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Objective: This study aimed to investigate the potential mechanisms and biomarkers between Obesity (OB) and carotid athero-
sclerosis (CAS).

Methods: The GSE12828, GSE125771, GSE43292, and GSE100927 datasets were combined and normalized to obtain CAS-related
differentially expressed genes (DEGs), and OB-related DEGs were obtained from the GSE151839 dataset and the GeneCards database.
Unsupervised cluster analysis was conducted on CAS samples based on the DEGs of CAS and OB. Subsequently, immune infiltration
analysis and gene set enrichment analysis (GESA) were performed. 61 machine learning models were developed to screen for Hub
genes. The Single-gene GESA focused on calcium signaling pathway-related genes (CaRGs). Finally, high-fat diet-fed C57BL/6J
ApoE™" mice were used for in vivo validation.

Results: MMP9, PLA2G7, and SPP1 as regulators of the immune infiltration microenvironment in OB patients with CAS, and
stratified CAS samples into subtypes with differences in metabolic pathways based on OB classification. Enrichment analysis indicated
abnormalities in immune and inflammatory responses, the calcium signaling, and lipid response in obese CAS patients. The RF+GBM
model identified CD52, CLEC5A, MMP9, and SPP1 as Hub genes. 15 CaRGs were up-regulated, and 12 were down-regulated in CAS
and OB. PLCB2, PRKCB, and PLCG2 were identified as key genes in the calcium signaling pathway associated with immune cell
infiltration. In vivo experiments showed that MMP9, PLA2G7, CD52, SPP1, FYB, and PLCB2 mRNA levels were up-regulated in
adipose, aortic tissues and serum of OB and AS model mice, CLEC5A was up-regulated in aorta and serum, and PRKCB was up-
regulated in adipose and serum.

Conclusion: MMP9, PLA2G7, CD52, CLECSA, SPP1, and FYB may serve as potential diagnostic biomarkers for CAS in obese
populations. PLCB2 and PRKCB are key genes in the calcium signaling pathway in OB and CAS. These findings offer new insights
into clinical management and therapeutic strategies for CAS in obese individuals.

Keywords: carotid atherosclerosis, obesity, bioinformatics, unsupervised clustering analysis, machine learning model, calcium
signaling pathway

Introduction

Obesity (OB) is characterized by excessive whole-body fat content and/or increased localized content and abnormal
distribution.! The Report on Nutrition and Chronic Disease Status of Chinese Residents (2020) emphasized that the rate
of OB among Chinese adults is 16.4% and the rate of overweight is 34.3%, which means that more than half of Chinese
adults are overweight or obese.” This trend not only affects individual health but also imposes a heavy burden on the

socio-economic system. The OB Society defines OB as a disease and the basis of many chronic diseases, increasing the
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likelihood of diseases such as diabetes, heart disease, sleep apnea, cancer, and other chronic diseases, as well as
decreasing the life expectancy of patients.’

Atherosclerosis (AS) is a chronic inflammatory lesion occurring in the vascular wall characterized by lipid deposition
and immune cell infiltration. AS primarily affects the medium and large arteries, including the carotid arteries, femoral
arteries, and abdominal aorta, and underlies the pathology of many cardiovascular and cerebrovascular diseases.*
A Mendelian randomization study has shown that OB increases the risk of cerebrovascular disease.” While carotid
atherosclerosis (CAS) is more likely to cause ischemic cerebrovascular events. Therefore, the prevention of CAS in the
obese population may reduce the risk of cardiovascular events.

OB is one of the well-known risk factors for AS, significantly increasing the incidence of atherosclerotic cardiovas-
cular diseases. Although it is known that OB and AS share some pathophysiological mechanisms, such as abnormalities
in lipid metabolism, insulin resistance, inflammation, endothelial dysfunction, adipokine imbalance, and inflammasome
activation, the role of the calcium signaling pathway in OB and AS is not yet fully investigated.®’ The calcium signaling
pathway plays a crucial role within cells; calcium ions are among the most common ions in the human body and act as
a second messenger involved in a variety of physiological processes. Studies indicate that calcium signaling can
alleviate OB by increasing metabolic rate and adipocyte differentiation, modulating neuronal excitability, enhancing
energy expenditure, and curtailing food intake.® Furthermore, an elevated calcium intake has been correlated with
a marked reduction in the risk of OB.”'* In the context of AS, the dysregulation of calcium signaling may affect AS
by modulating inflammation, cell death, and the abnormal proliferation and migration of vascular smooth muscle cells
(VSMCs), as well as through vascular calcification and promotion of plaque stability.'""'? Such dysregulation may trigger
abnormal behaviors of VSMCs, including uncontrolled proliferation, migration, and phenotypic transformation, which
could promote the occurrence and progression of dyslipidemia and plaque.’*'*

This study employed bioinformatics analysis to explore the potential mechanisms and biomarkers of CAS in obese
populations, with a particular focus on calcium signaling pathway-related genes (CaRGs). Weighted Gene Co-expression
Network Analysis (WGCNA) was utilized to discern molecular clusters and datasets, thereby identifying module genes,
followed by the application of 61 machine learning models to screen for Hub genes. An in vivo comorbidity model was
constructed to validate the expression of hub genes and CaRGs. Finally, a nomogram was developed to predict the risk of
CAS in obstetric populations. The findings of this study underscore the significance of the calcium signaling pathway in
the pathogenesis of OB and CAS and may offer new perspectives for future clinical practice and research.

Materials and Methods

Bioinformatics Analysis

Dataset Acquisition

The entire study process is depicted in Figures 1 and S1. The gene expression profiles of disease-related genes were
searched by the Gene Expression Omnibus database (GEO, https://www.ncbi.nlm.nih.gov/geo/) under the keywords
“atherosclerosis” and “obesity”.'> The CAS-related dataset GSE12828 includes mRNA sequencing data from 6 CAS
samples;'® the GSE125771 dataset includes mRNA sequencing data from 40 CAS samples;'’ the GSE43292 dataset
includes mRNA sequencing data of arterial tissues from 32 CAS and 32 normal samples;'® the GSE100927 dataset
includes mRNA sequencing data of arterial tissues from 29 CAS and 12 normal samples;'® the GSE28829 dataset
includes mRNA sequencing data from 13 early CAS and 16 advanced samples;>° and the OB-related dataset GSE151839

includes mRNA sequencing data of adipose tissue from 10 OB and 10 normal samples.”' In addition, OB-related genes

with a “relevance score” >5 were obtained from the GeneCards (http://www.genecards.org/) database. Among them, the

GSE28829 dataset was used for external validation. The CaRGs were obtained from the MSigDB database under “c2.cp.

kegg.symbols.gmt” (http://www.gsea-msigdb.org/gsea/msigdb/cards/ KEGG CALCIUM SIGNALING PATHWAY).
This study aims to include all relevant CAS datasets from the GEO database as much as possible; however, since

there are fewer OB-related datasets in the GEO database, the GeneCards database is used to supplement OB-related
genes.
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Figure | Flow chart of this study.

Identification of Differentially Expressed Genes (DEGs)

The CAS-related datasets GSE12828, GSE125771, GSE100927, and GSE43292 were merged and standardized using the
“Affy” R package, while batch effects were removed with the “SVA” R package.”>** The “limma” R package was used to
screen for DEGs that met P<0.05 and [logFC[>1 (2-fold differential expression) between the disease and normal groups.**
The DEGs of CAS and OB were intersected with OB-related genes to obtain CAS and OB co-related DEGs (CORGS).

Unsupervised Clustering Analysis of CAS Samples

Unsupervised clustering analysis of CAS samples based on CORGs expression profiles was performed using the
“ConsensusClusterPlus” R package.”> The CAS samples were grouped by applying the k-means algorithm with 1000
iterations, k=9, seed=123456, reps=50, pltem=0.8, pFeature=1, clusterAlg=km, distance=euclidean. The appropriate
number of clusters was determined based on the matrix heat map, consistent cumulative distribution function curve,
delta area plot, cluster-consensus plot, and item-consensus plot.

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.”® Differences between the two groups were compared using the Wilcox test. Subsequently,
Spearman correlation analysis was employed to reveal the relationship between CORGs and immune cells.

Gene Set Variation Analysis (GSVA)
The “GSVA” package was used to conduct a GSVA enrichment analysis for different CORGs clusters, considering
a significant change if the |t value of the GSVA score| was greater than 2%
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WGCNA

The “WGCNA” R package is used to remove the outlier samples and construct a co-expression network of gene
expression matrices for the remaining samples. The soft threshold corresponding to fit R2=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.”

Functional Enrichment Analysis
Imported the genes into the David database (https://david.abce.ncifcrf.gov/) and the Metascape database (https://metas

cape.org/gp/index.html) for functional enrichment and pathway analysis.?’ " Similarly, genes were imported into the

STRING database (https://cn.string-db.org/) to construct the protein-protein interaction (PPI) network.

Gene Set Enrichment Analysis (GSEA)

The “GSEA” R package is used to calculate the correlation between Hub genes and other genes, and then all genes are
ranked according to the correlation from the highest to the lowest, and the enriched set of genes at the bottom of the
ranking is detected and analyzed.*?

Machine Learning Models Screening for Hub Genes

The “randomForestSRC” “glmnet” “plsRglm” “gbm” “caret” “mboost” “e1071” “BART” “MASS” “snowfall” “xgboost”
R packages were used to establish 61 machine learning models screening for the hub genes, including the least absolute
shrinkage and selection operator (LASSO) regression, random forest (RF) model, support vector machine model (SVM),
support vector machine-recursive feature elimination (SVM-RFE), generalized linear model (GLM), gradient boosting
machine (GBM), and extreme gradient boosting (XGBoost), gradient boosting machine, and so on.*® The merged dataset
of GSE100927, GSE43292, GSE12828, and GSE125771 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.** F1 scores were calculated based on precision and recall; weighted scores were calculated based on F1
scores, area under the curve (AUC) values, and accuracy, and then the best models were screened based on the AUC
values, accuracy, F1 scores, gene counts, and weighted scores. 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.

Construction and Validation of a Nomogram Model

A nomogram model was established using the “rms” R package to predict the probability of the occurrence of AS, and its
predictive power was estimated by using calibration curves and decision curve analysis. The AUC of the ROC was then
calculated for each key gene to test the diagnostic efficacy of the Hub genes.

Construction of “miRNA-mRNA” Networks

CORGs and Hub genes were imported into the TargetScan (http://www.targetscan.org/vert 72/), TarBase (https://
dianalab.e-ce.uth.gr/tarbasev9), miRmap (https://mirmap.ezlab.org/), and miRDB databases (https://mirdb.org/) to predict
miRNAs and required to be predicted by at least three databases to construct “miRNA-mRNA” networks.

Statistical Analysis
All Statistical Analyses Were Performed Using R Software, and P<0.05 Was Considered Significant

In Vivo Experimental Validation

Experimental Animal

10 SPF-grade male C57BL/6J mice were fed a normal diet as the control group, and 10 male C57BL/6] ApoE ™~ mice
were fed a high-fat diet (XIAOSHUYOUTAISHIYANDONGWUSILIAO, Cat.D12109C) for 12 weeks as the model
group. The experimental animals were purchased from the Liaoning Changsheng Biotechnology Co., Ltd., aged 6—
8 weeks, weighting 18-22 g, the animals were housed and experimented with in the Experimental Animal Center of the
Affiliated Hospital of Liaoning University of TCM. Feeding conditions: 12 h alternating light and dark, room tempera-
ture (22+1) °C, relative humidity 45%-55%, normal chow diet, free dietary water, and the experiments were started after
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Table | A List of the Primers Used in the qRT-PCR

Gene Primer sequence (5’-3’)

GAPDH | Forward: CCTCGTCCCGTAGACAAAATG
Reverse: TGAGGTCAATGAAGGGGTCGT
MMP9 Forward: CTGGACAGCCAGACACTAAAG
Reverse: CTCGCGGCAAGTCTTCAGAG
CLECS5A | Forward: ATGCCTACAAGGAGCTATGGAAC
Reverse: CAAGGTGATTCGGAGAAGGAGA
CD52 Forward: CAAAAACAGCACCTCCACCAA
Reverse: TTGGGATGTCTCTCGCTACTGAT
PLA2G7 | Forward: AGCGTCTTCGTGCGTTTGTA
Reverse: GCCAATAGCAGAATAAATCGTCC

SPPI Forward: AGCAAGAAACTCTTCCAAGCAA
Reverse: GTGAGATTCGTCAGATTCATCCG
FYB Forward: TCAACACGGGGAGTAACCC

Reverse: CGAGCTTTGTCCTGCAACT

PLCB2 Forward: CAACCACTTCCTGCTGAAAACACT
Reverse: CCAGTCCTTGCCTACGTTCTCC
PLCG2 Forward: GTGGACACCCTTCCAGAATATG
Reverse: ACCTGCCGAGTCTCCATGAT
PRKCB Forward: AGCGAGACACCTCCAACTTC
Reverse: CAGTGGGAGTCAGTTCCACAG

7 days of acclimatization feeding. Assess the success of the mouse OB model by evaluating changes in body weight and
Lee’s index. Evaluate the success of the mouse AS model through histological examination of the aorta using
hematoxylin-eosin (HE) and oil red O (ORO) staining. Lee’s index = [body weight (g)"(1/3)]/body length (cm).

Oil Red O (ORO) Staining
The aorta was subjected to frozen sections, stained with ORO dye (Servicebio, Cat.G1015) for 10 min, and then
removed, differentiated in 70% ethanol, washed in distilled water, observed under the microscope, and photographed.

HE Staining

The aorta was subjected to paraffin sectioning, gradually dewaxed, dipped in hematoxylin (Servicebio, Cat.G1002) for
8-15 min, washed to remove hematoxylin and floating color for 1-2 min, differentiated, washed in running pure water
for 30-60 min, dipped in eosin solution (Servicebio, Cat.G1004) for 2—5 min, dehydrated, transparent, sealed, and baked,
and photographed for observation under the microscope (Nikon, Eclipse Ci).

Quantitative Real-Time Polymerase Chain Reaction (qQRT-PCR)

Total RNA was extracted from cell lines using a Trizol total RNA isolation reagent and treated with Turbo DNase. cDNA was
synthesized from total RNA (0.5 mg) using random hexamers with the TagMan cDNA Reverse Transcription Kit. Primers were
designed using Primer Express v3.0 software, and real-time PCR was performed using SYBR Select Master Mix (Applied Bio-
Systems). All reactions were carried out on the 7500 Fast Real-Time PCR System. The average of six independent analyses for
each gene and sample was calculated using the DD threshold cycle (Ct) method and normalized to the endogenous reference
control gene. The above primers were synthesized by Sangon Biotech (Shanghai) Co., Ltd. (https://www.sangon.com/) (Table 1).

Results

Identification of CAS-Related Genes in the OB Population

Identification of DEGs for AS and OB

The CAS-related datasets GSE12828, GSE125771, GSE100927, and GSE43292 were first merged and normalized. Prior
to merging, the datasets exhibited some differences, but after merging and removing batch effects, the data showed
a certain degree of similarity (Figure 2A and B). Differential expression analysis identified 79 DEGs for CAS and 254
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DEGs for OB (P<0.05 and |logFC|>1), with 17 DEGs showing concordant expression (Figure 2C). Then 563 OB-related
genes (relevance score >5) were obtained from the GeneCards database, and three CORGs (MMP9, PLA2G7, and SPP1)
were obtained by intersecting with the above genes, which were up-regulated in OB and AS patients (Figure 2D and E).
Correlation analysis showed significant coordination between MMP9 and PLA2G7, and SPP1 (Figure 2F). To determine
the potential functions of these genes in CAS, the GSEA results indicated that the pathogenesis of CAS mainly involves
various cardiomyopathies, tyrosine metabolism, lysosomal, apoptosis, the JAK-STAT, PPAR, TOLL-like receptor, and
calcium signaling pathways (Figure 2G and H).

To further understand the immune microenvironment of CAS, the results of immune infiltration analysis showed that
memory B cells, follicular helper T cells, y-6 T cells, and MO macrophages had a higher abundance in CAS, while naive
B cells, plasma cells, CD8 T cells, resting memory CD4 T cells, activated NK cells, monocytes, M2 macrophages, and
resting mast cells had a lower abundance in CAS (P<0.05) (Figure 2I). Furthermore, correlation analysis showed that
CORGs were significantly negatively correlated with naive B cells, monocytes, plasma cells, resting memory CD4
T cells, and CDS8 T cells, and significantly positively correlated with MO macrophages, suggesting that CORGs regulate
the immune infiltration microenvironment of CAS (P<0.05) (Figure 2J).

Identification of Molecular Clusters of OB Subtypes in CAS Samples

Initially, the consensus cumulative distribution function and the delta area inflection method were employed to determine
the most suitable value of k. These methods suggested that k values of 2, 3, or 4 are preferable (Figure 3A and B).
Further examination through the matrix heatmap revealed that when the CAS were partitioned into 2 or 3 clusters, the
resulting groups were well-defined with minimal overlap, indicating a clear separation. Conversely, when the data was
segmented into 4 clusters, the C3 and C4 clusters exhibited increased clutter, with higher levels of intermingling and
similarity, leading to a less stable clustering pattern (Figure 3C). Consequently, the option of k=4 was deemed unsuitable
Subsequent analysis using the item-consensus plot and cluster-consensus plot corroborated the initial findings, with k=2
or k=3 yielding clusters that were more distinct and stable (Figure 3D-F). A detailed differential analysis was then
performed for k=3, which categorized the 107 CAS samples into three distinct clusters: the C1 cluster (n=48), the C2
cluster (n=18), and the C3 cluster (n=41). Within these clusters, genes MMP9, PLA2G7, and SPP1 were found to be
highly expressed, particularly in clusters C1 and C3. When k was reduced to 2, the CAS samples were consolidated into
two clusters: the C1 cluster (n=83) and the C2 cluster (n=24). In this configuration, the genes MMP9, PLA2G7, and
SPP1 were again observed to be highly expressed, predominantly in the C1 cluster (Figure 3G). Upon reviewing the
classification of individual samples, it was noted that the C1 and C3 clusters identified at k=3 were subsumed within the
C1 cluster at k=2. This observation, coupled with the fact that the C1 and C3 clusters at k=3 were not significantly
distinct and exhibited lower stability, led to the conclusion that a k value of 2 provided a more robust and coherent
clustering solution. Therefore, k=2 was selected as the optimal number of clusters for this dataset.

Further immune infiltration analysis revealed a higher prevalence of follicular helper T cells, regulatory T cells, y-0
T cells, MO macrophages, and activated mast cells in the C1 cluster, whereas the C2 cluster had a higher abundance of
naive B cells, plasma cells, CD8 T cells, resting memory CD4 T cells, activated NK cells, monocytes, M1 macrophages,
M2 macrophages, activated dendritic cells, and resting mast cells (Figure 3H).

GSVA indicated that the C2 cluster was mainly involved in processes such as retinol metabolism, inositol phosphate
metabolism, linolenic acid metabolism, the calcium signaling pathway, and the hedgehog signaling pathway. On the other
hand, the C1 cluster was primarily associated with porphyrin and chlorophyll metabolism, glycerophospholipid meta-
bolism, sulfur metabolism, glutathione metabolism, the B-cell receptor signaling pathway, and the Fc gamma R-mediated
phagocytosis. These findings suggest that, according to OB typing, CAS samples can be divided into two subgroups with
significantly different metabolic types (Figure 3I).

Identification and Functional Enrichment Analysis of Candidate Hub Genes

The WGCNA was performed across all samples to identify the co-expression modules that are most relevant to CAS
(Figure 4A). Upon setting the soft threshold to 15 (Figure 4B), three distinct modules were delineated, among which the
“turquoise” module exhibited a significant positive correlation with CAS (r=0.65) and contained 1221 module genes
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(Figure 4C). The module genes and DEGs of CAS and OB were intersected to obtain 16 candidate Hub genes (Figure 4D
and E), which upon functional enrichment analysis revealed that the pathogenesis of OB and CAS is related to biological
processes such as immune response, inflammatory response, inflammatory cell migration (regulation of mononuclear cell
migration and leukocyte migration, positive regulation of cell migration and cell motility), cellular response to lipid,
cellular differentiation (mononuclear cell and leukocyte differentiation), chitinase activity, chitin binding, neutrophil
degranulation, signaling by receptor tyrosine kinases, the calcium signaling pathway, and nervous system development
(Figure 4F and G). This suggests that the pathogenesis of CAS in the obese population involves abnormalities in several
biological processes, including the immune response, inflammatory response, cellular chemotaxis, the calcium signaling
pathway, and cellular response to lipids.

Identification and Validation of Hub Genes

To enhance the detection of potential biomarkers for CAS in the obese population, 61 machine learning models were
developed to identify Hub genes and mitigate the risk of overfitting. The GBM, Stepglm [forward], RF+GBM, and RF
models demonstrated strong diagnostic capabilities, as evidenced by their mean AUC values, accuracy, F1 scores, and
weighted scores from both the training set and the GSE28829 validation set. However, the GBM and Stepglm [forward]
models, particularly when utilizing 16 genes, exhibited a propensity for overfitting and were therefore excluded from
further consideration. Moreover, the RF+GBM model outperformed the RF model in terms of individual and average
AUC, accuracy, and F1 score, leading to its selection as the optimal model (Figure 5A). The model encompassed 6 genes:
EGR2, CD52, SPP1, FYB, MMP9, and CLEC5A. Subsequent external validation through single-gene differential
expression analysis confirmed the differential expression of CD52, CLEC5A, FYB, MMP9, and SPP1, while EGR2
did not show significant differential expression (Figure 5B).

To further validate the expression of the Hub gene, a co-morbidity model of OB and AS was constructed using high-
fat diet-fed C57BL/6J ApoE ™ mice, and adipose, aortic tissues and serum were taken for experimental validation. In
vivo experiments demonstrated that mice fed a high-fat diet exhibited a significant increase in body weight, averaging
35.634+0.690 g (n=10), compared to the control group mice with an average weight of 26.367+0.451 g (n=10). The Lee’s
index of the model group was significantly elevated at 0.396+0.009 (n=10) compared to the control group at 0.3234+0.013
(n=10). Histological examination of the aortas from the model group, as revealed by HE and ORO staining, indicated
intimal hyperplasia, irregular cellular arrangement, and vacuolation, along with lipid deposition (Figure 6A). These
findings confirm the successful establishment of the OB and AS mouse models. The mRNA gene expression levels of
MMP9, PLA2G7, SPP1, FYB and CD52 were significantly higher in the aorta and adipose tissue and serum of the model
mice compared to the control group; whereas CLEC5A was up-regulated in the aorta and serum (Figure 6B). Thus,
PLA2G7, CD52, CLEC5A, FYB, MMP9, and SPP1 were identified as Hub genes.

Construction and Validation of Nomogram

Subsequently, this study developed a Hub gene-based nomogram to predict the risk of CAS in obese population
(Figure 7A). Decision and calibration curves demonstrated that the predictive model, based on these hub genes, exhibited
excellent diagnostic efficacy and was effective in assessing the risk of CAS among the obese population (Figure 7B and
C). The ROC curves for the internal training set and the external validation set (GSE28829) demonstrated that the Hub
genes possessed robust diagnostic efficacy, with an AUC exceeding 0.75 (Figure 7D and E).

To gain a deeper understanding of the molecular links between OB and CAS, and to identify potential biomarkers and
therapeutic targets, subsequent predictions of miRNAs associated with Hub genes were made using databases. These
miRNAs may play a crucial regulatory role in the pathological processes of OB and CAS. Specifically, the miRNAs
corresponding to CLEC5A as hsa-miR-130b-5p and hsa-miR-4753-3p, CD52 to hsa-miR-214-5p, MMP9 to hsa-miR
-3065-5p, PLA2G7 to hsa-miR-214-5p, SPP1 to hsa -miR-130b-5p, hsa-miR-4753-3p, and hsa-miR-3065-5p (Figure 7F).
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Identification of Key Genes and Subtypes of the Calcium Signaling Pathway in OB and
CAS

Identification of Calcium Signaling Pathway-Related Genes in the OB and CAS

The previous results of GSEA (P=0.0014) indicated that substantial enrichment of the calcium signaling pathway was
significantly enriched in CAS (Figure 8A). To elucidate the role of this pathway in the development of OB and CAS,
“GSVA” was utilized to identify 178 CaRGs, of which 27 genes were significantly different between the two groups
(P<0.05), 15 CaRGs were up-regulated, while 12 CaRGs were down-regulated in CAS and OB, suggesting that the
calcium signaling pathway could be a pivotal pathway in the pathogenesis of both OB and CAS.

Enrichment analyses have revealed that the biological functions of the 27 identified CaRGs are multifaceted. In
addition to their established role in calcium transport, these genes are also implicated in the adenylate cyclase-activating
G protein-coupled receptor signaling pathway, positive regulation of angiogenesis, inflammatory response, positive
regulation of interleukin-6 production, phosphatidylinositol metabolic process, and lipid catabolic process. These
genes are predominantly associated with components involved in calcium transport, with a particular focus on the
plasma membrane, membrane rafts, presynaptic terminals, glutamatergic synapses, the phosphorylase kinase complex,
Schaffer collateral-CA1 synapses, neuronal cell bodies, and the cAMP-dependent protein kinase complex. Molecular
function with calmodulin binding, phospholipase C activity, phosphatidylinositol phospholipase C activity, ATP binding,
phosphorylase kinase activity, prostaglandin E receptor activity, cAMP-dependent protein kinase activity, glutamate
receptor binding, and adenylate cyclase activity. These genes are also associated with the regulation of the phospholipase
D signaling pathway, VSMCs contraction, aldosterone synthesis and secretion, inflammatory mediator regulation of TRP
channels, regulation of TRP channels, cGMP-PKG signaling pathway, chemokine signaling pathway, platelet activation,
and regulation of lipolysis in adipocytes.
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Identification of Key Genes of the Calcium Signaling Pathway in CAS
To further delineate the key genes related to the calcium signaling pathway in OB and CAS, 14 DEGs were obtained by
external validation using CAS-related dataset GSE28829, and a PPI network with 11 nodes and 16 edges was established
(Figure 8B). Then, utilizing “CytoHubba” for topological analysis, three key genes (PLCB2, PRKCB, PLCG2) with
degree centrality, betweenness centrality, and closeness centrality greater than the average were screened out, of which
PRKCB was up-regulated in OB and CAS, while PLCB2 and PLCG2 were down-regulated (Figure 8C). LASSO
regression and SVM-RFE similarly identified PLCB2, PRKCB, and PLCG2 as characteristic genes (Figure 8D and E).
Consequently, these genes were identified as key genes in the calcium signaling pathway relevant to OB and CAS.
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To elucidate the interplay between CaRGs and immune cells, immune cell correlation analysis showed that PLCB2,
PRKCB, and PLCG2 were significantly negatively correlated with naive B cells, M1 macrophages, M2 macrophages,
resting mast cells, monocytes, and CD8 T cells, and significantly negatively correlated with MO macrophages
(Figure 8F). These correlations suggest that CaRGs may modulate the immune-infiltrating microenvironment in CAS,
indicating a link between immune cell activation in CAS and the calcium signaling pathway.

In an effort to uncover the potential biological functions of CaRGs, single-gene GESA indicated that tyrosine
metabolism, nicotine addiction, drug metabolism-cytochrome p450, hypertrophic cardiomyopathy, dilated cardiomyo-
pathy, arrhythmogenic right ventricular cardiomyopathy, cytoskeleton in muscle cells, propanoate metabolism, circadian
rhythm, and fatty acid degradation were significantly enriched in the PLCB2-high, PRKCB-high, and PLCG2-high
subgroup (Figure 8G-I).

Validation of CaRGs and Construction of Nomogram

Subsequently, in vivo experiments showed that PLCB2 was significantly up-regulated in serum, adipose and aortic
tissues of OB and AS model mice; PRKCB was down-regulated in aortic tissues and up-regulated in adipose tissues and
serum; PLCG2 was up-regulated in aortic tissues of mice (Figure 9A). Therefore, PRKCB and PLCB2 were identified as
key genes of the calcium signaling pathway in OB and CAS.

Additionally, in order to explore the diagnostic capability of calcium signaling pathway-related genes in OB and
CAS, this study constructed a nomogram to predict the risk of developing OB and CAS based on PRKCB and PLCB2
(Figure 9B). The results of calibration and decision curves showed that the nomogram demonstrated satisfactory
diagnostic efficacy (Figure 9C and D). Furthermore, the ROC curves showed that these genes exhibited satisfactory
diagnostic performance in both the training and validation sets (AUC values greater than 0.80), suggesting that calcium
signaling pathway-related genes may also serve be able to serve as potential biomarkers for OB and CAS (Figure 9E-H).

Discussion

OB and CAS are significant challenges to global public health. OB is not only a metabolic disorder but also associated
with an increased risk of various cardiovascular diseases, including coronary heart disease, heart failure, and
hypertension. These diseases are the leading causes of death and disability worldwide, imposing a significant
economic burden on healthcare systems. According to the World Health Organization (WHO), more than 1.9 billion
adults are overweight globally, with 650 million being obese, and this trend is increasing across different regions and
age groups.®® As a form of cardiovascular disease, CAS is a significant predictor of stroke and myocardial infarction,
with its incidence rising alongside the increasing rates of OB.*° Therefore, diagnosing or preventing cardiovascular
diseases in the OB population is particularly important. The purpose of this study is to explore the potential
mechanisms and biomarkers between OB and CAS. Although existing research has revealed the association between
OB and CAS, the specific molecular mechanisms of these diseases are not yet fully understood. Identifying and
validating key biomarkers in the process of these diseases is crucial for early diagnosis, risk stratification, and
personalized treatment. Moreover, understanding the molecular links between OB and CAS may uncover new
therapeutic targets, aiding in the development of more effective interventions.

In order to identify diagnostic biomarkers for CAS in OB population, this study obtained 3 CORGs (MMP9,
PLA2G7, and SPP1) based on bioinformatics. MMP9, responsible for tissue remodeling and extracellular matrix protein
degradation, are considered biomarkers of endothelial activation and dysfunction in cardiovascular disease, are strongly
correlated with AS plaque instability and severity, and are also used as biomarkers of AS.*”*®* MMP9 is also highly
expressed in obese children, adolescents, and adults, and MMP9 genotypes and haplotypes were found to influence
MMP9 levels in obese children and adolescents.>*** In addition, MMP9 was positively correlated with body mass index
(r=0.40, P<0.01) and negatively correlated with insulin sensitivity (r=—0.46, P<0.001).%

PLA2G7, also known as lipoprotein-associated phospholipase A2 (Lp-PLA2) and platelet-activating factor acetylhy-
drolase (PAF-AH), is a prominent enzyme within the phospholipase A2 superfamily. It is instrumental in the synthesis of
ox-LDL, with its activity predominantly emanating from adipose tissue and adipocytes. PLA2G7 has garnered attention
as a robust predictor of cardiovascular events, a role that has been corroborated by multiple studies observing its
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Figure 9 Construction of nomogram based on CaRGs to predict the risk of developing OB and CAS. (A). The relative expression level of PRKCB, PLCB2, and PLCG2 genes (n=6). *P<0.05 vs the Control group, **P<0.01 vs the Control
group. (B). Construction of a nomogram for predicting the risk of OB and CAS based on CaRGs. (C and D). Construction of a (C) calibration curve and (D) decision curve analysis for assessing the predictive efficiency of the nomogram
model. (E-H). ROC curves were used for internal validation on CAS-related datasets (E) GSEI100927 and (F) GSE43292 and OB-related dataset (G) GSEI51839 and for external validation on CAS-related dataset (H) GSE28829.
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heightened expression in CAS.***¢ Furthermore, Lp-PLA2, which is derived from macrophages, has been identified as
a catalyst for the destabilization of vulnerable atherosclerotic plaques, thus amplifying the risk of coronary events, and
Lp-PLA2 inhibitors have been shown to reduce the frequency of these events.*> In the context of OB, Lp-PLA2 is
observed to be upregulated, with research indicating a positive correlation between its activity and Body Mass Index
(BMI), and an inverse relationship with the adipokines leptin and lipocalin.****”** The impact of lifestyle interventions
on PLA2G7 activity has also been noted, with exercise shown to decrease serum PAF-AH expression levels in obese
women.*° Thus, PLA2G7 has been recognized as a diagnostic biomarker of CAS and OB that predicts the develop-
ment of OB and CAS.***®

The elevated expression of SPP1 has been observed in patients with AS.>' Studies indicate that SPP1-expressed
osteopontin have adhesive, chemotactic, and calcium-binding properties, and that high expression in AS plaques
may contribute to cellular accumulation and dystrophic calcification.’> Overexpression of SPP1 notably promoted fatty
streak formation, monocyte and lipid continuation, and inhibited IL-10 production by macrophages in high-fat diet
mice.> Additionally, previous studies has identified SPP1 as a potential biomarker for the co-morbidities of AS and non-
alcoholic fatty liver disease.>

Subsequently, Five Hub genes (CD52, CLEC5A, MMP9, FYB, and SPP1) were screened based on identified based on
61 machine learning models. CLEC5A, a C-type lectin receptor, is highly expressed in macrophages of atherosclerotic
plaque lesions in advanced human and apoE '~ mice and is strongly associated with early AS plaque progression,
promoting macrophage survival.>® In obese populations, visceral and subcutaneous adipose tissue macrophage activation
underlies OB metabolic disturbances. CLEC5A plays an important role in the transformation of adipose tissue macro-
phage subtypes and influences inflammatory responses during OB.>®

CDS52 is a glycosylphosphatidylinositol (GPI)-anchored glycoprotein, is widely expressed in immune cells.
A bioinformatics analysis likewise identified CD52 as a potential diagnostic biomarker for AS, and high expression of the
CD52 gene was observed in a foam cell model of ox-LDL-induced THP-1 cells.”” Furthermore, elevated CD52 expression is
also detected in unstable carotid atherosclerotic plaques, potentially linking its presence to cellular lipid accumulation and
inflammatory processes.”™>” Significant differential expression of CD52 was likewise identified in adipocytes and preadipo-
cytes of obese and lean individuals, and CD52 was found to be a significantly upregulated mRNA in mature adipocytes and
preadipocytes in both in vivo experiments in high-fat diet-fed mice and in vitro experiments in adipocytes.*® Additionally,
traditional Chinese medicine indicates that people with phlegm-dampness are more likely to suffer from OB and metabolic
syndrome, and CD52 has a significantly high expression in phlegm-dampness.®'

FYB, acting as an adaptor protein in the FYN and LCP2 signaling cascade within T cells, may play a role in linking
T cell signaling to actin cytoskeleton remodeling.°>®* FYB has been identified as a key gene in conditions such as OB
combined with periodontitis and AS combined with psoriasis.®**> However, the specific mechanisms by which FYB
regulates these conditions, particularly OB and AS, remain unclear.

In summary, this study identified MMP9, PLA2G7, CD52, CLEC5A, SPP1, and FYB as potential diagnostic
biomarkers for CAS in the OB population through bioinformatics analysis and in vivo experiments. Other researchers
have also investigated potential biomarkers for CAS. For instance, Huang identified autophagy-related genes CCL2,
LAP2, and CTB associated with CAS using PPI network topology algorithms;*® Wei recognized ANGPTL1, CX3CRI,
and CCL4 as key genes for aortic valve calcification and CAS through LASSO regression;®’ Qin utilized various
machine learning models, including LASSO regression, SVM, and RF, to identify C3ARI1, FBLNS, PPPIR12A, and
TPMI as key genes for CAS.®® The studies mentioned also concentrate on CAS; however, what distinguishes this
particular study is its construction of multiple machine learning models. The models were carefully selected based on
their F1 scores and accuracy, with a particular emphasis on assessing the risk of CAS within the OB population and
examining the role of the calcium signaling pathway in comorbid conditions.

Additionally, studies have frequently highlighted the significance of the calcium signaling pathway in both OB and
AS. Studies indicate that dietary calcium plays a crucial role in regulating energy metabolism and the risk of OB.
Intracellular calcium ions are essential for the regulation of lipid metabolism and triglyceride storage in adipocytes. An
increase in calcium ion levels can activate genes responsible for fat generation, promote lipid accumulation in adipocytes,
and inhibit fat breakdown, leading to increased lipid deposition. A low-calcium diet can lead to elevated levels of
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calcitriol, which in turn stimulates the influx of calcium ions into fat cells, fostering the development of OB.%%"°

Furthermore, the Ca%/calcium—sensing receptor (CaSR) is considered a potential mediator of white adipose tissue
dysfunction. Research has shown that exposure of adipocytes to CaSR activators enhances the expression and secretion
of pro-inflammatory cytokines. In a pro-inflammatory environment, white adipose tissue becomes dysfunctional, leading
to increased fat deposition in peripheral organs and insulin resistance, thereby promoting the onset of OB.”!:7?

AS initiates with the migration of monocytes across the endothelial barrier, a process where an increase in
intracellular free calcium concentration in endothelial cells significantly enhances monocyte adhesion.”® Studies have
shown that intracellular free regulates functions such as cell contraction, proliferation, migration and transcription, and
that calcium transport proteins undergo biphasic changes as AS progresses.”* The calcium signaling pathway is pivotal in
modulating the susceptibility to AS and is deeply involved in the inflammatory processes that drive AS pathogenesis.”*>’
The calcium signaling pathway can regulate NF-xB inhibitor proteins through various molecular mechanisms, thereby
affecting NF-kB activation, and this transcription factor can also participate in the activation of the calcium signaling
pathway by regulating the expression and activity of various calcium channels.”® The activation of the NF-kB pathway is
involved in the regulation of cellular inflammation, proliferation, differentiation, and metabolism, all of which are
indispensable parts of the AS pathogenesis.”® Moreover, early evidence has shown the potential plaque-stabilizing effects
of calcium channel blockers, which have been demonstrated to inhibit the thickening of the atherosclerotic intima and, to
a certain extent, to ameliorate CAS.””"’®

Mitochondrial calcium homeostasis is crucial for regulating cellular energy metabolism, respiration, cell death
signaling, and redox balance. Dysfunction in mitochondria leads to calcium homeostasis imbalance and excessive
reactive oxygen species production, which contribute to endothelial dysfunction, inflammatory cell recruitment, smooth
muscle cell proliferation, and lipid deposition in the vascular wall, culminating in plaque formation and progression.””

The CaSR is instrumental in modulating intracellular calcium ion signaling and has been shown to alleviate
endothelial inflammation in AS by regulating integrin f1 and NLRP3 inflammasomes.®® Downregulation of CaSR
expression promotes the progression of calcification in smooth muscle cells.®' Inositol 1,4,5-trisphosphate receptors
(IP3Rs) are essential for maintaining intracellular calcium ion homeostasis and are implicated in various programmed
cell death pathways, including apoptosis, pyroptosis, and ferroptosis, thereby influencing cardiovascular diseases such as
heart failure, ischemia, arrhythmias, and AS.*?

Therefore, regulating mitochondrial calcium and ROS levels may offer novel therapeutic strategies for atherosclero-
sis. Targeting the calcium signaling pathway through interventions like calcium channel blockers and CaSR modulation
could mitigate AS progression and provide new avenues for future therapeutic development.

This study also identified three CaCRs that are strongly associated with OB and AS, namely PLCB2, PRKCB, and
PLCG2. In addition, enrichment analysis revealed that these genes play important roles in the phosphatidylinositol
signaling system, neutrophil extracellular trap formation, and chemokine signaling pathway-related pathways. PLCB2 is
instrumental in platelet activation, a process that is intricately linked to the pathogenesis of AS. The expression of the
PLCB2 gene is modulated by NF-kB, which has been shown to implicate the development of AS by regulating
inflammation and platelet activation through the NF-kB/ PLCB2 signaling axis.*> Furthermore, PLCB2 is posited as
a key gene associated with abnormal endothelial shear stress, Abnormal endothelial shear stress leads to activation of
endothelial cells by the vascular endothelial system, which promotes the release of pro-inflammatory factors, leading to
endothelial dysfunction and contributing to the progression of the subclinical stage of AS.** In addition, PLCB2 has been
identified as a critical positive regulator of VEGF-induced vascular permeability by modulating calcium flux and
phosphatidylinositol 4.5-bisphosphate levels at the cellular level.*®

PLCG2 hydrolyzes membrane phospholipids into the second messenger molecules diacylglycerol and inositol
1,4,5-trisphosphate.®® Studies have shown that PLCG2 is associated with inflammatory responses, NK cell immunity,
and glycolipid metabolism and may interact with a high-fat diet to accelerate the progression of Alzheimer’s disease in
obese mice.*” " However, the relationship between PLCG2 and AS remains unclear.

PRKCB plays a multifaceted role in cellular processes, including the regulation of calcium signaling, apoptosis
triggered by oxidative stress, and insulin resistance.”’ Research has demonstrated that PRKCB exerts a negative
regulatory effect on the insulin-stimulated translocation of the glucose transporter protein SLC2A4/GLUT4, a key player

1986 https: Journal of Inflammation Research 2025:18



Wu et al

in glucose transport within adipocytes.”’ In endothelial cells, the overexpression of PRKCB isoforms has been linked to
vascular insulin resistance and upregulation of endothelin-1, molecular changes that contribute to endothelial dysfunction
and potentially exacerbate the progression of AS.”? Furthermore, the activation of PRKCB in these cells leads to
heightened phosphorylation of the retinoblastoma protein and increased cell proliferation in response to VEGFA.
Concurrently, it disrupts the insulin-dependent activation of the PI3K/ AKT pathway, which in turn impairs the function
of endothelial nitric oxide synthase (NOS3/eNOS), resulting in endothelial dysfunction.”?

In conclusion, this study analysis highlighted the immune and inflammatory response, lipid metabolism, the calcium
signaling pathway, and phagocytosis as potential mechanisms by which OB may promote AS. MMP9, PLA2G7, CD52,
SPP1, FYB, PRKCB, CLEC57A, and PLCB2 genes were up-regulated in the serum of C57BL/6J ApoEfF mice fed
a high-fat diet. Therefore, MMP9, PLA2G7, CD52, CLECS5A, SPP1, and FYB were identified as potential biomarkers for
the development of CAS in the obese population. PLCB2 and PRKCB are key genes in the calcium signaling pathway in
OB and AS. These findings offer new insights into potential diagnostic biomarkers for CAS in obese populations and
may guide future research directions to improve clinical management and treatment strategies for AS in obese patients,
such as developing new treatment methods targeting specific pathways of these Hub genes. Furthermore, these findings
underscore the importance of the calcium signaling pathway in the pathogenesis of OB and CAS, providing new targets
for future research.

Although this study provides new insights into the potential links between OB and CAS and identifies several
possible biomarkers, it also has some limitations. First, the datasets used in this study were sourced from specific
public databases, which may introduce selection bias and affect the generalizability of the results. Second, while
multiple machine learning models were employed to analyze the data, the predictive power of these models may be
limited by the quality and quantity of the data. Additionally, the available OB-related datasets are insufficient in
number, making it difficult to adequately represent the OB population. Furthermore, this study primarily focused on
calcium signaling pathway-related genes, potentially overlooking other important molecular mechanisms. In the
in vivo experiments, although biological validation was provided, the models used may not fully replicate the
complexities of human OB and CAS. Finally, the findings need to be validated in larger and more diverse population
cohorts to confirm the clinical applicability and effectiveness of these biomarkers. Future research should take these
limitations into account and explore additional datasets and analytical methods to further validate and expand upon the
current findings.

Conclusions

MMPY, PLA2G7, CD52, CLECS5A, SPP1, and FYB may serve as potential diagnostic biomarkers for CAS in obese
populations. PLCB2 and PRKCB are key genes in the calcium signaling pathway in OB and CAS. These findings offer
new insights into clinical management and therapeutic strategies for CAS in obese individuals.
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