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Identification of Biomarkers for Acute
Myocardial Infarction Based on Cell Senescence
Genes and Machine Learning

ABSTRACT

Background: This study aims to identify senescence-related biomarkers for ST-elevation
myocardial infarction (STEMI) prognosis.

Methods: RNA expression data for STEMI samples and controls were obtained from the
gene expression omnibus (GEO) database, and cellular senescence genes were acquired
from CellAge database. Differential and overlap analyses were used to identify dif-
ferentially expressed cellular senescence-related genes (DE-SRGs) in STEMI samples.
Differentially expressed cellular senescence-related genes were further analyzed by
plotting receiver operating characteristic (ROC) curves and machine learning algorithms.
Gene Set Enrichment Analysis (GSEA) was employed on each biomarker. Immune-related
analyses, competing endogenous RNA (ceRNA) construction, and target drug prediction
were performed on biomarkers.

Results: This study identified 7 DE-SRGs for STEMI prognosis. Gene Set Enrichment
Analysis results showed enriched pathways, including ribosomes, autophagy, allograft
rejection, and autoimmune thyroid disease. Furthermore, T cells, CD4 memory rest-
ing T cells, gamma delta, monocytes, and neutrophils represented signifi antly differ-
ent proportions between STEMI samples and controls. In addition, CEBPB was positively
correlated with monocytes and neutrophils but negatively correlated with T-cell CD8. A
ceRNA network was established, and 8 FDA-approved drugs were predicted.

Conclusion: This study identified 7 cellular senescence-related biomarkers, which
could lay a foundation for further study of the relationship between STEMI and cellular
senescence.

Keywords: ST-elevation myocardial infarction, cellular senescence, biomarkers, gene
set enrichment analysis, immune infilt ation

INTRODUCTION

ST-segment elevation myocardial infarction (STEMI) is characterized by an acute
reduction in myocardial blood fl w and is triggered by a complete obstruction of
the coronary artery atthe location of a preexisting atherosclerotic plaque, plaque
erosion, or calcific nodules." Over 2 million people worldwide are diagnosed with
STEMI each year, which has caused STEMI to become a major cause of morbid-
ity and mortality.? Symptoms of STEMI often present as heavy or pressured chest
pain, shortness of breath, sweating, nausea or vomiting, feeling lightheaded
or dizzy, and fatigue.* The diagnosis of STEMI is based on history, characteristic
symptoms, and electrocardiogram changes. In addition, an echocardiogram can
be useful for ruling out acute STEMI. Moreover, the biomarkers troponinlor T are
of high clinical sensitivity and specificity for myocardial tissues.> However, the
guidelines recommend immediate reperfusion therapy without waiting for bio-
marker results for STEMI patients (with symptoms of ischemia for =12 hours and
persistent ST-segment elevation).® The treatment of STEMI includes reperfusion
therapy, thrombolytic therapy, medical management, and cardiac rehabilita-
tion.?® Although various methods are available, STEMI patients are still limited in
their treatment options because of narrow treatment windows and delays in rec-
ognition and treatment.
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Cellular senescence is a natural process that leads to irre-
versible growth arrest and contributes to tissue aging and
homeostasis.” However, it is also increasingly recognized as
a key driver of various diseases, including cancer, cardiovas-
cular disease, neurodegenerative disorders, and metabolic
disorders.® The accumulation of senescent cells in tissues can
trigger chronicinflammation, alter tissue architecture, impair
tissueregeneration andrepair,and promote the development
and progression of various diseases. Assuch, targeting senes-
cent cells has emerged as a promising therapeutic approach
for age-related diseases. Senescent cells are detrimental to
all stages of atherosclerosis. These cells can promote infla -
mation, oxidative stress, and matrix degradation, leading to
plaque rupture and thrombosis.” Additionally, senescent cells
in the myocardium can impair cardiac function and tissue
repair, exacerbating the damage caused by STEMI.™® Hence,
inhibition of senescence may be a potential therapeutic
strategy for STEMI, as it prevents or attenuates the delete-
rious effects of senescent cells and promotes tissue healing
and regeneration.”™ Overall, senescence of different cardiac
cells is one of the causes of pathophysiological changes such
asatherosclerosis, myocardialinfarction, and cardiac fib osis,
including STEML."® More research is needed to fully elucidate
these mechanisms and identify new therapeutic strategies
for preventing or treating STEMI. Therefore, this study aimed
to identify biomarkers associated with cellular senescencein
STEMI and explore potential therapeutic agents.

METHODS

Data Collection

GSE60993 and GSE62646 datasets were downloaded from
gene expression omnibus (GEO) database (https:/www.ncbi
.nlm.nih.gov/geo/). GSE60993 comprises the transcriptome
data of peripheral blood from acute coronary syndrome
(ACS) patients, which had 17 disease samples (7 STEMI),
10 non-ST-elevation M| (NSTEMI), and 7 normal controls.
GSE62646 includes the expression profile of blood samples
from 28 STEMI patients and 14 stable coronary artery dis-
ease patients without a history of myocardial infarction.
Additionally, according to Avelar et al,”” 279 human genes
driving cellular senescence were acquired from CellAge
database (http:/genomics.senescence.info/cells). Finally,
an immunomodulator list was downloaded from TISIDB
database (http:/cis.hku.hk/TISIDB/index.php) based on the
research of Xuetal.®

HIGHLIGHTS

e The work has proposed identifying ST-elevation myo-
cardial infarction based on DE-SRGs segmentation.

e Cell aging triggers inflammation, tissue regeneration,
and repair, contributing to STEMI.

e |dentifying cell aging biomarkers in STEMI based on
GSEA, ROC curves, and machine-learning algorithms.

e Targetlong non-coding RNAs (IncRNAs) were predicted
by the ceRNA network.

e Computational tools were used for drug prediction and
molecular docking.
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Identifi ation and Functional Enrichment Analyses of
DE-SRGs

Limma package (version 3.48.3)™ was initially applied to dis-
tinguish differentially expressed genes (DEGs) between 17
STEMI samples and 7 controls from GSE60993. Genes satis-
fied P < .05 and [logFC|>0.5 were selected as DEGs, which
would be presented in a volcano map by ggplot2 (version
3.3.5) and a heat map by pheatmap (version 1.0.12) (https:/
rdocumentation.org/packages/pheatmap/versions/1.0.12),
and further overlapped with the 279 cellular senescence-
related genes (SRGs), and the intersected genes were
regarded as differentially expressed cellular senescence-
related genes (DE-SRGs). Subsequently, gene ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway enrichment analyses were employed on DE-SRGs
by clusterProfiler (version 4.0.5)* with the threshold set as P
<.05.

Screening of Biomarkers

For preliminary screening DE-SRGs with diagnostic values,
ROC curves of them were fir tly drawn, and the DE-SRGs
with AUCs greater than 0.85 were considered as DE-SRGs
with diagnostic value. Then, DE-SRGs with diagnostic values
were furtheranalyzedthrough3machinelearningalgorithms
(generalized linear model (GLM), random forest (RF), and
support vector machine (SVM)). Generalized Linear Model is
a traditional statistical model commonly used in regression
analysis.” Random Forest is a machine learning algorithm
used for classifi ation andregression problems, which makes
predictions by aggregating multiple decision trees. Random
Forest builds a predictive model by sampling both objects
and variables, generating multiple decision trees, and clas-
sifying objects sequentially.” The classifi ation results from
each decision tree are then aggregated, and the majority
class among all predicted categories is considered the pre-
dicted class for the object, which improves classifi ation
accuracy. Compared to other classifi ation methods, RF typ-
ically offers the following advantages: higher classifi ation
accuracy; the ability to effectively handle high-dimensional
(multivariate) datasets without the need for dimensionality
reduction; advantages in processing large datasets; appli-
cability to datasets with many missing values; and the ability
to measure the relative importance of variables during clas-
sifi ation. For the RF model, we seted ntree=1000: This was
the number of trees in the model. It specified that 1000 trees
should be built; nPerm =50: Used to evaluate feature impor-
tance, it referred to the number of times each feature was
perturbed when calculating feature importance, seted to 50
here; mtry =floor(sqrt(n ol(RFdata) - 1)): Defined the num-
ber of features to be randomly selected for each tree during
construction; proximity = T: This indicated that the proxim-
ity (similarity) between data points was calculated during
model training; importancel=T: This parameter indicated
that feature importance was calculated, with other param-
etersset to default.” Support vector machine is a supervised
learning method mainly used for classifi ation and regres-
sion analysis, it is a binary classifi ation model that maps
the feature vectors of instances to some pointsin space. The
goal of SVM is to draw a line that "best” separates these 2
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classes of points, so that if a new point is introduced later,
this line can still make a good classifi ation. Support vec-
tor machine is suitable for medium- to small-sized datasets,
nonlinear, and high-dimensional classifi ation problems. For
the SVM model, we seted kernel="linear,” specifying that
the type of kernel function was a linear kernel, with other
parameters set to default.”®” To assess whether these genes
were associated with STEMI, these 3 machine learning anal-
yses were performed in the GSE60993 dataset, and used
K-fold cross-validation, where K=2. The sample grouping
(STEMI and Normal) was used as the response variable, the
DE-SRGs with diagnostic values were used as the explana-
tory variable, and "DALEX" package (version 2.4.2) was used
to analyze the 3 models to plot residual maps and obtain the
optimal model with the minimum sample residual. Moreover,
the DE-SRGs in the optimal model were regarded as bio-
markers, and their expressions were analyzed in GSE60993
and visualized by a heatmap.

To evaluate the diagnostic efficiency of the diagnostic model
composed of biomarkers, the logistic regression analysis was
employed on it in GSE60993 (STEMI and Normal) and a ROC
curve was plotted. Furthermore, based on multiple logistic
regression, "RMS" package was utilized to establish a nomo-
gram, which was subsequently validated by plotting the cali-
bration curve and DCA curve.

In order to validate the diagnostic model, GSE62646 (14 con-
trols, 28 STEMI samples) was used as the external validation
data set to plot a ROC curve of biomarkers. Additionally, the
expressions of biomarkers were compared between STEMI
samples and controls in GSE60993 and GSE62646 through
the rank sum test.

Gene Set Enrichment Analysis

In order to further explore the pathways related to the
biomarkers, the samples in GSE60993 were divided into
high- and low-expression groups according to the median
expression of the biomarkersThe differences between the
high- and low-expression groups were calculated, and the
logFC value of each gene was obtained. According to the
logFC value, the genes were ranked from high to low. The
sorted genes were used as the gene set to perform KEGG
pathway enrichment analysis.

Immune Infilt ation Analysis

CIBERSORT algorithm was applied to compute the propor-
tions of 22 types of immune cellsin each sample in GSE60993
dataset. Moreover, the percentage of each type of immune
cellwascompared between STEMIsamples and controls, and
P < .05 was the statistical signifi ant threshold. The correla-
tion between immune cells and biomarkers was calculated
using the R package “psych” (version 2.1.9) and demonstrated
by ggploy2 (version 3.3.5). The correlation between biomark-
ers and different immunomodulators was further analyzed,
which aimed to further explore the way biomarkers regulate
the immune microenvironment.?

Construction of a Competing Endogenous RNA Network
Firstly, the target micro RNA (miRNA) of biomarkers was pre-
dicted through the miRDB and miRWalk databases, and the
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predicted miRNAs from each database were overlapped to
obtain the intersected miRNAs as the target miRNAs of bio-
markers. Then, the target long non-coding RNAs (IncRNAs)
of the target miRNAs were predicted through StarBase.
Finally, Cytoscape (version 3.8.2)?' was used to map the
INncRNA—miRna biomarker network.

Drug Prediction and Molecular Docking

The target drug or molecular compounds of biomarkers
were predicted on DrugBank database and visualized by
Cytoscape as well. The predicted drugs were searched in the
FDA drugs database (https:/www.drugfuture.com/fda/) to
screen for FDA-approved drugs, and the molecular struc-
tures of biomarkers and target proteins were obtained from
the PubChem and PDB databases. Finally, Docking simula-
tions were performed via AutoDock Vina (version 1.5.7)% to
generate docking energy, and PyMOL software was per-
formed to visualize the docked complexes. The crystal struc-
tures of the biomarkers in the molecular docking with the
highest energy were downloaded from PDB database.

Statistical Analyses

For all bioinformatics analyses, R language programs were
implemented. Differential expression analysis of genes was
performed using the R package “limma” with thresholds set
as follows: P-value < .05, |log2FC| > 0.5. Heatmaps were gen-
erated using the R package “pheatmap.” Gene ontology and
KEGG pathway enrichment analysis was performed to iden-
tify their common functions and related pathways, with a
threshold of P-value < .05. Receiver operating characteristic
curves were constructed to assess the diagnostic efficiency
of DESenes for STEMI, with an AUC > 0.85. Receiver operat-
ing characteristic curves were also constructed to evaluate
the diagnostic efficiency of a model consisting of 7 biomark-
ers, with an overall AUC value exceeding 0.9. A nomogram
was constructed using multivariate logistic regression via
the "RMS" package, and calibration curves and decision
curves were plotted to reflect the predictive ability and clini-
cal applicability of the nomogram. Differential expression
box plots of biomarkers were drawn, and the statistical test
used was the rank-sum test. The differences in immune cell
contentbetween STEMIand normal samples were compared
using the rank-sum test. Additionally, the R package “psych”
was used to calculate the correlation between immune cells
and biomarkers, with a threshold of P-value < .05.

Data Availability
The datasets generated and analyzed during the current
study are availablein the GEO and CellAge database (https:/
www.ncbi.nlm.nih.gov/geo/ and http:/genomics.senes-
cence.info/cells).

RESULTS

Functional Annotation of 21 Differentially Expressed
Cellular Senescence—Related Genes

Amongthe 17 STEMIsamples and 7 controlsin GSE60993, 975
DEGs were screened out, including 585 upregulated and 390
downregulated DEGs (Figure 1A and B). After overlapping
with the 279 SRGs, a number of 21 DE-SRGs were obtained,
which were HDAC4, PTTG1, CEBPB, AKR1B1, RAF1, MMP9,
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Figure 1. Comprehensive functional annotation of 21 differentially expressed cellular senescence-related genes. (A-B) Volcano
map and heatmap showing differentially expressed genes in ST-elevation myocardial infarction and control samples from the 2
gene expression omnibus datasets. (C) Venn diagram of the overlapping genes between differentially expressed genes and

senescence-related genes. (D) Heatmap of the 21 differentially expressed cellular senescence-related genes from the integrated
analysis. (E) Gene ontology functional enrichment analysis of the 21 differentially expressed cellular senescence-related genes
(top 5 terms). (F) Kyoto Encyclopedia of Genes and Genomes revealed the top 15 pathways enriched in the 21 differentially
expressed cellular senescence-related genes.
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RNASEL, HK3, NADK, UBTD1, FOS, BCL6, CDK4, PRPF19,
MCL1, FBXO31, MAP4K1, ETS2, MAPK14, TXN, and PRKCH
(Figure 1C). Moreover, it can be found from the expression
heat map of DE-SRGs that CEBPB, TXN, and MMP9 were the
top 3 DE-SRGs with the highest expression (Figure 1D).

Additionally, based on the selection criteria of P < .05, 105
GO terms (95 BP, 5 CC, 5 MF) and 46 KEGG pathways were
enriched by 21 DE-SRGs. The dot plot of enriched GO terms
showed the top 5 results in each category. For instance, the
21 DE-SRGs were mainly involved in the biological processes
of peptidyl-serine phosphorylation, peptidyl-serine modi-
fi ation, cellular response to chemical stress, response to
ketones, and response to muscle stretch; the 5 enriched cel-
lular components were transcription regulators complex,
nuclear speck, fi olin-1-rich granule lumen, fi olin-1-rich
granule, and replication fork; in terms of the 5 molecular
functions, they were protein serine/threonine kinase activ-
ity, DNA-binding transcription factor binding, RNA poly-
merase |l core promoter sequence-specific DNA binding,
cyclin binding, and core promoter sequence-specific DNA
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binding (Figure 1E). The bar chart showed the top 15 KEGG
pathways enriched by 21 DE-SRGs, which mainly included
endocrine resistance, interleukin (IL)-17 signaling pathway,
T cell receptor signaling pathway, TNF signaling pathway,
relaxin signaling pathway, fluid shear stress, and atheroscle-
rosis (Figure 1F).

Seven Biomarkers Were Identifie

The 21 DE-SRGs were initially analyzed by plotting their ROC
curvesto evaluate their diagnostic values, and 11 of them had
an AUC greater than 0.85 and were regarded as DE-SRGs
with diagnostic value, which were HDAC4, PTTG1, CEBPB,
RAF1, AKR1B1, PRPF19, RNASEL, MMP9, CDK4, HK3, and
FBXO31 (Figure 2). Afterward, the residual distribution plots
of the 3 machine learning algorithms showed that the SVM
was the optimal model, and 7 genes (RAF1, RNASEL, CEBPB,
PRPF19, FBXO31, PTTG1, and CDK4) in SVM were the bio-
markers of STEMI (Figure 3A). In addition, in the GSE60993
dataset, RAF1, RNASEL, and CEBPB were upregulated in
STEMI samples, while the other 4 biomarkers were down-
regulated (Figure 3B).

Figure 2. The single-gene receiver operating characteristic curves of genes with area under curve values greater than 0.85.
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Figure 3. Seven cellular senescence-related biomarkers were identified. (A) The residual distribution plots of the 3 machine
learning algorithms. (B) Heatmap of the 7 genes from the support vector machine analysis. (C) The receiver operating

characteristic curves of the 7 senescence-related biomarkers as awholein logistic regression model. (D) Nomogram comprised of
the 7 cellular senescence-related biomarkers. (E) DCA curves and calibration curves for the nomogram. (F-G) The expression of 7
cellular senescence-related biomarkers in GSE60993 and GSE62646 cohort.

To further validate the diagnostic efficiency of the 7 bio-
markers, a ROC curve of them in GSE60993 was plotted, and
the AUC was 1, which indicated that the diagnosis of the bio-
markers was accurate (Figure 3C). Moreover, a nomogram
consisting of 7 biomarkers was established. The slope of the
nomogram calibration curve was close to 1, and the net ben-
efit of the nomogram was the highest compared with other
single biomarkers, which all revealed the prediction of the
nomogram was accurate (Figure 3D and E).

Furthermore, the ROC validation results of the biomarkers
in GSE62646 demonstrated that the AUC of the 7 biomark-
ers was 1, which was higher than any other single biomarker,
illustrating that the diagnostic accuracy of the model was
accurate (Supplementary Figure 1A and B).

Finally, it can be found from the biomarker expression com-
parison in GSE60993 that RNASEL, CEBPB, and RAF1 were
expressedsignifi antly higherin STEMIsamples, whereasthe
expressions of PRPF19, FBXO31, PTTG1, and CDK4 were dis-
tinctly higher in the controls (Figure 3F). On the other hand,
in GSE62646, CEBPB and CDK4 were expressed higher in
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STEMI samples, while RNASEL, RAF1, and PTTG1 were highly
expressed in controls (Figure 3G).

Gene Set Enrichment Analysis

To further detect the KEGG pathwaysrelated to biomarkers,
GSEA was employed on high and low biomarker expression
groups. It can be observed that the ribosome was the com-
mon pathway of the 7 biomarkers, and except for PRPF19,
the remaining 6 biomarkers all enriched the autophagy
animal pathway. Additionally, allograft rejection was the
common pathway enriched by CDK4, FBXO31, PRPF19, and
RAF1. Autoimmune thyroid disease is the common path-
way of CDK4, FBXO31, and PRPF19. Moreover, CDK4, CEBPB,
FBXO31, and RAF1 were commonly enriched in complement
and coagulation cascades (Figure 4).

Immune Infilt ation Analysis

The CIBERSORT result of GSE60993 indicated that mono-
cytes accounted for a larger ratio in the majority of sam-
ples (Figure 5A). It can be clearly seen from the comparison
results that CD4 memory T cells activated and gamma delta
T cellsrepresented signifi antly higher proportionsin normal
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Figure 4. Gene set enrichment analysis annotation of the 7 cellular senescence-related biomarkers.

samples compared to STEMI samples, while the rates of
monocytes and neutrophils were distinctly higher in STEMI
samples (Figure 5B).

The correlations between biomarkers and the immune cells
in GSE60993 showed that a signifi antly positive correla-
tion was found between CEBPB and Monocytes (r=0.789, P <
.001), CEBPB and neutrophils (r=0.708, P <.001), and FBXO31
and CD8 T cells CD8 (r=0.735, P < .001). The signifi antly
negative correlation was between CEBPB and T cells, CD8
(r=-0.704, P < .001), and FBXO31 and monocytes (r=-0.753,
P <.001) (Figure 5C).

Furthermore, the correlations between biomarkers and
immunomodulators demonstrated that the strongest
positive correlation existed between FBXO3 and CD40LG
(0.872), followed by a correlation between FBXO3 and LTA
(0.853), and a correlation between FBXO3 and TNFRSF25
(0.852). On the other hand, the most negative correlations
were between FBXO3 and ENTPD1 (-0.886), followed by the
correlation between FBXO3 and IL10RB (-0.844), and the
correlation between CDK4 and ENTPD1(-0.838) (Figure 5D).

Competing Endogenous RNA Network Construction

A number of 15 common target miRNAs were obtained from
the overlap analysis between 307 miRNAs from miRDB and
59 miRNAs from miRWalk (Figure 6A). Subsequently, the
target IncRNAs could be predicted by 9 miRNAs (hsa-miR-
6783-3p, hsa-miR-3622b-5p, hsa-miR-3194-3p, hsa-miR-
519d-3p, hsa-miR-497-5p, hsa-miR-423-5p, hsa-miR-93-5p,
hsa-miR-20a-5p, and hsa-miR-17-5p) from StarBase, and a
INcRNA-miRNA-Biomarker network comprising 281 nodes
and 563 edges was constructed (Figure 6B). For instance,
AP003419.2 could regulate CDK4, CEBPB, and FBXO31

through hsa-miR-3622b-5p, and OLMALINC could regulate
FBXO31through hsa-miR-17-5p.

Drug Prediction and Molecular Docking

A total number of 16 drugs (Table 1) were predicted through
DrugBank by 4 biomarkers (RNASEL, CEBPB, RAF1, CDK4)
(Figure 7A). It can be found that Fostamatinib was the com-
mon targetdrug for RAF1and CDK4, and only 1drug was pre-
dicted by RNASEL and CEBPB, which was 2'-Deoxyuridine
3'-Monophosphate and Quercetin respectively.

Moreover, the Autodock Vina results revealed that the dock-
ing energy of Regorafenib-RAF1 and Fostamatinib-CDK4
was the highest (-7.1) (Figure 7C and D). The 3D conformer
structure diagrams of Regorafenib and Fostamatinib were
displayed in Figure 7B. Subsequently, the visualized result of
Regorafenib-RAF1by PyMOL showed that the LEU-149 resi-
due had a hydrogen bond interaction with the Regorafenib
molecule. The docking affinity between the active molecule
and the protein was -7.1 kcal/mol. Additionally, it can be seen
from the Fostamatinib-CDK4 docking that hydrogen bond
interactions existed between Fostamatinib and the residues
(ARG37 and ARG41), and the docking affinity between the
active molecule and the protein was -7.1 kcal/mol (Figure 7C
and D).

DISCUSSION

ST-elevation myocardial infarction remains a leading cause
of premature death worldwide, with an estimated 1.5 million
cases annually in the United States alone.” Recent research
has highlighted the role of cellular senescence in the patho-
genesis of STEMI. Histone acetylation, lower global DNA
methylation levels, and shorter telomere length have been
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Figure 5. Estimation of infilt ating immune cell types in GSE60993 cohort via CIBERSORT. (A) Stacked bar plot showing the
relative composition of 22 immune cell subsets in the cohort. (B) The violin diagram shows the immune cell difference between

normal and differentially expressed cellular senescence-related genes samples. (C) Correlation analysis of the 7 cellular
senescence-related biomarkers and different immune cell types. (D) Correlation analysis of the 7 cellular senescence-related
biomarkers with immunosuppressive and immunostimulatory factors. *P <.05, P <.01.
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Figure 6. Prediction of the micro RNA—messenger RNA network and competing endogenous RNA network. (A) Venn diagram of

the overlapping micro RNAs from the miRDB and miRWalk databases; (B) the long non-coding RNA—micro RNA networkincludes
CDK4, CEBPB, FBXO31, RAF1, and PRPF19.

associated with an increased risk of cardiovascular disease,
including STEMI.2* Therefore, exploring the changes of cellu-
lar senescence genes in STEMI may provide a new direction
for future treatment of STEMI.

Peptidyl-serine phosphorylation and modifi ation are
known to play a critical role in cellular signaling path-
ways that regulate various cellular processes, includ-
ing the cellular response to chemical stress, response to
ketones, and response to muscle stretch. A study found
that peptidyl-serine phosphorylation of the stress-induced
protein HSP27 regulates the cellular response to chemical
stress by promoting cell survival and preventing apoptosis.?®
Another study published in the Journal of Neurochemistry
demonstrated that peptidyl-serine modifi ation of
the ketone body p-hydroxybutyrate regulates its trans-
port across the blood-brain barrier and plays a role in the
response to ketones.?® Additionally, a study published in the
Journal of Applied Physiology showed that peptidyl-serine
modifi ation of the extracellular matrix protein tenascin-Cis
involved in the response to muscle stretch and the regulation
of muscle adaptation.? Peptidyl-serine phosphorylation has
been implicated in the pathophysiology of STEMI based on
the signifi ant elevation of serum levels of the cardiac tro-
ponin | marker for peptidyl-serine phosphorylation in STEMI
patients.?® Consistent with previous reports, this present
study found that 21 DE-SRGs were enriched in these biologi-
cal processes. Furthermore, this study identified an associa-
tion between cellular SRGs and key cellular processes, such
as protein serine/threonine kinase activity, DNA-binding
transcription factor binding, sequence-specific DNA bind-
ing, cyclin binding, and core promoter sequence-specific
DNA binding. These processes have been previously linked to
various cellular functions, and their dysregulation may con-
tribute to the pathogenesis of STEMI.?* We also identified 21
DE-SRGs that exhibit a strong correlation with Relaxin sig-
naling, fluid shear stress, and atherosclerosis. The authors’
findings suggest that these pathways have signifi ant
implications in the development of STEMI, as they promote
angiogenesis, regulate endothelial cell function, and main-
tain vascular homeostasis.’° Besides, endocrine resistance,

IL-17 signaling pathway, T cell receptor signaling pathway,
and TNF signaling pathway correlated with STEMI, suggest-
ing that they may be involved in STEMI by regulating infla -
matory and immune signaling pathways. Understanding the
interplay between these pathways and their contribution to
the pathogenesis of STEMI may provide new insights into the
therapies for the prevention and treatment of this condition.

Whilethe Fourth Universal Definition of Myocardial Infarction
offers a refined framework for diagnosing and assessing
STEMI, distinguishing myocardial ischemia from conditions
like pulmonary embolism or hypertrophic cardiomyopathy
remains challenging in complex cases.” For instance, high-
sensitivity cardiac troponin, detectable within 2-4 hours of
ischemia, aids diagnosis but can alsorise due to non-ischemic
factorslike mechanical stress.*? Thus, more specific biomark-
ers are needed to improve diagnostic accuracy. The authors’
research hasrevealed a signifi antupregulation of RAF1and
CEBPB in the context of STEMI, which aligns with previous
studies confirming the involvement of RAF1and CEBPB in the
pathophysiological processes of myocardial infarction.?*3*
Furthermore, the authors’' analysis revealed bidirectional
expression of RNASEL in this clinical context across differ-
ent databases, suggesting that innate immune responses
may play a signifi ant role in the progression of STEMI.*
Notably, we observed the downregulation of PRPF19 and
FBXO31in STEMI. Although the direct relationship between
these 2 factors and STEMI has not yet been clarified, consid-
ering the critical role of PRPF19 in messenger RNA (mRNA)
maturation and processing, as well as the important regu-
latory functions of FBXO31 in protein degradation and DNA
stability, it is speculated that they may exert similar regula-
tory effects in STEMI.3**” PTTG1 and CDK4, as key factors
in maintaining chromosomal stability, have been shown by
recent evidence to be involved in the regulation of myocar-
dial hypertrophy and cellular regeneration following myo-
cardial infarction, further highlighting their potential roles
in STEMI.38* Notably, we observed contradictory outcomes
for PTTG1 and CDK4 in STEMI samples across various data-
bases. The authors' hypothesisis that the observed phenom-
enon may be associated with the extent of myocardial injury,
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Table 1. Drugs Prediction of RNASEL, CEBPB, RAF1, and CDK4 by DrugBank

DrugBank ID Name Drug Group Pharmcological Action Actions Gene
DB03448 2'-Deoxyuridine Experimental RNASEL
3'-Monophosphate

DB00398 Sorafenib Aapproved, investigational Yes Inhibitor RAF1
DB04973 LErafAON Investigational Unknown RAF1
DB05268 iCo-007 Investigational Unknown RAF1
DB05190 XL281 Investigational Unknown RAF1
DB0889%6 Regorafenib Approved Yes Inhibitor RAF1
DB08912 Dabrafenib Approved, investigational Yes Inhibitor RAF1
DB08862 Cholecystokinin Approved, investigational Unknown Agonist RAF1
DB12010 Fostamatinib Approved, investigational Unknown Inhibitor RAF1
DB04216 Quercetin Experimental, investigational CEBPB
DB0349%96 Alvocidib Experimental, investigational Unknown CDK4
DB02733 Purvalanol Experimental Unknown CDK4
DB09073 Palbociclib Approved, investigational Yes Inhibitor CDK4
DB11730 Ribociclib Approved, investigational Yes Antagonistinhibitor CDK4
DB12001 Abemaciclib Approved, investigational Yes Inhibitor CDK4
DB12010 Fostamatinib Approved, investigational Unknown Inhibitor CDK4
DB15442 Trilaciclib Approved, investigational Yes Inhibitor CDK4

as it involves various vessels and blood cells.*® We found
that biological pathways such as autophagy, the comple-
ment system, and the coagulation cascade are allinvolvedin
the entire process of inflamma ory responses in myocardial
infarction.*“2 This finding is highly consistent with the GSEA
analysis of the 7 biomarkersidentified in this tudy.

Since the model in this study was constructed using a
dataset exclusively comprising samples collected within 4
hours of symptom onset or on the day of admission, these
7 biomarkers may possess unique risk assessment value for
untreated and high-risk STEMI patients. However, whether
these biomarkers also exhibit signifi ant changes in other
stages of STEMI (such as the acute, subacute, and chronic
phases) still requires further in-depth investigation. By
conducting continuous blood tests to evaluate the expres-
sion patterns of these markers across different stages of
STEMI—from early injury phase to healing phase—critical
insights may be gained into their roles in disease progres-
sion, treatment response, and prognostic evaluation. For
example, the bidirectional expression of RNASEL and the
differential expression patterns of PTTG1 and CDK4 not
only enhance the ability to differentiate STEMI from other
conditions (e.g., pulmonary embolism or hypertrophic car-
diomyopathy) but also provide valuable insights into the
severity of myocardial injury and the progression of recov-
ery. Additionally, the upregulation of RAF1 and CEBPB in
the early stages may serve as sensitive indicators of ongo-
ing ischemic injury, while the downregulation of PRPF19
and FBXO31in later stages could reflect the extent of myo-
cardial damage and repair processes. By integrating these
biomarkers into traditional diagnostic and risk stratifi a-
tion models, we anticipate signifi antimprovements in the
accuracy of STEMI diagnosis, optimization of risk assess-
ment, and enhanced guidance for clinical decision-making,
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ultimately leading to better patient outcomes. By integrat-
ing these biomarkers into traditional diagnostic and risk
stratifi ation models, it is possible to improve the accuracy
of STEMI diagnosis, optimize risk assessment, and provide
potential clinical benefit .

The acute-phase treatment of STEMI and subsequent long-
term care not only impose a signifi ant financial burden on
patients’ families but also create substantial pressure on
the healthcare system.** Therefore, advancing early diag-
nosis and personalized treatment is crucial to reducing
patient costs and improving healthcare resource utilization.
Although the implementation of continuous blood monitor-
ing for these biomarkers may increase the initial costs of
STEMI diagnosis and treatment, these additional expenses
are likely to be offset by the clinical benefits they provide.
Continuous monitoring of these 7 biomarkers enables ear-
lier and more accurate identifi ation of high-risk patients,
thereby optimizing treatment strategies and reducing
unnecessary medical interventions and hospital stays.
Furthermore, the potential of these biomarkers in assessing
the extent of myocardial injury and predicting prognosis may
help reduce the incidence of long-term complications asso-
ciated with STEMI, such as heart failure and reinfarction,
thereby decreasing subsequent healthcare resource utiliza-
tion.** In the long term, this precision medicine approach is
expected to improve diagnostic and therapeutic efficienc ,
enhance patient outcomes, and ultimately reduce overall
healthcare costs. Therefore, while the initialinvestment may
be higher, the potential economic benefits and societal value
warrant further exploration and validation.

CIBERSORT analysis revealed that CD4 memory T cells
and gamma delta T cells were signifi antly decreased in
STEMI samples, indicating the long-term protection against
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Figure7. Drug prediction and moleculardocking. (A)Drug prediction of RNASEL, CEBPB, RAF1,and CDK4; (B) conformerstructure

diagrams of Regorafenib and Fostamatinib; (C) molecular docking of Regorafenib and RAF7; (D) molecular docking of Fostamatinib
and CDK4.
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pathogens and the maintenance of immunological memory
were impaired.* Conversely, an elevation in monocytes and
neutrophils, which have been implicated in the development
of inflamma ory diseases, was observed in patients with
STEMI, suggesting that the identified biomarkers may mod-
ulate the inflamma ory response in the context of STEMI.4¢
Furthermore, a central role of RAF1, CDK4, CEBPB, FBXO31,
and PTTG1 in the regulation of STEMI was determined. We
predicted a ceRNA network of 9 miRNAs (hsa-miR-6783-3p,
hsa-miR-3622b-5p, hsa-miR-3194-3p, hsa-miR-519d-3p,
hsa-miR-497-5p, hsa-miR-423-5p, hsa-miR-93-5p, hsa-miR-
20a-5p, and hsa-miR-17-5p) in the regulation of RAF1, CDK4,
CEBPB, FBXO31, and PTTG1, providing new avenues for com-
bination targeted therapy in STEMI.

Through this predictive analyses of the interactions between
drug molecules and the 7 biomarkers, we identified RAF1
and CDK4 inhibitors as potentially effi acious therapeutics
for STEMI. Cholecystokinin has demonstrated a capacity to
reduce myocardial fib osis and improve cardiac remodel-
ing in animal models.#’” Nevertheless, Regorafenib, another
RAF1 inhibitor, has been reported to induce hypertension
and myocardial ischemia in a patient with gastrointestinal
stream tumors.*® It is possible that the observed effect can
be attributed to the multitargeted nature of Regorafenib,
which inhibits a diverse array of kinases such as VEGFR1-
3, PDGFR-beta, and RTKs.* Other study has found that
CEBPB-related drug, quercetin reduces the expression of
inflamma ory factors, increases total antioxidant capacity,
and improves quality of life in patients following myocardial
infarction.>® In further, it is imperative to focus on the devel-
opment of novel drug-related interventions to effectively
manage STEMI.

The present study provides support for the involvement
of candidate genes and functional pathways in cellular
senescence-related STEMI. Previous studies have utilized
gene expression analysis for the examination of STEMI,®
but none have specifi ally focused on cellular senescence.
Additionally, given the variability in treatment methods and
timing, it can be challenging to isolate molecular mecha-
nisms that are solely attributable to STEMI. Hence, future
research should concentrate on validating the roles of can-
didate gene signaling axis pathways that potentially medi-
ate cellular senescence-related STEMI. The complexity of
the STEMI mechanism is compounded by the limited use of
drugs in clinical or animal research, which were not further
validated in this study.*” Despite the absence of experimen-
tal verifi ation, the findings provide a solid foundation for
guiding clinical and experimental research related to cellular
senescence-related STEMI.

CONCLUSION

Through a comprehensive suite of bioinformatics analyses,
several prominent candidate genes, including RAF1, RNASEL,
CEBPB, PRPF19, FBXO31, PTTG1, and CDK4, were identified
alongside multiple enriched functional signaling pathways
that may be involved in the pathogenesis of cellular senes-
cence-induced STEMI.
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Supplementary Figure 1. The ROC curves of the 7 genes in GSE62646. (A) The single-gene ROC curve of 7 genes; (B) The ROC

curve of the 7 genes as a whole in a logistic regression model.




