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Abstract. - OBJECTIVE: Coronary artery
disease (CAD) is the main cause of mortality
worldwide. How stable coronary artery disease
(SCAD) progresses to acute myocardial infarc-
tion (AMI) is not known. This study was aimed
to explore the differentially expressed genes
(DEGs) and pathways involved in the progres-
sion of SCAD to AMI.

MATERIALS AND METHODS: Publicly avail-
able gene-expression profiles (GSE71226,
GSE97320, GSE66360) were downloaded from
the Gene Expression Omnibus (GEO) database
and integrated to identify DEGs. The GSE59867
dataset was further used to verify the result
of screened DEGs. Functional-enrichment anal-
yses, protein-protein interaction network, mi-
croRNA-transcription factor (TF)-mRNA regula-
tory network, and drug-gene network were vi-
sualized.

RESULTS: Sixty common DEGs (CDEGSs) were
screened between the SCAD-Control group
and AMI-Control group in the integrated data-
set. Four upregulated DEGs were selected from
GSE59867. Twenty hub genes were discovered,
and three significant modules were construct-
ed in the PPI network. The intersection of func-
tional and pathway-enrichment analyses of 60
CDEGs and the module DEGs indicated that
they were mainly involved in “inflammatory re-
sponse”, “immune response”, and “cytokine-cy-
tokine receptor interaction”. A miRNA-TF-mRNA
regulatory network comprised 87 miRNAs, 16
upregulated target DEGs and 7 TFs.

CONCLUSIONS: We identified several import-
ant genes and miRNAs involved in the progres-
sion of SCAD to AMI: platelet activating factor
receptor (PTAFR), aquaoporin-9 (AQP9), toll-like
receptor-4 (TLR4), human constitutive andros-
tane receptor-3 (HCARS3), leucine-rich-a2 glyco-

protein-1 (LRG1), mothers Against Decapenta-
plegic Homolog 4 (SMAD4) and miRNA-149-5p,
miRNA-6778-3p, and miRNA-520a-3p. Inflamma-
tion and the immune response had important
roles in the progression from SCAD to AMI.
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Introduction

Coronary artery disease (CAD) is one of
the leading causes of death worldwide'?. CAD
comprises stable/unstable angina, sudden cardi-
ac death, and myocardial infarction (MI). The
pathological foundation of CAD is the formation
of atherosclerotic plaques that lead to narrow-
ing/blockage of lumina**. However, the most
common cause of acute myocardial infarction
(AMI) is the rupture of atherosclerotic plaques
and thrombosis that blocks coronary arteries®.

The diagnosis and management of AMI have
progressed substantially in recent years. Never-
theless, the reason why atherosclerotic plaques
in patients with stable coronary artery disease
develop into unstable atherosclerotic plaques
is not known®. Several biomarkers, including
genes and microRNAs and their pathways, are
involved in AMI progression. These include
C-C motif chemokine (CCL)22, C-C chemok-
ine receptor type (CCR)4, microRNA-124-3p,
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and the nuclear factor-kappa B (NF-kB) signal-
ing pathway’””’. However, a specific diagnostic
biomarker that can be used to identify patients
with angina pectoris who are at risk of devel-
oping AMI is not available.

High-throughput sequencing is a very effec-
tive, accurate, and convenient way to explore
gene-expression profiles by bioinformatics anal-
ysis'®, Using the GSE71226 microarray data-
set (hereafter termed “datasets”), Wang et al!!
demonstrated that expression of matrix metallo-
peptidase (MMP)9 and C-X-C motif chemokine
receptor (CXCR)1 was upregulated significantly
in stable coronary artery disease (SCAD) sam-
ples compared with that in control samples us-
ing real-time Reverse Transcription-quantitative
Polymerase Chain Reaction (RT-qPCR). Using
the GSE97320 dataset, Su et al'? suggested that
signal transducer and activator of transcription
(STAT)3 might be the biomarker for the diagnosis
and prognosis of AMI among a Chinese popula-
tion. Using the GSE66360 dataset, Vijay" found
that differentially expressed genes (DEGs), such
as c-x-¢ motif chemokine ligand (CXCL)2, ma-
trix metallopeptidase (MMP)9, toll-like receptor
(TLR)2 and TLR4 were enriched significantly in
the inflammatory response, immune response,
and interactions between cytokines and cytokine
receptors. However, the GSE71226, GSE97320
and GSE66360 datasets have not been further
explored or compared.

We integrated the datasets described above to
identify the pivotal genes and pathways related
with the progression from SCAD to AMI. Also,
the GSES59867 dataset was used to verify the
results of screened DEGs. Common differen-
tially expressed genes (CDEGs) and enrichment
analyses were likely to be associated with the
occurrence and progression from SCAD to AMI.

Materials and Methods

Data were retrieved from publicly accessible
databases on the Internet. We did not require
ethical approval or patient consent for use of such
data.

Microarray Data

The gene-expression profiles of GSE71226,
GSE97320 and GSE66360 datasets were collected
from Gene Expression Omnibus (GEO)". These
datasets were sequenced by the GPL570-Affy-
metrix Human Genome U133 plus 2.0 Array
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[HG-U133 Plus_2]. Moreover, the GSE59867
dataset was obtained from GEO and sequenced
on the platform of the GPL6244-Affymetrix
Human Gene 1.0 ST Array [HuGene-1 0-st].
The GSE71226 dataset comprised peripher-
al-blood samples from three healthy individuals
and three SCAD patients with coronary stenosis
>50%. The GSE97320 dataset contained periph-
eral-blood samples from three normal controls
and three AMI patients. The GSE66360 dataset
consisted of peripheral blood from 49 patients
with MI and 50 healthy controls. Additional-
ly, the GSE59867 dataset comprised peripher-
al-blood samples from patients (n = 111) with
ST-segment elevation myocardial infarction and
patients (n = 46) with SCAD without a history
of ML

Study Design and Identification of
Differentially Expressed Genes

The experimental workflow is shown as Figure
1. The original files in CEL format were trans-
formed into an expression value matrix using the
Affy package in R (R Project for Statistical Com-
puting, Vienna, Austria) with the RM A method (to
normalize expression values) and the SVA meth-
od (to remove batch differences)””. After merg-
ing the three datasets (GSE71226, GSE97320,
GSE66360), batch effects were adjusted by the
“combat” function of the “sva” package of R
using empirical Bayes frameworks'®. Analyses of
DEGs were conducted using the “limma” pack-
age of R". p-value < 0.05 and [log, fold change]
>] were the inclusion criteria to screen out DEGs.
Volcano plots and heatmaps were visualized. The
CDEGs between the SCAD-Control group and
AMI-Control group were obtained for further
analyses. The GSE59867 dataset was pre-pro-
cessed with the “limma” package in R with the
same processes and cutoff criteria as described
above.

Enrichment Analyses of Common
Differentially Expressed Genes

We wished to analyze the biofunction of
CDEGs. Hence, the Database for Annotation, Vi-
sualization and Integrated Discovery (DAVID)!3
and KOBased Annotation System (KOBAS)
online webtools" were applied for pathway-en-
richment analyses using Gene Ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes
(KEGG) databases®, respectively. p-value < 0.05
and counts >2 were considered significant.
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Figure 1. Study flowchart. Abbreviations: CAD: coronary artery disease; SCAD: stable coronary artery disease; AMI: acute
myocardial infarction; DEGs: differentially expressed genes; CDEGs: common differentially expressed genes; GO: Gene
Ontology; KEGG: Kyoto Encyclopedia of Genes and Genomes; PPI: protein-protein interaction; miRNA: MicroRNA; TF:

transcription factor.

Protein-Protein Interaction (PPl] Network

Interactions between proteins were evaluated
using the Search Tool for the Retrieval of In-
teracting Genes/Proteins (STRING) database?'.
After setting the parameter of PPI score (medi-
um confidence) as 0.4 and removing the hidden
disconnected nodes, the final PPI network was
constructed and visualized by Cytoscape 3.7.1%2.
Hub genes in the network with degree >5 were
selected. With the default parameters (degree
cutoff >2, cutoff of node score >0.2, K-core >2,
maximum depth = 100), the Cytoscape Molec-
ular Complex Detection (MCODE) plugin was
used to analyze important modules. Moreover,
the genes in the module were conducted via
pathway-enrichment analyses using the GO and
KEGG databases.

Construction of a
mRNA-miRNA Network

To increase the accuracy of prediction, the
targeted miRNAs were predicted by the intersec-
tion of the results of miRTarbase?, miRWalk?*,
StarBase” and miRDB?*. Each pair of miRNAs
and mRNAs was constructed by Cytoscape sub-
sequently.

Analyses of the miRNA-Transcription
Factor (TF)-mRNA Regulatory Network

Hub genes were uploaded to the Enrichr
database and the TFs targeting the hub genes
were predicted?’. p-value < 0.05 was adopted to
screen the predicted TFs. MiRNA-TF-mRNA
regulatory relationships were obtained using
Cytoscape.
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Analyses of Drug-Gene Networks

A database of drug-gene interactions (DGIdb;
www.dgidb.org) was established for combined
gene druggability and drug-gene interactions from
several data sources?. The pivotal genes in the PPI
network were imported into the DGIdb database,
and drug-gene pairs were predicted. Cytoscape
was used to construct the drug-gene network.

Statistical Analysis
p-value < 0.05 was selected to indicate a statis-
tically significant result.

Results

Identification of DEGs

A total of 128 upregulated and 115 down-
regulated DEGs were selected from the control
group and SCAD patients with coronary steno-
sis >50% in the integrated dataset (Figure 2A).
In addition, 293 DEGs were screened out from
normal controls and AMI patients (expression of
253 genes was upregulated and expression of 40
genes was downregulated) (Figure 2B). Howev-
er, only four genes whose expression was upreg-
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Figure 2. Volcano plots (a: SCAD vs. control; b: AMI vs. control) and Venn diagram (c) of differentially expressed genes.
A, Volcano plots of the DEGs screened from the SCAD—Control group. B, Volcano plots of the DEGs screened from the
AMI-Control group. Red dots and blue dots present genes with upregulated and downregulated expression, respectively.
C, Venn diagram of the common upregulated and downregulated DEGs from the integrated dataset and GSES9867 dataset.

Abbreviations: See Figure 1.
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ulated genes were screened from the GSE59867
dataset: aquaporin (AQP)9, eosinophil cation-
ic-related protein (ECRP), HP (Haptoglobin)
and suppressor of cytokine signaling (SOCS3).
The overlapping upregulated and downregulated
DEGs obtained from the integrated dataset and
GSES59867 dataset are presented in Figure 2C
and Supplementary Table I. A heatmap repre-

senting the CDEGs between the SCAD-Control
group and AMI-Control group is shown as Fig-
ure 3.

Functional-Enrichment Analyses

The enriched GO terms were classified into Bi-
ological Process (BP), Cell Component (CC) and
Molecular Function (MF). The CDEGs were en-

NS N O O O O

Type Type

Geo Normal
LINC02273 SCAD

INFa20  Geo
GSE71226

GSE97320
GSE66360

Figure 3. Heat map of common differentially expressed genes. Cluster heatmaps of the common DEGs from three datasets
(GSE71266, GSE97320, GSE66360). Each row represents DEGs, and each column represents one of the samples of normal
individuals or patients. Red regions denote that the expression of genes was relatively upregulated and green regions indicate that
the expression of genes was relatively downregulated. Abbreviations: GEO: Gene Expression Omnibus; Others: See Figure 1.
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riched mainly in BP terms such as “inflammatory
response” and “immune response”. For the CC on-
tology, the CDEGs were enriched significantly in
“plasma membrane”. MF analyses showed that the
DEGs were mostly enriched in “lipopolysaccharide
receptor activity” (Figure 4 and Supplementary
Table II). Pathway-enrichment analyses using the
KEGG database indicated that the CDEGs were
involved in “metabolic pathways”, “phagosome”,
and “cytokine-cytokine receptor interaction” (Fig-
ure 4 and Supplementary Table I1I).

Construction of a PPl Network, Hub-
Gene Selection and Module Analyses

The PPI network was constructed with 39
nodes (39 upregulated) and 115 edges. By use of
the MCODE plugin, three significant modules

were screened from the PPI network. The most
significant module had 11 nodes and 43 edges.
The second most significant module contained
six nodes and 11 edges. The third most significant
module comprised three nodes and three edges
(Figure 5A). The genes in the three significant
modules were enriched mainly in “inflammatory
response”, “immune response” and “cytokine-cy-
tokine receptor interaction” (Supplementary Ta-
bles IV and V). Genes with degree >5 were
considered to be hub genes in the PPI network
(Figure 5B).

Analyses of the miRNA-TF-mRNA
Regulatory Network

A regulated miRNA-TF-mRNA network was
built by Cytoscape that consisted of 110 nodes
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Figure 4. Common differentially expressed genes according to the GO and KEGG databases. Different colors represent the
main categories of GO terms: BP, CC and MF as well as KEGG pathways. Abbreviations: BP, biological process; CC, cellular

component; MF, molecular function; Others: See Figure 1.
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Figure 5. PPI network, modular analyses and histograms of common differentially expressed genes. A, The red nodes
represent upregulated genes. The most significant module identified by MCODE (score = 8.6). The second most significant
module identified by MCODE (score = 4.4). The third most significant module identified by MCODE (score = 3). B, Abscissa
shows the gene name; ordinate indicates the number of contiguous genes, and height represents the number of gene connections.
Abbreviations: MCODE: molecular complex detection; Others: See Figure 1.

and 97 edges (87 miRNAs, 16 upregulated target
DEGs, and seven TFs) (Figure 6). In the regulato-
ry network, TLR4 was targeted by SMAD4, and
NANOG and LRGI1 were targeted by TAFI.

Analyses of the Drug-Gene Network

For hub genes, 163 drug-gene pairs were ac-
quired. In the drug-gene network, there were
153 drugs and 16 genes whose expression was
upregulated, including MMP9, CXCR1, MPO,
and TLR4 (Figure 7). Drug prediction indicated
that the target drug captopril could inhibit MMP9
expression.

Discussion

We revealed the mechanism of the progression
of SCAD to AMI. Three datasets were combined
into an integrated dataset and classified into two
groups: SCAD-Control group and AMI-Control
group. Sixty CDEGs were screened out based
on the integrated dataset. Another independent
GSES59867 dataset was used to confirm the au-
thenticity and reliability of the integrated dataset.
Twenty hub genes and three modules were ob-
served in the PPI network. We undertook path-

way-enrichment analyses twice using GO and
KEGG databases based on the 60 CDEGs and
module DEGs, respectively, and the intersection
of the results was filtered. Then, we constructed a
miRNA-TF-mRNA regulatory network and drug-
gene network, which illustrated (at least in part)
how SCAD progressed to AMI.

Twenty DEGs were identified as hub genes
from the PPI network, of which the five most
significant genes were TLR2, TLR4, FPR1, FPR2
and MMP9. These genes were also shown in the
three modules, and expression of all of them was
upregulated. TLR2 and TLR4 have been demon-
strated to be associated with the inflammatory
response”. Expression of TLR2 and TLR4 has
been shown to be higher in MI rats than in sh-
am-operated rats*. Besides, TLR polymorphisms
have a relationship with CAD risk®'. FPR2 has
been reported to play a crucial part in inflamma-
tion resolution, angiogenic responses and cardiac
healing**. FPR1 mRNA shows high expression
in rabbits with AMI*. MMP9 expression has
been shown to be upregulated significantly in
CAD samples compared with that in control
samples!!.

Based on the miRNA-TF-mRNA regulatory
network, we selected miRNAs connecting to >2
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Figure 6. MiRNA-TF-mRNA regulatory network. Red circles, blue triangles, and brown diamonds represent upregulated
genes, miRNAs, and TFs, respectively. Abbreviations: See Figure 1.

hub genes and six pairs were identified. Fibrosis
and apoptosis were the main causes of the pro-
gression from SCAD to AMI?*. Platelet activating
factor receptor (PTAFR) expression has been
found to be increased in angiotensin II-induced
cardiac fibroblasts; miRNA 30b-5p and miRNA-
22-3p can restrain cardiac fibrogenesis after MI
by targeting PTAFR*. LncRNA PFL competes
with miRNA-let-7d to alleviate cardiac fibrosis
by targeting PTAFRY. Ma et al*®* found that
miRNA-149-5p is an apoptosis-related miRNA
and is highly expressed in fat-1 transgenic mice
after MI surgery. Peng et al* discovered that
suppression of circDHCR24 expression targets
the miRNA-149-5p/MMP?9 axis to alleviate aortic
the proliferation and migration of smooth muscle
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cells. Human constitutive androstane receptor
(HCAR)3 is a metabolite sensor*’. Li et al*
defined HCAR3 to be one of the top genes in
the module of CAD by bioinformatics analysis.
However, until now, experimental studies have
not demonstrated HCAR3 function. We specu-
late that miRNA-149-5p might target PTAFR and
HCAR3 in the progression of SCAD to AML
Leucine-rich-a2 glycoprotein (LRG)1 has been
found to regulate cardiac-fibroblast activation and
cardiac fibrosis by interacting with transforming
growth factor (TGF)Bl, peroxisome prolifera-
tor-activated receptor (PPAR)B/5, and SMRT***.
Studies on miRNA-6778-3p are lacking. We con-
jecture that miRNA-6778-3p could target LRGI
and PTAFR. AQP9 has been shown to be a



Uncovering DEGs and pathways for SCAD to AMI

INCYCLINIDE o N oMASTAT
APAFAN'IP = e GLUTATHIONE $-3304 UREA
Cvi6200 chembl:CHEMBL317090 GLUCOSAMINE N
CAPTOPRIL embl: TESTOSTERONE
chembl.CHEMBL297622. VERAGUENSIN ENDOSTATIN ILOYEPTAT PHLORETIN
TICLOPIDINE MINOPAFANT CURCUMIN AZD-1236 METHYLDOPA
R CURCUMIN d ‘
ETIZOLAM BEPAFANT PYRAZOLE MARIMASTAT
MINOCYCLINE ~
SRR LEXIPAFANT TOZULERISTIDE ANDROSTANOLONE RN
RUPATADINE', FOROPAFANT chembl:CHEMBL306412 chembl:CHEMBL204357
chembl:CHEMBL 157078 » CGS-27023A PG-630742
M_CHEM;‘;;"_,’";%ZHEMBWHS CARBOXYLATED CeLigpre FLUTAMIDE
chemok GLUCOSAMINE ANDECALIXIMAB
DEMETHYLWEDELOLACTONE
ANAKINRA ~ COPPER ~ CHOLESTEROL
BEVACIZUMAB
& & @
PALIVIZUMAB
INDOMETHACIN RITUXIMAB
SODIUM CHLORIDE
RITGEAVIR SEATE GELDANAMYCIN D-PHENYLALANINE
TACRGRIMUS MIFAMURTIDE
ERITORAN ADALIMUMAB  GHOLECALCIFEROL THALIDOMIDE, METHIMAZOLE INOSITOL
chembl:CHEMBL505526 INFLIXIMAB XORUBICIN NIACINATE BN
MAB BASILIXIMAB
RESATORVID ERITORAN CATUMAXOMAB _ 1RASTUZUMAB : -
TETRASODIUM - METHOTREXATE H@R3
- B NATALIZUMAB
ALCOHOL T DACLIZUMAB EPOETIN ALFA //’3‘ - ABCIXIMA Lizu
CYCLOBENZAPRINE A '\
PAPAIN PUROMYCIN - \ TOSITUMOMAB DTRVEEHAN
NALOXONE \
ETANERCEP], e \ ALEFACEPT ACIFRAN
NELFINAVIR  PRAVASTATIN REDNISOLONE FENTANYL
DODECANOATE  SAQUINAVIR ALDESLEUKIN ALEMTUZUMAB MEPERGPLATE
MUROMONAB-CD3 HERARIN
LACTULOSE 11 osFAMIDE \CETUXIMAB
SARILUMAB
coLgmoD PROGESTERONE | CYCLOSPORINE & HYALURONATE
PENICILLIN G SOTM
DIAPEP-277 POTASSIUM
chembl:CHEMBL 1290251 ™
RESVERATROL — WBP— ADAPALENE
HEXANOICACID -
',' SPINORPHIN
SULFINPYRAZONE
chembl:CHEMBL 1836411 TUBERCULIN ) KETOPROFEN DONEPEZIL
TOMARALIMAB PHENYLBUTAZONE | NEDOGROMIL
1
REBAMIPIDE ok
IBUPROFEN
ACARBOSE
M
SALggNoL oL chembl:CHEMBL 1290365 NAVERIXIN
ALGLUCOSIDASE REPARIXIN
VOGLIBOSE
LADARIXIN CLOTRIMAZOLE
RESVERATROL iyt chembl:CHEMBL 1290139
4-METHYL ETHER MAIEPSE bR ok
GENISTEIN VTARIN
CELGOSIVIR CcYCLIC
KOTALANOL ADENOSINE chembl: CHEMBL 1289260
saEn PONKORANOL MONOPHOSPHATE ACETYLCYSTEINE |  ELUBRIXIN
DUVOGLUSTAT N-FORMYLMETHIONYL-LEUCYLPHENYLALANINE DANIRIXIN

Figure 7. Drug-gene network. Red nodes and gray rectangles represent upregulated genes and drugs, respectively.

potential diagnostic marker of AMI according to
RT-gPCR®. Studies*® related to miRNA-520a-3p
have been linked to the growth, migration, and
invasion of cancer cells. Turner et al*’ discovered
the knockdown of SMAD4 expression abolished
the stimulatory effects of TGFBl on COL4Al/
COL4A2 in CAD progression. Scholars*® have
also shown that downregulation of miRNA-224
expression can aggravate cardiac remodeling by
targeting the TGFB/Smad signaling pathway in
rats. Therefore, SMAD4 might be involved in the
progression of SCAD to AMI by targeting TLR4;
miRNA-520a-3p seems to target AQP9 and TLR4
to have a role.

Our study had two main limitations. First,
focusing on target genes may lead to exclusion

of potential targets. Second, the hypothesis of a
miRNA-TF-target regulatory network must be
validated experimentally.

Our study revealed the DEGs regulating the
progression of CAD and provided new sights
for understanding better the genetic inflam-
matory and immunological CAD pathogenesis.
The novelties of our study were as follows.
Firstly, after merging the microarray datasets
(GSE71226, GSE66360 and GSE97320), we used
the “combat” function of “sva” package of R
software to remove batch differences. Secondly,
we selected the dataset GSE59867 to validate
our findings. Thirdly, to make our findings more
convinced, four databases were used to predict
miRNAs of target genes. Finally, we performed
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enrichment analyses and built up PPI network,
miRNA-TF-mRNA network and drug-gene net-
work.

Conclusions

We identified several important genes and
miRNAs in the progression of SCAD to AMI. We
speculate that, in the progression of SCAD to MI:
miRNA-149-5p and miRNA-6778-3p might tar-
get PTAFR; miRNA-520a-3p might target AQP9
and TLR4/SMAD4; miRNA-149-5p could target
HCAR3; miRNA-6778-3p could target LRGI.
Besides, inflammation and the immune response
played a vital part in the progression of SCAD to
AMI.
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