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Background: Atherosclerosis is a leading cause of cardiovascular disease
worldwide, while carotid atherosclerosis (CAS) is more likely to cause ischemic
cerebrovascular events. Emerging evidence suggests that cuproptosis may
be associated with an increased risk of atherosclerotic cardiovascular disease.
This study aims to explore the potential mechanisms linking cuproptosis and CAS.
Methods: The GSE100927 and GSE43292 datasets were merged to screen for
CAS differentially expressed genes (DEGs) and intersected with cuproptosis-
related genes to obtain CAS cuproptosis-related genes (CASCRGs). Unsupervised
cluster analysis was performed on CAS samples to identify cuproptosis molecular
clusters. Weighted gene co-expression network analysis was performed on all
samples and cuproptosis molecule clusters to identify common module genes.
CAS-specific DEGs were identified in the GSE100927 dataset and intersected with
common module genes to obtain candidate hub genes. Finally, 83 machine
learning models were constructed to screen hub genes and construct a
nomogram to predict the incidence of CAS.

Results: Four ASCRGs (NLRP3, SLC31A2, CDKN2A, and GLS) were identified as
regulators of the immune infiltration microenvironment in CAS. CAS samples were
identified with two cuproptosis-related molecular clusters with significant
biological function differences based on ASCRGs. 220 common module hub
genes and 1,518 CAS-specific DEGs were intersected to obtain 58 candidate hub
genes, and the machine learning model showed that the Lasso + XGBoost model
exhibited the best discriminative performance. Further external validation of single
gene differential analysis and homogram identified SGCE, PCDH7, RAB23, and
RIMKLB as hub genes; SGCE and PCDH7 were also used as biomarkers to
characterize CAS plaque stability. Finally, a nomogram was developed to assess
the incidence of CAS and exhibited satisfactory predictive performance.
Conclusions: Cuproptosis alters the CAS immune infiltration microenvironment
and may regulate actin cytoskeleton formation.

KEYWORDS

atherosclerosis, cuproptosis, unsupervised clustering analysis, machine learning model,
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AS, atherosclerosis; AUC, area under curve; CAS, carotid atherosclerosis; CASCRGs, CAS cuproptosis-
related genes; CVDs, cardiovascular diseases; DEGs, differentially expressed genes; GEO, gene expression
omnibus database; GSEA, gene set enrichment analysis; GSVA, gene set variation analysis; Lasso, least
absolute shrinkage and selection operator; ROC, receiver operating characteristic WGCNA, weighted
gene co-expression network analysis; XGBoost, extreme gradient boosting.
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1 Introduction

Atherosclerosis (AS) is a chronic inflammatory pathological
change that occurs in the vascular wall and is characterized by
lipid deposition and immune cell infiltration. It serves as the
pathological basis for various cardiovascular diseases (CVDs),
including ischemic heart disease and stroke (1). AS commonly
manifests in the coronary, brain, and carotid arteries. Areas of
relatively slow blood flow, rapid dilation of vessel diameters,
and vertexing of blood flow at the carotid bifurcation are
favored for carotid atherosclerosis (CAS) (2). The global
prevalence of CAS in 2020 was as high as 27.6% in people
aged 30-90 years, CAS is more likely to cause ischemic
cerebrovascular events, which increased the
incidence of CVDs (3).

Copper is an essential trace element in the human body and

significantly

functions as a cofactor for numerous enzymes involved in critical
cellular processes, such as transcriptional regulation, oxidoreductase
reactions, inflammation, immune function, mitochondrial electron
transport, and free radical scavenging (4). Intracellular copper ion
content is tightly regulated, and any imbalance can lead to
oxidative stress and abnormal cellular autophagy (5, 6). The
excessive accumulation of copper ions results in abnormal
aggregation of lipoylated proteins, interference with iron-sulfur
cluster proteins in the respiratory chain complex, and ultimately
induces a protein-toxic stress response leading to cell death. This
type of cell death, triggered by copper ion accumulation, is termed
“cuproptosis” and can contribute to the onset of various diseases
(7). Previous studies have shown that serum copper deficiency
promotes the development of AS through increased cholesterol
levels, elevated blood pressure, and impaired glucose tolerance
(8, 9). However, subsequent research has revealed that elevated
serum copper levels are associated with an increased risk of
atherosclerotic CVDs, which contradicts the previously reported
association between serum copper and CVDs outcomes (10, 11).
High copper
formation by affecting lipid metabolism, low density lipoprotein

serum levels accelerate atherosclerotic plaque
oxidation, and inflammation, thereby increasing the risk of
atherosclerotic heart disease (12, 13).

Therefore, this study was based on bioinformatics to uncover
the underlying mechanisms and pivotal genes associated with
cuproptosis in CAS. Employing differential expression analysis to
identify CAS cuproptosis-related genes (CASCRGs) and immune
profiles in CAS by comparing control and CAS samples.
Subsequently, unsupervised cluster analysis on CAS samples,
utilizing CASCRGs, aimed to delineate cuproptosis-associated
clusters and evaluate the differences in gene expression,
immunity, and biological processes among these clusters. Further,
candidate hub genes were discerned through the application of
(WGCNA).

Multiple prediction models were then developed based on

weighted gene co-expression network analysis

machine learning algorithms. The efficacy of these models was
rigorously tested using a nomogram, calibration curves, and
decision curve analysis. Additionally, the study incorporated a
gender-stratified approach and examined the stability of CAS

Frontiers in Cardiovascular Medicine

10.3389/fcvm.2024.1471153

plaques, thereby enriching the understanding of the disease’s
complexity and heterogeneity.

2 Materials & methods
2.1 Subjects and dataset acquisition

The entire study process is depicted in Figure 1. Five gene
expression profiles [GSE100927 (14), GSE43292 (15), GSE28829
(16), GSE163154 (17), and GSE41571 (18)] related to CAS were
retrieved from the Gene Expression Omnibus database (19)
(GEO, https://www.ncbi.nlm.nih.gov/geo/) under the keywords
“carotid atherosclerosis”. Among them, the GSE28829 dataset
was used for external validation, and the GSE163154 and
GSE41571 datasets were used to identify CAS stabilized and
unstabilized plaques.

2.2 ldentification of differentially expressed
genes (DEGs)

The GSE100927 and GSE43292 datasets were merged and
standardized using the “Affy” R package, while batch effects were
removed with the “SVA” R package (20, 21). DEGs associated
with CAS were identified by comparing disease and control
groups using the “limma” R package, with the criteria set at
P<0.05 and |logFC|>0.5 (1.4-fold differential expression) for
DEG selection (22). From the literature, 50 cuproptosis-related
genes (CRGs) were obtained and intersected them with the
DEGs of CAS to obtain CASCRGs (7, 23-25).

2.3 Unsupervised clustering analysis of CAS
samples

Unsupervised clustering analysis of CAS samples based on
CASCRGs
“ConsensusClusterPlus” R package (26). The CAS samples were

expression profiles was performed using the

grouped by applying the k-means algorithm with 1,000 iterations,
k=9, seed=123,456,
clusterAlg = km, distance = euclidean. The appropriate number of

reps=50, pltem=0.8, pFeature=1,
clusters was determined based on the matrix heat map,
consistent cumulative distribution function curve, delta area plot,

cluster-consensus plot, and item-consensus plot.

2.4 Immune infiltration analysis and
correlation analysis

The degree of infiltration of 22 immune cells was quantified
using the CIBERSORT deconvolution algorithm based on gene
microarray data (27). Differences between the two groups (the
Cl cluster compared to the C2 cluster; the control sample
compared to the CAS sample) were compared using the Wilcox
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FIGURE 1
Flow chart of this study.

test, and the results were visualized using the “vioplot” package
(28). Subsequently, Spearman correlation analysis was employed
to reveal the relationship between ASCRGs and immune cells.

2.5 Gene set variation analysis (GSVA)

The “GSVA” package was used to conduct a GSVA enrichment
analysis for different CRGs clusters, considering a significant
change if the |t value of the GSVA score| was greater than 2 (29).

2.6 WGCNA

WGCNA was employed to identify co-expression modules by
clustering the samples using the “WGCNA” R package. The
value of “CutHeight” was set to 60 to remove the outlier
samples, and a co-expression network for the gene expression
matrices of the remaining samples was constructed. The soft
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threshold corresponding to fit R*=0.8 was chosen for the
construction of gene modules, while the minimum number of
module genes (minSize) was specified to be 10, and the most
relevant module for the trait was selected (30).

2.7 Functional enrichment analysis
Imported the genes into the David database (https://david.abcc.
nciferf.gov/) (31) for functional enrichment analysis (32), set P<0.
05 as the screening condition.
2.8 Gene set enrichment analysis (GSEA)
The “GSEA” R package was used to explore the related
pathways of candidate hub genes and to calculate the correlation

between candidate hub genes and other genes (33). All genes
were then sorted from highest to lowest according to their
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correlation, and these sorted genes were the set of genes to be
tested. The signaling pathway set was called a “predefined set” to
detect its enrichment in the gene set.

2.9 Construction of predictive model based
on multiple machine learning methods

The “randomForestSRC” “glmnet” “plsRglm” gbm “caret”
“mboost” “e1071” “BART “MASS” “snowfall” “xgboost” R
packages were used to establish 113 machine learning models
screening for the hub genes, including the least absolute
shrinkage and selection operator (LASSO) regression, random
forest model, support vector machine model, generalized
linear model and extreme gradient boosting (XGBoost),
gradient boosting machine, and so on (34). The merged
dataset of GSE100927 and GSE43292 was used as a training
set, and the GSE28829 dataset was used as a validation set.
The area under the receiver operating characteristic (ROC)
curve was visualized using the “pROC” R package (35). Fl
scores were calculated based on precision and recall, and then
the best models were screened based on AUC values, F1
scores, and gene counts. The optimal machine learning model
was identified and externally validated using the Wilcoxon
rank-sum test for single gene difference analysis on the
GSE28829 dataset.

2.10 Construction and validation of a
nomogram model

A nomogram was established using the “rms” R package to
predict the probability of occurrence of CAS, and its predictive
power was estimated by using calibration curves and decision
curve analysis.

2.11 Statistical analysis

All statistical analyses were performed using R software, and
P <0.05 was considered significant.

3 Results

3.1 Cuproptosis regulator modulates
the immune infiltration microenvironment
in CAS

The differential expression gene analysis of CAS identified
1,816 DEGs (Figures 2A-D), and 4 CASCRGs (NLRP3,
SLC31A2, CDKN2A, and GLS) were obtained by taking the
intersection with cuproptosis-related genes, of which NLRP3
(logFC = 0.81), SLC31A2 (logFC =0.92), and CDKN2A (logFC =
0.71) were highly expressed in CAS samples, while GLS (logFC =
—0.51) was (P<0.05 and [logFC|>0.5)

lowly expressed
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(Figures 2E,F). Further investigating whether CASCRGs are
specific in CAS, GSE100927 was stratified into CAS, femoral AS
(FAS), and infrapopliteal AS (IPAS). The results showed that
SLC31A2, NLRP3, and CDKN2A had differential expression in
FAS (P<0.05 and |logFC|>0.5); and NLRP3 and CDKN2A in
IPAS (P<0.05 and [logFC|>0.5), which suggests that NLRP3 and
CDKN2A were differentially expressed in CAS, FAS and IPAS,
whereas GLS has reduced specific expression in CAS (Figures 2G,H).
Further correlation analyses demonstrated a strong synergistic effect
between SLC31A2, NLRP3, and CDKN2A, whereas GLS exhibited
antagonistic effects (Figure 2I).

The results of
significantly higher levels of memory B cells, activated memory
CDAT cells, follicular helper T cells, y-8 T cells, MO macrophages,
and activated mast cells in CAS (P <0.05). Conversely, significantly

immune infiltration analysis revealed

lower levels of naive B cells, CD8T cells, resting memory CD4T
cells, activated NK cells, monocytes, M2 macrophages, and
resting mast cells were observed in CAS (P<0.05) (Figure 2J).
Furthermore, correlation analysis demonstrated that CASCRGs
were strongly associated with memory B cells, naive B cells,
activated dendritic cells, MO macrophages, M2 macrophages,
activated mast cells, resting mast cells, monocytes, plasma cells,
resting memory CDA4T cells, follicular helper T cells, and y-6 T
cells (P <0.05), suggesting that CASCRGs is expressed in various
immune cells of CAS and play a role in regulating the immune
infiltration environment in CAS (Figure 2K).

Comprehensive functional enrichment analysis revealed that
the common pathogenesis of CAS mainly involves various
cardiomyopathies, immune responses, cell migration, and
cytokine-mediated signaling pathways, including the JAK-STAT

signaling pathway (Figures 2L,M).

3.2 ldentification of cuproptosis clusters
in CAS

Based on the matrix heatmap, it can be seen that the CAS
samples are clearly divided into 2 clusters with less clutter
around them (Figure 3A); the consensus cumulative distribution
function and the inflection point method of delta area seem to
suggest that k=4 is better (Figures 3B,C). However, the cluster-
consensus plot shows the mean of the pairwise consensus values
of the members in that cluster, with a higher mean value
representing higher stability, and the results show that k=2 has
the highest mean value, and there is not much difference
between the two clusters, which is stable (Figure 3D). In
addition, the vertical bar of the item-consensus plot represents
each sample, and the height of the bar represents the total item-
consensus values of the sample, and the purity of the sample can
also be seen, and the results show that, when k=2, the total
item-consensus values of the sample are higher, and the purity is
good, while k=3 and 4, the performance is not as satisfactory as
at k=2. Therefore, k=2 was used for the subsequent study
(Figure 3F). A consensus clustering algorithm was applied to
classify the 61 CAS samples based on the expression profiles of
the 4 CASCRGs, resulting in two distinct and stable groups: the
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FIGURE 2
Identification of CAS cuproptosis-related genes (CASCRGs). (A) The principal component analysis (PCA) of the two datasets and clinical characteristics;
(B) The PCA of the combined dataset and clinical characteristics. The horizontal axis represents the first principal component and the vertical axis
represents the second principal component. It is seen that the dataset before merging has some differences, and the normal and CAS groups
have some similarities. After merging and removing the batch effect, it is seen that the merged dataset has some similarity and the normal and
CAS groups have some differences. (C,D) The (C) heatmap and (D) volcano plot for CAS differentially expressed genes (DEG)s. The heatmap
demonstrates significantly differentially expressed DEGs in the normal and CAS groups, with red representing high expression and blue
representing low expression. The volcano plot demonstrates DEGs with P<0.05 and |logFC|>0.5, where red represents DEGs down-regulated in
CAS, while blue represents DEGs up-regulated in CAS, and green represents genes not differentially expressed. (E) Venn diagram showing 4
CASCRGs; (F-H) The differential expression of CASCRGs in different arterial beds of (F) CAS, (G) femoral AS (FAS), and (H) inflapulite AS (IPAS);
(I) Correlation analysis between CASCRGs. There was a strong synergy between SLC31A2, NLRP3 and CDKN2A, whereas GLS showed antagonistic
effects. (J) Boxplot showing differences in immune infiltration between CAS and control groups; (K) Correlation analysis of the CORGs with
infiltrating immune cells; (L-M) The GSEA for control (L) and CAS (M) samples. *P < 0.05, **P < 0.01, ***P < 0.001.
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C1 cluster (n=43) and the C2 cluster (n=18) (Figures 3A-F).
Among them, NLRP3, SLC31A2, and CDKN2A were highly
expressed in the Cl1 cluster, while GLS was highly expressed in
the C2 cluster (Figures 3G,H). Furthermore, immune infiltration
analyses of the two clusters revealed that the CI1 cluster had a
significantly higher abundance of memory B cells, activated
memory CDAT cells, follicular helper T cells, y-8 T cells, MO
macrophages, and activated mast cells (P <0.05), while the C2
cluster had significantly higher levels of naive B cells, plasma
cells, resting memory CDAT cells, resting NK cells, monocytes,
M2 macrophages, activated dendritic cells, and resting mast cells
(P<0.05) (Figure 3I). The GSVA results demonstrated that the
Cl cluster was mainly involved in immune diseases and
metabolism-related pathways, such as asthma, drug metabolism
enzymes, porphyrin
chlorophyll metabolism, while the C2 clusters were primarily

other glutathione  metabolism, and
enriched in cellular conduction-related pathways, such as
neurotrophic signaling, the insulin signaling pathway, the GNRH
signaling pathway, and ECM receptor interaction (Figure 3]).
These findings suggest that, based on the expression of
CASCRGs, CAS samples can be divided into two subgroups
with significantly different

immune responses.

biological functions, especially

10.3389/fcvm.2024.1471153

3.3 Identification of common module
hub genes

Co-expression networks and modules were constructed for
control and CAS samples using WGCNA (Figure 4A). Setting
the soft threshold to 16 resulted in four different colored
modules (Figure 4C), with the “blue” module showing the
highest correlation with CAS (Figure 4E). This module contained
653 hub genes and was positively correlated with other module
genes (Figure 4G). Additionally, WGCNA identified key gene
modules associated with CAS and cuproptosis (Figure 4B).
Setting the soft threshold to 15 resulted in three different colored
modules (Figure 4D). The “blue” modules showed strong
correlation with the cuproptosis cluster and were positively
correlated with other module genes (Figure 4F). This module
contained 253 hub genes and was positively correlated with other
module genes (Figure 4H). The intersection of module hub genes
from the two “blue” modules resulted in 220 common module
hub genes (Figure 5A). Functional enrichment analyses indicate
that cuproptosis is involved in the pathogenesis of CAS
associated with actin cytoskeleton organzition, cell migration,
leukocyte migration across the endothelium, fluid shear stress
and atherosclerosis, and platelet activation (Figures 5D,E).
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FAS-DEGs

C cAs-specific DEGs

To identify CAS-specific differential
expression analysis was performed of carotid, femoral, and
popliteal arteries stratified by GSE100927 and obtained 3,331,
2,125, and 1,845 DEGs, respectively, of which 1,518 DEGs were
specifically expressed in CAS (Figure 5B), and 58 candidate hub
genes were obtained by taking the intersections with 220

expressed  genes,

common module hub genes, which were CAS-specific expressed
differential genes (Figure 5C). Further functional enrichment
the
vascular

analysis emphasized close correlation with biological

processes such as smooth muscle contraction,
actomyosin structure organization, and cell migration, and are
closely related to various cancers, regulation of the actin
tight the HIF-1

pathway (Figure 5F).

cytoskeleton, junctions, and signaling

3.4 Construction and assessment of
machine learning models

To further
expressed hub genes,

screen for cuproptosis-related CAS-specific
83 machine learning models were
developed for 58 candidate hub genes. Based on the mean AUC
value and mean F1 score considered GBM as the best model.
However, the GBM model contains 57 genes and too many
genes risk overfitting, so the LASSO regression + XGBoost model
was chosen (Train: accuracy=0.905, precision=0.902, recall =
0.932, F1 score = 0.458; GSE28829: accuracy = 0.897, precision =
1, recall = 0.842, F1 score = 0.457). The analysis revealed that the
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combination of LASSO and XGBoost vyielded
satisfactory diagnostic efficacy, with an area under curve (AUC)

regression

value exceeding 0.9 for both the training and validation datasets,
and F1 scores of greater than 0.45 for both the training and
validation sets, which contained nine genes, namely, GEM
(logFC = —0.90), SGCE (logFC = —0.96), PCDH7 (logFC = —0.91),
IL6R (logFC =0.86), GRIA1 (logFC=-1.02), ZNF532 (logFC =
—0.52), RAB23 (logFC = —1.07), RIMKLB (logFC = —0.80), and
ARHGEF25 (logFC=—-0.71) (Figures 6A,B). The confusion
matrices further corroborated the high precision and minimal
error rates achieved by these models (Figure 6C). Subsequent
single-gene differential expression analysis underscored the
differential expression of SGCE, PCDH7, GRIA1l, RAB23, and
RIMKLB in the validation set and also reduced the risk of
overfitting. These genes are down-regulated in CAS and are
considered as hub genes (Figure 6D).

To enhance the generalizability of the diagnostic efficacy of hub
genes and to delve into the potential gender-specific variations in
their expression profiles, a differential expression analysis was
conducted on carotid artery samples from GSE100927, stratified
by gender. The findings indicated that SGCE, PCDH7, GRIA1L,
RAB23, and RIMKLB exhibited
expression levels between male and female samples (P<0.05 &

significant differences in

[logFC|>0.5), while no discernible expression disparity was
observed between genders within the CAS samples (P> 0.05).
Consequently, a predictive nomogram was constructed based on
hub genes to forecast the prevalence of CAS. However, GRIA1
did not perform well in the nomogram, leading to its exclusion.
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FIGURE 6

Construction and assessment of machine learning models. (A) Construction of 83 multiple machine learning models to screen for hub genes. The best
models were screened based on AUC values, F1 scores and gene counts. (B) ROC curves for training and validation sets; (C) Confusion matrix for training
and validation sets; (D) A single gene differential analysis was performed in the validation set to screen for hub genes; (E,F) Construction of a nomogram for
predicting the risk of CAS clusters based on the gene-based Lasso + XGBoost model; (G,H) Construction of a (G) calibration curve and (H) decision curve
analysis for assessing the predictive efficiency of the nomogram model; (I) ROC curves validate the diagnostic efficacy of the hub gene.
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Subsequently, a revised nomogram was created, incorporating the
genes SGCE, PCDH7, RAB23, and RIMKLB for enhanced
predictive capabilities (Figures 6E,F). The calibration curves,
decision curve analysis, and ROC curves demonstrated that the
predictive model of hub genes exhibited excellent diagnostic
performance, effectively distinguishing between normal and CAS
samples (Figures 6G-I).

identified four with
generalizability by gender stratification, which can effectively

The previous study hub genes
distinguish CAS from normal samples. However, it is also
particularly important to distinguish the severity of CAS in the
clinic, and the GSE163154 and GSE41571 datasets were used to
characterize the expression of hub genes in stable and unstable
plaques. The results showed that, compared to stable plaques, the
expression of SGCE and PCDH7 was down-regulated in unstable
plaque patients (P<0.05 & |logFC|>0.5), whereas there was no
difference in the expression of RAB23 and RIMKLB (P> 0.05),
which suggests that SGCE and PCDH7 may further serve as
biomarkers for distinguishing stable and unstable plaque patients.

4 Discussion

There that
metabolism and copper excess or deficiency are associated with

is growing evidence dysregulated copper
AS, and extensive research has revealed a correlation between
elevated copper levels and cardiovascular disease (36). One study
found that copper bioavailability was negatively correlated with
carotid intima-media thickness and that CAS was a reliable
predictor of early AS in obese patients (37). In addition, Nadina
found increased copper levels in CAS plaques, and Nebojsa
demonstrated that serum copper concentrations also varied in
patients with different types of CAS plaques, especially in
of CAS, which were

significantly higher than in patients with calcified plaques (38).

patients with hemorrhagic plaques
These findings suggest that elevated copper levels may be
involved in the pathogenesis of CAS. Cuproptosis is an emerging
mode of cell death triggered by the accumulation of copper ions.
Recent research has revealed an association between cuproptosis
and the development of various cardiovascular diseases. To
investigate the potential mechanism connecting CAS and
cuproptosis, four CASCRGs (NLRP3, SLC31A2, CDKN2A, and
GLS) were first identified as highly expressed in CAS using
differential expression analysis.

There are also some bioinformatics analyses to study the
relationship between cuproptosis and CAS; however, because of
the differences in the datasets, the conclusions obtained are not
entirely consistent. Cui found that FDX1 and SLC3A1 were up-
regulated in AS plaques, while GLS was down-regulated, and
found that GLS was expressed in vascular smooth muscle cells
and SLC3A1 was expressed in macrophages (39). Chen found
that SLC31A1 and SLC31A2 were up-regulated in AS plaques,
while SOD1 was down-regulated (40). Wang found that ATP7B,
MTF1, NLRP3, AOC3, and MTIM were up-regulated in the
peripheral blood of AS patients (41). These findings suggest that
cuproptosis-related genes may affect AS by regulating copper ion

Frontiers in Cardiovascular Medicine

10

10.3389/fcvm.2024.1471153

metabolism, oxidative stress, and inflammation (13). However,
these studies are specific to systemic AS, and this study was more
refined to analyze CAS and showed that cuproptosis-related
genes affect CAS by regulating the immune microenvironment,
actin cytoskeleton, and cell migration.

Studies have indicated that excess copper ions promote the
formation of the NLRP3 inflammasome by inducing ROS
production and endoplasmic reticulum stress. The overactivation
of the NLRP3 inflammasome is implicated in the onset and
progression of AS by mediating inflammatory responses and
pyroptosis (25, 42). SLC31A2 is localized in late endosomes and
lysosomes, facilitating cellular copper uptake (43). Its high
expression in AS is consistent with findings from other studies
(40). However, the specific mechanism underlying its association
with AS remains poorly studied, warranting further experimental
verification. CDKN2A’s association with AS has been confirmed
in numerous studies, with high expression observed in AS
patients and diseased tissues, significantly correlating with disease
severity (44-48). As a recognized modulator locus of AS,
CDKN2A may influence the onset and progression of AS by
regulating platelet production and reactivity, monocyte and
macrophage cell proliferation, and apoptosis (49-51). GLS is an
enzyme essential for glutamine catabolism, which protects cells
from cuproptosis by promoting glutathione synthesis and
reducing ROS damage (52). Our study found that GLS was
specifically downregulated in CASCRGs, which may exacerbate
AS by affecting macrophage clearance of apoptotic cells, and
glutamine catabolism in impaired macrophages. Its expression
was significantly down-regulated in patients with CAS plaques,
which was also correlated with the severity of clinical adverse
events (53, 54).

Previous research has established that cuproptosis promotes
the development of AS and contributes to exacerbated oxidative
stress, inflammation, endothelial dysfunction, and dyslipidemia
(13, 36, 55). In this study, a functional enrichment analysis of
the module hub genes revealed that cuproptosis-associated CAS
pathogenesis is implicated in biological processes such as
cytoskeleton
organization, and cell migration. It has been found that a

vascular smooth muscle contraction, actin
substantial migration of vascular smooth muscle cells into the
intima in AS lesions is known to have substantial pro-
atherosclerotic effects (56-58). The cytoskeleton, a fundamental
structural framework for cell migration, is primarily composed of
the actin fiber system (with actin as its subunit) and the
microtubule system (with tubulin as its subunit). Research has
demonstrated that alterations in the actin cytoskeleton in mouse
cells can mitigate AS development by inhibiting the migration of
smooth muscle cells (59). In addition, actin remodeling of
endothelial cells during leukocyte transepithelial migration is also
strongly associated with AS (60). Historically, it was discovered
in 1996 that exposure to copper ions can lead to profound
disruptions in cellular actin and fibronectin organization. This
results in the dissolution of filamentous actin, the disintegration
of the actin cortical meshwork, and cytoskeletal morphology
(61). these that

cuproptosis might impact the cytoskeleton, thereby disrupting

alterations Collectively, findings suggest
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the migration of vascular smooth muscle cells. This disruption
could be mediated through the regulation of actin structure,
ultimately influencing the progression of AS.

The subsequent results from immune infiltration and
correlation analyses indicated that CASCRGs have regulatory
effects on multiple immune cells, suggesting that cuproptosis
in CAS.
Cuproptosis, a copper-dependent form of immunogenic cell

alters the immune infiltration microenvironment
death, has an intricate relationship with immune responses,
which is not yet fully comprehended. Research indicates that
cuproptosis might contribute to immune responses through the
emission of various damage-associated molecular patterns and
tumor-associated antigens (62, 63). Furthermore, cuproptosis
can cause cell membrane damage, leading to the release of a
significant amount of damage-associated molecular patterns,
which effectively stimulate an immune reaction. This reaction
not only promotes substantial lymphocyte infiltration but also
triggers the secretion of inflammatory cytokines, thereby
(64).
specific mechanisms by which cuproptosis

potentially modifying the tumor microenvironment
the
influences cardiovascular diseases or CAS through immune

However,

response modulation are still unclear. It has been demonstrated
that a Western diet can initiate NLRP3-dependent inflammatory
responses, induce the proliferation and reprogramming of
affect
reprogramming (65). Moreover, inhibiting NLRP3 activity has

myeloid progenitor cells, and innate immune
been shown to reduce the M1/M2 macrophage ratio, prevent
macrophages from transitioning to the pro-inflammatory M1l
phenotype, and decrease the levels of pro-inflammatory
cytokines such as IL-6, IL-1B, and TNF-a (66, 67). Additionally,
variations in CDKN2A expression have been linked to the
regulation of T cell phenotypes in AS and type 2 diabetes.
Lower CDKN2A expression levels have been associated with
higher levels of CDK4, and the use of a CDK4 inhibitor has
been shown to increase the levels of Treg cells and the
activation of the transcription factor phospho-STAT5 (reference
30176239). Decreased expression of CDKN2A/2B/2BAS in
leukocytes has also been correlated with an increase in
CD14++CD16 + monocytes  (68).

glutaminase-1-mediated glutaminolysis plays a crucial role in

proatherogenic Lastly,
facilitating macrophage clearance of apoptotic cells during
homeostasis in mice. Impaired macrophage glutaminolysis can
exacerbate atherosclerosis, and glutaminase-1 expression has
been strongly linked to atherosclerotic plaque necrosis in
patients with cardiovascular disease (53). The above studies
suggest that the cuproptosis-related genes NLRP3, CDKN2A,
and GLS regulate the transformation of T cell, macrophage, and
monocyte phenotypes and alter the immune microenvironment
to some extent.

In addition, the immune infiltration analysis revealed that CAS
had a lower abundance of monocytes, which is consistent with
other bioinformatics analysis studies on AS (69-71). AS is
considered a chronic inflammatory disease and monocytes are
considered pro-inflammatory cells, and studies have shown that
monocytes, the diseased blood vessel,

once they enter
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differentiate to become macrophages and release

the
lipoproteins such as ox-LDL, forming foam cells, which may

more

inflammatory factors through uptake of modifying
account for the lower abundance of monocytes in CAS tissue (72).

Subsequently, the application of 83 machine
algorithms was employed to identify hub genes for cuproptosis-
related CAS. The Lasso regression combined with the XGBoost

model emerged as the most effective, demonstrating the highest

learning

AUC values. Further external independent validation through
single-gene differential analysis revealed SGCE, PCDH7, RAB23,
and RIMKLB as hub genes. These genes modulate alternative
splicing by influencing cytoskeleton composition and cell
adhesion and are found to be downregulated in CAS. Further
validation of the generalizability of the hub genes was conducted
by stratifying the GSE100927 dataset across both genders. To
investigate whether these genes could differentiate the severity of
CAS, validation was extended to two additional datasets, which
demonstrated that the SGCE and PCDH7 genes were down-
regulated in unstable CAS plaque patients compared with stable
CAS plaque patients, suggesting their potential as biomarkers for
distinguishing stable from unstable plaques in CAS.

SGCE is a component of the sarcoglycan complex that forms a
link between the F-actin cytoskeleton and the extracellular matrix,
and defects in its components have been shown to be associated
with myoclonus-dystonia syndrome and cardiomyopathy (73,
74). It was found that patients with sarcoglycan deficiency may
differential
dysfunction that induces coronary vasospasm, affecting AS by

have a molecular basis for smooth muscle
influencing endothelial dysfunction and arterial remodeling
(75-77). In addition, SGCE carotid biomechanical
characteristics; SGCE-deficient had

decreased distensibilities in pressure-diameter tests and generated

affects
mouse carotid arteries
elevated axial loads and stresses in axial force-length tests (78).

PCDHY is a crucial integral membrane component of the
calreticulin superfamily, which is instrumental in modulating the
dynamics of intercellular adhesion and the structural integrity of
the contractile actin cytoskeleton (79). Recent investigations have
revealed that PCDH7 expression is significantly diminished in
atherosclerotic lesions of the monkey iliac artery, as well as in
atherosclerotic plaques (80). Intriguingly, it has been established
that the preservation of intercellular adhesion serves to curb the
proliferation of vascular smooth muscle cells, a pivotal process in
the progression of AS (81).

RAB23 encodes a small GTPase, which functions as a negative
regulator of the Sonic hedgehog signaling pathway. It plays a
crucial role in transporting transmembrane receptors related to
Sonic hedgehog signaling to the cilia (82, 83). The vesicular
trafficking of RAB23 is vital for the formation and composition
of cilia, which are sensitive to shear forces. Primary cilia have
been shown to inhibit the progression of AS by triggering
calcium influx, activating endothelial nitric oxide synthase, and
promoting nitric oxide production, thereby reducing vascular
calcification and protecting endothelial function from blood flow
disturbances (84). In addition, statins are commonly used as
drugs for the treatment of CAS, and pravastatin was found to
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significantly down-regulate the level of RAB23 in patients, which
inhibit
biosynthesis by regulating the Sonic hedgehog pathway, thus
treating AS (85-87).

RIMKLB facilitates the production of B-citrullinyl-L-glutamate
and N-acetyl-L-aspartyl-L-glutamate, both of which play pivotal

may improve lipid metabolism and cholesterol

roles in amino acid metabolism. Recent studies have identified
the role of RIMKLB in maintaining the balance of zinc and
copper ions within the epicardial adipose tissue during heart
failure (88). However, the connection between RIMKLB and the
development of AS remains to be fully elucidated.

In this study, a comprehensive bioinformatics analysis was
conducted to explore the relationship between CAS and
cuproptosis. Four CASCRGs (NLRP3, SLC31A2, CDKN2A, and
GLS) were identified, revealing that cuproptosis is intimately
linked to immune responses and can significantly alter the
immune infiltration microenvironment within CAS. Two distinct
clusters of cuproptosis-related molecules were discerned within
CAS samples, exhibiting notable variances in immune responses.
Multiple models were developed based on machine learning
techniques, with the Lasso regression combined with the
XGBoost model showing satisfactory diagnostic efficacy.
Furthermore, four hub genes (SGCE, PCDH7, RAB23, and
RIMKLB) were identified and used to construct a predictive
nomogram for the incidence of CAS. Additionally, the genes
SGCE and PCDH7 were found to be effective in assessing the
stability of CAS plaques.

However, this study has some limitations. Firstly, the datasets
used in this study were sourced from different countries, such as
France and New Zealand, which may introduce bias and make the
findings of this study more applicable to Western countries.
Additionally, the datasets from various platforms may have omitted
some potential DEGs after merging. Secondly, due to database
limitations, it was not possible to obtain more CAS samples for the
study. The relatively small sample size hindered the effectiveness of
unsupervised cluster analysis in subtyping group CAS, potentially
leading to unstable groupings or the omission of certain subtypes.
Finally, this study did not perform experimental validation of
CASCRG in CAS models, neither in vivo nor in vitro, and the
mechanism by which cuproptosis influences CAS through immune
response modulation remains unclear.

Conclusions

Cuproptosis alters the CAS immune infiltration microenvironment
and may regulate actin cytoskeleton formation.

References

1. Beverly JK, Budoff MJ. Atherosclerosis: pathophysiology of insulin resistance,
hyperglycemia, hyperlipidemia, and inflammation. J Diabetes. (2020) 12(2):102-4.
doi: 10.1111/1753-0407.12970

Frontiers in Cardiovascular Medicine

10.3389/fcvm.2024.1471153

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material, further inquiries can be
directed to the corresponding authors.

Author contributions

XW: Data curation, Methodology, Writing — original draft. JK:
Conceptualization, Data curation, Formal Analysis, Methodology,
Writing - review & editing. XP: Formal Analysis, Methodology,
Validation, Writing - review & editing. CX: Software, Writing -
review & editing. JP: Data curation, Methodology, Software, Writing —
review & editing. CQ: Investigation, Methodology, Writing — review
& editing. LR: Investigation, Software, Supervision, Validation,
Visualization, Writing — review & editing. LG: Funding acquisition,

Investigation, ~Software, Supervision, Validation, Visualization,
Writing — review & editing. YL: Funding acquisition, Investigation,
Methodology, Project administration, Resources, Supervision,

Validation, Visualization, Writing - review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. Science
and Technology Research Project of Education Department of
Liaoning Province (No. 1202048); Liaoning Provincial Natural
Science Foundation Joint Fund (No. 1700141103037); Liaoning
Provincial Department of Education (No. 2024-JYTCB-069).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

2. ZhangL,Huang X, Gao Y, Li X, Kong Q, Chen Y, et al. Herbal formulas for detoxification
and dredging collaterals in treating carotid atherosclerosis: a systematic review and meta-
analysis. Front Pharmacol. (2023) 14:1147964. doi: 10.3389/fphar.2023.1147964

frontiersin.org


https://doi.org/10.1111/1753-0407.12970
https://doi.org/10.3389/fphar.2023.1147964
https://doi.org/10.3389/fcvm.2024.1471153
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Wu et al.

3. Song P, Fang Z, Wang H, Cai Y, Rahimi K, Zhu Y, et al. Global and regional
prevalence, burden, and risk factors for carotid atherosclerosis: a systematic review,
meta-analysis, and modelling study. Lancet Glob Health. (2020) 8(5):e721-9.
doi: 10.1016/52214-109X(20)30117-0

4. Festa RA, Thiele DJ. Copper: an essential metal in biology. Curr Biol. (2011) 21
(21):R877-83. doi: 10.1016/j.cub.2011.09.040

5. Guo H, Wang Y, Cui H, Ouyang Y, Yang T, Liu C, et al. Copper induces spleen
damage through modulation of oxidative stress, apoptosis, DNA damage, and
inflammation. Biol Trace Elem Res. (2022) 200(2):669-77. doi: 10.1007/s12011-021-
02672-8

6. Jian Z, Guo H, Liu H, Cui H, Fang ], Zuo Z, et al. Oxidative stress, apoptosis and
inflammatory responses involved in copper-induced pulmonary toxicity in mice.
Aging (Albany NY). (2020) 12(17):16867-86. doi: 10.18632/aging.103585

7. Tsvetkov P, Coy S, Petrova B, Dreishpoon M, Verma A, Abdusamad M, et al.
Copper induces cell death by targeting lipoylated TCA cycle proteins. Science.
(2022) 375(6586):1254-61. doi: 10.1126/science.abf0529

8. DiNicolantonio JJ, Mangan D, O’Keefe JH. Copper deficiency may be a leading
cause of ischaemic heart disease. Open Heart. (2018) 5(2):e000784. doi: 10.1136/
openhrt-2018-000784

9. Klevay LM. Ischemic heart disease as deficiency disease. Cell Mol Biol (Noisy-le-
grand). (2004) 50(8):877-84.

10. Ford ES. Serum copper concentration and coronary heart disease among US
adults. Am ] Epidemiol. (2000) 151(12):1182-8. doi: 10.1093/oxfordjournals.aje.a010168

11. Mufioz-Bravo C, Soler-Iborte E, Lozano-Lorca M, Kouiti M, Gonzalez-Palacios
Torres C, Barrios-Rodriguez R, et al. Serum copper levels and risk of major adverse
cardiovascular events: a systematic review and meta-analysis. Front Cardiovasc Med.
(2023) 10:1217748. doi: 10.3389/fcvm.2023.1217748

12. Kunutsor SK, Dey RS, Laukkanen JA. Circulating serum copper is
associated ~ with  atherosclerotic cardiovascular ~disease, but not venous
thromboembolism: a prospective cohort study. Pulse (Basel). (2021) 9(3-4):109-15.
doi: 10.1159/000519906

13. Wang D, Tian Z, Zhang P, Zhen L, Meng Q, Sun B, et al. The molecular
mechanisms of cuproptosis and its relevance to cardiovascular disease. Biomed
Pharmacother. (2023) 163:114830. doi: 10.1016/j.biopha.2023.114830

14. Steenman M, Espitia O, Maurel B, Guyomarch B, Heymann MF, Pistorius MA,
et al. Identification of genomic differences among peripheral arterial beds in
atherosclerotic and healthy arteries. Sci Rep. (2018) 8(1):3940. doi: 10.1038/s41598-
018-22292-y

15. Ayari H, Bricca G. Identification of two genes potentially associated in iron-
heme homeostasis in human carotid plaque using microarray analysis. ] Biosci.
(2013) 38(2):311-5. doi: 10.1007/s12038-013-9310-2

16. Doring Y, Manthey HD, Drechsler M, Lievens D, Megens RT, Soehnlein O, et al.
Auto-antigenic protein-DNA complexes stimulate plasmacytoid dendritic cells to
promote atherosclerosis. Circulation. (2012) 125(13):1673-83. doi: 10.1161/
CIRCULATIONAHA.111.046755

17. Jin H, Goossens P, Juhasz P, Eijgelaar W, Manca M, Karel JMH, et al. Integrative
multiomics analysis of human atherosclerosis reveals a serum response factor-driven
network associated with intraplaque hemorrhage. Clin Transl Med. (2021) 11(6):
e458. doi: 10.1002/ctm?2.458

18. Lee K, Santibanez-Koref M, Polvikoski T, Birchall D, Mendelow AD, Keavney B.
Increased expression of fatty acid binding protein 4 and leptin in resident
macrophages characterises atherosclerotic plaque rupture. Atherosclerosis. (2013)
226(1):74-81. doi: 10.1016/j.atherosclerosis.2012.09.037

19. Clough E, Barrett T. The gene expression omnibus database. Methods Mol Biol.
(2016) 1418:93-110. doi: 10.1007/978-1-4939-3578-9_5

20. Gautier L, Cope L, Bolstad BM, Irizarry RA. Affy-analysis of affymetrix
GeneChip data at the probe level. Bioinformatics. (2004) 20(3):307-15. doi: 10.1093/
bioinformatics/btg405

21. Leek JT, Johnson WE, Parker HS, Jaffe AE, Storey JD. The sva package for
removing batch effects and other unwanted variation in high-throughput
experiments. Bioinformatics. (2012) 28(6):882-3. doi: 10.1093/bioinformatics/bts034

22. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma powers
differential expression analyses for RNA-Sequencing and microarray studies. Nucleic
Acids Res. (2015) 43(7):e47. doi: 10.1093/nar/gkv007

23. Ge EJ, Bush Al Casini A, Cobine PA, Cross JR, DeNicola GM, et al. Connecting
copper and cancer: from transition metal signalling to metalloplasia. Nat Rev Cancer.
(2022) 22(2):102-13. doi: 10.1038/s41568-021-00417-2

24. Liu H. Pan-cancer profiles of the cuproptosis gene set. Am J Cancer Res. (2022)
12(8):4074-81.

25. Xue Q, Kang R, Klionsky DJ, Tang D, Liu J, Chen X. Copper metabolism in cell
death and autophagy. Autophagy. (2023) 19(8):2175-95. doi: 10.1080/15548627.2023.
2200554

26. Wilkerson MD, Hayes DN. Consensusclusterplus: a class discovery tool with
confidence assessments and item tracking. Bioinformatics. (2010) 26(12):1572-3.
doi: 10.1093/bioinformatics/btq170

Frontiers in Cardiovascular Medicine

13

10.3389/fcvm.2024.1471153

27. Chen B, Khodadoust MS, Liu CL, Newman AM, Alizadeh AA. Profiling tumor
infiltrating immune cells with CIBERSORT. Methods Mol Biol. (2018) 1711:243-59.
doi: 10.1007/978-1-4939-7493-1_12

28. Hu K. Become competent within one day in generating boxplots and violin plots
for a novice without prior R experience. Methods Protoc. (2020) 3(4):64. doi: 10.3390/
mps3040064

29. Hanzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-Seq data. BMC Bioinformatics. (2013) 14:7. doi: 10.1186/1471-
2105-14-7

30. Langfelder P, Horvath S. WGCNA: an R package for weighted correlation
network analysis. BMC Bioinformatics. (2008) 9:559. doi: 10.1186/1471-2105-9-559

31. Dennis G Jr, Sherman BT, Hosack DA, Yang J, Gao W, Lane HC, et al. DAVID:
database for annotation, visualization, and integrated discovery. Genome Biol. (2003) 4
(5):P3. doi: 10.1186/gb-2003-4-5-p3

32. Kanehisa M, Furumichi M, Sato Y, Kawashima M, Ishiguro-Watanabe M. KEGG
For taxonomy-based analysis of pathways and genomes. Nucleic Acids Res. (2023) 51
(D1):D587-92. doi: 10.1093/nar/gkac963

33. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA,
et al. Gene set enrichment analysis: a knowledge-based approach for interpreting
genome-wide expression profiles. Proc Natl Acad Sci U S A. (2005) 102
(43):15545-50. doi: 10.1073/pnas.0506580102

34. Van Essen DC. Cortical cartography and caret software. Neuroimage. (2012) 62
(2):757-64. doi: 10.1016/j.neuroimage.2011.10.077

35. Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, et al. pROC: an
open-source package for R and S+ to analyze and compare ROC curves. BMC
Bioinformatics. (2011) 12:77. doi: 10.1186/1471-2105-12-77

36. Tasi¢ NM, Tasi¢ D, Otasevi¢ P, Veselinovi¢ M, Jakovljevi¢ V, Djuri¢ D, et al.
Copper homeostasis and cuproptosis in atherosclerosis: metabolism, mechanisms
and potential therapeutic strategies. Cell Death Discov. (2024) 10(1):25. doi: 10.
1038/s41420-023-01796-1

37. Tarantino G, Porcu C, Arciello M, Andreozzi P, Balsano C. Prediction of carotid
intima-media thickness in obese patients with low prevalence of comorbidities by
serum copper bioavailability. ] Gastroenterol Hepatol. (2018) 33(8):1511-7. doi: 10.
1111/jgh.14104

38. Tasi¢ NM, Tasi¢ D, Otasevi¢ P, Veselinovi¢ M, Jakovljevi¢ V, Djuri¢ D, et al.
Copper and zinc concentrations in atherosclerotic plaque and serum in relation to
lipid metabolism in patients with carotid atherosclerosis. Vojnosanit Pregl. (2015)
72(9):801-6. doi: 10.2298/VSP140417074T

39. Cui Y, Chen Y, Gan N, Li M, Liao W, Zhou Y, et al. A novel cuproptosis-related
diagnostic gene signature and differential expression validation in atherosclerosis. Mol
Biomed. (2023) 4(1):21. doi: 10.1186/543556-023-00131-5

40. Chen YT, Xu XH, Lin L, Tian S, Wu GF. Identification of three cuproptosis-
specific expressed genes as diagnostic biomarkers and therapeutic targets for
atherosclerosis. Int ] Med Sci. (2023) 20(7):836-48. doi: 10.7150/ijms.83009

41. Wang M, Cheng L, Xiang Q, Gao Z, Ding Y, Xie H, et al. Evaluation the role of
cuproptosis-related genes in the pathogenesis, diagnosis and molecular subtypes
identification of atherosclerosis. Heliyon. (2023) 9(10):e21158. doi: 10.1016/j.heliyon.
2023.€21158

42. Lu N, Cheng W, Liu D, Liu G, Cui C, Feng C, et al. NLRP3-mediated
Inflammation in atherosclerosis and associated therapeutics. Front Cell Dev Biol.
(2022) 10:823387. doi: 10.3389/fcell.2022.823387

43. van den Berghe PV, Folmer DE, Malingré HE, van Beurden E, Klomp AE, van
de Sluis B, et al. Human copper transporter 2 is localized in late endosomes and
lysosomes and facilitates cellular copper uptake. Biochem J. (2007) 407(1):49-59.
doi: 10.1042/BJ20070705

44. Congrains A, Kamide K, Oguro R, Yasuda O, Miyata K, Yamamoto E, et al.
Genetic variants at the 9p21 locus contribute to atherosclerosis through modulation
of ANRIL and CDKN2A/B. Atherosclerosis. (2012) 220(2):449-55. doi: 10.1016/j.
atherosclerosis.2011.11.017

45. Holdt LM, Beutner F, Scholz M, Gielen S, Gabel G, Bergert H, et al. ANRIL
expression is associated with atherosclerosis risk at chromosome 9p21. Arterioscler
Thromb Vasc Biol. (2010) 30(3):620-7. doi: 10.1161/ATVBAHA.109.196832

46. Holdt LM, Sass K, Gibel G, Bergert H, Thiery J, Teupser D. Expression of
Chr9p21 genes CDKN2B (p15(INK4b)), CDKN2A (p16(INK4a), pl4(ARF)) and
MTAP in human atherosclerotic plaque. Atherosclerosis. (2011) 214(2):264-70.
doi: 10.1016/j.atherosclerosis.2010.06.029

47. Kong Y, Hsieh CH, Alonso LC. ANRIL: a IncRNA at the CDKN2A/B locus with
roles in cancer and metabolic disease. Front Endocrinol (Lausanne). (2018) 9:405.
doi: 10.3389/fendo.2018.00405

48. Congrains A, Kamide K, Oguro R, Yasuda O, Miyata K, Yamamoto E, et al. The
9p21 locus and its potential role in atherosclerosis susceptibility; molecular
mechanisms and clinical implications. Curr Pharm Des. (2016) 22(37):5730-7.
doi: 10.2174/1381612822666160628082453

49. Gonzélez-Navarro H, Abu Nabah YN, Vinué A, Andrés-Manzano M], Collado
M, Serrano M, et al. P19(ARF) deficiency reduces macrophage and vascular smooth

frontiersin.org


https://doi.org/10.1016/S2214-109X(20)30117-0
https://doi.org/10.1016/j.cub.2011.09.040
https://doi.org/10.1007/s12011-021-02672-8
https://doi.org/10.1007/s12011-021-02672-8
https://doi.org/10.18632/aging.103585
https://doi.org/10.1126/science.abf0529
https://doi.org/10.1136/openhrt-2018-000784
https://doi.org/10.1136/openhrt-2018-000784
https://doi.org/10.1093/oxfordjournals.aje.a010168
https://doi.org/10.3389/fcvm.2023.1217748
https://doi.org/10.1159/000519906
https://doi.org/10.1016/j.biopha.2023.114830
https://doi.org/10.1038/s41598-018-22292-y
https://doi.org/10.1038/s41598-018-22292-y
https://doi.org/10.1007/s12038-013-9310-2
https://doi.org/10.1161/CIRCULATIONAHA.111.046755
https://doi.org/10.1161/CIRCULATIONAHA.111.046755
https://doi.org/10.1002/ctm2.458
https://doi.org/10.1016/j.atherosclerosis.2012.09.037
https://doi.org/10.1007/978-1-4939-3578-9_5
https://doi.org/10.1093/bioinformatics/btg405
https://doi.org/10.1093/bioinformatics/btg405
https://doi.org/10.1093/bioinformatics/bts034
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1038/s41568-021-00417-2
https://doi.org/10.1080/15548627.2023.2200554
https://doi.org/10.1080/15548627.2023.2200554
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1007/978-1-4939-7493-1_12
https://doi.org/10.3390/mps3040064
https://doi.org/10.3390/mps3040064
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1186/gb-2003-4-5-p3
https://doi.org/10.1093/nar/gkac963
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1016/j.neuroimage.2011.10.077
https://doi.org/10.1186/1471-2105-12-77
https://doi.org/10.1038/s41420-023-01796-1
https://doi.org/10.1038/s41420-023-01796-1
https://doi.org/10.1111/jgh.14104
https://doi.org/10.1111/jgh.14104
https://doi.org/10.2298/VSP140417074T
https://doi.org/10.1186/s43556-023-00131-5
https://doi.org/10.7150/ijms.83009
https://doi.org/10.1016/j.heliyon.2023.e21158
https://doi.org/10.1016/j.heliyon.2023.e21158
https://doi.org/10.3389/fcell.2022.823387
https://doi.org/10.1042/BJ20070705
https://doi.org/10.1016/j.atherosclerosis.2011.11.017
https://doi.org/10.1016/j.atherosclerosis.2011.11.017
https://doi.org/10.1161/ATVBAHA.109.196832
https://doi.org/10.1016/j.atherosclerosis.2010.06.029
https://doi.org/10.3389/fendo.2018.00405
https://doi.org/10.2174/1381612822666160628082453
https://doi.org/10.3389/fcvm.2024.1471153
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Wu et al.

muscle cell apoptosis and aggravates atherosclerosis. ] Am Coll Cardiol. (2010) 55
(20):2258-68. doi: 10.1016/j.jacc.2010.01.026

50. Kuo CL, Murphy A]J, Sayers S, Li R, Yvan-Charvet L, Davis JZ, et al. Cdkn2a is
an atherosclerosis modifier locus that regulates monocyte/macrophage proliferation.
Arterioscler Thromb Vasc Biol. (2011) 31(11):2483-92. doi: 10.1161/ATVBAHA.111.
234492

51. Schwertz H, Rondina MT. Cdkn2a orchestrates platelet production and
reactivity in atherosclerosis. Circ Cardiovasc Genet. (2016) 9(3):203-5. doi: 10.1161/
CIRCGENETICS.116.001479

52. Huang H, Vandekeere S, Kalucka J, Bierhansl L, Zecchin A, Briining U, et al.
Role of glutamine and interlinked asparagine metabolism in vessel formation. Embo
J. (2017) 36(16):2334-52. doi: 10.15252/embj.201695518

53. Merlin J, Ivanov S, Dumont A, Sergushichev A, Gall ], Stunault M, et al. Non-
canonical glutamine transamination sustains efferocytosis by coupling redox buffering
to oxidative phosphorylation. Nat Metab. (2021) 3(10):1313-26. doi: 10.1038/s42255-
021-00471-y

54. Gallina AL, Rykaczewska U, Wirka RC, Caravaca AS, Shavva VS, Youness M,
et al. AMPA-type glutamate receptors associated with vascular smooth muscle cell
subpopulations in atherosclerosis and vascular injury. Front Cardiovasc Med. (2021)
8:655869. doi: 10.3389/fcvm.2021.655869

55. Chen X, Cai Q, Liang R, Zhang D, Liu X, Zhang M, et al. Copper homeostasis and
copper-induced cell death in the pathogenesis of cardiovascular disease and therapeutic
strategies. Cell Death Dis. (2023) 14(2):105. doi: 10.1038/s41419-023-05639-w

56. Owens GK, Kumar MS, Wambhoff BR. Molecular regulation of vascular smooth
muscle cell differentiation in development and disease. Physiol Rev. (2004) 84
(3):767-801. doi: 10.1152/physrev.00041.2003

57. Falk E. Pathogenesis of atherosclerosis. ] Am Coll Cardiol. (2006) 47(8 Suppl):
C7-C12. doi: 10.1016/j.jacc.2005.09.068

58. Lusis AJ. Atherosclerosis. Nature. (2000) 407(6801):233-41. doi: 10.1038/35025203

59. Li T, He M, Li Z, Wang D, Xu Y, Wu W, et al. Metformin inhibits aortic
atherosclerosis in mice by regulating actin skeleton in vascular smooth muscle cells.
Nan Fang Yi Ke Da Xue Xue Bao. (2019) 39(11):1357-63. doi: 10.12122/j.issn.1673-
4254.2019.11.14

60. van Steen ACI, van der Meer W], Hoefer IE, van Buul JD. Actin remodelling of
the endothelium during transendothelial migration of leukocytes. Atherosclerosis.
(2020) 315:102-10. doi: 10.1016/j.atherosclerosis.2020.06.004

61. Fagotti A, Di Rosa I, Simoncelli F, Pipe RK, Panara F, Pascolini R. The effects of
copper on actin and fibronectin organization in Mytilus galloprovincialis haemocytes.
Dev Comp Immunol. (1996) 20(6):383-91. doi: 10.1016/S0145-305X(96)00021-3

62. Liu J, Liu Y, Wang Y, Kang R, Tang D. HMGBI is a mediator of cuproptosis-
related sterile inflammation. Front Cell Dev Biol. (2022) 10:996307. doi: 10.3389/
fcell.2022.996307

63. Guo B, Yang F, Zhang L, Zhao Q, Wang W, Yin L, et al. Cuproptosis induced by
ROS responsive nanoparticles with elesclomol and copper combined with aPD-L1 for
enhanced cancer immunotherapy. Adv Mater. (2023) 35(22):¢2212267. doi: 10.1002/
adma.202212267

64. Lu X, Chen X, Lin C, Yi Y, Zhao S, Zhu B, et al. Elesclomol loaded copper oxide
nanoplatform triggers cuproptosis to enhance antitumor immunotherapy. Adv Sci
(Weinh). (2024) 11(18):¢2309984. doi: 10.1002/advs.202309984

65. Christ A, Giinther P, Lauterbach MAR, Duewell P, Biswas D, Pelka K, et al.
Western diet triggers NLRP3-dependent innate immune reprogramming. Cell.
(2018) 172(1-2):162-175.e114. doi: 10.1016/j.cell.2017.12.013

66. Sharma A, Choi JSY, Stefanovic N, Al-Sharea A, Simpson DS, Mukhamedova N,
et al. Specific NLRP3 inhibition protects against diabetes-associated atherosclerosis.
Diabetes. (2021) 70(3):772-87. doi: 10.2337/db20-0357

67. Lu J, Xie S, Deng Y, Xie X, Liu Y. Blocking the NLRP3 inflammasome reduces
osteogenic calcification and M1 macrophage polarization in a mouse model of
calcified aortic valve stenosis. Atherosclerosis. (2022) 347:28-38. doi: 10.1016/j.
atherosclerosis.2022.03.005

68. Martinez-Hervés S, Sanchez-Garcia V, Herrero-Cervera A, Vinué A, Real JT,
Ascaso JF, et al. Type 1 diabetic mellitus patients with increased atherosclerosis risk
display decreased CDKN2A/2B/2BAS gene expression in leukocytes. J Transl Med.
(2019) 17(1):222. doi: 10.1186/s12967-019-1977-1

Frontiers in Cardiovascular Medicine

14

10.3389/fcvm.2024.1471153

69. Chen H, Xie X, Xiao H, Liang W, Lin ZJ, Lin B, et al. A pilot study about the role
of PANoptosis-based genes in atherosclerosis development. J Inflamm Res. (2023)
16:6283-99. doi: 10.2147/JIR.S442260

70. Pan X, Liu J, Zhong L, Zhang Y, Liu C, Gao J, et al. Identification of lipid
metabolism-related biomarkers for diagnosis and molecular classification of
atherosclerosis. Lipids Health Dis. (2023) 22(1):96. doi: 10.1186/s12944-023-
01864-6

71. Wu X, Pan X, Zhou Y, Pan J, Kang ], Yu JJJ, et al. Identification of key genes for
atherosclerosis in different arterial beds. Sci Rep. (2024) 14(1):6543. doi: 10.1038/
§41598-024-55575-8

72. Jia SJ, Gao KQ, Zhao M. Epigenetic regulation in monocyte/macrophage: a key
player during atherosclerosis. Cardiovasc Ther. (2017) 35(3):e12262. doi: 10.1111/
1755-5922.12262

73. Straub V, Ettinger AJ, Durbeej M, Venzke DP, Cutshall S, Sanes JR, et al.
Epsilon-sarcoglycan replaces alpha-sarcoglycan in smooth muscle to form a unique
dystrophin-glycoprotein complex. J Biol Chem. (1999) 274(39):27989-96. doi: 10.
1074/jbc.274.39.27989

74. Coral-Vazquez R, Cohn RD, Moore SA, Hill JA, Weiss RM, Davisson RL, et al.
Disruption of the sarcoglycan-sarcospan complex in vascular smooth muscle: a novel
mechanism for cardiomyopathy and muscular dystrophy. Cell. (1999) 98(4):465-74.
doi: 10.1016/50092-8674(00)81975-3

75. Lancioni A, Rotundo IL, Kobayashi YM, D'Orsi L, Aurino S, Nigro G, et al.
Combined deficiency of alpha and epsilon sarcoglycan disrupts the cardiac
dystrophin complex. Hum Mol Genet. (2011) 20(23):4644-54. doi: 10.1093/hmg/
ddr398

76. Wheeler MT, Allikian MJ, Heydemann A, Hadhazy M, Zarnegar S, McNally
EM. Smooth muscle cell-extrinsic vascular spasm arises from cardiomyocyte
degeneration in sarcoglycan-deficient cardiomyopathy. J Clin Invest. (2004) 113
(5):668-75. doi: 10.1172/JCI200420410

77. Franczyk B, Dybiec J, Fragk W, Krzeminska J, Ku¢mierz ], Miynarska E, et al.
Cellular mechanisms of coronary artery spasm. Biomedicines. (2022) 10(10):2349.
doi: 10.3390/biomedicines10102349

78. Dye WW, Gleason RL, Wilson E, Humphrey JD. Altered biomechanical
properties of carotid arteries in two mouse models of muscular dystrophy. J Appl
Physiol (1985). (2007) 103(2):664-72. doi: 10.1152/japplphysiol.00118.2007

79. Wang C, Chen A, Ruan B, Niu Z, Su Y, Qin H, et al. PCDH7 inhibits the
formation of homotypic cell-in-cell structure. Front Cell Dev Biol. (2020) 8:329.
doi: 10.3389/fcell.2020.00329

80. Eyster KM, Appt SE, Mark-Kappeler CJ, Chalpe A, Register TC, Clarkson TB.
Gene expression signatures differ with extent of atherosclerosis in monkey iliac
artery. Menopause. (2011) 18(10):1087-95. doi: 10.1097/gme.0b013e3182163fea

81. George SJ, Dwivedi A. MMPs, cadherins, and cell proliferation. Trends
Cardiovasc Med. (2004) 14(3):100-5. doi: 10.1016/j.tcm.2003.12.008

82. Eggenschwiler JT, Bulgakov OV, Qin J, Li T, Anderson KV. Mouse Rab23
regulates hedgehog signaling from smoothened to gli proteins. Dev Biol. (2006) 290
(1):1-12. doi: 10.1016/j.ydbio.2005.09.022

83. Lim YS, Tang BL. A role for Rab23 in the trafficking of Kifl7 to the primary
cilium. J Cell Sci. (2015) 128(16):2996-3008. doi: 10.1242/jcs.163964

84. Wang ZM, Gao XF, Zhang JJ, Chen SL. Primary cilia and atherosclerosis. Front
Physiol. (2021) 12:640774. doi: 10.3389/fphys.2021.640774

85. Singh S, Nguyen HC, Ehsan M, Michels DCR, Singh P, Qadura M, et al.
Pravastatin-induced changes in expression of long non-coding and coding RNAs in
endothelial cells. Physiol Rep. (2021) 9(1):e14661. doi: 10.14814/phy2.14661

86. Uschner FE, Ranabhat G, Choi SS, Granzow M, Klein S, Schierwagen R, et al.
Statins activate the canonical hedgehog-signaling and aggravate non-cirrhotic portal
hypertension, but inhibit the non-canonical hedgehog signaling and cirrhotic portal
hypertension. Sci Rep. (2015) 5:14573. doi: 10.1038/srep14573

87. Blassberg R, Jacob J. Lipid metabolism fattens up hedgehog signaling. BMC Biol.
(2017) 15(1):95. doi: 10.1186/s12915-017-0442-y

88. Zheng M, Wang Y, Fu F, Zhang K, Wang Y, Zhao S, et al. Radioimmunotherapy
targeting B7-H3 in situ glioma models enhanced antitumor efficacy by reconstructing
the tumor microenvironment. Int J Biol Sci. (2023) 19(13):4278-90. doi: 10.7150/ijbs.
87763

frontiersin.org


https://doi.org/10.1016/j.jacc.2010.01.026
https://doi.org/10.1161/ATVBAHA.111.234492
https://doi.org/10.1161/ATVBAHA.111.234492
https://doi.org/10.1161/CIRCGENETICS.116.001479
https://doi.org/10.1161/CIRCGENETICS.116.001479
https://doi.org/10.15252/embj.201695518
https://doi.org/10.1038/s42255-021-00471-y
https://doi.org/10.1038/s42255-021-00471-y
https://doi.org/10.3389/fcvm.2021.655869
https://doi.org/10.1038/s41419-023-05639-w
https://doi.org/10.1152/physrev.00041.2003
https://doi.org/10.1016/j.jacc.2005.09.068
https://doi.org/10.1038/35025203
https://doi.org/10.12122/j.issn.1673-4254.2019.11.14
https://doi.org/10.12122/j.issn.1673-4254.2019.11.14
https://doi.org/10.1016/j.atherosclerosis.2020.06.004
https://doi.org/10.1016/S0145-305X(96)00021-3
https://doi.org/10.3389/fcell.2022.996307
https://doi.org/10.3389/fcell.2022.996307
https://doi.org/10.1002/adma.202212267
https://doi.org/10.1002/adma.202212267
https://doi.org/10.1002/advs.202309984
https://doi.org/10.1016/j.cell.2017.12.013
https://doi.org/10.2337/db20-0357
https://doi.org/10.1016/j.atherosclerosis.2022.03.005
https://doi.org/10.1016/j.atherosclerosis.2022.03.005
https://doi.org/10.1186/s12967-019-1977-1
https://doi.org/10.2147/JIR.S442260
https://doi.org/10.1186/s12944-023-01864-6
https://doi.org/10.1186/s12944-023-01864-6
https://doi.org/10.1038/s41598-024-55575-8
https://doi.org/10.1038/s41598-024-55575-8
https://doi.org/10.1111/1755-5922.12262
https://doi.org/10.1111/1755-5922.12262
https://doi.org/10.1074/jbc.274.39.27989
https://doi.org/10.1074/jbc.274.39.27989
https://doi.org/10.1016/S0092-8674(00)81975-3
https://doi.org/10.1093/hmg/ddr398
https://doi.org/10.1093/hmg/ddr398
https://doi.org/10.1172/JCI200420410
https://doi.org/10.3390/biomedicines10102349
https://doi.org/10.1152/japplphysiol.00118.2007
https://doi.org/10.3389/fcell.2020.00329
https://doi.org/10.1097/gme.0b013e3182163fea
https://doi.org/10.1016/j.tcm.2003.12.008
https://doi.org/10.1016/j.ydbio.2005.09.022
https://doi.org/10.1242/jcs.163964
https://doi.org/10.3389/fphys.2021.640774
https://doi.org/10.14814/phy2.14661
https://doi.org/10.1038/srep14573
https://doi.org/10.1186/s12915-017-0442-y
https://doi.org/10.7150/ijbs.87763
https://doi.org/10.7150/ijbs.87763
https://doi.org/10.3389/fcvm.2024.1471153
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

	Identification of key genes for cuproptosis in carotid atherosclerosis
	Introduction
	Materials  methods
	Subjects and dataset acquisition
	Identification of differentially expressed genes (DEGs)
	Unsupervised clustering analysis of CAS samples
	Immune infiltration analysis and correlation analysis
	Gene set variation analysis (GSVA)
	WGCNA
	Functional enrichment analysis
	Gene set enrichment analysis (GSEA)
	Construction of predictive model based on multiple machine learning methods
	Construction and validation of a nomogram model
	Statistical analysis

	Results
	Cuproptosis regulator modulates the immune infiltration microenvironment in CAS
	Identification of cuproptosis clusters in CAS
	Identification of common module hub genes
	Construction and assessment of machine learning models

	Discussion
	Conclusions
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	References


