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Carotid and femoral plaques exhibit varying degrees of stability; however, the relationships of different 
genes/cell types with plaque embolism are poorly understood. We evaluated differential gene/
cell expression and investigated the cells/genes associated with carotid and femoral artery plaque 
embolism. sc-RNA-seq and bulk RNA data were obtained to identify differentially expressed genes 
(DEGs). Seven machine learning models were trained, and the top 10 DEGs across all models were 
selected. The most disturbed cells in carotid and femoral artery plaques were identified using Augur, 
while the genes and cells in the carotid plaque associated with embolism were analyzed through 
scPagwas. The differences in most disturbed cells and embolism-related cells were further analyzed. 
Compared with femoral plaques, carotid plaques had 80 downregulated and 90 upregulated genes. 
Machine learning identified the key DEGs between carotid and femoral plaques were predominantly 
from the HOX gene family. Natural Killer (NK) cells were the most significantly disturbed cells between 
carotid and femoral plaques, and they may be most strongly associated with plaque embolism. Among 
the differential genes in NK cells, CD2 was most associated with embolism. Our research may offer new 
insights into atherosclerosis at different locations.
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Atherosclerotic vascular disease represents a major global health challenge and is one of the leading causes of 
mortality worldwide1. Atherosclerosis is a chronic inflammatory disease characterized primarily by apolipoprotein 
B deposition in the arterial intima and inflammatory cell infiltration2–4. In recent years, the number of patients 
with peripheral atherosclerotic artery disease has been gradually increasing globally; therefore, it is becoming 
an increasingly serious issue5–8. However, previous research on the inflammatory mechanisms of atherosclerosis 
has primarily focused on cardiovascular and cerebrovascular diseases, with relatively less research focused on 
peripheral artery atherosclerosis9–11.

Carotid artery and femoral artery plaques exhibit varying degrees of stability. Carotid plaques are more 
prone to rupture and form distal emboli, while femoral plaques tend to progress (tend to be more stable), 
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ultimately leading to peripheral artery disease12–14. Furthermore, carotid and femoral plaques also differ in their 
inflammatory characteristics, with carotid plaques appearing to exhibit a more active inflammatory response15–18. 
Recent studies have used single-cell sequencing to compare the heterogeneity of plaque cells in the femoral 
artery and carotid artery19–22 However, current research has only examined the differences in inflammation 
levels between carotid and femoral artery plaques, without conducting a joint analysis with plaque embolism 
events. Little is known about the relationship between different cell types, genes, and plaque embolism in carotid 
and femoral artery. The scPagwas method can be used to integrate genome-wide association study (GWAS) and 
sc-RNA seq to identify cell subpopulations and genes associated with specific traits, allowing the impact of cells 
in certain diseases to be evaluated.

To date, the relationship between the differential gene expression, inflammatory cell profiles, and risk of 
plaque embolism in carotid and femoral artery plaques has not been sufficiently explored. The purpose of this 
study is to use various machine learning approaches to screen for the key differentially expressed genes (DEGs) 
in carotid and femoral artery plaques, while also investigating the most disturbed cell type in these plaques. 
Furthermore, scPagwas was utilized to investigate the cell types and genes associated with plaque embolism, 
which were compared between carotid and femoral artery plaques to elucidate the relationships between gene/
cell differences and the distinct vulnerability of these types of plaque.

Methods
Data availability
The single-cell sequencing data and bulk RNA data used in this study were obtained from the Gene Expression 
Omnibus (GEO) database. The single-cell data were from the GSE234077 dataset, which includes nine femoral 
artery plaque samples and four carotid artery plaque samples after CD45+ selection19. The bulk RNA data 
were obtained from four datasets: GSE100927, GSE53274, GSE43292 and GSE23304. The GSE100927 dataset 
includes carotid and femoral artery plaque samples, as well as their respective arterial controls12. We used 29 
carotid artery plaque samples and 26 femoral artery plaque samples from this dataset. The GSE53274 dataset 
includes primary femoral plaque samples and restenosis plaque samples23. We selected four primary femoral 
plaque samples for the analysis. The GSE43292 dataset includes carotid artery plaque samples and samples from 
neighboring arteries24. We selected 32 carotid artery plaque samples for the analysis. The GSE23304 dataset 
includes a comparison of 101 arterial plaques, from which this study selected 7 carotid plaques, 7 common 
femoral artery plaques, and 61 superficial femoral artery plaques (Table S1). The overall workflow of this study 
is shown in Fig. S1.

This study utilized publicly available datasets with pre-existing ethics approval. The ethics approval for the 
immunohistochemical (IHC) validation was granted by the Ethics Committee of the First Affiliated Hospital 
of Fujian Medical University (approval number: FMU [2023] 508). All participants had provided informed 
consent, and the research was conducted in accordance with the principles of the Declaration of Helsinki.

Analysis of DEGs and pathways between carotid and femoral artery plaques
We used the “sva” package of R to reduce batch effects from the GSE100927, GSE53274, and GSE43292 datasets. 
The initial differential gene expression analysis between carotid and femoral artery plaques was conducted at a 
cutoff FC = 1.

For inflammatory gene set enrichment, the “HALLMARK_INFLAMMATORY_RESPONSE” gene set from 
the Molecular Signatures Database (MSigDB) was used in a Gene Set Enrichment Analysis (GSEA) to assess 
differences in inflammatory pathways. The DEGs were further analyzed by Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathway enrichment25–27.

To identify key DEGs in carotid and femoral artery plaques, the bulk RNA dataset was randomly split into the 
training (70%) and validation (30%) sets. Seven machine learning models, including Least Absolute Shrinkage 
and Selection Operator, Gradient Boosting Machine, XGBoost, Support Vector Machine, Linear Discriminant 
Analysis, Elastic Net Regularization, and Logistic Regression, as well as their combinations, were trained and 
tuned on the training data to achieve the highest area under the curve for the validation set. We then evaluated 
the area under the curve of the models to assess their goodness of fit, retaining only those with values greater than 
0.8 for subsequent analysis. We calculated the importance of each gene in each model. Based on the frequency 
with which a gene appeared across all models and its average importance rank within each model, we selected 
the top 10 genes as the DEGs.

Single-cell RNA-seq analysis
scRNA-seq analysis was performed using Seurat v4.2.1. All of the femoral artery plaque and carotid artery 
plaque data were combined into a single Seurat object, before extracting the carotid artery plaque data as 
separate Seurat objects for use in the scPagwas analysis. For initial quality control, cells with 1) > 3 expressed 
cells, 2) < 200 total genes, 3) mitochondrial genes accounting for > 10% of the total gene expression, 4) < 200 or 
> 10,000 detected RNA features, and 5) total molecule counts of < 1,000 were filtered. We used “SCTransform” 
to normalize and select highly variable genes. Then, for better interpretability, we employed Non-negative 
Matrix Factorization for dimensionality reduction instead of Principal Component Analysis. After performing 
Harmony batch correction, we used the “FindNeighbors” and “FindClusters” functions to identify clusters, 
setting the resolution to 0.6 for initial clustering. Uniform Manifold Approximation and Projection (UMAP) 
was used to visualize the cell clusters. In this study, we classified the initial cell clusters annotation using the 
following markers: T cells (CD3E, CD3D), monocytes/macrophages (CD14, CD68), B cells (CD79A, MS4A1), 
NK cells (NKG7, TYROBP, FCGR3A), and neutrophils (S100P, NAMPT, FCGR3B). Subsequently, we further 
classified the monocytes/macrophages into resident macrophages (LYVE1, FOLR2), M1 macrophages (IL1B, 
TNF), foamy macrophages (APOE, FABP5) and monocytes (CD14, LYZ, S100A9). The T cells were also divided 
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into the following subgroups: CD8 + T cell (CD8A), CD8 + effector (CD8A, FAS, FASLG), CD4 + memory T cell 
(CD44, S100A4, GPR183), CD4 + Th1 (IL2, IFNG), Regulatory T cells (IL2RA, FOXP3). For clusters without 
specific markers, we annotated them as “Others” and removed these cells. After annotation, we re-examined the 
marker genes for each major cluster in the UMAP and calculated the marker genes for each group.

BayesPrism deconvolution and differential analysis of cells in bulk RNA sequencing
To mitigate potential biases and improve the deconvolution process, highly expressed genes were removed, 
including ribosomal protein genes and mitochondrial genes, from the Seurat object. These genes tend to 
dominate the expression distribution and can introduce biases that may hinder deconvolution. Additionally, 
genes with low transcription were removed as their measurements are more susceptible to noise. Furthermore, 
because the gender proportions in the scRNA samples and the bulk RNA samples were not consistent, following 
the recommendation of the authors of BayesPrism, genes located on the X and Y chromosomes were excluded21. 
In the deconvolution results of bulk RNA, the cell proportions between carotid and femoral artery plaques 
were compared. At the same time, we analyzed the relationship between key DEGs and cell proportions in both 
carotid and femoral artery plaques.

Identify the most disturbed cell types in carotid and femoral artery plaques
We employed Augur, a machine learning-based classification algorithm, to investigate the disturbances of 
inflammatory cells in carotid and femoral artery plaques28. We utilized the random forest classifier in Augur to 
analyze cell disturbances. Then, the differential gene expression, KEGG pathways, and GO terms of the cell types 
with the highest AUC values in carotid and femoral artery plaques were analyzed.

Identifying genes and cells associated with carotid plaque embolism using ScPagwas
To investigate the genes and cells associated with plaque embolism, the scPagwas analysis was conducted. The 
scPagwas method uses polygenic regression and integrates pathway activity from scRNA sequencing data with 
GWAS summary data to prioritize trait-risk genes and identify associated cell subpopulations29. We selected 
“embolic stroke” (finngen_R9_I9_STR_EMBOLIC) from the Finnish database as the traits of plaque embolism 
for carotid plaques. (Table S2) The scPagwas analysis was then performed on samples from carotid artery plaques, 
and the bootstrap bias estimate was used to validate the statistical significance of the associations between each 
identified cell cluster and the embolic traits. In the scPagwas analysis, we used Pearson correlation coefficient 
(PCC) values to calculate the genes associated with the trait. By calculating trait-risk scores (TRS) for each cell, 
we were able to determine the overall trait risk within the cell population and identify the most relevant cells 
associated with the embolism. TRS were bias-corrected using 1,000 bootstrap iterations, subtracting bootstrap-
estimated bias from original TRS. Significant TRS scores were defined as those exceeding the 95th percentile of 
a null distribution generated by 1,000 trait label permutations. (See supplement materials for details)

Integration analysis of disturbed cells, genes, and embolic stroke-related genes in carotid 
and femoral plaques
To investigate the differences between carotid and femoral artery plaques and their stability, we conducted a 
joint analysis of embolism-related genes/cells and differential genes/cells. We used PySCENIC to analyze 
the differences in transcription factors associated with embolism-related genes30. Additionally, we employed 
CellChat and NicheNet to investigate the communication differences between the most disturbed cells in carotid 
and femoral artery plaques, as well as those related to embolism-associated genes31,32.

Validation
To validate the key DEGs identified by machine learning in the carotid and femoral plaque, we used an additional 
dataset, GSE23304. From this dataset, we selected specimens of common femoral artery and superficial femoral 
artery plaques for comparison with carotid artery plaques. Since the dataset compares peripheral artery specimens 
with 7 carotid artery plaques, we multiplied the results by 7 and presented the findings as a 1:1 comparison 
between femoral and carotid artery plaques. We then selected key DEGs from this additional dataset, calculated 
the log2 fold change values and p-values, and performed RNA-level validation.

Next, we selected the most differentially expressed genes from the key DEGs, focusing on those previously 
reported in clinical studies, for IHC analysis to validate protein-level differences. Thus, HOXC9 and HOXC6, 
which have been reported in previous literature, were selected33,34.

We matched patients who recently underwent carotid or femoral artery endarterectomy at our center, ensuring 
consistency in age (± 3 years), sex, hypertension, and diabetes status. The plaques were placed in neutral-buffered 
formalin and routinely processed at the Department of Pathology in our center. After fixation for approximately 
24 h, the tissue was placed in cassettes, paraffin-embedded, and manually sectioned to a thickness of 6 μm. For 
IHC, HOXC9 and HOXC6 were detected using rabbit polyclonal anti-HOXC9 (YN0785, Immunoway, dilution 
1:200) and rabbit polyclonal anti-HOXC6 (YT2218, Immunoway, dilution 1:200), respectively. The stained 
slides were evaluated, and immunostains were scored using integrated optical densitometry (IOD) analysis 
with the Image-Pro Plus 6.0® image processing program (Media Cybernetics, Inc., USA), utilizing the IOD 
measurement profile installed in the program. We removed low-quality samples from the IHC results, and the 
basic information of the patients is presented in Tables S3 and S4. The results shown represent the mean optical 
density of all measurements.

To verify that the increase in embolic stroke in carotid plaques represents a collective change rather than 
the effect of a few individual cells, we classified the most disturbed cells into high and low embolic stroke 
gene expression groups based on the average expression levels of embolic stroke genes. We then analyzed the 
differences in the expression of these genes in the most disturbed cells from carotid and femoral plaques using 
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scRNA-seq. Finally, we conducted additional scRNA analysis (GSE224273) to validate the expression differences 
of CD2 and ITGB1 between symptomatic and asymptomatic plaques.

Statistical analysis
The statistical analysis was conducted using R, version 4.3.0 (https://www.r-project.org/). To compare the two 
groups, Wilcoxon’s signed-rank test was used. Pearson’s or Spearman’s correlation tests were used to determine 
the correlations between variables. The statistical p-values were two-sided, and p < 0.05 was considered 
statistically significant.

Results
Identification of the key DEGs and pathways between carotid and femoral artery plaques
The integration of three GEO datasets yielded a total of 61 carotid artery samples, 31 of which were included 
in the analysis. After batch effect correction (Fig. S2), compared to the femoral artery, the carotid artery had 
80 downregulated and 90 upregulated genes (Fig.  1A and B). The GSEA suggested that enrichment of the 
inflammatory response was higher in the carotid artery than in the femoral artery (p < 0.001) (Fig. 1C). The GO 
analysis suggested that the upregulated DEGs in the carotid artery were primarily enriched in processes like 
regulation of plasma lipoprotein particle levels, while the downregulated genes were mainly enriched in muscle 
system process (Fig. 1D). The KEGG enrichment analysis showed that the DEGs were primarily enriched in the 
cholesterol metabolism pathway (Fig. 1E).

Multiple machine learning models indicated that most models performed well in both the training and 
validation sets, and all models had an area under the curve value of > 0.8 (Fig. 1F). Through the application of 
various machine learning approaches, we ultimately identified 10 genes that ranked the highest and appeared 
most frequently across the models, which we designated as the key DEGs, including HOXC9, HOXC6, HOXC10, 
CACNA1H, HOXA9, HOXA7, HOXA6, HOXA5, APOC2, and HOXC8 (Fig. 1G). Among them, APOC2 was 
upregulated in the carotid artery, while the rest were downregulated.

Single-cell analysis of carotid and femoral artery plaques
After initial quality control, four carotid artery plaque samples (containing 30,655 cells) and nine femoral 
artery plaque samples (containing 35,265 cells) were included. The cells were annotated into several clusters: 
residence macrophages, M1 macrophages, foamy macrophages, monocytes, CD8 + T cells, CD4 + memory T 
cells, CD4 + Th1 cells, Regulatory T cells, CD8 + cytotoxic T cells, B cells, NK cells, and neutrophils. (Fig. 2A) 
The UMAP plots of carotid and femoral artery cells are shown in Fig. 2B and D. The cell ratios for each sample 
are displayed in Fig. 2C. The markers of the cells were represented on the UMAP plots, indicating good cluster 
annotation. (Fig. 2E) The marker genes for each cell were shown in Fig. 2F.

Cell type proportions identified by bulk RNA bayesprism Deconvolution
Quality control of bulk RNA BayesPrism deconvolution resulted in the removal of most ribosomal and 
mitochondrial genes (Fig. 3A). The BayesPrism deconvolution showed strong correlations between single-cell 
and bulk RNA protein-coding genes, while long non-coding RNAs and pseudogenes were largely unselected, 
indicating that the deconvolution was predominantly based on protein-coding genes (Fig. 3B). Carotid artery 
plaques had a significantly higher proportion of CD8 + effector, CD4 + memory T cell, monocyte, CD8 + T cell, 
foamy macrophage and resident macrophage, while the proportions of NK cell, neutrophil and B cell were 
significantly lower in carotid artery plaques (Fig. 3C). In carotid artery plaques, key DEGs were more strongly 
associated with monocytes. (Fig. 3D) In contrast, in femoral artery plaques, NK cells and neutrophils showed a 
greater association with key DEGs. (Fig. 3E)

Identify the cell disturbances in the carotid and femoral plaques
Augur identified the AUC values for cell disturbances in carotid and femoral artery plaques, with the highest 
rankings for NK cells, B cells, and foamy macrophages, respectively. (Fig. 4A) We conducted a differential gene 
analysis on the most disturbed cells, specifically NK cells, which revealed significant upregulation of MTRNR2L8, 
ITGB1, and SLFN5 in carotid plaques. (Fig. 4B)

GO enrichment analysis showed that NK cells in carotid plaques are enriched in leukocyte activation and 
adhesion to endothelial cells, while those in femoral plaques focus on regulating leukocyte-mediated immunity 
and natural killer cell activity. (Fig. 4C) KEGG analysis revealed that NK cells in carotid plaques are enriched 
in the tight junction and leukocyte transendothelial migration pathways, whereas those in femoral plaques are 
associated with apoptosis and ferroptosis pathways. (Fig. 4D)

The ScPagwas analysis identified genes and cells associated with embolism
scPaGwas integrated scRNA-seq and GWAS data, and the bootstrap results indicated that NK cells, CD4 + Th1 
cells, and resident macrophages are associated with embolic stroke in carotid plaques. (Fig. 5A) The genes most 
closely related to embolic stroke in the plaques include GNAS, FOS, IL32, CD2, and ITGB1. (Fig. 5B) scPagwas 
integrated gene-related pathways and assigned TRS scores to the cells. The results showed that cell clusters with 
high TRS scores were mainly concentrated in T cells and NK cells, with NK cells having higher TRS scores than 
other immune cells. (Fig. 5C, D and E).

Integration analysis of disturbed cells and genes related to embolic stroke in carotid and 
femoral plaques
The above results suggested that the most disturbed cells in carotid and femoral plaques were NK cells, and 
scPaGwas indicated that NK cells were also the most relevant cells associated with embolic stroke in carotid 
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Fig. 1.  Differential gene analysis in Bulk RNA of carotid and femoral artery plaques. (A) Heatmap of 
differential gene expression. Red represents genes that are upregulated, and blue represents genes that are 
downregulated. (B) Volcano plot of differential gene expression. Red represents genes that are upregulated in 
carotid plaques, and blue represents genes that are downregulated in carotid plaques. Gray represents genes 
with non-significant differential expression. (C) Enrichment analysis of differential inflammatory signaling 
using the gene set enrichment analysis. (D) Gene Ontology analysis of differential gene expression between 
carotid and femoral artery plaques. (E) Kyoto Encyclopedia of Genes and Genomes Sankey Enrichment Plot 
of differential gene expression. The leftmost column shows differentially expressed genes, the middle column 
shows enriched pathways, bubble size indicates the number of enriched genes, and color shows the -log10(p-
value). (F) AUC results of machine learning models for the selection of key differentially genes between carotid 
and femoral artery plaques. (G) The top 10 most important genes (key differentially expressed genes) in 
machine learning models. The genes are sorted on the y-axis according to the number of times they appeared 
in the models. The color represents how many machine learning models retained the gene as an important 
feature (and did not filter it out), and the x-axis represents the average importance ranks of these genes across 
the retained models. AUC, area under the curve; LASSO, Least Absolute Shrinkage and Selection Operator. 
GBM, Gradient Boosting Machine. SVM, Support Vector Machine. LDA, Linear Discriminant Analysis. ENR, 
Elastic Net Regularization. LR, Logistic Regression.
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plaques. The Venn diagram of the top 10 differentially expressed genes in NK cells from carotid and femoral 
plaques and the top 10 PCC genes related to embolic stroke is shown in Fig. 5F, with CD2 and ITGB1 being the 
common genes. We further investigated the transcriptional regulation of CD2 and ITGB1 and found that their 
transcription factors, STAT2 and BPTF (Fig. 5G and H), were expressed at higher levels in the carotid plaque 
compared to the femoral plaque. (Fig. 5I and J)

Fig. 2.  Single-cell RNA analysis of carotid and femoral artery plaques. (A) UMAP plot of cell clusters. (B) 
UMAP plot of carotid cell clusters. (C) Proportional representation of each cell type. (D) UMAP plot of 
femoral cell clusters. (E) The distribution of each cell marker in the UMAP plot. (F) Heatmap of marker genes 
for each cell type. Res, residence. Mar, macrophage. Mono, monocyte. Treg, regulatory T cell. NK, natural 
killer. UMAP, uniform manifold approximation and projection.
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Fig. 3.  Bulk RNA deconvolution using BayesPrism and cell proportions in carotid and femoral artery plaques.  
(A) Genes potentially generating noise were removed during Bayesian deconvolution. (B) Correlation between 
gene expression in bulk RNA and scRNA sequencing. (C) Differences in inflammatory cells between carotid 
and femoral artery plaques in bulk RNA data. (D) and (E) The correlation between key differentially expressed 
genes and inflammatory cells in carotid and femoral plaques. *: p < 0.05; **: p < 0.01; ***: p < 0.001; ****: 
p < 0.0001; ns: no significant.
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We analyzed cell communication in carotid and femoral plaques and found that intercellular communication 
among immune cells is stronger in carotid plaques. (Fig. 6A) NK cells and M1 macrophages in carotid plaques 
communicated more actively, while foamy macrophages and neutrophils in femoral plaques showed higher 
communication levels. (Fig. 6B) NK cells in carotid plaques have more active signaling compared to those in 
femoral plaques, with the difference being particularly pronounced in their interaction with CD8 + T cells. 
(Fig. 6C and D) In the differences between NK cell signaling in carotid and femoral plaques, the alterations in 
APOE, VCAN, and SPP1 signals mediated by M1 macrophages and foamy macrophages are particularly notable. 
(Fig. 6E) In carotid plaques, CD8 + T cells exhibit increased GNAS signaling. Additionally, macrophages in these 
plaques release elevated levels of APOE signals, which target IL1B in NK cells, thereby promoting inflammation.

Validation
To validate the key DEGs in carotid and femoral artery plaques, we performed validation using an additional 
dataset. We found that in both the common femoral artery plaques and superficial femoral artery plaques, genes 
from the HOX family showed the largest differential expression, with HOXC10, HOXC9, HOXA7, and HOXC6 
exhibiting the most significant differences. (Fig. 7A and B)

To further validate the protein-level expression differences of the HOX family in carotid and femoral artery 
plaques, we selected HOXC9 and HOXC6 for IHC analysis. The results showed that the protein expression levels 
of HOXC9 were higher in femoral artery plaques compared to carotid artery plaques (Fig. 7C and D), whereas 
no significant difference was observed for HOXC6. (Fig. 7E and F)

Fig. 4.  The disturbance of cells in carotid and femoral artery plaques. (A) The disturbance of cells in carotid 
and femoral artery plaques. A larger AUC value indicates a more significant disturbance. (B) Volcano plot of 
differentially expressed genes in NK cells from carotid and femoral artery plaques. C and D, Gene Ontology 
and Kyoto Encyclopedia of Genes and Genomes enrichment analysis of differentially expressed genes in NK 
cells from carotid and femoral artery plaques.
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Fig. 5.  Genes and cells associated with embolism in carotid and femoral artery plaques analyzed by scPagwas. 
(A) Bootstrap results of the scPagwas bias estimate for cell types in carotid plaque associated with embolic 
stroke. (B) The genes most correlated with embolic stroke in carotid artery plaques. (C) and (D), UMAP plot of 
cell types and TRS scores with scPagwas associated with embolic stroke in carotid artery plaques. E, Violin plot 
of TRS scores in carotid artery plaques associated with embolic stroke. (F) Venn diagram of upregulated genes 
in NK cells from carotid plaques and genes associated with embolism stroke. (G) and (H). Network diagram 
of genes regulated by transcription factors BPTF and STAT2. TRS, trait-risk scores; UMAP, uniform manifold 
approximation and projection. (I) and (J), Differences in transcription factors BPTF and STAT2 in NK cells 
from carotid and femoral artery plaques.
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Fig. 6.  Differences in NK cell communication in carotid and femoral artery plaques.  (A) Differences in the 
number of communications in carotid and femoral artery plaques. (B) Cellular communication network in 
carotid and femoral artery plaques. (C) Differences in signal transmission of NK cells in carotid and femoral 
artery plaques. (D) Differences in communication of NK cells to other cells in carotid and femoral artery 
plaques. (E) Differences in the communication of NK cells in receiving signals in carotid and femoral artery 
plaques.
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Fig. 7.  Validation of key DEGs between carotid and femoral artery plaques. (A) and (B), Validation of 
the RNA expression differences of key DEGs in carotid and CFA/ SFA plaques using an additional dataset 
(GSE23304). (C) Representative IHC staining of HOXC9. (D) Quantitative expression level of HOXC9 
in carotid and femoral plaque. (E) Representative IHC staining of HOXC6. (F) Quantitative expression 
level of HOXC6 in carotid and femoral plaque. (G) and (H), The proportion of NK cells with high/low 
expression of ITGB1 and CD2 in carotid and femoral artery plaques. CFA, common femoral artery; IHC, 
immunohistochemical; SFA, superficial femoral artery; IOD, integrated optical density. **: P < 0.01.
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In our scRNA-seq results, we observed that the number of NK cells exhibiting high CD2 and high ITGB1 
expression in carotid plaques was significantly higher than in femoral plaques. (Fig. 7G and H) This indicates 
that the overall expression levels of CD2 and ITGB1 in NK cells within carotid plaques were elevated.

We conducted another scRNA analysis to validate the relationship between the expression of CD2 and 
ITGB1 in NK cells and plaque stability. The clustering, annotation, marker genes, and cell distribution of the sc-
RNA were shown in Fig. 8A, B, C, and D. By comparing symptomatic (with embolic events) and asymptomatic 
(without embolic events) carotid plaques, we found that NK cells in symptomatic plaques exhibited significantly 
higher expression of CD2, while the difference in ITGB1 expression was not statistically significant. (Fig. 8E)

Discussion
In this study, we used machine learning to identify key DEGs between carotid and femoral artery plaques. 
Combining scRNA-seq and bulk RNA analysis with the BayesPrism algorithm revealed differences in 
inflammatory cell proportions in carotid and femoral plaques. We found that NK cells were most relevant to 
embolic stroke in carotid plaques and showed the greatest disturbance compared to femoral plaques. Additionally, 
expression differences of CD2 and ITGB1 in NK cells may significantly associated with the stability differences 
between these plaques. Transcription factors regulating CD2 and ITGB1 were upregulated in carotid plaques 
compared to femoral plaques. NK cells may influence plaque instability by receiving signals from macrophages, 
mediating the cytotoxic effects of CD8 + T cells. The expression of CD2 in NK cells was higher in plaques from 
symptomatic patients compared to NK cells in plaques from asymptomatic patients.

Fig. 8.  Single-cell RNA analysis of symptomatic and asymptomatic plaques. (GSE224273).  (A) UMAP plot 
of cell clusters. (B) UMAP plot of annotated cell clusters. (C) Marker gene expression of each cell cluster. D, 
Proportional representation of each cell type. E, The expression of ITGB1 and CD2 in NK cells in symptomatic 
and asymptomatic plaques.
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Although the carotid arteries generally exhibit stronger inflammatory characteristics, our research, through 
the combined use of machine learning and single-cell sequencing, found that the key DEGs between carotid 
and femoral artery plaques were not primarily related to inflammation; rather, these gene were from the HOX 
family19,35. In recent years, the relationship between the HOX family of genes and atherosclerosis has increasingly 
been recognized by researchers36–39. Experimental studies reveal distinct anti-inflammatory modalities within 
the HOX family: HOXA5 exerts its endothelial-protective effects by blocking TNF-α-mediated monocyte-
endothelial adhesion in vitro, while HOXA9 ablation in atherosclerotic models improves coronary microvascular 
function through a triad mechanism involving PF4, E-selectin, and VCAM-1 suppression, illustrating isoform-
selective transcriptional regulation of vascular inflammation37,40. In vitro experiments have shown that HOXC9 
overexpression blocks endothelial cell proliferation, migration, and tube formation34,41. Our study found that 
HOXC9 is expressed at higher levels in femoral artery plaques compared to carotid artery plaques, both at the 
mRNA and protein levels. Previous studies have shown that high expression of HOXC9 can stabilize plaques by 
inhibiting IL-8, which reduces the expression of MMP942,43. Therefore, we hypothesize that the high expression 
of HOXC9 may be one of the factors contributing to the greater stability of femoral artery plaques compared to 
carotid artery plaques.

The level of inflammatory cell infiltration in carotid and femoral artery plaques has been known to differ, 
and preliminary investigations have been conducted on this topic44. Our study validated this concept using the 
BayesPrism deconvolution approach on a large sample. The observed discrepancies between the cell proportions 
in single-cell samples and bulk RNA analysis after deconvolution using BayesPrism emphasize the importance 
of large-scale analyses. Despite BayesPrism’s deconvolution results indicating a potentially higher proportion of 
NK cells in femoral artery plaques, KEGG enrichment analysis reveals that NK cells in carotid artery plaques 
exhibit greater inflammatory activity. In contrast, the pathways enriched in NK cells from femoral artery plaques 
are primarily related to the regulation of inflammatory stability.

Previous studies have mentioned the relationship between T cells, macrophages, and carotid plaque 
embolism19,45–47. Our study, combining scRNA-seq with GWAS data analysis, identified NK cells as a key 
factor associated with the occurrence of embolic stroke in carotid plaques. Previous studies have noted that 
patients with carotid plaques who experienced embolic strokes are associated with increased activity among 
foamy macrophages19. In our study, NK cells in carotid plaques received more APOE-IL1B signals from foamy 
macrophages and sent more signals to T cells. The scPagwas results indicated that T cells and NK cells exhibit 
relatively high TRS scores, highlighting a significant association with plaque-related embolic stroke. The well-
known APOE, which is highly expressed in foam cells, may influence NK cells, leading to increased T cell activity 
and ultimately resulting in embolic stroke48. The communication between NK cells and M1 macrophages mainly 
focuses on the MIF-(CD74/CXCR4) signaling pathway. Some studies have confirmed that the activation of MIF 
signaling may lead to M1 cell polarization, promoting inflammation, which could be one of the reasons why 
NK cells are associated with plaque embolism49. Additionally, our study found that the high expression of CD2 
in NK cells may be one of the important factors associated with an increased likelihood of embolic events in 
carotid plaques. Currently, there are no studies on CD2 in atherosclerotic plaques. CD2 is an important adhesion 
molecule in NK cells that enhances their ability to kill target cells. In additional scRNA analysis, we found that 
NK cells with high CD2 expression were significantly increased in symptomatic patients, which may support the 
hypothesis that these cells play an important role in plaque rupture. Recent studies suggest that high expression 
of CD2 may be a key factor in various inflammatory diseases and can also strengthen NK cell cytotoxicity 
against tumor cells50,51. In carotid plaques, the high expression of CD2 in NK cells may enhance their ability to 
target necrotic cells within the plaque, potentially leading to plaque instability. Emerging evidence suggests that 
targeting CD2—a therapeutic strategy implicated in chronic inflammatory diseases—may also hold promise for 
vascular pathologies. This is supported by observations in abdominal aortic aneurysms, where CD8 + cytotoxic 
T cell infiltration positively correlates with CD2 expression. Such findings underscore the role of CD2-mediated 
immune mechanisms in disease pathogenesis and highlight novel research avenues for immunomodulatory 
interventions aimed at stabilizing arterial plaque integrity50,52.

Our study identified several genes associated with embolism in carotid plaques, such as GNAS, FOS, and 
IL32, which are more highly expressed in NK cells and T cells and are closely linked to plaque rupture. Some 
population cohort studies have also found correlations between these genes and stroke; however, the specific 
molecular mechanisms remain unclear and warrant further investigation by future researchers53,54.

This study has certain limitations. First, the single-cell sequencing data were subjected to CD45+ cell selection, 
which makes it challenging to evaluate the situation of cells other than inflammatory cells in carotid and femoral 
artery plaques (such as endothelial cells and smooth muscle cells). Future studies should include non-immune 
cells (such as endothelial cells, fibroblasts, etc.) in analysis. Second, although this study identified certain 
genes that have not been mentioned in previous research, the mechanisms underlying their roles remain to be 
elucidated as experimental evidence was lacking in this study. Finally, both single-cell and bulk RNA samples 
were obtained from patients who underwent carotid/femoral artery endarterectomy, representing cases with 
severe conditions that warranted surgical intervention. Despite these limitations, this study may have identified 
differences in the genetic profiles of carotid and femoral plaques, as well as the reasons for their differing stability.

Conclusions
In summary, our research results indicate that carotid and femoral artery plaques exhibit differences in gene 
expression, cell–cell interactions, and inflammatory cell infiltration. Additionally, the cells associated with the 
differing stability of carotid and femoral plaques may be NK cells that express high levels of CD2. These findings 
provide important clues and serve as a basis for further research into the precise prevention and treatment of 
atherosclerosis in different vascular regions.
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Data availability
All data in this study are available online. The following datasets can be accessed: GSE234077 (​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​
b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​2​3​4​0​7​7); GSE100927 (​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​
c​g​i​?​​a​c​c​=​G​S​E​1​0​0​9​2​7); GSE53274 (​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​5​3​2​7​4), GSE43292 
(​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​4​3​2​9​2); GSE23304 (​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​
e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​2​3​3​0​4); GSE100927 (​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​1​0​0​9​
2​7); GSE224273 (​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​g​e​o​/​q​u​e​r​y​/​a​c​c​.​c​g​i​?​ ​a​c​c​=​G​S​E​2​2​4​2​7​​3​​​​​)​;​f​i​n​n​g​e​n​_​R​9​_​I​9​_​S​T​R​_​E​M​
B​O​L​I​C (​h​t​t​p​s​:​​/​/​s​t​o​r​​a​g​e​.​g​o​​o​g​l​e​a​p​​i​s​.​c​o​​m​/​f​i​n​n​​g​e​n​-​p​u​​b​l​i​c​-​d​​a​t​a​-​r​​9​/​s​u​m​m​​a​r​y​_​s​t​​a​t​s​/​f​i​​n​n​g​e​n​_​R​9​_​I​9​_​S​T​R​_​E​M​B​O​L​I​
C​.​g​z).
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