To complement this 
dataset, an in-house single-cell RNA sequencing (scRNA-seq) 
dataset was also established, including seven carotid plaque 
samples (six from CAS patients and one from a control individ-
ual) collected at the same institution. All datasets underwent 

standardized preprocessing and normalization. For the GEO 
datasets, raw expression matrices were log2-transformed and 
quantile-normalized. Batch effects across datasets were cor-
rected using the “ComBat” function in the sva R package. For 
the single-cell data, low-quality cells with < 200 detected genes, 
> 5% mitochondrial gene content, or > 20,000 total counts were 
removed. Normalization, scaling, and dimensionality reduction 
were performed using Seurat Package. The detailed information 
of the patient can be found in Table S1.

2.2   |   Single-Cell RNA-Seq Data Processing

We analyzed single-cell RNA sequencing data from the 
GSE159677 dataset, which includes carotid tissue samples from 
three patients with carotid plaques and three healthy controls. 
Data preprocessing and dimensionality reduction were per-
formed using the Seurat R package [16]. Cells with fewer than 
500 total counts (nCount_RNA < 500) or mitochondrial gene 
content greater than 20% were excluded to ensure data quality. 
Principal component analysis (PCA) and Uniform Manifold 
Approximation and Projection (UMAP) were used for dimen-
sionality reduction and visualization. According to previous 
studies, cell type annotation was manually performed based on 
canonical marker gene expression profiles, including PECAM1, 
VWF, CDH5 for endothelial cells; ACTA2, MYH11 for smooth 
muscle cells; CD68, CD14 for macrophages; CD3E, CD4 for T 
cells; CD19, CD79A for B cells; COL1A1, DCN for fibroblasts; 
and TPSAB1, TPSB2 for mast cells.

2.3   |   Identification of Endothelial Cell Markers

To investigate the potential contributions of different cell types 
to carotid plaque formation, we compared the relative pro-
portions of each cell type between CAS patients and healthy 
controls. Cell composition differences were visualized using 
boxplots generated with the ggplot2 R package. Cell types that 
exhibited significantly increased proportions in the CAS group 
were selected for further analysis. Subsequently, marker genes 
were identified using the FindMarkers function in Seurat, with 
selection criteria set to an adjusted p-value < 0.05 and an abso-
lute log2 fold change > 0.25 [17, 18].

2.4   |   Enrichment Analysis

To explore the biological functions associated with endothelial 
cell–specific genes, we performed functional enrichment anal-
ysis. This approach is commonly used in transcriptomic studies 
to infer the functional relevance of a set of genes. Two widely 
adopted enrichment strategies were applied: Gene Ontology 
(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathway analysis. GO enrichment provides insights into the mo-
lecular functions, biological processes, and cellular components 
related to the input gene set, as defined by the Gene Ontology 
Consortium. KEGG analysis integrates genomic and pathway 
information to predict the involvement of genes in signaling 
cascades and metabolic pathways. These analyses help elucidate 
the potential roles of differentially expressed genes in disease 
mechanisms. Enrichment significance was assessed based on 
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adjusted p-values, and results were visualized using color gradi-
ents to indicate statistical significance.

2.5   |   Co-Expression Network Analysis

To identify gene modules associated with carotid plaque for-
mation, we performed weighted gene co-expression network 
analysis (WGCNA) on the GSE43292 dataset using the WGCNA 
R package [19]. WGCNA is a systems biology method used to 
describe correlation patterns among genes across multiple 
samples, grouping genes with similar expression profiles into 
distinct modules. In this study, we first calculated the median 
absolute deviation (MAD) for each gene and selected the top 
5000 most variable genes for network construction to reduce 
noise and improve computational efficiency. An unsigned co-
expression network was built by computing pairwise Pearson 
correlations between genes, followed by transformation into 
an adjacency matrix and topological overlap matrix (TOM). 
A soft-thresholding power (β) was chosen to ensure scale-free 
topology. Hierarchical clustering was applied to the TOM, and 
modules were defined using a dynamic tree cut algorithm. Each 
module was assigned a unique color label. Module–trait rela-
tionships were assessed by correlating the module eigengenes 
with clinical phenotypes (e.g., CS vs. Con group status). The 
module showing the strongest positive or negative correlation 
with plaque phenotype was selected for downstream analysis.

2.6   |   Differential Gene Expression Analysis

Differential gene expression analysis between CAS and con-
trol samples was conducted using the limma package on the 
GSE43292 dataset. Raw expression data were background-
corrected, log2-transformed, and normalized prior to linear 
modeling. Statistical significance was assessed using empiri-
cal Bayes moderated t-statistics, with p-values adjusted by the 
Benjamini–Hochberg method to control the false discovery rate 
(FDR). Genes with a p value < 0.05 and |log2 fold change| > 0.585 
were considered differentially expressed. A volcano plot was 
generated using the ggplot2 package to visualize the distribution 
of significant genes.

2.7   |   Machine Learning

To identify key molecular features associated with carotid 
plaque formation, we first derived the intersection of endothelial 
cell markers, differentially expressed genes (DEGs), and genes 
from WGCNA modules most significantly correlated with the 
CAS phenotype. The resulting gene set was subjected to ma-
chine learning–based feature selection. A random forest classi-
fier was implemented to assess the relative importance of each 
gene in distinguishing CAS from control samples. The random 
forest model was constructed using the randomForest R pack-
age, with the number of trees set to 500 and the number of vari-
ables tried at each split (mtry) determined by the default value 
(square root of the number of features). Feature importance was 
ranked by mean decrease in Gini impurity, and the top-ranking 
genes were selected for subsequent LASSO analysis. LASSO 
regression was performed using the glmnet R package with 

10-fold cross-validation. The optimal regularization parameter 
(lambda) was selected as lambda.min, corresponding to the 
value that minimized the cross-validation mean squared error 
[20]. Through the combination of the above algorithms, the 
genes that are most likely to be related to the formation process 
of carotid artery plaques were identified.

2.8   |   Diagnostic Model Construction 
and Validation

To construct a diagnostic model for CAS, the selected key genes 
were incorporated into a logistic regression framework using the 
rms package. A nomogram was generated to provide a visual 
representation of the predictive model, assigning risk scores to 
individual gene expression values to estimate the probability of 
CAS. Model performance was evaluated using receiver operat-
ing characteristic (ROC) curve analysis, and the area under the 
curve (AUC) was calculated with the pROC package to assess 
discriminatory ability. Calibration of the model was assessed 
using bootstrap resampling (B = 1000) to compare predicted 
probabilities against observed outcomes. Internal validation 
was conducted within the GSE43292 dataset. To evaluate the 
generalizability of the model, external validation was performed 
using an independent dataset, GSE28829. ROC curves and gene 
expression comparisons were also generated in the validation 
cohort to verify diagnostic robustness across datasets. The de-
tailed information of the patient can be found in Table S1.

2.9   |   Immune Infiltration Analysis

To investigate the immunological landscape associated with 
CAS, we performed immune cell infiltration analysis using 
the single-sample gene set enrichment analysis (ssGSEA) algo-
rithm [21]. The analysis was conducted with the GSVA R pack-
age, based on predefined gene sets representing 28 immune 
cell types, as previously described by Bindea et al. [22] and cu-
rated from the ImmPort database, including various subsets of 
T cells, B cells, dendritic cells, macrophages, and natural killer 
(NK) cells. Relative enrichment scores were computed for each 
immune cell type in each sample from the GSE43292 dataset. 
Differences in immune cell infiltration levels between CAS and 
control groups were visualized using boxplots generated with 
the ggplot2 package. To explore the immunological relevance of 
the candidate biomarkers, Spearman correlation analysis was 
conducted to assess the association between expression levels 
of selected genes and immune infiltration scores. Correlation 
heatmaps were generated to highlight significant gene-immune 
cell interactions.

2.10   |   Validation of Key Genes in the ZZ Cohorts

To verify the robustness of the identified biomarkers, the ex-
pression of NRP1 and XAF1 was validated in the in-house 
ZZ cohorts using multi-omics data. Their expression pat-
terns across different cell types were first examined in the 
ZZ single-cell RNA sequencing dataset (seven carotid plaque 
samples, including six CAS and one control). The scRNA-
seq data were processed using standard quality control, 
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normalization, and clustering procedures, and gene expres-
sion levels were compared between groups. Subsequently, the 
transcriptional expression of both genes was assessed in the 
ZZ bulk RNA-seq cohort containing carotid plaques from CAS 
and control individuals, with differential analysis performed 
using the limma package. Finally, protein expression levels 
were validated using proteomic data from five paired CAS 
and control plaque samples, analyzed by label-free quantifica-
tion (LFQ) and compared using a Student's t-test. Consistent 
trends across single-cell, transcriptomic, and proteomic levels 
confirmed the reliability of NRP1 and XAF1 expression alter-
ations in CAS.

2.11   |   Statistical Analysis

Statistical significance was defined as a two-tailed p-value < 0.05 
or a false discovery rate (FDR) < 0.05. For descriptive statistics, 
normally distributed continuous variables were summarized 
as mean ± standard deviation, while non-normally distributed 
variables were reported as median (range). Group comparisons 
were performed using the Wilcoxon rank-sum test. Pearson or 
Spearman correlation analysis was applied based on data dis-
tribution. ROC curves were used to evaluate diagnostic per-
formance, and the area under the curve (AUC) was calculated. 
All statistical analyses and data visualizations were conducted 
using R software (v4.3.2).

3   |   Results

3.1   |   Single-Cell Sequencing Analysis

Firstly, we removed batch effects from the single-cell dataset. As 
shown in Figure 1A, data uniformity was markedly improved 
after Harmony correction, and batch effects were significantly 
reduced. Subsequently, cells with a high proportion of mito-
chondrial gene expression (> 20%) were filtered out during di-
mensionality reduction and preprocessing (Figure S1). A total of 
47,472 cells were retained, including 11,214 cells from the CAS 
group and 36,258 cells from the control group. The lower cell 
yield in carotid plaque tissues may be attributed to the abundant 
presence of lipids, thrombi, and necrotic components, which 
impair single-cell dissociation and capture compared to normal 
vascular tissue. We performed clustering analysis on the re-
tained cells and identified 26 distinct cell clusters (Figure 1B). It 
is well established that different cell types exhibit specific tran-
scriptomic expression profiles under physiological conditions, 
with certain genes being highly or uniquely expressed in par-
ticular cell types. Based on previous studies and known marker 
genes, we annotated the 26 clusters into seven major cell types 
(Figure 1C): T cells (18,464), endothelial cells (6354), fibroblasts 
(3788), macrophages (10,104), smooth muscle cells (6366), B cells 
(1857), and mast cells (539). A small number of cells could not 
be annotated due to the absence of specific marker gene expres-
sion. To further explore the key cell populations involved in ca-
rotid plaque formation, we compared the proportions of these 
seven cell types between the two groups. Violin plots revealed 
that endothelial cells showed the most significant difference in 
abundance between CAS and control samples (Figure 1D). We 
also generated bar plots to illustrate the relative proportions of 

each cell type between the two groups. Finally, the FindMarkers 
function was used to identify marker genes of endothelial cells, 
resulting in 836 endothelial-specific genes for subsequent 
analyses.

3.2   |   Functional Enrichment of Endothelial Cell 
Marker Genes

To investigate the biological functions associated with endo-
thelial cell–specific genes, GO and KEGG enrichment analyses 
were performed on the 836 marker genes. GO analysis revealed 
significant enrichment in terms related to vascular develop-
ment, angiogenesis, endothelial cell migration, and adhesion 
(Figure  S2A). KEGG pathway analysis further identified key 
signaling pathways, including fluid shear stress and athero-
sclerosis, PI3K-Akt signaling, focal adhesion, and leukocyte 
transendothelial migration (Figure S2B), suggesting that these 
endothelial genes are functionally involved in vascular remodel-
ing and inflammation during plaque progression.

3.3   |   Brown and Black Modules Were Identified as 
Key Modules

WGCNA is widely used to identify gene co-expression networks 
and uncover gene modules that may play critical roles in dis-
ease pathogenesis. Transcriptomic data from 64 patients in 
the GSE43292 dataset were analyzed, encompassing a total of 
21,580 genes. Genes were ranked by median absolute deviation 
(MAD), and the top 5000 most variable genes were selected for 
network construction. To ensure scale-free topology and robust 
gene connectivity, a soft-thresholding power of 12 was chosen 
as the optimal β value (Figure 2A). Network modules were then 
identified using a dynamic tree cut algorithm. Modules with ei-
gengene similarity greater than 75% were subsequently merged, 
resulting in a final set of 29 gene modules (Figure 2B). To vi-
sualize the topological structure of the network, a TOM heat-
map was generated based on a subset of 400 genes. As shown in 
Figure 2C, genes with high topological overlap are clustered to-
gether and displayed as red blocks along the diagonal, indicating 
strong intra-module connectivity. Importantly, we assessed the 
correlation between each module and clinical traits. As shown 
in Figure 2D, both the brown and black modules showed signif-
icant correlations with the presence of carotid artery stenosis. 
The brown module contained 1626 genes, while the black mod-
ule consisted of 2027 genes, and both were selected for down-
stream analysis as key trait-associated modules.

3.4   |   Identification of Consensus Genes

Substantial differences in gene expression between CAS pa-
tients and healthy controls may underlie the formation and 
progression of carotid plaques. Differential expression anal-
ysis was performed using the limma package, identifying 488 
upregulated and 370 downregulated genes in the CAS group 
compared to controls (Figure  3A). To further narrow down 
genes potentially involved in plaque development, we inter-
sected three gene sets: endothelial cell–specific markers, genes 
from trait-associated WGCNA modules (brown and black), and 
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differentially expressed genes (DEGs). As shown in the Venn 
diagram (Figure  3B), this intersection yielded 80 consensus 
genes for downstream analysis. Although all 80 genes may be 

associated with carotid plaque formation, their relative impor-
tance likely varies. To identify the most influential candidate 
genes, we applied a two-step machine learning approach. First, 

FIGURE 1    |    Identification of endothelial cell markers using single‐cell RNA‐seq. (A) Batch effect correction via Harmony integration. (B, C) Cell 
clustering and annotation showing seven cell types. (D) Boxplot comparing cell‐type proportions between CAS and control samples. (E) Bar plot 
showing cell composition per sample group.
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a random forest classifier was used to rank gene importance, re-
sulting in the selection of 10 key genes, including NRP1, PLCG2, 
CAVIN3, PLXND1, and others (Figure 3C,D). These genes were 
then subjected to LASSO regression, which further refined the 

list and identified NRP1 and XAF1 as the most critical genes 
associated with CAS (Figure 3E,F). These two genes were thus 
considered potential core biomarkers for the diagnosis and pro-
gression of carotid artery stenosis.

FIGURE 2    |    WGCNA identifies modules associated with CAS. (A) Scale-free topology fit and soft threshold (β = 12). (B) Hierarchical clustering 
and dynamic tree cutting of gene modules. (C) TOM matrix heatmap. (D) Module-trait correlation heatmap.
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FIGURE 3    |    Machine learning identifies diagnostic biomarkers. (A) Volcano plot of DEGs between CAS and controls. (B) Venn diagram of DEGs, 
WGCNA, and endothelial marker genes. (C, D) Random Forest ranking and importance scores for top 10 genes. (E, F) LASSO cross-validation and 
coefficient path.
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3.5   |   Diagnostic Performance Evaluation of NRP1 
and XAF1

Subsequently, the diagnostic performance of NRP1 and XAF1 
for the target condition was systematically evaluated. The nomo-
gram (Figure 4A) visually integrated the contributions of NRP1 
(range: 0–1.6 points) and XAF1 (0.7–1.9 points) to generate a total 
score predictive of disease probability, with an optimal cutoff at 
80.8 points yielding a sensitivity of 0.014. The calibration curve 
(Figure  4B) demonstrated good agreement between predicted 
and observed probabilities, with the bias-corrected curve closely 
aligning with the ideal line. The ROC curves further demonstrated 
the strong diagnostic performance of the selected genes. The area 
under the curve (AUC) for NRP1 and XAF1 was 0.882 (Figure 4C) 
and 0.850 (Figure 4D), respectively. Notably, the combined model 
achieved an even higher AUC of 0.922 (Figure 4E), indicating su-
perior diagnostic accuracy for carotid artery stenosis.

3.6   |   External Validation of Diagnostic Biomarkers

To evaluate the generalizability of the diagnostic model, NRP1 
and XAF1 were validated in the independent GSE28829 dataset. 

ROC curve analysis showed that NRP1 retained strong diag-
nostic power with an AUC of 0.808 (Figure  5A), while XAF1 
demonstrated moderate performance (AUC = 0.649, Figure 5B). 
The combined model achieved an AUC of 0.784 (Figure  5C), 
supporting its applicability in external cohorts. Expression level 
comparisons further confirmed the robustness of these bio-
markers. In both GSE43292 and GSE28829, NRP1 expression 
was significantly elevated in CAS patients compared to controls 
(Figure 5D,F). XAF1 also showed a significant increase in the 
GSE43292 dataset (Figure 5E), while a trend toward higher ex-
pression was observed in GSE28829 (Figure 5G). These results 
validate the consistency of NRP1 and XAF1 expression patterns 
and diagnostic potential across multiple cohorts.

3.7   |   Validation of NRP1 and XAF1 Expression in 
the ZZ Cohorts

Using the in-house ZZ cohorts, we validated the expression of 
NRP1 and XAF1 at the single-cell, transcriptomic, and pro-
teomic levels. Single-cell RNA-seq analysis showed that both 
genes were mainly expressed in endothelial cells (Figure  6A). 
Violin plots demonstrated that NRP1 and XAF1 expression 

FIGURE 4    |    Nomogram-based diagnostic model for CAS. (A) Nomogram constructed using NRP1 and XAF1. (B) Calibration curve shows agree-
ment between predicted and observed probabilities. (C–E) ROC curves for NRP1, XAF1, and combined genes.
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in endothelial cells was significantly higher in the CAS group 
compared with controls (Figure 6B,C). Bulk RNA-seq data from 
carotid plaques further confirmed that both genes were upreg-
ulated in CAS tissues (Figure 6D). Consistent results were ob-
served in the proteomic dataset, where NRP1 and XAF1 protein 
levels were increased in CAS plaques (Figure 6E,F). These find-
ings demonstrate that NRP1 and XAF1 are consistently elevated 
in CAS across multi-omics levels.

3.8   |   Immune Infiltration Analysis

To explore the immunological context of carotid artery steno-
sis, we performed ssGSEA to quantify immune cell infiltration. 
As shown in Figure S3A, the CAS group exhibited significantly 
higher infiltration levels of multiple immune cell types, in-
cluding activated dendritic cells, macrophages, and various T 
cell subsets. Correlation analysis further revealed that NRP1 
expression was positively associated with immunosuppressive 
cells such as MDSCs and neutrophils (Figure S3B), while XAF1 
showed moderate correlations with regulatory and memory T 
cells (Figure S3C). These findings suggest that both genes may 
be associated with plaque progression via immune-related path-
ways, though causal mechanisms remain to be established.

4   |   Discussion

Carotid artery stenosis (CAS) remains a leading cause of isch-
emic stroke, particularly in elderly populations [1]. However, 
the molecular mechanisms underlying plaque initiation and 
progression remain incompletely understood [23]. Traditional 
diagnostic approaches primarily focus on the degree of lumi-
nal narrowing and often fail to capture the cellular and molec-
ular characteristics that contribute to disease progression. To 
address this challenge, we employed a systematic multi-layer 
analytical framework integrating single-cell transcriptomics, 
network-based gene prioritization, and machine learning. This 
study identified two endothelial cell-derived biomarkers, NRP1 
and XAF1, with high diagnostic performance, which may fa-
cilitate mechanistic exploration of CAS and contribute to early 
screening strategies for CAS patients.

One of the most critical contributions of our study is the identi-
fication of endothelial cells as a key cellular population altered 
in CAS. Using scRNA-seq data from carotid tissues, we ob-
served a significantly increased proportion of endothelial cells 
in the CAS group compared to controls. This finding aligns with 
emerging evidence suggesting that endothelial cell dysfunc-
tion plays a central role in atherogenesis and plaque instability 

FIGURE 5    |    External validation in GSE28829. (A–E) ROC curves for NRP1, XAF1, and combined genes in GSE28829. (D, E) Gene expression 
validation in GSE43292. (F, G) Expression validation in GSE28829.
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[24, 25]. Prior studies have shown that disturbed flow, inflam-
mation, and oxidative stress can lead to phenotypic switching 
and dysfunction of endothelial cells, thereby promoting mono-
cyte adhesion, leukocyte recruitment, and vascular remodeling 

[26, 27]. The enrichment of endothelial cells in the CAS group 
observed here not only reinforces their disease-associated rele-
vance but also provides a rationale for focusing subsequent anal-
yses on this population.

FIGURE 6    |    Validation of NRP1 and XAF1 expression in the ZZ cohorts. UMAP visualization of the in-house single-cell dataset shows major 
cell types in carotid plaques (A); violin plots illustrate that NRP1 (B) and XAF1 (C) are significantly upregulated in endothelial cells in CAS com-
pared with controls; bulk RNA-seq analysis confirms higher mRNA expression of NRP1 and XAF1 in CAS plaques (D); proteomic validation further 
demonstrates increased protein abundance of both genes in CAS tissues (E, F); *p < 0.05, **p < 0.01, ***p < 0.001.
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To extract mechanistically relevant genes from this cellular 
context, we performed differential gene expression analysis 
and WGCNA on bulk transcriptomic data. WGCNA enabled 
the identification of gene modules (brown and black) strongly 
associated with CAS, providing a network-based framework to 
prioritize genes beyond univariate statistics. The intersection 
of WGCNA-derived genes, DEGs, and endothelial cell-specific 
markers yielded a focused set of 80 consensus genes. This gene 
set likely represents transcriptional signals specific to endo-
thelial dysfunction in the context of carotid plaque formation. 
Importantly, these consensus genes were further refined using 
machine learning algorithms  [28, 29]. The application of ran-
dom forest and LASSO regression allowed for both dimension-
ality reduction and feature importance ranking, resulting in the 
selection of NRP1 and XAF1 as the biomarkers.

NRP1 [30, 31] has been extensively characterized in vascular 
biology and is known to mediate VEGF signaling, endothelial 
proliferation, and angiogenesis. Recent studies also implicate 
NRP1 in immune regulation and macrophage recruitment 
within plaques, further highlighting its dual role in endothelial 
and immune cell crosstalk [32]. Our finding of elevated NRP1 
expression in CAS samples, validated across multiple datasets, 
supports its potential as a diagnostic marker; whether it may 
serve as a therapeutic target requires further functional valida-
tion. In contrast, XAF1 (XIAP-associated factor 1) is a lesser-
known regulator traditionally associated with pro-apoptotic 
signaling in cancer biology [33]. Its role in vascular pathology 
remains understudied. However, our data suggest that XAF1 
expression may be associated with CAS, potentially through 
its involvement in endothelial cell apoptosis or immune cell en-
gagement, though this requires further functional validation. 
The distinct but complementary functions of NRP1 and XAF1 
provide a compelling rationale for their combined use as diag-
nostic biomarkers.

Another strength of our study lies in the robust validation of 
these biomarkers. Using independent external data (GSE28829), 
we confirmed the elevated expression of NRP1 and the modest 
but consistent upregulation of XAF1. The diagnostic models 
constructed from these genes achieved high AUCs in both the 
discovery and validation cohorts, emphasizing their reproduc-
ibility and potential clinical utility. In addition, nomogram con-
struction and calibration curve analysis demonstrated excellent 
agreement between predicted and observed risk, suggesting that 
such models could be applicable in individualized risk stratifi-
cation for CAS patients. Additionally, our study explored the 
immunological context of NRP1 and XAF1 expression. Immune 
infiltration analysis revealed that NRP1 correlated positively 
with immunosuppressive cell types such as MDSCs and neutro-
phils, while XAF1 showed associations with Treg and memory 
B cells. These findings suggest a possible association between 
these genes and immune modulation in the atherosclerotic mi-
croenvironment, though the underlying mechanisms warrant 
further investigation [34, 35]. The integration of immune profil-
ing into gene-based diagnostics represents an emerging frontier 
that could inform both risk prediction and therapeutic response 
monitoring.

Despite these strengths, our study has several limitations. 
First, although machine learning enhances the robustness of 

biomarker selection, these methods are inherently sensitive to 
data quality and parameter settings. Second, although we val-
idated our findings in an external cohort, prospective clinical 
studies are warranted to confirm the diagnostic performance 
and clinical relevance of NRP1 and XAF1 in real-world settings. 
Third, future functional studies, including in  vitro cell-based 
assays and in  vivo animal models, are warranted to mecha-
nistically validate the causal roles of NRP1 and XAF1 in CAS 
pathogenesis and to establish the biological plausibility of our 
correlation-based findings. Future large-scale prospective stud-
ies are warranted to further validate and expand upon these 
findings.

Given the non-invasive nature of transcriptomic profiling 
from peripheral blood or plaque tissue, NRP1 and XAF1 hold 
potential as molecular adjuncts to current imaging-based 
diagnostics such as carotid ultrasound or CT angiography. 
Integration of these biomarkers into a multimodal screening 
framework—combining molecular signatures with structural 
imaging parameters—may enhance early risk stratification 
in asymptomatic CAS patients. Future prospective clinical 
studies are encouraged to evaluate such combined diagnostic 
strategies.

5   |   Conclusion

In conclusion, our research has proposed a comprehensive multi-
omics framework for the identification and validation of CAS-
related biomarkers. By integrating single-cell and large-scale 
transcriptomic data with co-expression network analysis and 
machine learning, we identified NRP1 and XAF1 as key endothe-
lial cell-associated genes in carotid artery stenosis, demonstrating 
strong diagnostic performance and potential immunological rele-
vance. These findings will help decode the underlying mechanisms 
of carotid artery plaque formation and contribute to the early diag-
nosis and precise treatment of patients in clinical practice.
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seq data. (A, C) Before filtering: distribution of nFeature_RNA, 
nCount_RNA, and percent.mt. (B, D) After filtering: improved data 
quality with controlled mitochondrial content. Figure S2: Functional 
enrichment analysis of endothelial marker genes. (A) GO terms en-
riched among endothelial cell markers. (B) KEGG pathways enriched 
among endothelial cell markers. Figure S3: Immune cell infiltration 
and gene correlation. (A) ssGSEA analysis of 28 immune cell types be-
tween CAS and control groups. (B, C) Correlation plots between NRP1/
XAF1 and immune infiltration levels. Table S1: Basic information of 
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