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Characterizing hub biomarkers
for metabolic-induced
endothelial dysfunction and
unveiling their regulatory roles in
EndMT through RNA sequencing
and machine learning approaches

Qi Sun”, Longchuan Xie', He An', Wei Chen', Qirong Yang',
Peng Wang', Yijun Tang™ and Chunyan Peng"**

Clinical Molecular Diagnostic Center, Taihe Hospital, Hubei University of Medicine, Shiyan, Hubei,
China, *Hubei Key Laboratory of Embryonic Stem Cell Research, Hubei University of Medicine, Shiyan,
Hubei, China

Background: Metabolic disorder and endothelial dysfunction (ED) are key events
in the development and pathophysiology of atherosclerosis and are associated
with an elevated risk of Cardiovascular disease (CVD). The pathophysiology
remains incompletely understood.

Methods: Leftover serum samples were collected and stored at —20 °C until
study. Serum specimens were mixed to obtain pooled high glucose serum
(GLU group) (11.97 +2.09 mmol/L); pooled elevated low-density lipoprotein
serum (LDL group) [3.465 (3.3275, 3.6425 mmol/L)]; pooled high triglycerides
serum (1.15 + 0.35 mmol/L) (TG group); Subsequently, Human umbilical vein
endothelial cells (HUVECs) were exposed to culture media supplemented with
these pooled serum or control serum for 72h. Whole transcriptome
sequencing was performed to characterize gene expression profiles and data
were analyzed using GSEA, GO, KEGG. gPCR was used to validate the
gene expression.

Results: A total of 306 mMRNAs and 523 IncRNAs were identified as differentially
expressed in the GLU group, 335 mRNAs and 471 IncRNAs in the LDL group, and
364 mRNAs and 562 IncRNAs in the TG group, compared to the control group.
These genes are primarily involved in inflammation, lipid metabolism, and EndMT
pathways. By integrating differentially expressed mRNA and curated EndMT-
related gene sets from the KEGG, GO, and dbEMT2.0 databases, we identified
52 differentially expressed genes associated with EndMT under metabolic
stress conditions. Utilizing machine learning techniques, we established an
EndMT-associated gene diagnostic signature comprising CD36, I1ISG15, HSPB2,
and IRS2 for the diagnosis of AS, which achieved an AUC of 0.997. The model
was subsequently validated across three independent external cohorts
(GSE43292, GSE28829, GSE163154), in which it consistently demonstrated
strong diagnostic performance, with AUC values of 0.958, 0.808, and 0.884,
respectively. The ceRNA networks associated with EndMT are constructed and
related IncRNAs including LINC002381, VIM-AS1, and ELF-AS1 were
significantly upregulated in peripheral blood samples.
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Conclusions: This study identified novel biomarkers for ED. These findings may
provide both a potential biomarker and therapeutic target for the prevention
and treatment of atherosclerosis and CAD.

KEYWORDS

cardiovascular disease, endothelial dysfunction, lipid metabolism, EndMT, hub genes,
bioinformatics analysis, machine learning, ceRNA network

1 Introduction

Cardiovascular disease (CVD) represents a significant global
health concern, with mortality increasing from approximately
12.1 million in 1990 to nearly 20.5 million in 2021 (1). The
pathogenesis and development of CVD are closely related to a
series of metabolic disorders, including diabetes, obesity,
hypertension, and dyslipidemia. With the aging population and
the increasing prevalence of metabolic disorders, the global
burden of CVD continues to increase (2). This fact highlights the
pressing necessity to comprehend how it originates, make
progress in its control, and explore therapeutic possibilities for
reducing its impact (3).

Endothelial cells (ECs) form the inner lining of blood vessels
that is crucial for vascular function and homeostasis. They
regulate vascular tone, oxidative stress, and permeability.
Endothelial Dysfunction (ED) leads to increased permeability,
leukocyte thrombosis  (4).

inflammatory process induced by different risk factors as

adhesion, and During the
hypertension, oxidized low-density lipoprotein (oxLDL) and
diabetes, there is an increase in the production of interleukin-1
(IL-1), interleukin-6 (IL-6), tumor necrosis factor-o. (TNF-o) and
(CRP) that endothelial
proinflammatory phenotype characterized by an increase in

C-reactive  protein generate the
E-selectin, vascular cell adhesion molecule-1 (VCAM-1) and
intercellular adhesion molecule 1 (ICAM-1) expression (5).
Therefore, there is a greater interest in the search for new
biomarkers and therapeutic strategies that help to prevent ED
and reduce the risk of developing CVD and its complication (6).

In the previous studies, culture medium with glucose or ox-LDL
were used to treat ECs to establish ED in vitro model, however,
under conditions,

physiological lipids,

hormones,

circulating  glucose,

inflammatory =~ mediators,  anticoagulant  and
procoagulant factors were all contributed to dynamic equilibrium
of ECs (7, 8). Conventional single-component culture systems
employing
cellular glucose desensitization (9) and may introduce potential

supraphysiological glucose concentrations induce

biological artifacts, which limit the accuracy of modeling
physiological conditions. This methodological limitation, coupled
with the absence of multifactorial in vitro models that can
incorporate clinically relevant parameters has limited hypothesis-
driven studies and, in turn, limited our progress in understanding
ED mechanisms. Treatment with pooled clinical serum with
could better
microenvironment reality may be better model for ED study. In
this study, pooled high
lipoprotein; high triglycerides) from individuals were used to treat

altered metabolic  parameters mirrors  the

serum  (high-glucose; low-density
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Human umbilical vein endothelial cells (HUVECs). Subsequently,
whole-transcriptome sequencing was employed to determine the
expression profiles of mRNAs and key noncoding RNAs
(including circRNAs and IncRNAs) within these models, with the
intention of exploring their potential regulatory mechanisms.

2 Materials and methods

2.1 Subject

Individuals who underwent physical examination at the Health
Management Center of Taihe Hospital from January to March
2021 were included as research subjects in this study. Fasting
venous blood samples were collected from these participants for
routine blood tests and biochemical analyses at the hospital
laboratory department, using accredited laboratory methods. The
hematological and biochemical investigations which were
performed included hemoglobin, total leukocyte count, platelet
count, neutrophil level, blood sugar, urea, creatinine, sodium,
potassium, serum total cholesterol (TC), serum  triglycerides
(TG), and serum low-density lipoprotein (LDL). A residual
serum volume of 2-5 ml was separated from the remaining blood
samples by centrifugation at 1,500 rpm for 15 min at 4 °C and
stored at —80 °C for future use. All subjects had no history of
severe preexisting infections, immunological or cardiovascular
diseases that required long-term medication, hypertension,
diabetes, and chronic kidney disease. This study received
approval from the Ethics Committee of Hubei University

of Medicine.

2.2 Preparation of pooling serum

Matching serum samples from healthy individuals (n = 80)
were selected based on sex, age, and test results. Serum from 20
samples exhibiting isolated elevations in blood glucose levels
(11.97 £2.09 mmol/L, GLU group) was pooled by combining
3ml from each sample, yielding a total volume of 60 ml of
high-glucose pooled serum with a final concentration of
12.36 mmol/L. Likewise, serum from 20 samples showing isolated
elevations in LDL levels [3.465 (3.3275, 3.6425 mmol/L), LDL
group] was pooled in the same manner, resulting in a total
volume of 60 ml of high-LDL pooled serum (final concentration:
3.30 mmol/L). Serum from 20 samples with isolated elevations in
TG levels [3.725 (3.0125, 5.08) mmol/L, TG group] was pooled,
producing a total volume of 60 ml of TG pooled serum (final
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concentration: 3.40 mmol/L). All other measured indicators

remained within the normal range for each group
(Supplementary Table 1). Additionally, twenty normal serum
samples, each with all indicators within normal ranges, were
pooled to serve as control samples (Con group). All serum
samples were maintained at 4 °C throughout the pooling process,
and the pooled serum was stored at —80 °C for subsequent
experiments. Biochemical indices of pooled samples were

measured and are reported in Table 1.

2.3 Human umbilical vein endothelial cells
culture and treatments

Human umbilical vein endothelial cells (HUVECs) were
isolated from umbilical cord veins obtained from the Obstetrics
and Gynecology department of Taihe Hospital. The HUVECs
cultured in Dulbecco’s
supplemented with 10% fetal bovine serum, 100 U/ml penicillin,

were modified Eagle’s medium,
and 100 mg/ml streptomycin. The cultures were maintained at
37°C in a 5% CO, environment. ECs ranging from passages
three to five were utilized in the experiments. HUVECs were
seeded at a density of 15,000 cells/cm?, and on the following day,
the culture medium was replaced with fresh medium containing
a Penicillin-Streptomycin solution at a final concentration of 1%
and 15% v/v of pooled serum from the GLU, LDL, TG, and Con

groups. The cells were treated for a duration of 72 h.

2.4 RNA extraction, cDNA libraries
preparation, and high-throughput RNA
sequencing

Each treatment group consisted of four independent biological
replicates (n=4 per group). In total, 16 samples were sent to
Oebiotech Corporation (Shanghai, China) for RNA sequencing.
Total RNA was extracted using the mirVana miRNA Isolation

TABLE 1 Baseline biochemical characteristics of pooled serum samples.

Pooled | Pooled
high LDL | high TG | control

Biochemical
parameter
(unit)

TC (mmol/L) 4.22 6.73 4.12 4.34
TG (mmol/L) 1.05 128 3.40 1.04
HDL-C (mmol/L) 115 1.50 1.01 1.26
LDL-C (mmol/L) 1.90 3.30 1.66 1.92
Glucose (mmol/L) 12.36 4.69 4.99 4.9

Apolipoprotein Al 0.98 1.06 0.98 1.03
(g/L)

Apolipoprotein B (g/ 0.78 111 0.72 0.75
L)

Lipoprotein (a) (mg/ 83.74 182.15 93.66 57.72
L)

Reference values: Total Cholesterol (TC, 2.8-5.68 mmol/L), Triglycerides (TG, 0.28-
1.8 mmol/L), High-Density Lipoprotein Cholesterol (HDL-C, 0.9-1.6 mmol/L), Low-
Density Lipoprotein Cholesterol (LDL-C, 1.5-3.11 mmol/L), Glucose (3.9-6.1 mmol/L),
Apolipoprotein Al (ApoAl, 1.06-1.8 g/L), Apolipoprotein B (ApoB, 0.6-1.14 g/L),
Lipoprotein(a) (Lp(a), 0-300 mg/L). Bold values indicate measurements outside the
normal reference range.
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Kit (Ambion) in accordance with the manufacturer’s protocol.
The integrity of the RNA was assessed using the Agilent 2100
Bioanalyzer (Agilent Technologies, Santa Clara, CA, USA). Only
samples with an RNA Integrity Number (RIN) >7 were selected
for further analysis. Libraries were constructed using TruSeq
Stranded Total RNA with Ribo-Zero Gold, following the
manufacturer’s instructions. These libraries were subsequently
sequenced on the Illumina HiSeq™ 2500 sequencing platform,
resulting in 150 bp paired-end reads.

2.5 Identification and characterization of
DElncRNAs and DEmRNAs

The long non-coding RNA (IncRNA) profiles were identified by
screening the merged transcript sets based on five criteria: (1)
transcript length of at least 200 nucleotides; (2) transcripts
containing two or more exons; (3) exclusion of transcripts
overlapping with exon regions annotated as coding genes in the
database; (4) transcripts with an FPKM (fragments per kilobase of
exons per million mapped fragments) of at least 0.1 in one or more
groups; (5) identification of transcripts with low protein-coding
potential using four distinct algorithms (CNCI v1.0, PLEK v1.2,
CPC2-beta, and Pfam v30). Each transcript was required to have a
minimum of 0.1 million mapped fragments in one or more groups.
We utilized the DESeq2 R package for RNA-seq data normalization
and processing, and applied it to each subset to analyze
differentially expressed mRNAs (DEmRNAs) and long non-coding
RNAs (DEIncRNAs) from our sequencing results. DEmRNAs
were identified using the criteria of absolute log2-fold change
(Jlog2FC|) > 0.5 and P<0.05. Similarly, IncRNA transcripts with
[log2FC| > 1 and P < 0.05 were considered differentially expressed.

2.6 Functional analyses of DEmRNAs and
DElncRNAs

The Metascape database (https://metascape.org/gp/) was
selected for the enrichment analysis of overlapping DEmRNAs,
with the results visualized in enriched bar graphs. Annotation
and visualization were conducted for Gene Ontology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analyses to investigate the potential roles and
functions of the identified DEmRNAs. The GO annotation
analysis, based on the GO database, was performed for three
ontologies: biological process (BP), molecular function (MF), and
cellular component (CC). Additionally, Gene Set Enrichment
Analysis (GSEA) was employed to elucidate the biological
significance of characteristic genes. The R package clusterProfiler
can be utilized to perform KEGG, GO, and GSEA enrichment
analyses. To explore the potential functions of DEIncRNAs, we
predicted their trans- and cis-target genes based on distinct
principles and subsequently intersected these with DEmRNAs
profiles to enhance prediction accuracy. Trans-target genes were
identified using the following criteria: Trans-target genes were
identified based on the following criteria: (1) complementary
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sequences between DEIncRNAs and mRNAs with normalized free
energy < —0.1 were identified using LncTar software; (2) the
Pearson correlation coefficient between DEIncRNAs and mRNAs
was calculated and found to be |r| >0.97. Cis-target genes were
DEmRNAs
approximately 100 kb upstream and downstream.

classified as the transcribed from  regions

2.7 Regulatory networks construction and
functional analysis

To establish an effective DEIncRNAs-mediated protein—protein
interaction (PPI) network, all functionally known protein-coding
targets (both trans- and cis-targets) of DEIncRNAs were selected.
The STRING v11.0 database was utilized to generate interactions
with the following criteria: a minimum interaction score of >0.4
and interactions involving at least one protein. The PPI network
was visualized using Cytoscape v3.7.2 software, and the nodes
with higher degrees (top 5%) were identified as hub genes
through the Cytohubba function. The different modules within
the PPI network were delineated using the MCODE function,
and the significantly enriched signaling pathways and potential
functions were analyzed through KEGG and GO annotation.

2.8 ldentification of DE-EndMTs

A comprehensive search of the KEGG and GO databases
identified a total of 223 genes associated with the Transforming
Growth Factor Beta (TGF-B) pathway. Integration with the
dbEMT2.0 database
html) revealed a gene set related to Endothelial-to-Mesenchymal

(https://bioinfo-minzhao.org/dbemt/index.

Transition (EndMT), comprising 1,164 genes (see Supplementary
Table 2). DEmRNAs were categorized into upregulated
(log2FC > 0.5, p <0.05) and downregulated (log2FC < —0.5, p <0.
05) groups. DE-EndMTs were defined as the intersection of these
DEmRNAs (|log2FC| > 0.5, p<0.05) with the EndMT-related
gene set (1,164 genes). Venn diagrams were used to visualize the
overlap between the DEmRNAs and the EndMT-related gene set.

2.9 Machine learning-based selection of
EndMT-related signature genes

To select characteristic genes, three machine learning
algorithms were employed: Random Forest, support vector
machine recursive feature elimination (SVM-RFE), and least
absolute shrinkage and selection operator (LASSO) logistic
regression. The LASSO model was constructed using the
R package “glmnet” to mitigate the risk of overfitting. A 10-fold
cross validation method was applied to find the regularization
parameter lambda, which gave the minimum mean cross-
validated concordance index. The SVM-RFE model, a supervised
machine learning method, was implemented using the el071
package. This algorithm recursively eliminates features while
evaluating classification performance via 10-fold cross-validation

Frontiers in Cardiovascular Medicine

10.3389/fcvm.2025.1585030

at each iteration, ultimately retaining the minimal feature subset
that maximizes predictive accuracy and mitigates overfitting risks.
The Random Forest model was implemented using the
“RandomFores” package, which utilizes a decision tree classifier
to iteratively evaluate categorical variables, resulting in the
highly
Hyperparameter optimization involved out-of-bag (OOB) error

generation  of accurate  classification  features.
analysis, where ntree (number of trees) and mtry (features per
split) were systematically tuned. After evaluating mtry across a
range of 1-20 and monitoring OOB error stabilization with
ntree = 1,000, the optimal configuration (mtry =5, ntree = 1,000)
was selected to maximize generalizability while minimizing

overfitting risks (10).

2.10 Construction and evaluation of
diagnostic model

Using the “rms” package, a nomogram model was developed to
predict the occurrence of atherosclerosis by utilizing selected
genetic markers. Calibration curves were plotted to evaluate the
predictive accuracy of the nomogram. To assess the clinical
significance of the model, decision curve analysis and clinical
impact curves were generated (11). Additionally, to further
evaluate the diagnostic capacity of the selected genes for
atherosclerosis, the

“pROC” program was employed, and

validation was conducted wusing the datasets GSE43292,

GSE28829, and GSE163154.

2.11 Processing of scRNA-Seq data

Single-cell transcriptome profiles of human carotid
atherosclerotic plaques were obtained from tissue samples of 12
subjects (6 symptomatic) from the Gene Expression Omnibus
(GEO) database (accession code GSE253903). For the analysis of
the scRNA-seq data, we utilized the “Seurat”package (version
4.1.2). Initially, we excluded cells with more than 6,000 detected
genes and those with more than 30% mitochondrial reads for
downstream analysis. The SCTransform function, using default
parameters, was employed to normalize and scale the feature
expression measurements for each cell based on total expression.
Initial cell clustering was performed using the FindClusters
function with the first 20 principal components (PCs) and the
Louvain algorithm at a resolution of 0.6. Non-linear dimensional
RunUMAP function and

visualized through Uniform Manifold Approximation and

reduction was executed via the
Projection (UMAP). Marker genes for each cell cluster were
“FindAllMarkers” function with the
test, with
lavg logFC| >0.10 and p_val <0.05 as marker genes. We also

identified using the

Wilcoxon  rank-sum considering only those
conducted differential expression analysis on ECs clusters using
the “FindAllMarkers”function embedded in Seurat (version 4.1.2)

to identify informative markers reflecting the plaque state.
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2.12 Coexpression analysis of De-EndMTs
and DEIncRNAs and construction of the
ceRNA network

To determine the correlation between DE-EndMTs and
DEIncRNAs, a coexpression analysis was conducted using the
Psych R package, focusing on the identified upregulated and
downregulated genes. A relevance value exceeding 0.90 and a
p-value below 0.05 were established as thresholds. The starBase
and multiMiR R packages, which are tools for predicting miRNA
binding sites, were employed to estimate the miRNAs that may
interact with DEIncRNAs and DE-EndMTs. Subsequently, an
ceRNA
networks composed of both upregulated and downregulated
IncRNAs. This process involved integrating miRNA/DEIncRNAs
and miRNA/DE-EndMTs. The results were visualized using
Cytoscape 3.7.1. To elucidate the relevant molecular mechanisms
further, the cytoHubba R package, utilizing the MCC method,
was adopted to identify the top ten hub IncRNAs within the two
ceRNA networks.

intersection analysis was performed to construct

2.13 gRT-PCR validation

Quantitative reverse transcription polymerase chain reaction
(qQRT-PCR) was performed to validate the expression levels of
three IncRNAs and mRNAs within the competing endogenous
RNA (ceRNA) networks in patients with coronary artery disease
(CAD) and healthy controls. The study received approval from
the Medical Ethics Committee of Hubei University of Medicine,
and the of the detailed in
Supplementary Table 4. Residual peripheral blood samples were

characteristics patients are
collected from 50 CAD patients in the cardiovascular department
and 50 gender- and age-matched healthy individuals from the
health check-up center at Taihe Hospital between April 2024 and
June 2024. Inclusion criteria and exclusion criteria were the same
as previously reported (12).

Total RNA was extracted from serum samples using Trizol
China)
manufacturer’s instructions. The concentration and quality of

reagent (Vazyme, Nanjing, according to the
RNA were assessed using a microplate reader. For IncRNA
analysis, total RNA was reverse transcribed into complementary
DNA (cDNA) using the RevertAid First Strand cDNA Synthesis
Kit (Thermo Scientific, Waltham, Massachusetts, USA). For
mRNA, equal amounts of RNA were reverse transcribed into
cDNA using the HiScriptQ RT SuperMix for qPCR (Vazyme,
Nanjing, China). Subsequently, cDNA samples were mixed with
ChamQ™ SYBR® qPCR Master Mix (Vazyme, Nanjing, China)
and amplified on a Bio-Rad CFX96 PCR Thermal Cycler. The
housekeeping genes GAPDH and p-actin served as internal
controls. Primer sequences are provided in Supplementary
Table 4. Primer specificity was validated via melt curve analysis.
qRT-PCR reactions were performed in triplicate using RNase-free
consumables. No-template controls (NTCs) were included in

each run. Pre- and post-PCR workflows were spatially segregated,
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and UV sterilization was applied to eliminate contamination. The
results were calculated using the 2 —AACt method.

3 Results
3.1 IncRNA and mRNA transcriptome

To elucidate the transcriptomic changes in IncRNA and mRNA
in HUVECsS exposed to pooled serum from the GLU, LDL, TG and
Con groups, we employed a high-throughput RNA sequencing
strategy (Figure 1A). In brief, we isolated high-quality total RNA
from HUVECs to capture their expression profiles and infer the
potential functions of IncRNAs and mRNAs using RNA-seq
data. This approach generated 229.48 Gb of clean data, with an
average of 123,138,624,728 reads per sample, and a Q30 quality
score exceeding 95%, ensuring high reliability (Supplementary
Table 5). Utilizing a two-iteration mapping method, we aligned
transcripts to the annotation database and identified known
mRNAs and IncRNAs.
predicted a total of 2,266 novel IncRNAs across the 16 samples

Based on our cut-off criteria, we

analyzed (Figure 1B). At the transcript level, we identified a total
of 23,999 IncRNAs, including 5,775 antisense genic exonic, 3,956
antisense genic intronic, 1,826 antisense intergenic downstream,
4,837 antisense intergenic upstream, 1,123 sense genic exonic,
1,510 sense genic intronic, 2,834 sense intergenic downstream,
and 2,138 sense intergenic upstream IncRNAs. Notably, the
antisense  intergenic most
abundant (Figure 1C).

To gain further insight into the mRNA and IncRNA responses
in HUVECs, we analyzed DEmRNAs and DEIncRNAs. In our
gene-level expression analysis, we identified a total of 306
DEmRNAs between the control and GLU groups, 335 between

the control and LDL groups, and 364 between the control and

upstream  category was the

TG groups, using a significance threshold of p-value <0.05 and
[log2(fold change)| > 0.5 (Figure 1D). Furthermore, by applying a
more stringent threshold of p-value<0.05 and |log2(fold
change)| > 1, we identified 523 DEIncRNAs in the GLU group
(260 upregulated and 263 downregulated), 471 in the LDL group
(259 upregulated and 212 downregulated), and 562 in the TG
group (293 upregulated and 269 downregulated), compared to
the control group (Figure 1F). Heatmaps were utilized to
visualize the distribution of differentially expressed mRNAs and
IncRNAs (Figures 1E,G).

3.2 Enrichment analysis of overlapping
DEmMRNAs

Gene enrichment analysis was performed on the overlapping
sets of DEmRNASs to elucidate the shared molecular mechanisms
underlying the response of HUVECs to metabolic stressor
stimulation. The Venn diagram (Figure 2A) illustrates the
distribution of overlapping DEmRNAs across the three groups.
KEGG enrichment analysis of the shared differentially expressed
mRNAs revealed significant enrichment in microRNAs associated
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with cancer. Additionally, Metascape analysis indicated enrichment
in pro-inflammatory and profibrotic pathways (Figures 2B,C),
suggesting a close association of HUVECs with inflammatory
and fibrotic processes these conditions.
Furthermore, Metascape was utilized to analyze the exclusive
DEmRNAs that exhibited no overlap among the three groups.
The results indicated that the GLU group demonstrated
significant enrichment in several key biological processes,
including the regulation of smooth muscle cell proliferation,
regulation of leukocyte degranulation, and positive regulation of
lipid metabolic processes (Figure 2D). In the LDL group, the
enrichment analysis highlighted critical biological processes, such
as the response to lipopolysaccharide, the positive regulation of

under adverse
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macrophage-derived foam cell differentiation, the initiation of DNA
replication, and metal ion transport, among others (Figure 2E).
Furthermore, in the TG group, An interesting unique differential
gene enrichment analysis revealed significant activation of the
cholesterol biosynthesis pathway in hepatocytes (Figure 2F).

3.3 Enrichment analysis of differentially
expressed mRNAs
The GSEA was carried out on mRNA expressions across three

distinct groups (Supplementary Figures 1A-C). A significant
upregulation was witnessed in pathways such as ECM—receptor
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FIGURE 2
Functional annotation of shared and unique differentially expressed mRNAs (DEGs). (A) Three-way Venn diagram showing shared DEGs among the
GLU, LDL, and TG groups compared to the Con group. (B,C) Enrichment analysis of shared DEGs based on the KOBAS (B) and Metascape (C)
databases, revealing significant enrichment in pro-inflammatory and profibrotic pathways (P-value <0.05). (D-F) Enrichment analysis of unique
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unique biological processes and pathways in each group. Pathway enrichment results were considered significant at a P-value threshold of <0.05.

interaction and the Hedgehog signaling pathway within the GLU
group. The main upregulation pathways identified in the LDL
group were focused on leukocyte transendothelial migration and the
T cell receptor signaling pathway. The TG group showed an
upregulation of the Hedgehog signaling pathway, the JAK-STAT
signaling pathway, the PI3K-Akt signaling pathway, and the TGF-
beta signaling pathway. Further clarification was offered by
functional enrichment analysis through GO and KEGG for the
DEmRNAs. Significant enrichment was observed in GO terms
related to biological processes, including cell adhesion, proliferation,
differentiation, and the regulation of immune responses across the
three groups. The most positively enriched GO terms related to
biological processes are presented in Supplementary Figures 1D-F.
Meanwhile, KEGG pathway analysis revealed that the DEmRNAs in
the GLU group were highly enriched in pathways such as “Cell
adhesion molecules”, “Cytokine-cytokine receptor interaction”, and
“Type I diabetes mellitus”. In contrast, the primary KEGG pathways
enriched in the LDL and TG groups were predominantly related to
encompassing  pathways Lipid and
Atherosclerosis, TNF signaling, NF-kappa B signaling, and IL-17

inflammation, such as
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signaling. Notably, the TGF-beta signaling pathway was significantly
enriched in the LDL group (Supplementary Figures 1G-I).

3.4 Functional assessment of the
DEIncRNAs

To evaluate the potential functions of DEIncRNAs in HUVECs,
candidate targets were predicted through both trans- and cis-acting
regulatory modes. A total of 198, 193, and 220 potential targets
were identified across three groups. Based on these targets, GO
analyses were conducted, resulting in the identification of
significantly enriched GO terms (p <0.05). Notably, DEIncRNAs
were primarily enriched in GO terms associated with cell growth,
metabolism, and differentiation within the GLU group. In contrast,
the GO terms enriched in the comparison between the LDL and
TG groups were predominantly related to the activation and
regulation of the immune system, inflammatory responses, and cell
growth and differentiation, as illustrated in Figures 3A-C.
Furthermore, KEGG pathway enrichment analyses revealed 10
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significantly enriched signaling pathways (p < 0.05), including insulin
resistance, adipocytokine signaling pathway, and cytokine-cytokine
receptor interaction (Figure 3D) in the GLU group. KEGG pathway
analysis also demonstrated that the IL-17 signaling pathway and
cytokine-cytokine receptor interaction were significantly enriched in
the LDL and TG groups (Figures 3E,F). These results indicate that
differentially expressed IncRNAs and mRNAs play a crucial role in
regulating cellular functions such as metabolism, immune responses,
and differentiation in response to metabolic stressors.

3.5 DElncRNAs-mediated PPl network
construction and module identification

To construct the DEIncRNAs-mediated PPI network, we

utilized the STRING online database and the Cytoscape v3.7.2
visualization tool, selecting protein-coding targets of DEIncRNAs
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for interaction analysis. As shown in Figure 3H, we identified 74
nodes (34 upregulated and 40 downregulated) and 70 edges in the
DEIncRNAs-mediated PPI network for the GLU group. Five high-
degree nodes (top 5%, average degree>5) were considered hub
genes, including IL1A, MUCI, FOXAIl, TGFA, and HGEF.
Additionally, a significantly enriched module, termed Module I, was
identified. KEGG analyses revealed that the primary signaling
pathway associated with this module was the ECM-receptor
interaction pathway (Figure 5G). Similarly, in the DEIncRNAs-
mediated PPI networks, we identified 99 nodes and 268 edges in
the LDL group, while 99 nodes and 207 edges were identified in
the TG group. In the LDL group, IL1B, PXDNL, CDK1, POU5FI,
and ISG15 were identified as hub genes, whereas IL6, CXCLS,
IL1IA, VCM1, and CSF2 were recognized as hub genes in the TG
group. Furthermore, three notable enriched modules, designated as
Module I, II, and III, were also identified. The signaling pathways
primarily associated with these three modules were linked to
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Identification of EndMT-related genes that indicate the presence of a disease. (A) Four-way Venn diagram showing the intersection of DEmRNAs from
the GLU vs. Con, LDL vs. Con, and TG vs. Con groups with the EndMT-related gene set. (B) Enrichment analysis of DE-EndMTs based on the
Metascape database. (C) 10 cross-validations of the LASSO model's altered parameter selection. Each curve represents a single gene. (D) Analysis
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curve. (F) A Venn diagram illustrates four signature genes related to EndMT that are shared among the LASSO, SVM-RFE and random forest algorithms.

multiple inflammation pathways, including NF-xB, IL-17, and NOD-
like receptor signaling pathways (Figures 5H,I).

3.6 Building and verifying machine learning
models

We identified 52 genes associated with EndMT that were
differentially expressed across three groups by intersecting

Frontiers in Cardiovascular Medicine

differential mRNA expressions with an EndMT-related gene set,
as depicted in Figure 4A and Supplementary Table 6. To confirm
the association of these genes with EndMT, we conducted a
Metascape enrichment analysis. This analysis revealed significant
enrichment in four critical domains: epithelial differentiation,
regulation of epithelial differentiation, mesenchymal-epithelial
signaling, and positive of the
mesenchymal transition (Figure 4B). To investigate the utility
of these EndMT-related genes as biomarkers, we utilized

regulation epithelial-to-
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FIGURE 5

Developing and assessing a nomogram model for the diagnosis of AS. (A) Developing a nomogram that utilizes five characteristic genes to forecast the
likelihood of AS. (B) Calibration curves are used to determine the nomogram'’s accuracy in making predictions. (C) The clinical impact curve
determines the clinical significance of the nomogram model. (D) The decision curve analysis illustrates the therapeutic benefit of a nomogram.
(E) The model's ROC curve is shown for the GSE100927 dataset in the training set. (F) The validation set GSE163154 dataset displays the ROC
curve of the model. (G) The model's ROC curve in the GSE28829 dataset. (H) The model's ROC curve in the GSE43292 dataset.

GSE100927 as a test dataset and GSE43292, GSE28829, and
GSE163154 as validation datasets. We employed three machine
the Least Absolute Shrinkage
Selection Operator (LASSO), Support Vector
Recursive Feature Elimination (SVM-RFE),
Forest, to evaluate their biomarker potential. Figures 4C-E
demonstrate that LASSO regression and SVM-RFE identified a
total of 22 and 9 genes, respectively. The Random Forest

learning algorithms: and
Machine

and Random

method utilized gene significance scores to prioritize the
genes. The intersection of the top 10 genes with the highest
scores from the Random Forest algorithm and the genes
obtained through LASSO regression and SVM-RFE resulted in
the identification of four genes: ISG15, CD36, HSPB2, and
IRS2 (Figure 4F).
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3.7 Development of nomogram
diagram model

Utilizing four key genes identified via machine learning, we
developed a nomogram to predict the risk of atherosclerosis
development (Figure 5A). According to the clinical impact curve,
the nomogram diagram model exhibited robust diagnostic
abilities. In addition, we assessed the diagnostic significance of
ISG15, CD36, HSPB2, IRS2 and the nomogram diagram model
in the GSE100927 dataset by analyzing the area under the ROC
curve (Figure 5E). Furthermore, in order to verify the precision
of the model, we conducted validation using the GSE43292,
GSE28829 and GSE163154 dataset (Figures 5F-H). This indicates
that our model not only has high diagnostic value in predicting
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the occurrence of atherosclerosis, but it is also effective in
distinguishing between early and late stages, as well as between
IPH and non- IPH patients.

3.8 Single-cell sequencing

To further validate the differential expression of these genes in
ECs, we analyzed the single-cell dataset GSE253903. We processed
a total of 11,756 cells from 12 samples of six aortic stenosis patients
using the Seurat R package. Following quality control and utilizing
SingleR and cell annotated 21
subpopulations and identified five distinct cell types (Figures 6A-C

and Supplementary Figure 2). To examine gene expression

taxonomy markers, we
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differences in endothelial cells between symptomatic and
asymptomatic AS, we conducted a differential analysis on the
GSE253903 dataset (Figure 6D). The results demonstrated that the
IRS2 and ISG15 genes exhibit significant differential expression in

endothelial cells (Supplementary Table 7).

3.9 ldentification of the EndMT-related
ceRNA network

Recent studies have demonstrated that IncRNA-mediated
ceRNA networks play a pivotal role in a multitude of biological
processes, including immunity,

embryonic  implantation,

metabolism, and disease (13-15). To construct ceRNA regulatory
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networks, we investigated the negative interactions between
DEIncRNAs and identified EndMT-DEmRNAs. We established
three groups of upregulated and downregulated ceRNA networks
using miRDB and starBase. Taking the upregulated GLU group
as an example, 128 microRNAs (miRNAs) related to EndMT-
DEIncRNAs and 461 miRNAs associated with DE-EndMTs were
identified. The intersection between the two clusters of miRNAs,
including 59 miRNAs, was chosen for the following analysis.
Simultaneously, 24 intersecting miRNAs from the downregulated
group were found among 174 EndMT-DEIncRNAs-related
miRNAs and 161 DE-EndMT-related miRNAs. Ultimately, based
on the intersecting miRNAs, associated EndMT-DEIncRNAs and
DE-EndMTs, ceRNA networks of the downregulated IncRNAs
and upregulated IncRNAs were constructed, as shown in
Figures 7A,B, respectively. CytoHubba analysis with the maximal
clique centrality (MCC) method was used to identify hub
IncRNAs in the two networks, which included, PWAR5, DLEU2,
and SNHG20 in the downregulated network and DANT2,
AC109460.3, and PP7080 in the upregulated network.
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3.10 Validation of quantitative real-time
polymerase chain reaction

To further validate the expression levels of the aforementioned
IncRNAs and mRNAs selected from the ceRNA networks, we
assessed their expression levels in 50 CAD and 50 healthy
peripheral blood samples using qRT-PCR (Figures 8A-F). The
expression level results for CD36, FOXAl, FZD7, VIM-ASI,
ELF-AS1, and LINCO02381 with  the
corresponding alterations observed in the ceRNA network.

were  consistent

4 Discussion

ECs exposed to different milieus undergo dynamic phenotypic
switching, a critical aspect of endothelial heterogeneity that is
essential for maintaining vascular homeostasis, when deregulated,
might result in ED. EndMT is a phenotypic conversion process
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FIGURE 8
Identification of differentially expressed IncRNAs and mRNAs randomly selected from the ceRNA-network by real-time quantitative polymerase chain
reaction. (A—C) The relative expression levels of mMRNAs in peripheral blood from 50 CAD patients and 50 healthy controls were calculated using the 2
(=AACt) method and presented as the mean + standard error of the mean (SEM). (D—F) The relative expression levels of IncRNAs in peripheral blood
from 30 CAD patients and 30 healthy controls were determined. The RT-qPCR results represent the mean values of three independent experiments
(n = 3). *Indicates significance less than 0.05, **indicates significance less than 0.01, ***indicates significance less than 0.001.

recognized as a hallmark of numerous cardiovascular diseases (16).
During this process, the expression of endothelial markers (such as
VE-cadherin, CD31), is downregulated, while the expression of
mesenchymal markers FSP-1, «o-SMA, Vimentin,
Fibronectinl) is upregulated (17). Recent studies have confirmed
that EndMT is prevalent during atherosclerosis (AS), driving its
progression by increasing the deposition of fibronectin (18) and

(such as

adhesion molecules, as well as altering the balance of collagen
and matrix metalloproteinases (19). EndMT is viewed as a
critical step for the initiation and progression of atherosclerosis
(20). While Notch, Wnt, the Nuclear Factor-kappa B (NF-xB),
TNFo, Endothelin-1 (ET-1) and Caveolin-1 (Cav-1) signaling
pathways as well as hypoxia, oxidative stress, hyperglycemia,
dyslipidemia and shear stress forces represent EndMT-inducing
stimuli (21), the downstream signaling pathways of EndMT are
not fully characterized. In this study, we employed RNA
sequencing to comprehensively analyze the profiles of circRNA,
IncRNA, and mRNA in HUVECs under conditions of metabolic
stress. Our results indicate that exposure to hyperglycemia and
hyperlipidemia in vitro leads to the acquisition of a partial
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mesenchymal-like epigenetic profile in endothelial cells. Based on
the expression profiles of DE-EndMTs, we developed an AS
model comprising four DE-EndMTs that demonstrated accurate
diagnostic performance and the characterize
biological features in AS. Furthermore, a ceRNA network

targeting the DE-EndMTs were constructed, which enhances our

potential to

understanding of post-transcriptional regulatory mechanisms and
aids in the identification of potential therapeutic targets.
Hyperglycemia and hyperlipidemia induce persistent
epigenetic and metabolic changes in ECs, creating a permissive
environment for EndMT. It has been described that ECs use
metabolites/precursors for epigenetic regulation of their subtype
differentiation and maintain crosstalk through metabolites
released by other cell types (22, 23). Consistent with this, the
enrichment of thiamine and butanoate metabolism was observed
in the GLU treatment group. Thiamine plays an important role
in glucose metabolism and thiamine deficiency leads to anaerobic
metabolism and lactate formation (24). TGF-B, a key inducer of
EndMT, is highly expressed in neointimal lesions and critically

regulates lipid metabolism by modulating genes involved in fatty
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acid oxidation and lipid synthesis (25, 26). Yalamanchi et al.
demonstrated that lactic acid significantly enhances the activity of
TGF-B peptides (TGF-Bl, TGF-B2, and TGF-B3), TGF-B
receptors (R1, R2, and R3), and TGF-B function, creating a
favorable environment for cell transdifferentiation (27). Butyrate
is a well-established Histone Deacetylase (HDAC) inhibitor,
which is unique among fatty acids (FAs), plays a critical role in
epigenetic regulation (28). Aberrant HDAC expression and
activity can promote Epithelial-Mesenchymal Transition (EMT)
and cancer metastasis, while HDAC inhibitors can prevent EMT
(29-31). Additionally, Mesenchymal cells derived from EndMT
process reprogram their metabolism and show defective FA
metabolism (32). Lipid metabolism dysregulation has been
closely linked to the TGF-B/Smad signaling pathway (33), which
aligns with the observed enrichment of the TGF-B/Smad
signaling pathway in the high-fat groups (LDL group and TG
group). Zhao et al. observed in a chronic kidney disease (CKD)
model that increased expression of extracellular matrix (ECM)
components, such as TGF-Pl, connective tissue growth factor
(CTGF), and type I collagen, was accompanied by disturbances in
purine, lipid, and amino acid metabolism (34). Interestingly,
predictions of target genes for DEIncRNAs revealed that the target
genes were primarily enriched in molecular functions related to the
remodeling of ECM components and cell adhesion which serve as
important extracellular clues of EndMT (35). Those findings
collectively suggests that metabolic stress triggered the process of
EndMT via remodeling the epigenetic landscape of endothelial cells
and activating the fibrotic and inflammatory signaling pathways.
EndMT is a process that is classified as a specialized form of
EMT, endothelial their endothelial
characteristics and gain a mesenchymal phenotype (36). To

in which cells lose
identify genes associated with EndMT activation under metabolic
stress, we established an EMT dataset based on a search of the
KEGG and GO databases, which identified 223 genes linked to
the TGF-B pathway. Further integration with the dbEMT?2.0
database revealed a total of 1,164 EndMT-related genes, among
which 54 were differentially expressed. Previous studies have
proposed that EndMT markers may hold potential for disease
staging and prognosis prediction (37). For instance, The PDAC
tissues with positive EndoMT index were significantly correlated
with T4-staging and showed positive for M2-macrophage index
(38). By utilizing machine learning algorithms, we established a
diagnostic model based on four differentially expressed genes
(CD36, IRS2, ISG15, and HSPB2). Cluster of Differentiation 36
(CD36), which was widely expressed on the surface of
endothelial cells in the aorta (39), binds with TGF-f1 to activate
the fibrosis process (40). Inhibition of CD36 has been shown to
suppress EMT and block the Wnt/B-catenin and TGF- signaling
pathways (41). Insulin receptor substrates 2 (IRS2) is the primary
isoform of insulin receptor substrate expressed in ECs (42),
dysregulation of IRS1/IRS2 contributes to the metabolic disorder,
obesity and diabetes (43, 44). IRS proteins can undergo Ser/Thr
phosphorylation induced by TGF-p1 (45), a modification that
may play a role in regulating downstream processes of the TGF-
B1 signaling pathway. Additionally, siRNA-mediated reduction of
IRS2 expression markedly increases basal levels of E-cadherin
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mRNA and protein in kidney epithelial cells (46), indicating that
IRS2 may influence EMT through the modulation of E-cadherin
expression. ISG15 (interferon-stimulated gene 15) is a ubiquitin-
like protein with chemotactic function that recruits neutrophils
in the sites of inflammation (47). The deficiency of ISG15 can
lead to systemic type I interferon-mediated inflammation in
humans (48). In vitro and in vivo experiments showed that
upregulation of ISG15 inhibited EMT in lung adenocarcinoma
(49). Heat shock protein family B member 2 (HSPB2) is a novel
and unique member of the small heat shock proteins (HSP)
family, mainly expressed in skeletal and heart muscles (50, 51).
HSPB2 could regulate glucose metabolism, Warburg effect, and
ROS level by affecting metabolic genes, including the synthesis of
hexokinase II (HK2) and cytochrome c oxidase 2 (SCO2) (52).
HK2 is known to be a key metabolic enzyme by promoting
Metabolic
of Dbreast

glucose uptake in cells
(53).

metastasis, HK2 deficiency decreases SNAIL protein levels and

and facilitating the
reprogramming In mouse models cancer
inhibits SNAIL-mediated epithelial mesenchymal transition and
metastasis (54). Furthermore, recent publications have suggested
that ECs directly contribute to vascular calcification through
EndMT and the extent of EndMT is correlated with plaque
instability (18, 19, 55, 56). Tom Alsaigh et al. conducted single-
cell analyses on calcified atherosclerotic core (AC) plaques and
patient-matched proximal adjacent (PA) portions of carotid
artery tissue, identifying differential expression of CD36, IRS2,
ISG15, and HSPB2 in ECs. Further single-cell analysis of the
GSE253903 dataset reveals that ISG15 and IRS2 are significantly
endothelial
Collectively, although alternative explanations for the observed

upregulated in cells of symptomatic arteries.
gene expression changes, such as general inflammatory responses
rather than EndMT-specific effects, cannot be ruled out, the
that the

differentially expressed genes may play a role in EndMT,

evidence from previous studies suggests four
warranting further investigation.

Recently, the role of noncoding RNAs, including IncRNA,
miRNA, and circular RNA, has been validated in various
processes related to EndMT and endothelial dysfunction. For
instance, IncRNA MALAT1 modulated TGF-B1-induced EndMT
by the down-regulation of miR-145 in neointimal hyperplasia
(57). LncRNA HI19 overexpression prevented high-glucose-
induced EndMT via a TGF-B1-dependent but Smad-independent
pathway, regulated through the ERK1/2 MAPK pathway (58).
Furthermore, the proposition and validation of the ceRNA
hypothesis have provided additional insights into potential
ceRNA

regulatory network targeting these 52 genes was constructed in

mechanisms underlying EndMT. Consequently, a

our study, offering a new reference for mechanistic
understanding and targeted therapy.

Upregulated Hub IncRNAs (DANT2, AC109460.3, PP7080,
LINC02381, ACO015726.1, AL161891.1, AL035071.1, and
VPS9D1-AS1) and downregulated Hub IncRNAs (SNHG20,
DLEU2, PWARS5, AC009065.4, AC027288.3, AC016065.1, and
SNHG25) were selected from the ceRNA networks. Existing
evidence indicates that IncRNA DLEU2 influences biological

processes such as EMT and cancer stem cell (CSC) enrichment
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in breast cancer through the DLEU2/RORI axis (59). Others
studies have shown that the silencing of DLEU2 inhibited the
TGF-Bl-induced proliferation, and EMT (60).
VPS9D1-AS1, has been demonstrated to be overexpressed in

migration

various cancer types and identified as a target of Wnt/c-Myc
signaling (61). In endometrial cancer, VPS9D1-AS1 promotes
tumor progression by acting as a molecular sponge for miR-
377-3p, thereby upregulating SGK1 expression and enhancing
cell proliferation, invasion, and EMT (62). SNHG20, a newly
identified IncRNA, has been found to participate in the process
of vasculogenic mimicry (63) and was associated with pulmonary
fibrosis through the microRNA 490-3p (miR-490-3p)/TGFBR1
axis (64). LINC02381,was reported to affect ox-LDL-induced
endothelial cell injury through the miR-491-5p/transcription
factor 7 axis (65). TCF7, a key factor in the Wnt/B-catenin
signaling pathway (66), promotes EndMT wunder ox-LDL
conditions. Accordingly, the hub IncRNAs selected in the present
study are likely associated with EndMT through various
pathways, warranting further in vivo or in vitro investigations.
Moreover, in order to verify the application value of our
established ceRNA network, we randomly selected three IncRNAs
their mRNAs
Up-regulation or down-regulation of genes in serum samples

and corresponding  target for verification.
from patients with atherosclerosis are consistent with the results
of ceRNA.

Admittedly, there are several limitations to our study. Firstly,
the establishment and validation of the EndMT model were
performed on public datasets with small samples; a large-sample
validation and optimal cutoff determination are required before
clinical translation. Secondly, expression validation cohort was
relatively small, It would have a lot more value if a larger sample
size were concluded; furthermore, the recruitment, activation,
and regulatory roles of these genes in ECs as well as the ceRNA
regulatory network require validation in further in vitro and in
vivo experiments.

Despite these limitations, our study offers valuable preliminary
insights into the role of EndMT-associated genes in ED. We hope
that these findings will lay the groundwork for the future clinical
application of these markers in the diagnosis and prognosis of
AS and other cardiovascular diseases. In our future work, we
plan to validate the regulatory mechanisms of the identified
genes in EndMT through gene knockdown and overexpression
models for in wvivo verification.

studies, animal

Additionally, we aim to collect more clinical samples to assess

using

the diagnostic potential of these biomarkers across different
stages of cardiovascular disease.

5 Conclusion

In conclusion, this study utilized pooled human serum to more
effectively replicate the endothelial microenvironment associated
with metabolic-induced endothelial dysfunction, with a particular
focus on biological pathways and changes in gene expression. We
identified a novel AS model based on the expression profiles of
four DE-EndMTs, which demonstrated significant diagnostic
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potential and the capability to characterize biological features
associated with AS. Furthermore, we constructed a ceRNA
network targeting these DE-EndMTs, which elucidates the post-
transcriptional regulatory mechanisms involved in ECs and
provides insights into potential therapeutic targets. While our
findings offer valuable insights into the molecular foundations of
ED, further experimental validation is necessary to confirm these
results and to explore the therapeutic implications in greater depth.

Data availability statement

The original contributions presented in the study are
publicly available. This data can be found here: PRINA1259178
(https://www.ncbi.nlm.nih.gov/bioproject/PRINA1259178).

Ethics statement

The studies involving humans were approved by Ethics
Committee of Hubei University of Medicine. The studies were
the
The participants

conducted in accordance with local legislation and

institutional requirements. their

provided
written informed consent to participate in this study.

Author contributions

QS: Formal analysis,

Methodology, Resources, Validation, Visualization, Writing -

Conceptualization, Investigation,

review & editing. LX: Conceptualization, Formal analysis,
Investigation, Methodology, Resources, Validation, Visualization,
Writing - review & editing. HA: Data curation, Software,
Validation, Writing - review & editing. WC: Data curation,
Formal analysis, Software, Writing — review & editing. QY: Data
curation, Validation, Visualization, Writing - review & editing.
PW: Data curation, Methodology, Software, Writing - review &
editing. YT: Conceptualization, Supervision, Writing - review &
editing. CP: Conceptualization, Funding acquisition, Supervision,

Writing - review & editing.
Funding

The author(s) declare that financial support was received for
the research and/or publication of this article. This research was

funded by Hubei Provincial Natural Science Foundation and
Shiyan of China, No. 2024AFD092.

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.

frontiersin.org


https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1259178
https://doi.org/10.3389/fcvm.2025.1585030
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Sun et al.

Generative Al statement

The author(s) declare that no Generative Al was used in the
creation of this manuscript.

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

References

1. World Heart Federation. World Heart Federation 2023 Report (2023).

2. Writing Committee of the Report on Cardiovascular Health and Diseases in
China. Report on cardiovascular health and diseases in China 2021: an updated
summary. Biomed Environ Sci. (2022) 35(7):573-603. doi: 10.3967/bes2022.079

3. Libby P. The changing landscape of atherosclerosis. Nature. (2021) 592:524-33.
doi: 10.1038/s41586-021-03392-8

4. Citrin KM, Chaube B, Ferndndez-Hernando C, Sudrez Y. Intracellular endothelial
cell metabolism in vascular function and dysfunction. Trends Endocrinol Metab.
(2024):51043-2760(24)00296-0. doi: 10.1016/j.tem.2024.11.004

5. Domingo E, Marques P, Francisco V, Piqueras L, Sanz M-]. Targeting systemic
inflammation in metabolic disorders. A therapeutic candidate for the prevention of
cardiovascular diseases? Pharmacol Res. (2024) 200:107058. doi: 10.1016/j.phrs.2024.107058

6. Medina-Leyte DJ, Zepeda-Garcia O, Dominguez-Pérez M, Gonzalez-Garrido A,
Villarreal-Molina T, Jacobo-Albavera L. Endothelial dysfunction, inflammation and
coronary artery disease: potential biomarkers and promising therapeutical
approaches. Int ] Mol Sci. (2021) 22:3850. doi: 10.3390/ijms22083850

7. Bakker W, Eringa EC, Sipkema P, van Hinsbergh VWM. Endothelial dysfunction
and diabetes: roles of hyperglycemia, impaired insulin signaling and obesity. Cell
Tissue Res. (2009) 335:165-89. doi: 10.1007/500441-008-0685-6

8. Peng Z, Shu B, Zhang Y, Wang M. Endothelial response to pathophysiological
stress. Arterioscler Thromb Vasc Biol. (2019) 39:¢233-43. doi: 10.1161/ATVBAHA.
119.312580

9. Dohl ], Foldi J, Heller J, Gasier HG, Deuster PA, Yu T. Acclimation of C2C12
myoblasts to physiological glucose concentrations for in vitro diabetes research. Life
Sci. (2018) 211:238-44. doi: 10.1016/j.1fs.2018.09.041

10. Li H, Cui Y, Wang ], Zhang W, Chen Y, Zhao J. Identification and validation of
biomarkers related to lipid metabolism in osteoarthritis based on machine learning
algorithms. Lipids Health Dis. (2024) 23:111. doi: 10.1186/512944-024-02073-5

11. Tasonos A, Schrag D, Raj GV, Panageas KS. How to build and interpret a
nomogram for cancer prognosis. J Clin Oncol. (2008) 26:1364-70. doi: 10.1200/JCO.
2007.12.9791

12. Peng C, Lei P, Li X, Xie H, Yang X, Zhang T, et al. Down-regulated of SREBP-1
in circulating leukocyte is a risk factor for atherosclerosis: a case control study. Lipids
Health Dis. (2019) 18:177. doi: 10.1186/s12944-019-1125-1

13. Zheng Y, Zhang Y, Zhang X, Dang Y, Cheng Y, Hua W, et al. Novel IncRNA-
miRNA-mRNA competing endogenous RNA triple networks associated programmed
cell death in heart failure. Front Cardiovasc Med. (2021) 8:747449. doi: 10.3389/fcvm.
2021.747449

14. Wang L, Cho KB, Li Y, Tao G, Xie Z, Guo B. Long noncoding RNA (IncRNA)-
mediated competing endogenous RNA networks provide novel potential biomarkers
and therapeutic targets for colorectal cancer. Int J Mol Sci. (2019) 20:5758. doi: 10.
3390/ijms20225758

15. Tang M, Li Q, Wan S, Chen Q, Feng S, You J, et al. LncRNA landscape
and associated ceRNA network in placental villus of unexplained recurrent
spontaneous abortion. Reprod Biol Endocrinol. (2023) 21:57. doi: 10.1186/s12958-
023-01107-4

16. Alvandi Z, Bischoff J. Endothelial-mesenchymal transition in cardiovascular
disease. ATVB. (2021) 41:2357-69. doi: 10.1161/ATVBAHA.121.313788

17. Wu X, Du X, Yang Y, Liu X, Liu X, Zhang N, et al. Inhibition of miR-122
reduced atherosclerotic lesion formation by regulating NPAS3-mediated endothelial
to mesenchymal transition. Life Sci. (2021) 265:118816. doi: 10.1016/j.1fs.2020.118816

18. Chen P-Y, Qin L, Baeyens N, Li G, Afolabi T, Budatha M, et al. Endothelial-to-
mesenchymal transition drives atherosclerosis progression. J Clin Invest. (2015)
125:4514-28. doi: 10.1172/JCI82719

Frontiers in Cardiovascular Medicine

16

10.3389/fcvm.2025.1585030

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.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fcvm.2025.
1585030/full#supplementary-material

19. Evrard SM, Lecce L, Michelis KC, Nomura-Kitabayashi A, Pandey G,
Purushothaman K-R, et al. Endothelial to mesenchymal transition is common in
atherosclerotic lesions and is associated with plaque instability. Nat Commun.
(2016) 7:11853. doi: 10.1038/ncomms11853

20. Suh JS, Kim S, Bostrém KI, Wang C-Y, Kim RH, Park N-H. Periodontitis-
induced systemic inflammation exacerbates atherosclerosis partly via endothelial-
mesenchymal transition in mice. Int J Oral Sci. (2019) 11:21. doi: 10.1038/s41368-
019-0054-1

21. Piera-Velazquez S, Jimenez SA. Endothelial to mesenchymal transition: role in
physiology and in the pathogenesis of human diseases. Physiol Rev. (2019)
99:1281-324. doi: 10.1152/physrev.00021.2018

22. Eelen G, de Zeeuw P, Treps L, Harjes U, Wong BW, Carmeliet P. Endothelial cell
metabolism. Physiol Rev. (2018) 98:3-58. doi: 10.1152/physrev.00001.2017

23. Schoors S, Bruning U, Missiaen R, Queiroz KC, Borgers G, Elia I, et al. Fatty acid
carbon is essential for ANTP synthesis in endothelial cells. Nature. (2015) 520:192-7.
doi: 10.1038/nature14362

24. Dizdar OS, Baspmar O, Kocer D, Dursun ZB, Ava D, Karakiikcii C, et al.
Nutritional risk, micronutrient status and clinical outcomes: a prospective
observational study in an infectious disease clinic. Nutrients. (2016) 8:124. doi: 10.
3390/nu8030124

25. Yang L, Roh YS, Song J, Zhang B, Liu C, Loomba R, et al. Transforming growth
factor beta signaling in hepatocytes participates in steatohepatitis through regulation
of cell death and lipid metabolism in mice. Hepatology. (2014) 59:483-95. doi: 10.
1002/hep.26698

26. Yadav H, Quijano C, Kamaraju AK, Gavrilova O, Malek R, Chen W, et al.
Protection from obesity and diabetes by blockade of TGF-B/Smad3 signaling. Cell
Metab. (2011) 14:67-79. doi: 10.1016/j.cmet.2011.04.013

27. Yalamanchi N, Klein MB, Pham HM, Longaker MT, Chang J. Flexor tendon
wound healing in vitro: lactate up-regulation of TGF-beta expression and functional
activity. Plast Reconstr Surg. (2004) 113:625-32. doi: 10.1097/01.PRS.0000101529.
47062.34

28. Wang RX, Lee JS, Campbell EL, Colgan SP. Microbiota-derived butyrate
dynamically regulates intestinal homeostasis through regulation of actin-associated
protein synaptopodin. Proc Natl Acad Sci U S A. (2020) 117:11648-57. doi: 10.
1073/pnas.1917597117

29. Chen X, Xiao W, Chen W, Luo L, Ye S, Liu Y. The epigenetic modifier
trichostatin A, a histone deacetylase inhibitor, suppresses proliferation and
epithelial-mesenchymal transition of lens epithelial cells. Cell Death Dis. (2013) 4:
e884. doi: 10.1038/cddis.2013.416

30. Xie L, Santhoshkumar P, Reneker LW, Sharma KK. Histone deacetylase
inhibitors trichostatin A and vorinostat inhibit TGFf2-induced lens epithelial-to-
mesenchymal cell transition. Invest Ophthalmol Vis Sci. (2014) 55:4731-40. doi: 10.
1167/iovs.14-14109

31. Wang Y, Shang Y. Epigenetic control of epithelial-to-mesenchymal transition
and cancer metastasis. Exp Cell Res. (2013) 319:160-9. doi: 10.1016/j.yexcr.2012.07.019

32. Lovisa S, Kalluri R. Fatty acid oxidation regulates the activation of endothelial-
to-mesenchymal transition. Trends Mol Med. (2018) 24:432-4. doi: 10.1016/j.molmed.
2018.03.003

33. Zou J, Zhou X, Chen X, Ma Y, Yu R. Shenkang injection for treating renal
fibrosis-metabonomics and regulation of E3 ubiquitin ligase smurfs on TGF-p/
smads signal transduction. Front Pharmacol. (2022) 13:849832. doi: 10.3389/fphar.
2022.849832

34. Zhao Y-Y, Chen H, Tian T, Chen D-Q, Bai X, Wei F. A pharmaco-metabonomic
study on chronic kidney disease and therapeutic effect of ergone by UPLC-QTOF/
HDMS. PLoS One. (2014) 9:e115467. doi: 10.1371/journal.pone.0115467

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fcvm.2025.1585030/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fcvm.2025.1585030/full#supplementary-material
https://doi.org/10.3967/bes2022.079
https://doi.org/10.1038/s41586-021-03392-8
https://doi.org/10.1016/j.tem.2024.11.004
https://doi.org/10.1016/j.phrs.2024.107058
https://doi.org/10.3390/ijms22083850
https://doi.org/10.1007/s00441-008-0685-6
https://doi.org/10.1161/ATVBAHA.119.312580
https://doi.org/10.1161/ATVBAHA.119.312580
https://doi.org/10.1016/j.lfs.2018.09.041
https://doi.org/10.1186/s12944-024-02073-5
https://doi.org/10.1200/JCO.2007.12.9791
https://doi.org/10.1200/JCO.2007.12.9791
https://doi.org/10.1186/s12944-019-1125-1
https://doi.org/10.3389/fcvm.2021.747449
https://doi.org/10.3389/fcvm.2021.747449
https://doi.org/10.3390/ijms20225758
https://doi.org/10.3390/ijms20225758
https://doi.org/10.1186/s12958-023-01107-4
https://doi.org/10.1186/s12958-023-01107-4
https://doi.org/10.1161/ATVBAHA.121.313788
https://doi.org/10.1016/j.lfs.2020.118816
https://doi.org/10.1172/JCI82719
https://doi.org/10.1038/ncomms11853
https://doi.org/10.1038/s41368-019-0054-1
https://doi.org/10.1038/s41368-019-0054-1
https://doi.org/10.1152/physrev.00021.2018
https://doi.org/10.1152/physrev.00001.2017
https://doi.org/10.1038/nature14362
https://doi.org/10.3390/nu8030124
https://doi.org/10.3390/nu8030124
https://doi.org/10.1002/hep.26698
https://doi.org/10.1002/hep.26698
https://doi.org/10.1016/j.cmet.2011.04.013
https://doi.org/10.1097/01.PRS.0000101529.47062.34
https://doi.org/10.1097/01.PRS.0000101529.47062.34
https://doi.org/10.1073/pnas.1917597117
https://doi.org/10.1073/pnas.1917597117
https://doi.org/10.1038/cddis.2013.416
https://doi.org/10.1167/iovs.14-14109
https://doi.org/10.1167/iovs.14-14109
https://doi.org/10.1016/j.yexcr.2012.07.019
https://doi.org/10.1016/j.molmed.2018.03.003
https://doi.org/10.1016/j.molmed.2018.03.003
https://doi.org/10.3389/fphar.2022.849832
https://doi.org/10.3389/fphar.2022.849832
https://doi.org/10.1371/journal.pone.0115467
https://doi.org/10.3389/fcvm.2025.1585030
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Sun et al.

35. Clere N, Renault S, Corre I. Endothelial-to-mesenchymal transition in cancer.
Front Cell Dev Biol. (2020) 8:747. doi: 10.3389/fcell.2020.00747

36. Saito A. EMT and EndMT: regulated in similar ways? J Biochem. (2013)
153:493-5. doi: 10.1093/jb/mvt032

37. Sun X, Fang J, Ye F, Zhang S, Huang H, Hou J, et al. Diffuse large B-cell
lymphoma promotes endothelial-to-mesenchymal transition via WNT10A/beta-
catenin/snail signaling. Front Oncol. (2022) 12:871788. doi: 10.3389/fonc.2022.871788

38. Fan C-S, Chen L-L, Hsu T-A, Chen C-C, Chua KV, Li C-P, et al. Endothelial-
mesenchymal transition harnesses HSP90o.-secreting M2-macrophages to exacerbate
pancreatic ductal adenocarcinoma. | Hematol Oncol. (2019) 12:138. doi: 10.1186/
513045-019-0826-2

39. Kalluri AS, Vellarikkal SK, Edelman ER, Nguyen L, Subramanian A, Ellinor PT,
et al. Single-cell analysis of the normal mouse aorta reveals functionally distinct
endothelial cell populations. Circulation. (2019) 140:147-63. doi: 10.1161/
CIRCULATIONAHA.118.038362

40. Yang Y-L, Lin S-H, Chuang L-Y, Guh J-Y, Liao T-N, Lee T-C, et al. CD36 is a
novel and potential anti-fibrogenic target in albumin-induced renal proximal tubule
fibrosis. J Cell Biochem. (2007) 101:735-44. doi: 10.1002/jcb.21236

41. Nath A, Li I, Roberts LR, Chan C. Elevated free fatty acid uptake via CD36
promotes epithelial-mesenchymal transition in hepatocellular carcinoma. Sci Rep.
(2015) 5:14752. doi: 10.1038/srep14752

42. Kubota T, Kubota N, Moroi M, Terauchi Y, Kobayashi T, Kamata K, et al. Lack
of insulin receptor substrate-2 causes progressive neointima formation in response to
vessel injury. Circulation. (2003) 107:3073-80. doi: 10.1161/01.CIR.0000070937.52035.25

43. Kubota N, Kubota T, Kajiwara E, Iwamura T, Kumagai H, Watanabe T, et al.
Differential hepatic distribution of insulin receptor substrates causes selective
insulin resistance in diabetes and obesity. Nat Commun. (2016) 7:12977. doi: 10.
1038/ncomms12977

44. Besse-Patin A, Jeromson S, Levesque-Damphousse P, Secco B, Laplante M, Estall
JL. PGC1A regulates the IRSI:IRS2 ratio during fasting to influence hepatic
metabolism downstream of insulin. Proc Natl Acad Sci U S A. (2019) 116:4285-90.
doi: 10.1073/pnas.1815150116

45. Wang W, Tanokashira D, Fukui Y, Maruyama M, Kuroiwa C, Saito T, et al.
Serine phosphorylation of IRS1 correlates with aB-unrelated memory deficits and
elevation in ap level prior to the onset of memory decline in AD. Nutrients. (2019)
11:1942. doi: 10.3390/nul1081942

46. Carew RM, Browne MB, Hickey FB, Brazil DP. Insulin receptor substrate 2 and
FoxO3a signalling are involved in E-cadherin expression and transforming growth
factor-p1-induced repression in kidney epithelial cells. FEBS J. (2011) 278:3370-80.
doi: 10.1111/j.1742-4658.2011.08261.x

47. Owhashi M, Taoka Y, Ishii K, Nakazawa S, Uemura H, Kambara H.
Identification of a ubiquitin family protein as a novel neutrophil chemotactic factor.
Biochem Biophys Res Commun. (2003) 309:533-9. doi: 10.1016/j.bbrc.2003.08.038

48. Pacella I, Spinelli FR, Severa M, Timperi E, Tucci G, Zagaglioni M, et al. ISG15
protects human tregs from interferon alpha-induced contraction in a cell-intrinsic
fashion. Clin Transl Immunol. (2020) 9:e1221. doi: 10.1002/cti2.1221

49. Qu T, Zhang W, Qi L, Cao L, Liu C, Huang Q, et al. ISG15 induces ESRP1 to
inhibit lung adenocarcinoma progression. Cell Death Dis. (2020) 11:511. doi: 10.1038/
s41419-020-2706-7

50. Janowska MK, Baughman HER, Woods CN, Klevit RE. Mechanisms of small
heat shock proteins. Cold Spring Harb Perspect Biol. (2019) 11:a034025. doi: 10.
1101/cshperspect.a034025

Frontiers in Cardiovascular Medicine

17

10.3389/fcvm.2025.1585030

51. Bakthisaran R, Tangirala R, Rao CM. Small heat shock proteins: role in cellular
functions and pathology. Biochim Biophys Acta. (2015) 1854:291-319. doi: 10.1016/j.
bbapap.2014.12.019

52. Liu S, Yan B, Lai W, Chen L, Xiao D, Xi S, et al. As a novel p53 direct target,
bidirectional gene HspB2/aB-crystallin regulates the ROS level and Warburg effect.
Biochim Biophys Acta. (2014) 1839:592-603. doi: 10.1016/j.bbagrm.2014.05.017

53. Chen J, Yu Y, Li H, Hu Q, Chen X, He Y, et al. Long non-coding RNA PVT1
promotes tumor progression by regulating the miR-143/HK2 axis in gallbladder
cancer. Mol Cancer. (2019) 18:33. doi: 10.1186/s12943-019-0947-9

54. Blaha CS, Ramakrishnan G, Jeon S-M, Nogueira V, Rho H, Kang S, et al. A non-
catalytic scaffolding activity of hexokinase 2 contributes to EMT and metastasis. Nat
Commun. (2022) 13:899. doi: 10.1038/s41467-022-28440-3

55. Sdnchez-Dufthues G, de Vinuesa AG, Lindeman JH, Mulder-Stapel A, DeRuiter
MC, Van Munsteren C, et al. SLUG is expressed in endothelial cells lacking primary
cilia to promote cellular calcification. Arterioscler Thromb Vasc Biol. (2015) 35:616-27.
doi: 10.1161/ATVBAHA.115.305268

56. Guihard PJ, Yao J, Blazquez-Medela AM, Iruela-Arispe L, Bostrom KI, Yao Y.
Endothelial-mesenchymal transition in vascular calcification of Ins2Akita/+ mice.
PLoS One. (2016) 11:e0167936. doi: 10.1371/journal.pone.0167936

57. Xiang Y, Zhang Y, Tang Y, Li Q. MALAT1 modulates TGF-Bl-induced
endothelial-to-mesenchymal transition through downregulation of miR-145. Cell
Physiol Biochem. (2017) 42:357-72. doi: 10.1159/000477479

58. Thomas AA, Biswas S, Feng B, Chen S, Gonder J, Chakrabarti S. IncRNA H19
prevents endothelial-mesenchymal transition in diabetic retinopathy. Diabetologia.
(2019) 62:517-30. doi: 10.1007/s00125-018-4797-6

59. Islam SS, Al-Tweigeri T, Al-Harbi L, Ujjahan S, Al-Mozaini M, Tulbah A, et al.
Long noncoding RNA DLEU2 and ROR1 pathway induces epithelial-to-mesenchymal
transition and cancer stem cells in breast cancer. Cell Death Discov. (2024) 10:61.
doi: 10.1038/s41420-024-01829-3

60. Yi H, Luo D, Xiao Y, Jiang D. Knockdown of long non-coding RNA DLEU2
suppresses idiopathic pulmonary fibrosis by regulating the microRNA-369-3p/
TRIM?2 axis. Int ] Mol Med. (2021) 47:80. doi: 10.3892/ijmm.2021.4913

61. Ma L, Yan W, Sun X, Chen P. Long noncoding RNA VPS9D1-AS1 promotes
esophageal squamous cell carcinoma progression via the Wnt/B-catenin signaling
pathway. J Cancer. (2021) 12:6894-904. doi: 10.7150/jca.54556

62. Peng T-F, Zhou Y-J, Zhou J, Zhou Y, Li X-C, Ouyang Q. Long non-coding RNA
VPS9D1-AS1 enhances proliferation, invasion, and epithelial-mesenchymal transition
in endometrial cancer via miR-377-3p/SGK1. Kaohsiung ] Med Sci. (2022)
38:1048-59. doi: 10.1002/kjm2.12606

63. Li X, Xue Y, Liu X, Zheng J, Shen S, Yang C, et al. ZRANB2/SNHG20/FOXK1
axis regulates vasculogenic mimicry formation in glioma. J Exp Clin Cancer Res.
(2019) 38:68. doi: 10.1186/s13046-019-1073-7

64. Cheng D, Xu Q, Liu Y, Li G, Sun W, Ma D, et al. Long noncoding RNA-
SNHG20 promotes silica-induced pulmonary fibrosis by miR-490-3p/TGFBRI axis.
Toxicology. (2021) 451:152683. doi: 10.1016/j.tox.2021.152683

65. Zhu X, Xu H, Chen B. Inhibition of ox-LDL-induced endothelial cell injury by
LINC02381 knockdown through the microRNA-491-5p/transcription factor 7 axis.
Immun Inflamm Dis. (2023) 11:e785. doi: 10.1002/iid3.785

66. Li Q, Hua Y, Yang Y, He X, Zhu W, Wang J, et al. T cell factor 7 (TCF7)/
TCF1 feedback controls osteocalcin signaling in brown adipocytes independent of
the Wnt/B-catenin pathway. Mol Cell Biol. (2018) 38:€00562-17. doi: 10.1128/MCB.
00562-17

frontiersin.org


https://doi.org/10.3389/fcell.2020.00747
https://doi.org/10.1093/jb/mvt032
https://doi.org/10.3389/fonc.2022.871788
https://doi.org/10.1186/s13045-019-0826-2
https://doi.org/10.1186/s13045-019-0826-2
https://doi.org/10.1161/CIRCULATIONAHA.118.038362
https://doi.org/10.1161/CIRCULATIONAHA.118.038362
https://doi.org/10.1002/jcb.21236
https://doi.org/10.1038/srep14752
https://doi.org/10.1161/01.CIR.0000070937.52035.25
https://doi.org/10.1038/ncomms12977
https://doi.org/10.1038/ncomms12977
https://doi.org/10.1073/pnas.1815150116
https://doi.org/10.3390/nu11081942
https://doi.org/10.1111/j.1742-4658.2011.08261.x
https://doi.org/10.1016/j.bbrc.2003.08.038
https://doi.org/10.1002/cti2.1221
https://doi.org/10.1038/s41419-020-2706-7
https://doi.org/10.1038/s41419-020-2706-7
https://doi.org/10.1101/cshperspect.a034025
https://doi.org/10.1101/cshperspect.a034025
https://doi.org/10.1016/j.bbapap.2014.12.019
https://doi.org/10.1016/j.bbapap.2014.12.019
https://doi.org/10.1016/j.bbagrm.2014.05.017
https://doi.org/10.1186/s12943-019-0947-9
https://doi.org/10.1038/s41467-022-28440-3
https://doi.org/10.1161/ATVBAHA.115.305268
https://doi.org/10.1371/journal.pone.0167936
https://doi.org/10.1159/000477479
https://doi.org/10.1007/s00125-018-4797-6
https://doi.org/10.1038/s41420-024-01829-3
https://doi.org/10.3892/ijmm.2021.4913
https://doi.org/10.7150/jca.54556
https://doi.org/10.1002/kjm2.12606
https://doi.org/10.1186/s13046-019-1073-7
https://doi.org/10.1016/j.tox.2021.152683
https://doi.org/10.1002/iid3.785
https://doi.org/10.1128/MCB.00562-17
https://doi.org/10.1128/MCB.00562-17
https://doi.org/10.3389/fcvm.2025.1585030
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

	Characterizing hub biomarkers for metabolic-induced endothelial dysfunction and unveiling their regulatory roles in EndMT through RNA sequencing and machine learning approaches
	Introduction
	Materials and methods
	Subject
	Preparation of pooling serum
	Human umbilical vein endothelial cells culture and treatments
	RNA extraction, cDNA libraries preparation, and high-throughput RNA sequencing
	Identification and characterization of DElncRNAs and DEmRNAs
	Functional analyses of DEmRNAs and DElncRNAs
	Regulatory networks construction and functional analysis
	Identification of DE-EndMTs
	Machine learning-based selection of EndMT-related signature genes
	Construction and evaluation of diagnostic model
	Processing of scRNA-Seq data
	Coexpression analysis of De-EndMTs and DElncRNAs and construction of the ceRNA network
	qRT-PCR validation

	Results
	lncRNA and mRNA transcriptome
	Enrichment analysis of overlapping DEmRNAs
	Enrichment analysis of differentially expressed mRNAs
	Functional assessment of the DElncRNAs
	DElncRNAs-mediated PPI network construction and module identification
	Building and verifying machine learning models
	Development of nomogram diagram model
	Single-cell sequencing
	Identification of the EndMT-related ceRNA network
	Validation of quantitative real-time polymerase chain reaction

	Discussion
	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher's note
	Supplementary material
	References


