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ABSTRACT
In this study, we evaluated the diagnostic value of key genes in myocardial infarction (MI) based 
on data from the Gene Expression Omnibus (GEO) database. We used data from GSE66360 to 
identify a set of significant differentially expressed genes (DEGs) between MI and healthy controls. 
Logistic regression, least absolute shrinkage and selection operator (LASSO) regression, support 
vector machine recursive feature elimination (SVM-RFE), and SignalP 3.0 server were used to 
identify the potential role of genes in predicting diagnosis in patients with MI. Principal compo
nent analysis (PCA), receiver operating characteristic (ROC) curve analyses, area under the curve 
(AUC) analyses, and C-index were used to estimate the diagnostic value of genes in patients with 
MI. The association was validated using six other independent data sets. Subsequently, bioinfor
matics analysis was conducted based on the aforementioned potential genes. A meta-analysis was 
performed to evaluate the diagnostic value of the genes in MI. Forty-four DEGs were selected 
from the GSE66360 dataset. A three-gene signature consisting of CCL20, IL1R2, and ITLN1 could 
effectively distinguish patients with MI. The three-gene signature was validated in seven inde
pendent cohorts. Functional enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) 
analyses were performed to reveal the involvement of the three-gene signature in inflammation- 
related biological processes and pathways. Moreover, diagnostic meta-analysis results of the 
three-gene signature showed that the pooled sensitivity, specificity, and AUC for MI were 0.80, 
0.90, and 0.93, respectively. These results suggest that the three-gene signature is a novel 
candidate biomarker for distinguishing MI from healthy controls.
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1. Introduction

Myocardial infarction (MI), also known as a heart 
attack, is a leading cause of hospital admission and 

mortality worldwide [1,2]. Early prevention, 
screening, monitoring, diagnosis, and treatment 
may reduce the incidence and mortality of MI. 
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However, recent research advances in effective 
treatment for MI are lacking; thus, the best strate
gies for determining treatment methods should 
focus on early diagnosis aimed at managing the 
underlying etiologies and MI-related complica
tions. Although cardiac troponin T (cTnT) and 
creatine kinase MB (CK-MB) are useful diagnostic 
tools for MI, their relatively low diagnostic accu
racy limits their application [3–5]. Previous studies 
have also shown that a relatively low level of cTnT 
is difficult to detect in the serum of healthy indi
viduals [6,7]. The concentration of CK-MB in the 
blood decreases gradually after the onset of acute 
MI (36–72 h), becoming almost equivalent to nor
mal levels [7,8]. Molecular markers are critical for 
the research and clinical treatment of cardiovascu
lar diseases [9–12]. Therefore, the identification of 
promising novel molecular markers is crucial for 
enhancing our understanding of MI initiation and 
progression and promoting the early detection 
of MI.

The National Center for Biotechnology 
Information developed the Gene Expression 
Omnibus (GEO) database, a consolidation of 
available transcriptomic data, to further expand 
the scope of biomedical research. With the rapid 
development of gene microarray technology, the 
database provides an efficient alternative for 
screening genetic alterations at the genome level. 
Furthermore, it is beneficial for confirming the 
differentially expressed genes (DEGs) and func
tional pathways involved in the progression of 
MI. However, it is challenging to identify reliable 
results obtained from independent microarray 
analyses. Many studies have identified novel mole
cular markers for predicting diagnosis in patients 
with MI and the underlying mechanisms of MI 
using microarray analysis [9,11–14].

Therefore, in the current study, DEGs between 
patients with MI and healthy controls were identi
fied, followed by univariable logistic regression, 
least absolute shrinkage and selection operator 
(LASSO) regression, support vector machine 
recursive feature elimination (SVM-RFE) [15,16], 
SignalP 3.0 server [17,18], and multivariable logis
tic regression analyses. Using receiver operating 
characteristic (ROC) curve analyses, the area 
under the curve (AUC), and the C-index, 
a robust MI diagnosis-related gene signature was 

used to estimate the diagnostic value of genes in 
patients with MI. Subsequently, the diagnosis- 
related gene signature was validated using seven 
independent data sets. Furthermore, the diagnosis- 
related gene signature was explored to determine 
its accuracy in discriminating MI from healthy 
control tissues by performing a meta-analysis of 
all data sets.

2. Materials and methods

2.1. Data mining based on the GEO database

Initially, microarray data up to December 2019 
were downloaded from the GEO database (http:// 
www.ncbi.nlm.nih.gov/geo/). The search term 
‘myocardial infarction’ was used in this study. 
Microarray data were considered eligible if they 
were obtained from case-control studies that 
reported differences in gene expression profiles 
between patients with MI and healthy controls. 
The exclusion criteria were as follows: (1) dupli
cate microarray data, (2) lack of case-control data, 
(3) non-human data, and (4) sample size of less 
than 12 [19]. Seven GEO data sets were identified 
and included according to the inclusion criteria 
(see Table 1). Figure 1 shows a flow diagram of 
the selection of the GEO data sets used in this 
study. For the available data sets, normalized 
gene expression profile data were downloaded 
from the GEO database.

2.2. Identification of the diagnosis-related gene 
signature associated with MI

The GSE66360 data set [14] contained the largest 
number of samples and was used as the training 
cohort to identify a diagnosis-related gene 

Table 1. Information on the included microarray data sets.
GEO 
accession Country Platform

Cases/ 
controls Source of tissue

GSE141512 Russia GPL17586 6/6 Whole blood
GSE24519 Italy GPL2895 34/4 Whole blood
GSE34198 Czech  

Republic
GPL6102 49/48 Whole blood

GSE48060 USA GPL570 31/21 Whole blood
GSE60993 South 

Korea
GPL6884 17/7 Whole blood

GSE66360 USA GPL570 49/50 CD146+ circulating 
endothelial cells

GSE109048 Italy GPL17586 19/19 Platelets
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signature associated with MI. Initially, to identify 
the DEGs between MI and control tissues, we used 
the edgeR package in R statistical software with the 
following thresholds: false discovery rate (FDR) < 
0.05 and |log fold change (logFC)|>2. Then, the 
DEGs with statistical significance in the univari
able logistic regression analysis were subjected to 
LASSO regression analysis to obtain the diagnostic 
genes from the patients with MI. Another method, 
such as SVM-RFE, was simultaneously used to 
screen the genes for MI diagnosis. Then, we com
bined the LASSO and SVM methods to obtain the 
first-rank common MI genes. To identify clinically 
detectable serum biomarkers in patients with MI, 
the optimal diagnostic genes were investigated 
using the SignalP 3.0 server (http://www.cbs.dtu. 
dk/services/SignalP-3.0/). Finally, multivariable 
logistic regression analysis was utilized to build 
a diagnosis-related gene signature by incorporat
ing the detectable features selected from the per
ipheral blood of patients in the SignalP 3.0 server. 
Principal component analysis (PCA) was used to 
demonstrate the ability of a diagnosis-related gene 
signature to distinguish between MI and controls. 
ROC curve analyses and AUC were used to esti
mate the diagnostic value of the diagnosis-related 
gene signature in patients with MI and controls. 
Moreover, Harrell’s C-index was calculated to 
quantify the discrimination performance of the 

diagnosis-related gene signature. Statistical signifi
cance was set at P < 0.05.

2.3. Validation of the diagnosis-related gene 
signature

The following six data sets were used as validation 
sets: GSE141512, GSE24519, GSE34198, GSE48060, 
GSE60993, and GSE109048. To validate whether the 
candidate genes have important diagnostic value in 
patients with MI, we also measured the ROC curve 
value, AUC value, and C-index in the validation sets.

2.4. Functional and pathway enrichment 
analyses of the diagnosis-related gene signature

Functional analysis of the diagnosis-related gene 
signature was performed using Gene Ontology 
(GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathway analyses using the 
clusterProfiler and org.Hs.eg.db packages [20]. GO 
terms and KEGG pathways were considered statis
tically significant at P< 0.05.

2.5. Meta-analysis

The sensitivity and specificity of each included data 
set were calculated using diagnosis-related gene sig
natures. Then, true positives, false negatives, false 

Figure 1. Flow chart of microarray data set selection.
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positives, and true negatives were tabulated and stra
tified by the included data sets in patients with MI and 
controls. A meta-analysis was subsequently per
formed to determine the pooled sensitivity, specificity, 
positive likelihood ratio (PLR), negative likelihood 
ratio (NLR), diagnostic odds ratio (DOR), bivariate 
summary receiver operator characteristic (SROC) 
curve, and AUC, which indicated the overall diagnos
tic value of the diagnosis-related gene signature in 
distinguishing patients with MI from controls. 
Statistical heterogeneity among the data sets was 
assessed using Cochran’s Q statistic and I2 tests. 
Values of 25%, 50%, and 75% for the I2 test were 
suggestive of the presence of low, medium, and high 
heterogeneity, respectively. In addition, Fagan’s 
nomogram was used to determine the clinical utility 
of the diagnosis-related gene signature. Meta- 
regression analysis was performed to investigate the 
effects of potential factors on the diagnostic ability of 
MI. We assessed the publication bias of the included 
data sets using Deeks’ regression test for funnel plot 
asymmetry [21]. All statistical analyses were con
ducted using STATA 14.0 (Stata Corp., College 

Station, TX, USA) [22]. Meta-DiSc 1.4 (XI Cochrane 
Colloquium, Barcelona, Spain) was used to determine 
the threshold effect [23]. Statistical significance was 
set at P < 0.05.

3. Results

3.1. Identification of the diagnosis-related gene 
signature for MI

A total of 44 DEGs were identified by the gene 
profiling data of the discovery group (Figure 2) and 
subjected to univariable logistic regression analysis 
(Figure 3). Among them, eight DEGs were selected 
by the LASSO and SVM methods for further inves
tigation using the SignalP 3.0 server (Figure 4). On 
the premise of considering signal peptide probabil
ity, we identified three DEGs: CCL20, IL1R2, and 
ITLN1. The three DEGs were analyzed by multivari
able logistic regression, and the results showed that 
CCL20, IL1R2, and ITLN1 remained significantly 
associated with MI (Figure 4(g)). Next, we used 
CCL20, IL1R2, and ITLN1 to construct a diagnosis- 

Figure 2. Differentially expressed genes (DEGs) between myocardial infarction (MI) and healthy control tissues.
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related gene signature to distinguish patients with 
MI from healthy controls. The PCA results indicated 
that MI could be distinguished from the control 
group based on these three genes (Figure 5). 
Considering the discriminatory ability of the diag
nosis-related gene signature, ROC curve analysis was 

conducted. The sensitivity, specificity, and AUC 
were 0.918, 0.980, and 0.975, respectively, indicating 
a high prediction efficacy of the diagnosis-related 
gene signature for MI. Moreover, the C-index of 
0.975 for the three DEGs in MI patients also indi
cated good discriminatory ability.

Figure 3. Univariate logistic regression of differentially expressed genes (DEGs) between myocardial infarction (MI) and healthy 
control tissues.
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3.2. Validation of the three-gene signature in six 
independent cohorts
The robustness of the three-gene signature was 
regarded as a candidate biomarker for predicting 
diagnosis in patients with MI, while the validation 
cohort consisted of the remaining data sets 
(GSE141512, GSE24519, GSE34198, GSE48060, 
GSE60993, and GSE109048). However, the expres
sion levels of the three hub genes (CCL20, IL1R2, 

and ITLN1) are shown in Figure 6. According to 
the Wilcoxon test, the expression differences in 
the three genes in six GEO terms were signifi
cantly different from those in GSE66360. The 
AUC value for the validation cohort showed that 
the three-gene signature had variable predictive 
power. Four data sets showed good accuracy in 
predicting MI (AUC = 0.78 GSE48060, 
AUC = 0.978 in GSE24519, AUC = 0.882 in 

Figure 4. Identification of the three-gene signature for patients with myocardial infarction (MI) in the GSE66360 data set. (a, b) Eight 
differentially expressed genes (DEGs) were identified by least absolute shrinkage and selection operator (LASSO) regression. (c, d) 
Line plot of 5-fold cross-validation of the support vector machine recursive feature elimination (SVM-RFE) algorithm for feature 
selection. (e) Venn diagram of LASSO and SVM-RFE. (f) Three DEGs were identified by using the SignalP 3.0 server. (g)The three-gene 
signature was identified by multivariable logistic regression.
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GSE60993, and AUC = 0.867 in GSE109048), but 
the remainder of the data sets showed weak pre
dictive power (AUC = 0.639 in GSE141512 and 
AUC = 0.652 in GSE34198). The sensitivity and 
specificity for the validation cohort are displayed 
in Table 2 and indicate that the ability of the 
three-gene signature to distinguish patients with 
MI from controls was the same as that of the 
AUC. Additionally, the C-indexes for the six data 
sets were similar to the effects of the AUCs 
(Table 2).

3.3. Functional annotation

Analysis of the three-gene signature by GO cate
gories and KEGG pathways was crucial for our 
understanding of biological functions. In this 
study, the top enriched GO terms for biological 
processes (BP) were as follows: cellular response to 
interleukin-1, response to interleukin-1, and nega
tive regulation of interleukin-1 secretion; and 
molecular function (MF): RAGE receptor binding, 
Toll-like receptor binding, and carbohydrate- 
binding (Table 3). Functional enrichment analysis 
showed that the top 20 KEGG pathways included 
the chemokine signaling pathway, IL-17 signaling 
pathway, and TNF signaling pathway (Table 4).

3.4. Meta-analysis for diagnosis
A total of seven data sets were included in the 
meta-analysis to determine the diagnostic value 
of the three-gene signature. As shown in 
Figure 7, the pooled sensitivity and specificity esti
mates for the three-gene signature were 0.80 (95% 
CI: 0.66–0.90) and 0.90 (95% CI: 0.80–0.96), 
respectively. The moderate informational value of 
the three-gene signature implied a PLR (8.4), but 
the NLR (0.22) indicated minimal informational 
value. Figure 7(d) shows the use of the likelihood 
ratio scattergram for investigating diagnostic 
value; when the right lower quadrant was depicted, 
the three-gene signature was useful for confirming 
the presence of MI (while positive), but not its 
exclusion (while negative). The DOR and area 
under the ROC curve were 39 (95% CI: 9–159) 
and 0.93 (95% CI: 0.90–0.95), respectively, which 
indicated that the three-gene signature has good 
discriminatory ability for MI. Figure 7(c) depicts 
the use of Fagan’s nomogram for calculating postt
est probabilities; the three-gene signature 
increased the likelihood of MI from 57% to 92%, 
and the risk decreased to 22% when a negative 
result was confirmed.

Significant heterogeneity was observed (81.54% 
sensitivity and 58.99% specificity) among the seven 
included data sets. Thus, to identify the source of 

Figure 5. Principal component analysis of the three-gene signature for patients with myocardial infarction (MI) in the GSE66360 data 
set.
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heterogeneity, we analyzed heterogeneity from the 
perspective of a threshold effect, publication bias, 
bivariate box plot, and meta-regression. The 
Spearman correlation analysis (correlation coeffi
cient = −0.714, P = 0.071) revealed no threshold effect 
on the three-gene signature for distinguishing patients 

with MI from healthy controls. Deeks’ funnel plot 
asymmetry test demonstrated no potential publica
tion bias in our data sets (t = −0.30; P = 0.77) (Figure 8 
(a)). The bivariate box plot revealed that the central 
location included six data sets and one data set as the 
outlier, suggesting a low degree of indirect 

Figure 6. The relative expression of three hub genes validated by six Gene Expression Omnibus (GEO) terms.
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heterogeneity (Figure 8(b)). Then, meta-regression 
was performed to analyze patient size, location, source 
of the tissue, median distribution, and platforms. The 
major sources of heterogeneity for specificity were the 
tissue source and the median distribution. However, 
the potential sources of heterogeneity for sensitivity 
have not yet been confirmed. The meta-regression 
results are presented in Figure 9.

4. Discussion

In the present study, we utilized the higher expres
sion of CCL20, IL1R2, and ITLN1 in patients with 
MI compared with that in healthy controls to 
construct a model that showed excellent diagnostic 
performance for patients in the seven data sets. An 
additional diagnostic meta-analysis demonstrated 
that the three-gene signature exhibited outstand
ing performance in predicting the diagnosis of 
patients with MI. In this study, the area under 
the ROC curve of the three-gene signature was 
0.93, indicating that the three-gene signature can 
be considered a candidate therapeutic target for 
patients with MI. Interestingly, the SignalP 3.0 
analysis indicated that CCL20, IL1R2, and ITLN1 
may act as secretory molecules. Therefore, high 
CCL20, IL1R2, and ITLN1 expression might be 
detected in the blood and serve as early diagnostic 
biomarkers for MI.

Recently, an increasing number of studies 
have shown that CCL20, IL1R2, and ITLN1 are 
correlated with MI [9,24–40]. It was also 
revealed that the stimulation of peripheral 
blood mononuclear cells by transforming growth 
factor-β could lead to enhanced CCL20 expres
sion [26]. Additionally, the increased trend in 
the serum levels of CCL20 in MI patients was 
not significantly increased compared to that in 
healthy controls. One potential reason for this 

result might be the insufficient sample size used 
to perform the statistical analysis. However, 
a previous study demonstrated that the serum 
levels of CCL20 were significantly higher in 
patients with ischemic heart disease, including 
acute MI, stable angina, and unstable angina 
[31]. Moreover, a previous study implied that 
T cell death-associated gene 8 (TDAG8) nega
tively regulates the transcription of the chemo
kine CCL20, subsequently increasing the 
expression of CCL20 in TDAG8-KO mice and 
contributing to the survival rate and cardiac 
function by suppressing CCL20 [29]. It should 
be noted that CCL20 expression increased after 
the activation of mitogen-activated protein 
kinase by stimulating IL-17 signaling. When 
CCL20 binds to the CCR6 receptor, it plays an 
essential role in promoting the chemoattraction 
of leukocytes and mediating the translocation of 
γδT cells to the inflamed locus, thus aggravating 
cardiac function [28,35]. Fu et al. demonstrated 
that CCL20 expression was significantly 
increased in MI tissues, but miR-19a expression 
was indeed decreased. It is speculated that miR- 
19a/CCL20 can be used to alleviate MI [39]. 
Interestingly, the reduction of cardiovascular 
events in patients with psoriasis treated with 
tofacinib and etanercept is closely related to the 
reduction in CCL20 (known as cardiovascular 
protein). This further indicates that CCL20 may 
be a therapeutic target for MI [40].

As a cytokine receptor of the IL-1 receptor 
family, IL1R2 has been reported as a key mediator 
of many cytokines involved in immune and 
inflammatory response induction, including the 
progression of coronary atherosclerosis. For exam
ple, Lian et al. reported that IL1R2 was mediated 
by miR-383-3p to prevent injury/inflammatory 
damage in coronary artery endothelial cells by 

Table 2. Sensitivity, specificity, AUC, and C-index of the classification performance of the three-gene signature in six data sets.
GEO accession TP FP FN TN Sensitivity (95% CI) Specificity (95% CI) AUC (95% CI) C-index (95% CI)

GSE141512 3 1 3 5 0.500 (0.139–0.860) 0.833 (0.364–0.991) 0.639 (0.311–0.967) 0.639 (0.00788–1.00)
GSE24519 32 0 2 4 0.941 (0.789–0.989) 1.00 (0.395–1.000) 0.978 (0.934–1.00) 0.978 (0.899–1.00)
GSE34198 27 10 22 38 0.551 (0.403–0.691) 0.79 (0.645–0.890) 0.652 (0.542–0.762) 0.652 (0.446–0.857)
GSE48060 24 4 7 17 0.774 (0.584–0.897) 0.809 (0.574–0.937) 0.78 (0.641–0.920) 0.78 (0.501–1.00)
GSE60993 15 1 2 6 0.824 (0.558–0.953) 1.00 (0.561–1.00) 0.882 (0.744–1.000) 0.882 (0.613–1.00)
GSE66360 45 1 4 49 0.918 (0.795–0.973) 0.980 (0.879–0.998) 0.975 (0.948–1.000) 0.975 (0.922–1.00)
GSE109048 14 2 5 17 0.736 (0.485–0.898) 0.894 (0.654–0.981) 0.867 (0.749–0.985) 0.867 (0.635–1.00)
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Table 3. GO functional annotation of the three-gene signature.
Category ID GO term P-value Gene

BP GO:0071347 cellular response to 
interleukin-1

0.00014 CCL20, 

IL1R2

BP GO:0070555 response to interleukin-1 0.00020 CCL20, 
IL1R2

BP GO:0050711 negative regulation of 
interleukin-1 secretion

0.0025 IL1R2

BP GO:1900016 negative regulation of 
cytokine production 
involved in 
inflammatory response

0.0031 IL1R2

BP GO:0035584 calcium-mediated 
signaling using 
intracellular calcium 
source

0.0035 CCL20

BP GO:0032692 negative regulation of 
interleukin-1 
production

0.0045 IL1R2

BP GO:2000406 positive regulation of 
T cell migration

0.0048 CCL20

BP GO:0070207 protein 
homotrimerization

0.0052 ITLN1

BP GO:0046326 positive regulation of 
glucose import

0.0053 ITLN1

BP GO:2000403 positive regulation of 
lymphocyte migration

0.0058 CCL20

BP GO:0010955 negative regulation of 
protein processing

0.0061 IL1R2

BP GO:1903318 negative regulation of 
protein maturation

0.0061 IL1R2

BP GO:0010828 positive regulation of 
glucose 
transmembrane 
transport

0.0064 ITLN1

BP GO:1900015 regulation of cytokine 
production involved in 
inflammatory response

0.0064 IL1R2

BP GO:2000404 regulation of T cell 
migration

0.0064 CCL20

BP GO:0002534 cytokine production 
involved in 
inflammatory response

0.0069 IL1R2

BP GO:0050704 regulation of interleukin- 
1 secretion

0.0079 IL1R2

BP GO:0070206 protein trimerization 0.0087 ITLN1
BP GO:0046324 regulation of glucose 

import
0.0088 ITLN1

BP GO:0070498 interleukin-1-mediated 
signaling pathway

0.0088 IL1R2

BP GO:0001960 negative regulation of 
cytokine-mediated 
signaling pathway

0.0090 IL1R2

BP GO:0050701 interleukin-1 secretion 0.0090 IL1R2
BP GO:0072678 T cell migration 0.0095 CCL20
BP GO:2000401 regulation of lymphocyte 

migration
0.0095 CCL20

BP GO:0060761 negative regulation of 
response to cytokine 
stimulus

0.0097 IL1R2

BP GO:0002532 production of molecular 
mediator involved in 
inflammatory response

0.010 IL1R2

BP GO:0046323 glucose import 0.010 ITLN1
BP GO:0048247 lymphocyte chemotaxis 0.010 CCL20

(Continued )

Table 3. (Continued). 

Category ID GO term P-value Gene

BP GO:0002548 monocyte chemotaxis 0.010 CCL20
BP GO:0050710 negative regulation of 

cytokine secretion
0.010 IL1R2

BP GO:0010827 regulation of glucose 
transmembrane 
transport

0.011 ITLN1

BP GO:0032652 regulation of interleukin- 
1 production

0.012 IL1R2

BP GO:0071674 mononuclear cell 
migration

0.013 CCL20

BP GO:0032612 interleukin-1 production 0.014 IL1R2
BP GO:0070098 chemokine-mediated 

signaling pathway
0.014 CCL20

BP GO:1990868 response to chemokine 0.015 CCL20
BP GO:1990869 cellular response to 

chemokine
0.015 CCL20

BP GO:0030593 neutrophil chemotaxis 0.016 CCL20
BP GO:1904659 glucose transmembrane 

transport
0.016 ITLN1

BP GO:0072676 lymphocyte migration 0.016 CCL20
BP GO:0008645 hexose transmembrane 

transport
0.017 ITLN1

BP GO:0015749 monosaccharide 
transmembrane 
transport

0.017 ITLN1

BP GO:0034219 carbohydrate 
transmembrane 
transport

0.018 ITLN1

BP GO:1990266 neutrophil migration 0.018 CCL20
BP GO:0019730 antimicrobial humoral 

response
0.019 ITLN1

BP GO:0071621 granulocyte chemotaxis 0.019 CCL20
BP GO:0002687 positive regulation of 

leukocyte migration
0.019 CCL20

BP GO:0050709 negative regulation of 
protein secretion

0.020 IL1R2

BP GO:0097530 granulocyte migration 0.021 CCL20
BP GO:0002792 negative regulation of 

peptide secretion
0.021 IL1R2

BP GO:0050728 negative regulation of 
inflammatory response

0.022 IL1R2

BP GO:0008643 carbohydrate transport 0.022 ITLN1
BP GO:0001959 regulation of cytokine- 

mediated signaling 
pathway

0.024 IL1R2

BP GO:0060759 regulation of response to 
cytokine stimulus

0.026 IL1R2

BP GO:0070613 regulation of protein 
processing

0.027 IL1R2

BP GO:1903317 regulation of protein 
maturation

0.027 IL1R2

BP GO:0071346 cellular response to 
interferon-gamma

0.028 CCL20

BP GO:0002685 regulation of leukocyte 
migration

0.028 CCL20

BP GO:0051224 negative regulation of 
protein transport

0.029 IL1R2

BP GO:0050707 regulation of cytokine 
secretion

0.029 IL1R2

BP GO:1904950 negative regulation of 
establishment of 
protein localization

0.029 IL1R2

(Continued )
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inhibiting the activation of the inflammasome sig
naling pathway [36]. IL1R2 has two different pro
tein isoforms: its membrane-bound isoform and 
its soluble form (soluble IL-1 receptor 2), which 
are significantly associated with left ventricular 
remodeling in patients with ST-elevation MI [27]. 
These findings show that IL1R2 plays an impor
tant role in MI.

Omentin-1, also referred to as ITLN1, is 
a novel adipokine involved in glucose metabo
lism, inflammation, and atherosclerosis [32,41]. 

Circulating omentin is associated with coronary 
artery disease [42]. Shibata et al. found that low 
levels of ITLN1 are related to coronary artery 
disease (CAD) and that ITLN1 can be consid
ered a novel biomarker for CAD [42]. Serum 
ITLN1 levels in patients with acute MI are low, 
and these levels can be used as an independent 
risk factor to predict the onset of acute MI. 
Thus, ITLN1 is expected to become an impor
tant index for evaluating the occurrence of cor
onary heart disease [43]. Zhu et al. showed that 
ITLN1 can inhibit myocardial ischemia- 
reperfusion injury and negative remodeling asso
ciated with injury [25]. Similarly, Kadoglou et al. 
reported that ITLN1 expression was significantly 
low in patients with acute MI at admission, but 
significantly high upon the suppression of 
inflammation after six months in the hospital. 
These results imply that ITLN1 may be a novel 
treatment target for acute MI [33]. It also been 
reported that ITLN1 is a therapeutic target in 
diabetic patients with acute MI. The ITLN1 
levels in the metformin-treated group were sig
nificantly higher than those in the other two 
groups (non-metformin-treated group and 
healthy controls). This study suggests that met
formin can increase the serum level of ITLN1 
and may be a potential drug for preventing acute 
MI in diabetic patients [44]. Moreover, a study 
showed that metformin treatment in non- 
diabetic patients can also produce direct or 
indirect cardioprotective effects by increasing 
ITLN1 levels [45]. In contrast, Menzel et al. 
showed that ITLN1 was not significantly asso
ciated with risk of MI after multivariable adjust
ment [32].

There are several limitations to our study that 
should be considered. The main limitation was 
the small sample size of the published data sets. 
Our findings need to be validated in other data 
sets and clinical trials to determine whether 
CCL20, IL1R2, and ITLN1 may act as biomar
kers for MI. Moreover, the three-gene signature 
was based only on in silico methods, and only 
a fraction of the human genome was included in 
the analysis. Therefore, the diagnostic genes do 
not represent all gene candidates that may be 
associated with MI. Finally, the mechanisms 
through which the three-gene signature 

Table 3. (Continued). 

Category ID GO term P-value Gene

BP GO:0034764 positive regulation of 
transmembrane 
transport

0.030 ITLN1

BP GO:1903531 negative regulation of 
secretion by cell

0.031 IL1R2

BP GO:0034341 response to interferon- 
gamma

0.031 CCL20

BP GO:0031348 negative regulation of 
defense response

0.031 IL1R2

BP GO:0097529 myeloid leukocyte 
migration

0.031 CCL20

BP GO:0050663 cytokine secretion 0.033 IL1R2
BP GO:0030595 leukocyte chemotaxis 0.034 CCL20
BP GO:0019722 calcium-mediated 

signaling
0.035 CCL20

BP GO:0051048 negative regulation of 
secretion

0.035 IL1R2

BP GO:0071356 cellular response to 
tumor necrosis factor

0.037 CCL20

MF GO:0070492 oligosaccharide binding 0.0025 ITLN1
MF GO:0048020 CCR chemokine receptor 

binding
0.0072 CCL20

MF GO:0008009 chemokine activity 0.0083 CCL20
MF GO:0042379 chemokine receptor 

binding
0.011 CCL20

MF GO:0004896 cytokine receptor activity 0.015 IL1R2
MF GO:0019955 cytokine binding 0.021 IL1R2
MF GO:0019838 growth factor binding 0.023 IL1R2

Table 4. KEGG pathway analysis of the three-gene signature.
ID KEGG term P-value Gene

hsa04060 Cytokine-cytokine receptor interaction 0.0010 CCL20, 
IL1R2

hsa05323 Rheumatoid arthritis 0.023 CCL20
hsa04657 IL-17 signaling pathway 0.023 CCL20
hsa05215 Prostate cancer 0.024 IL1R2
hsa04640 Hematopoietic cell lineage 0.024 IL1R2
hsa04061 Viral protein interaction with cytokine 

and cytokine receptor
0.025 CCL20

hsa05146 Amoebiasis 0.025 IL1R2
hsa04668 TNF signaling pathway 0.028 CCL20
hsa05418 Fluid shear stress and atherosclerosis 0.034 IL1R2
hsa04062 Chemokine signaling pathway 0.046 CCL20
hsa05202 Transcriptional misregulation in cancer 0.047 IL1R2
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modulates MI progression need to be further 
investigated. However, despite these drawbacks, 
this study provides a potentially powerful diag
nostic marker for MI.

5. Conclusions
In summary, the three-gene signature comprising 
CCL20, IL1R2, and ITLN1 was significantly asso
ciated with MI diagnosis and could provide 

Figure 7. Meta-analysis of the three-gene signature for predicting diagnosis in patients with myocardial infarction (MI). (a) Forest 
plots of the pooled sensitivity and specificity of the three-gene signature in the diagnosis of MI. (b) Summary receiver operating 
characteristic (SROC) curve of the three-gene signature. (c) Fagan’s nomogram was used to evaluate the clinical utility of the three- 
gene signature for the diagnosis of MI. (d) Likelihood ratio scattergram.
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potential therapeutic targets and novel therapeutic 
strategies for MI.

Highlights

1.CCL20, IL1R2, and ITLN1 were selected as hub gene in MI 
by bioinformatics analysis.

2.CCL20, IL1R2, and ITLN1 were significantly upregu
lated in MI patients.

3.A three-gene signature (CCL20, IL1R2, and ITLN1) may 
be a novel candidate biomarker for distinguishing MI from 
healthy controls.

Data availability

The data supporting the findings of this study are available in 
the Gene Expression Omnibus (GEO) database (GSE66360, 
GSE141512, GSE24519, GSE34198, GSE48060, GSE60993, 
and GSE109048).

Figure 8. The source of heterogeneity was analyzed from the perspectives of publication bias and a bivariate box plot. (a) Deeks’ 
funnel plot asymmetry test for identifying publication bias. (b) Bivariate boxplot.
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