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Background: At present, acute myocardial infarction (AMI) is a serious cardiovascular disease with high 
morbidity and mortality. Discovering biomarkers of AMI is important for clinical diagnosis and needs. 
Therefore, this study aimed to elucidate the role of XPNPEP3 as a potential biomarker for AMI.
Methods: Expression profiling data were downloaded for AMI patients and healthy patients in the 
GSE24548 and GSE24519 datasets, respectively. The limma package in R was conducted to determine 
differentially expressed microRNA (DEmiRNA)/messenger RNA (mRNA) [differentially expressed genes 
(DEGs)]. TargetScan and Cytoscape were used to build regulatory network of miRNA-mRNA. The 
Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE) 
and Cell-type Identification by Estimating Relative Subsets of RNA Transcripts (CIBERSORT) were applied 
to determine immune cell score. The gene set variation analysis (GSVA) package was used to calculate 
pathway score. Key drugs were determined by protein-protein interaction (PPI) and molecular docking.
Results: Totals of 36 DEmiRNAs and 63 DEGs were determined in the GSE24584 dataset and GSE24519 
dataset, respectively, and then we constructed a miRNA-mRNA network including 31 DEmiRNAs and  
47 DEGs. The correlation analysis between immune cells and 47 DEGs identified that XPNPEP3 was most 
associated with AMI. Furthermore, XPNPEP3 was negatively correlated with inflammatory response score. 
A diagnosis model based on XPNPEP3 expression showed an area under the curve (AUC) of 93.38%, and 
159 genes were highly correlated with XPNPEP3. Molecular docking analysis showed that DB06909 had the 
lowest docking score with XPNPEP3, revealing it to be a potential XPNPEP3 inhibitor.
Conclusions: This work discovered that XPNPEP3 is correlated with the development of AMI. These 

findings may provide theoretical basis for the diagnosis and treatment of AMI.
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Introduction

Acute myocardial infarction (AMI) is a multifactorial 
coronary  ar tery  f low blockage  based  on cardiac 
atherosclerosis and thrombosis, which leads to the 
interruption of blood supply to cardiomyocytes and then 
causes acute necrosis of local cardiomyocytes, endangering 
the patient’s life (1,2). As one of the most common critical 
cardiovascular diseases, AMI has high morbidity and 
mortality (3). Early diagnosis, correct evaluation, and timely 
reperfusion has great significance in mortality reduction as 
well as prognostic improvement (4,5). The clinical diagnosis 
of AMI is mainly based on the patient’s symptoms, vital 
signs, electrocardiogram, and myocardial enzyme spectrum. 
However, the changes of these indicators are not obvious 
in some patients, which may easily lead to misdiagnosis 
and missed diagnosis (6,7). Creatine kinase-MB isoenzyme  
(CK-MB) and cardiac troponin I (cTnI) have been 
commonly determined, but their sensitivity cannot meet 
clinical needs. Therefore, it is necessary to develop new 
diagnostic and therapeutic drugs to complement clinical 
applications.

MicroRNAs (miRNAs) are a class of small RNAs with 
a length of about 20–24 nucleotides, which play various 
important regulatory roles in cells. They do not have 
the function of protein encoding, however, they can 
simultaneously influence epigenetics, post-transcription, 
and transcription of genes, to promote messenger RNA 
(mRNA) degradation or inhibit protein translation (8). 
miRNAs are abundant and stable in the blood, and they can 
be aberrantly expressed under pathological conditions of 
cardiovascular disease (9). In addition, Chen et al. showed 

that miRNAs play a key role in the diagnosis of AMI and 
its associated symptomatic diseases, platelet activation 
monitoring, and prognosis prediction (9). Cardiac-rich 
miRNAs (such as miR-499, miR-208, and miR-1) were 
able to be rapidly upregulated in repertoire plasma after 
myocardial necrosis (10,11). However, in-depth study of the 
molecular mechanism of miRNA in AMI is relatively rare, 
and the exact molecular network underlying the regulatory 
mechanism mediated by miRNA during AMI progression 
has remained unclear.

In this study, we searched the Gene Expression Omnibus 
(GEO) (https://www.ncbi.nlm.nih.gov/geoprofiles) to 
obtain public data sets (GSE24584, GSE24519), and 
explored the integration of miRNAs and mRNA expression 
spectrum results. Between the AMI group and the normal 
control group, differentially expressed mRNAs (DEmRNAs) 
and miRNAs (DEmiRNAs), were filtered. Subsequently, 
a miRNA-mRNA regulatory network was developed. The 
use of a protein-protein interaction (PPI) network and 
molecular docking helped to further identify key drugs. 
Comprehensive analysis applying bioinformatics studies 
were conducted with the aim to discover therapeutic targets 
for AMI and diagnostic markers. We present this article in 
accordance with the STREGA reporting checklist (available 
at https://jtd.amegroups.com/article/view/10.21037/jtd-23-
1203/rc).

Methods

Raw data

The GEO database was used to determine the miRNA 
expression of the GSE24548 dataset (12), including 3 normal 
samples and 4 AMI samples, and the mRNA expression of 
the GSE24519 dataset (13), including 4 normal samples and 
34 AMI samples. The study was conducted in accordance 
with the Declaration of Helsinki (as revised in 2013).

DEmiRNA/DEmRNA

The limma package in R (14) was used to screen DEmiRNA 
in the GSE24548 dataset and DEmRNA [differentially 
expressed genes (DEGs)] in the GSE24519 dataset, with 
P<0.05 and |log2(fold change)| >1 as the threshold value.

Regulatory networks of miRNA-mRNA

The target genes (DEGs) of miRNA were obtained by 

Highlight box

Key findings
• An XPNPEP3 gene and diagnosis model based on XPNPEP3 

expression in acute myocardial infarction (AMI) were established, 
which may be useful for assessing curative effects in AMI.

What is known and what is new?
• AMI is a serious cardiovascular disease with high morbidity and 

mortality.
• XPNPEP3 gene considered for the first time to be able to serve as 

a diagnostic marker for AMI. 

What is the implication, and what should change now?
• An XPNPEP3 gene and diagnosis model based on XPNPEP3 

expression in AMI may be used for clinical application in AMI to 
help clinicians to develop personalized treatment.

https://www.ncbi.nlm.nih.gov/geoprofiles
https://jtd.amegroups.com/article/view/10.21037/jtd-23-1203/rc
https://jtd.amegroups.com/article/view/10.21037/jtd-23-1203/rc


Ai et al. XPNPEP3 mechanism in AMI4978

© Journal of Thoracic Disease. All rights reserved. J Thorac Dis 2023;15(9):4976-4986 | https://dx.doi.org/10.21037/jtd-23-1203

TargetScan (https://www.targetscan.org/vert_80/), and 
relationship pairs (miRNA-mRNA) were plotted by 
Cytoscape (https://cytoscape.org/). Cytoscape is software 
that can integrate biomolecular interaction networks with 
high-throughput expression data and other molecular states 
into a unified framework that can be adapted to any system 
of molecular components and interactions (15).

Functional enrichment analysis

Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathway annotation was carried out in the R Package 
ClusterProfiler (16).

Identification of hub genes

The following analyses were conducted to identify the hub 
genes. ESTIMATEScore of samples were determined by 
Estimation of STromal and Immune cells in MAlignant 
Tumor tissues using Expression data (ESTIMATE) (17), 
and Hmisc package was used to calculate Spearman analysis 
between ESTIMATEScore and DEGs. Next, the Cell-
type Identification by Estimating Relative Subsets of RNA 
Transcripts (CIBERSORT) (18) algorithm evaluates gene 
expression profiling datasets to obtain 22 immune cell 
infiltration scores per patient. The Hmisc package was used 
to conduct Spearman analysis between immune cells score 
and DEGs.

Gene set variation analysis (GSVA)

In the gene set enrichment analysis (GSEA) website, KEGG 
pathway-related gene sets (c2.Cp.KEGG.V7.0.Symbols.
GMT) were downloaded, and then the GSVA package was 
used to calculate score of each pathway. Next, the Hmisc 
package was used to screen hub gene related pathways with 
P<0.05 and |correlation (cor)| >0.3.

Classification algorithms

In the GSE24519 dataset, based on the identified hub 
genes, the RMS package in R was used to build a diagnostic 
model.

Screening of candidate drugs

Based on the drug target pair in drugbank and the PPI 
network (threshold score of 400), the proximity of the drug 

and treatment for AMI was calculated. Here, we can give S 
(that is, the gene set associated with the treatment of AMI), 
D (that is, the degree of the node of the gene set associated 
with PPI), T (the drug target gene set), and distance d(s,t) 
as the shortest path between s node and t node (where s∈S, 
the gene related to heart failure; t∈T, is the drug target 
gene), the calculation method is as follows:

( ) ( )( )1, ,s St T
d S T min d s t

T
ω∈∈

= +∑  [1]

Where ω is the weight of the target gene. If the target 
gene is a gene in the AMI related gene set, the calculation 
method is ω = −ln(D + 1), otherwise ω=0.

The s imulated reference distance distr ibut ion 
corresponding to the drug was generated. Simply speaking, 
a set of protein nodes were randomly selected as the 
simulated drug target in the network, and the number of 
nodes was the same as the target size (represented by R).  
Then calculate the distance d(S,R) between these simulated 
drug targets (representing the simulated drug) and the 
relevant gene set of the key gene, and generate the 
simulated reference distribution after 10,000 random 
repetitions, and convert the mean and standard deviation 
of the μd(S,R) and σd(S,R) reference distributions and 
corresponding to the actual desired observation distances 
into standardized scores. That is, proximity z:
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Regardless of whether the relevant gene sets of key 
genes were taken as samples or the randomly selected gene 
sets were taken as samples, multiple hypothesis tests were 
carried out based on the random data obtained in reference 
and drugs with small distance and false discovery rate (FDR) 
<0.001 were selected as drug candidates.

Molecular docking simulation

Autodock Vina software was used for molecular docking 
simulation (19). AutoDockTools 1.5.6 (20) was used to 
prepare all of the input files. From the Protein Data Bank 
(PDB) (21) database, the PDB-IDs of target genes were 
acquired. Identification of the strongest binding mode 
to ligand molecules was performed using Lamarckian 
algorithm (22), where, in molecular docking, the grid 
coordinates in each of the XYZ directions are −10, 18.5 
and 13.5, respectively, and the grid length in each direction 
is 20Å. Specifically, the maximum allowable energy was  
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3 kcal/mol, the exhaustiveness was 8, and the maximum 
number of conformations output was 10. Results processing 
was performed in Pymol (23). Using the Gromacs2019 
software package (24), we conducted 100 nanoseconds (ns) 
molecular dynamics simulations for assessing receptor-
ligand complex for its binding stability.

Statistical analysis

The statistical data of this study were all obtained using 
the R software (version 3.6.0). The Sangerbox platform 
supported all the analyses of this study (25). Notably, 

P<0.05 was considered statistically significant. 

Results

Identification of DEmiRNA

In the GSE24548 dataset, 34 upregulated miRNAs and 
2 downregulated miRNAs were screened (Figure 1A,1B). 
TargetScan analysis showed that only 31 DEmiRNAs 
had target genes. Furthermore, KEGG analysis showed 
that classical pathways were enriched in 31 DEmiRNAs  
(Figure 1C).

Figure 1 Identification of DEmiRNA. (A) Volcano plot of 36 DEmiRNAs. (B) Heatmap of 36 DEmiRNAs. (C) KEGG functional 
enrichment analysis of 31 DEmiRNAs. The numbers in parentheses represent the numbers of mirNA-targeted regulatory genes. FDR, 
false discovery rate; AMI, acute myocardial infarction; miRNA, microRNA; DEmiRNA, differentially expressed miRNA; KEGG, Kyoto 
Encyclopedia of Genes and Genomes.
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Figure 2 Construction of miRNA-mRNA network. (A) Volcano plot of 63 DEmRNAs. (B) Heatmap of 63 DEmRNAs. (C) Regulatory 
network 31 miRNAs-47 mRNAs. (D) Degree statistical of miRNA target genes. FDR, false discovery rate; AMI, acute myocardial infarction; 
miRNA, microRNA; mRNA, messenger RNA; DEmRNAs, differentially expressed mRNAs.

Construction of a miRNA-mRNA network

In the GSE24519 dataset, 57 upregulated mRNA and 
6 downregulated mRNA were screened (Figure 2A,2B). 
Among 63 DEGs, only 47 DEGs were identified as target 
genes of 31 miRNAs. Next, a miRNA-mRNA network 
including 31 miRNAs and 47 mRNAs was constructed by 
Cytoscape (Figure 2C). Network topology analysis showed 
the significance degree of 47 DEGs (Figure 2D).

Identification of hub XPNPEP3 gene

The correlation analysis between ESTIMATEScore 
and 47 DEGs showed that 6 DEGs were associated 
with ESTIMATEScore (Figure 3A). Furthermore, the 
correlation analysis between 22 kinds of immune scores and 
6 DEGs showed that XPNPEP3 was most closely associated 
with immune cells (Figure 3B).

Inflammatory response pathway was associated with 
XPNPEP3 gene

G S VA  a n a l y s i s  s h o w e d  t h a t  4  h u b  p a t h w a y s 
( A U T O I M M U N E _ T H Y R O I D _ D I S E A S E , 
LYSOSOME, NOTCH_SIGNALING_PATHWAY, 
PHOSPHATIDYLINOSITOL_SIGNALING_SYSTEM) 
may potentially be regulated by XPNPEP3 (Figure 4A). 
At the same time, we analyzed the relationship between 
XPNPEP3 and the scores of pathways related to energy 
metabolism, hypoxia, and inflammation (Figure 4B), and we 
finally found that XPNPEP3 was negatively correlated with 
pathways related to inflammatory response.

DB06909 was a potential inhibitor of XPNPEP3

The above analysis indicated that the role of the XPNPEP3 
gene in AMI patients was worthy of further research. 
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Therefore, in the GSE24519 dataset, a diagnostic model 
was built according to the expression of XPNPEP3 with 
an area under the curve (AUC) of 93.38% (Figure 5A). 
Correlation analysis of AMI patients in the GSE24519 
dataset was conducted in the rcorr function of the Hmisc 
package, and a total of 159 genes were found to highly 
significantly correlate with the XPNPEP3 gene. The PPI 
analysis showed the distance density distribution of drugs to 
XPNPEP3-association gene sets (Figure 5B).

Molecular docking was conducted to confirm whether 
the 7 compounds showing the closest relation to the 
XPNPEP3 gene set (Table 1) also exert great regulatory 
effects on the XPNPEP3 protein. In the network, all 

the key compounds, especially DB06909, showed a 
strong affinity to XPNPEP3 protein (−7.6 kcal/mol) 
(Figure 6A). Additionally, DB06909 could generate a 
stable complex with XPNPEP3 via hydrogen bonding to 
ASP118, SER210, and ASN102 of the XPNPEP3 protein 
and hydrophobic interaction with ASP205, VAL99, and 
TYR105 (Figure 6B).

The XPNPEP3 protein concept was stable, as shown 
by molecular dynamics simulations at 100 ns (Figure 6C). 
Generally, compound DB06909 bound relatively stably to 
the active site of XPNPEP3 protein. This demonstrated 
a high potential of compound DB06909 serving as an 
inhibitor to XPNPEP3 protein.

Figure 3 Identification of hub gene. (A) Correlation analysis of 47 mRNAs and ESTIMATEScore. (B) Correlation analysis of 6 hub genes 
and 22 immune cells score. *, P<0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001. mRNA, messenger RNA; ESTIMATE, Estimation of 
STromal and Immune cells in MAlignant Tumor tissues using Expression data.
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Figure 4 Pathways regulated by the XPNPEP3 gene. (A) 4 hub pathways (AUTOIMMUNE_THYROID_DISEASE, LYSOSOME, 
NOTCH_SIGNALING_PATHWAY, PHOSPHATIDYLINOSITOL_SIGNALING_SYSTEM) may be regulated by XPNPEP3. (B) 
Relationship between XPNPEP3 and the scores of pathways related to energy metabolism, hypoxia, and inflammation. *, P<0.05; **, P<0.01; 
***, P<0.001.

Figure 5 Construction of XPNPEP3 diagnosis model. (A) Construction of XPNPEP3 diagnosis model. (B) Distance density plot of drug to 
XPNPEP3-related gene set. AUC, area under the curve.
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Table 1 Molecular docking scoring and interaction of the compounds with XPNPEP3 protein

Compounds Score H-bond interactions Hydrophobic interactions

DB06909 −7.6 ASP118, SER210, ASN102 ASP205, VAL99, TYR105

DB02660 −6.8 ASP342, ASP331, HIS424, PRO301 VAL430, VAL303, TYR300, HIS431, HIS314

DB01113 −6.7 HIS431, HIS314 HIS420, GLU451, VAL430

DB01647 −6.7 ARG438, HIS431, LEU313 HIS314, GLU451, TYR300, VAL430

DB03807 −6.6 – TYR300, VAL430, VAL303, LEU313, HIS420

DB02095 −5.9 HIS431, HIS424, ASP331 VAL430

DB02211 −5.9 ASP331 TYR300, HIS431, VAL430, LEU313, HIS314

ASP, aspartate; SER, serine; ASN, asparagine; VAL, valine; TYR, tyrosine; HIS, histidine; PRO, proline; GLU, glutamate; ARG, arginine; LEU, 
leucine.

Discussion

Rapid diagnosis of AMI is important for the management 
of patients with chest pain. There have been many studies 
based on a variety of technological tools and screening 
biomarkers to provide critical information on the accuracy 
of the diagnosis of AMI and its associated diseases (26-28).  
By using bioinformatic target prediction to integrate 
mRNA and miRNA expression data, it helped us to 
realize that upregulated miRNAs may largely contribute 
to the transcriptome of downregulated mRNAs (29). A 
comprehensive analysis provided evidence for a possible 
regulatory crossover between cardiac miRNAs and the 
Nrf2 transcriptional network (30). Wu et al. reported that 
a miRNA-mRNA regulatory network including 10 key  
genes and 3 miRNAs and 5 potential drugs that may 
provide treatment for chronic Chagas cardiomyopathy (31).  
A study screened 5 genes (POSTN, SFRP2, LOX, TIMP1, 
and SPARC) associated with myocardial infarction using 
analysis combining miRNA and mRNA microarray (32).  
Chen et  al .  showed that a competing endogenous 
RNA (ceRNA) regulatory network including 4 related 
circRNAs (cirC_0110609, cirC_0002702, cirC_0047959, 
cirC_0013751), 4 miRNAs (miR-378a-3p, miR-342-3p,  
miR-27b-3p, miR-20a-5p),  and 3 mRNAs (Thbs1 , 
Tgfbr3, Col12a1) could function critically in cardiac  
hypertrophy (33). Herein, we constructed a miRNA-
mRNA network including 31 DEmiRNAs and 47 DEGs, 
and identified that the XPNPEP3 gene was most associated 
with AMI. The data demonstrated that XPNPEP3 may 
participate in AMI initiation and progression.

Furthermore, a diagnostic model based on XPNPEP3 

expression showed an AUC of 93.38%, which indicated 
that XPNPEP3 had vital influence in AMI. XPNPEP3 
encodes X-proline aminopeptidase 3, which is an enzyme 
that works through the removal of N-terminal proline 
residue from peptides. In regulating normal ciliary function, 
XPNPEP3 plays an important role and its deficiency could 
lead to nephritis-like ciliopathy (34). A study showed that 
ectopic expression of XPNPEP3 promoted tumorigenic 
properties in colorectal cancer cells (35). Based on multi-
omics, another study verified that XPNPEP3 had increased 
expression in esophageal squamous cell carcinoma (17). 
At present, the role of XPNPEP3 in AMI has been 
scarcely studied. Our analysis findings demonstrated an 
important role of XPNPEP3 in AMI development, offering 
encouragement for further research. To support our theory, 
molecular docking experiments showed that compound 
DB06909 could well interact with XPNPEP3 protein, and 
may be an inhibitor of XPNPEP3, suggesting DB06909 
maybe an effective drug for AMI treatment.

In this work, we analyzed the mRNA-miRNA regulatory 
network in a public AMI database. The findings of this work 
could improve the current knowledge of AMI progression, 
and we have provided XPNPEP3-based therapeutic agent 
and diagnostic model. However, this study had some 
limitations including the relatively small sample size, and 
the lack of study on potential molecular mechanisms of the 
XPNPEP3 gene and functional experiments.

Conclusions

Through mRNA-miRNA regulatory network analysis, 
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Figure 6 Compound DB06909 was most inhibitor of XPNPEP3. (A) The interaction between DB06909 and XPNPEP3 protein. The 
protein skeleton is shown as a light blue band, the compound DB06909 is shown as a colored stick, the amino acid residues responsible 
for the interaction are shown as a light gray stick, and the colors of heteroatoms in the compound and amino acid residues are shown by 
element type. (B) 2D interaction of compound DB06909 with XPNPEP3 protein. Hydrogen bonds are shown as green dashed lines, C-H 
bonds as light green, Pi-Anion as orange dashed lines, and Pi-Alkyl interactions as pink dashed lines. (C) RMSD and RMSF diagram of 
XPNPEP3 protein during 100 ns molecular dynamics simulation, and RMSD value of compound DB06909 during 100 ns molecular 
dynamics simulation. TYR, tyrosine; ASN, asparagine; ASP, aspartate; SER, serine; VAL, valine; GLN, glutamine; RMSD, root mean square 
deviation; ns, nanoseconds; RMSF, root mean square fluctuation; 2D, two-dimensional; C-H, carbon-hydrogen.
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we established an XPNPEP3 gene diagnostic model and 
determined that DB06909 may be used to accurately 
diagnose and treat patients with AMI.
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