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Abstract
Background: Although reperfusion therapy is widely performed in patients with acute myocardial
infarction (AMI), the residual risk of poor outcomes remains substantial. The immune system plays an
important role in AMI, and therapies targeting immune cells have proved effective in improving prognosis
after AMI. However, the activation and regulation of immune signaling pathways during AMI have not
been systematically studied.

Objective: This study aimed to reveal the activation status of immune-related signals and the immune
status after AMI.

Methods and results: Three publicly available datasets (GSE48060, GSE66360, and GSE97320) from the
Gene Expression Omnibus (GEO) database were analyzed to identify differentially expressed genes
(DEGs) using peripheral blood tissue samples from 22 AMI patients and 22 individuals without AMI.
Subsequent weighted gene correlation network analysis (WGCNA) was performed for CD4+ T cells,
macrophages, and regulatory T cells, and the 387 genes with the most signi�cant correlations with the
three immune cells were identi�ed. Then, we intersected the 192 DEGs with 387 genes from WGCNA to
reveal , a total of 151 overlapping genes. Protein-protein interaction (PPI) network analysis was
performed to identify the hub genes. Furthermore, we recruited 44 patients and collected blood samples
to validate the stability and reliability of the predicted hub tragets TLR2, TLR4, TLR8, MMP-9 and
TYROBP using qRT-PCR assay.

Conclusions  The immune-related genes TLR2, TLR4, TLR8, MMP9 and TYROBP may be potential
biomarkers to identify immune signal activation after AMI, therefore providing information for the
evaluation of both immune status and early intervention.

Introduction
Acute myocardial infarction (AMI) is one of the leading causes of morbidity and mortality[1]. The World
Health Organization's analysis of the top 10 causes of death in 2019 showed that ischemic heart disease
ranked �rst with 55.4 million deaths worldwide, accounting for 16% of all deaths[2]. The mortality rate of
patients diagnosed with or likely to have AMI is much higher than that of patients diagnosed or likely to
have other coronary heart diseases. Although thrombolysis, percutaneous coronary intervention (PCI) and
coronary artery bypass surgery can be actively used to restore myocardial reperfusion, which has led to a
decrease in hospital complications and 28-day mortality in AMI patients, the residual risk after AMI
remains high[2, 3].

Some myocardial injury markers in AMI, including NT-proBNP and cTn, have been used for the
assessment of the prognosis of AMI. However, biomarkers that can reveal the immune status after AMI
remain unkown[4]. Identifying biomarkers related to immunity is of great signi�cance for stratifying risk,
guiding treatment, preventing postinfarction complications and reducing mortality.
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In recent years, there has been a growing understanding of the role of the immune system in the context
of AMI. Studies have shown that when AMI occurs, immune cells communicate with each other through
processes such as activation, differentiation, and migration, forming a network that connects various
organs[5], which activates a strong defense function during myocardial infarction and delays the
progression of AMI to a certain extent[6–9]. Recent studies showed an obviously lower rate of recurrent
cardiovascular events after performing anti-in�ammatory therapy targeting the interleukin-1β innate
immunity pathway, which indicated a need to pore over and explore the key immune events after AMI.
However, whether the immune signals and regulatory pathways in vivo are involved in this process
remains to be further studied, and the results of such studies may provide new ideas for the AMI
prognosis evaluation.

As AMI is one of the common major diseases, the use of gene chip data to study AMI has become a new
research trend. To explore the activation of immune-related signals and their regulatory pathways after
the occurrence of AMI, we combined bioinformatics methods to comprehensively analyze some
differentially expressed genes (DEGs) related to immunity after the occurrence of AMI. Gene function and
signal pathway enrichment analyses and PPI network construction were carried out on these overlapping
genes to predict the immune signal activation status and immune status and explore some potential
immune mechanisms after the occurrence of AMI. Finally, we identi�ed �ve key genes (TLR2, TLR4, TLR8,
MMP-9 and TYROBP) and applied real-time PCR (qRT-PCR) to assess AMI patient blood samples before
PCI for veri�cation. This study indicated that immune-related indicators can be applied for the
assessment of patients after AMI, providing new insights and research directions for evaluating the
immune status in patients after the occurrence of AMI and developing immunotherapy.

Materials And Methods
Data collection and processing

The gene expression pro�le data of AMI were downloaded from the Gene Expression Omnibus
(GEO; https://www.ncbi.nlm.nih.gov/geo/). The expression pro�les of three datasets, GSE48060,
GSE66360, and GSE97320,  were based on the Affymetrix platform, and the GSE60993 dataset pro�les
were based on the Illumina platform. The samples in the four databases were peripheral blood collected
from AMI patients and healthy controls. The GSE48060 dataset contained 21 normal
samples and 31 AMI samples, the GSE60993 dataser contained 7 normal samples and 17 AMI
samples, the GSE66360 dataset contained 50 normal samples and 49 AMI samples, and the GSE97320
dataset contained 3 normal samples and 3 AMI samples. Moreover, cardiac whole blood was taken from
all patients to minimize the in�uence of different sampling sites on the results of data analysis.

 The GSE48060, GSE66360 and GSE97320 datasets were merged and normalized using the “sva” R
package. The merged dataset was named the metadata dataset and used for subsequent analysis. The
GSE60993 dataset was used as the validation set.

Analysis of DEGs
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DEGs were identi�ed using the “limma” package in R.  Values with P < 0.05 and fold change (FC) > 3/2 or
< 2/3 (|log FC| > 0.5849625) were considered statistically signi�cant.

Single sample gene set enrichment analysis (ssGSEA)

The ssGSEA algorithm based on the R package GSVA was used to calculate the distribution of 28 types
of immune cells. In the metadata dataset, ssGSEA was used to quantify the enrichment levels of 28
immune signatures in each AMI sample according to ssGSEA score. We obtained the signatures of 28
immune cell types from our previous study. Utilizing the ssGSEA algorithm, we calculated the relative
distribution of the 28 immune gene sets in each AMI patient. We then performed subsequent analyses
based on the ssGSEA scores of the 28 immune markers. 

Functional enrichment analysis

To explore the biological functions of the intersecting genes of the modules with the DEGs, functional
enrichment was performed with Metascape (http://metascape.org), a web-based portal for
comprehensive gene list annotation based on 40 independent databases with visualization capabilities.
We intersected 192 differential genes with 387 genes in the brown module, ang a total of 151 overlapping
genes were identi�ed. We used the Metascape database for enrichment analysis of these 151
overlapping genes.

 Weighted gene co-expression network analysis (WGCNA)

First, the top 5000 genes ranked by the median absolute deviation value in the metadata were selected
for WGCNA. WGCNA of the 5000 genes was performed using the “ WGCNA ” R package (https://cran.r-
project.org/web/packages/WGCNA/index.html) to construct a coexpression network. The coexpression
similarity values were then raised to a power by thresholding to satisfy the criteria for a scale-free
network. In addition, coexpression similarity values were transformed into weighted network adjacency
values. The soft-thresholding power β was calculated by the function “pickSoftThreshold”. Genes were
divided into different gene modules according to different measures of the topological overlap matrix
(TOM). In this study, we set the soft-threshold power as 7 (scale free R2 = 0.8), cut height as 0.2 and
minimum module size as 50 to identify key modules. 

Protein–protein interaction (PPI) network establishment and hub gene identi�cation

We utilized the Search Tool for the Retrieval of Interacting Genes (STRING) database to establish a PPI
network and discover the relationship among 151 overlapping genes. The interaction score was set at 0.4
in the STRING database. Cytoscape (v 3.7.0) was used to enhance the visualization of interaction data in
PPI networks. The genes with degree values ranking in the top 5 were considered hub genes.

Clinical samples
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Peripheral blood samples from 22 patients with AMI before PCI were collected before PCI within 24 h
after AMI onset while blood samples from 22  patients without coronary atherosclerotic disease were
used as controls. All of these samples were from the Cardiology Intensive Care Unit, Second A�liated
Hospital of Harbin Medical University, and informed consent was obtained from all patients before the
beginning of our study. We diagnosed AMI based on the latest clinical guidelines [10]. After con�rming
that there was no previous history of MI, coronary artery bypass graft, PCI, malignant tumor, severe
infection, severe immune system disease , renal function index   30%, or other factors that might affect
the test results, control samples were collected.

 qRT-PCR

Total RNA was extracted from samples using TRIzol (Invitrogen), and the concentration and purity of the
RNAs extracted were subsequently assessed. Then,  reverse transcription was conducted according to the
instructions of the reverse transcription kit (Takara, China), qRT-PCR was performed on an Applied
Biosystems StepOne-Plus Real-Time PCR system according to the protocol (Takara), and β-actin was
applied as a reference gene to normalize mRNA expression levels. The sequence of these primers are list
in Table 1.

Statistical analysis

All statistical analyses were performed using R 3.6.1 software. Wilcox rank sum tests for nonparametric
hypotheses were applied to compare differences between two groups. Receiver operating characteristics
(ROC) curves ware applied to detect the diagnostic value of differential hub gene mRNA expression for
distinguishing AMI samples from normal samples. In all analyses, differences were considered
statistically signi�cant if P < 0.05.

Results
 Identi�cation of DEGs in AMI versus normal samples

In the present study, we �rst performed differential expression analysis of 83 AMI samples and 74 normal
samples in the metadata dataset. The cut-off criteria were  fold change > 3/2 or < 2/3 (|log2(FC)| >
0.5849625) and p value < 0.05. As shown in Fig.1A, a total of 192 DEGs were screened and plotted; green
indicates downregulated genes, orange indicates upregulated genes, and gray indicates genes without
signi�cant dysregulation (Fig. 1A). The expression levels of DEGs are displayed in the heat map (Fig. 1B).

Construction of the weighted gene coexpression network and identi�cation of modules

We �rst quanti�ed the distribution of ssGSEA scores for 28 immune cells in the metadata (Fig.2A). To
identify immune related genes in the metadata, we selected activated CD4+ T cells, macrophages and
regulatory T cells, which are representative of AMI. When the optimal soft-thresholding power for WGCNA
was 7, the scale-free topology threshold reached 0.8 (Fig. 2B). The genes were grouped into various
modules by hierarchical clustering. Each module represented a group of genes related to expression, and
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was assigned a speci�c color (Fig. 2C). The correlation and degree of difference between the gene
modules in the three immune cells are shown in Fig. 2D. According to the correlation and p-value in each
grid, we �nally selected the brown module with the most signi�cant correlation with the three immune
cells, and this module contained a total of 387 genes.

Gene ontology (GO) and pathway enrichment analysis

We intersected 192 DEGs with 387 genes in the brown module, and there were a total of 151 overlapping
genes (Fig. 3A). The biological functions of these 151 overlapping genes were next assessed via the
Matascape database. The 20 most highly enriched terms were related to immune pathways and gene
functions (Fig. 3B), and the three most highly enriched terms were myeloid leukocyte activation, the
response to lipopolysaccharide and the in�ammatory response. Fig. 3C demonstrates the relationships
among the top 20 terms in a network plot. 

PPI network construction and module analysis

We constructed a PPI network using the STRING database to further explore the interaction relationships
among 151 overlapping genes.As shown in Fig. 4, the network contained 135 nodes and 882 edges.

Hub genes veri�cation

The top 5 hub DEGs were determined according to the degree value. The results showed that TLR2 and
TLR4 were the most crucial genes, with the highest degree (degree=57), followed by TLR8 at degree=49,
IL1B at degree=46, MMP-9 at degree=45, and TYROBP at degree=39. In addition, we used the GSE60993
dataset to verify the expression levels of the 6 hub genes to ensure the accuracy and reliability of the
results. Compared with that in controls, the expression of TLR2, TLR4, TLR8, MMP9 and TYROBP in AMI
tissues was signi�cantly higher (Fig. 5A-C; Fig. 5E, 5F ; all P <0.05). Although IL1B was also upregulated
in AMI, the difference was not signi�cant (P>0.05; Fig. 5D).

Next, we generated ROC curves to establish the diagnostic and prognostic ability of TLR2, TLR4, TLR8,
MMP-9, and TYROBP in the metadata and GSE60993 cohorts (Fig. 7). Fig. 7 shows that the area under
the curve (AUC) of TLR2, TLR4, TLR8, MMP-9 and TYROBP were 0.763, 0.770, 0.668, 0.834, and 0.646,
respectively, in the discovery metadata set. In the validation dataset (GSE60993) , the AUC values of the
�ve genes were 0.849, 0.866, 0.899, 0.882, and 0.807, respectively. Moreover, we merged the �ve genes
into one model and assessed the prediction value in the discovery and validation datasets. The AUC
values were 0.883 and 0.958, respectively. These results show that these genes could be considered
candidate biomarkers for the AMI diagnosis and prognosis evaluation.

 Veri�cation of potential biomarker expression in clinical samples by qRT-PCR

To further determine which genes were of great signi�cance in AMI patients, the expression of the 5 hub
genes, TLR2, TLR4, TLR8, MMP-9 and TYROBP, were validated in plasma samples of the experimental
group and the control group using qRT-PCR analysis. Consistent with the results of the bioinformatics
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analysis, the results showed that the expression levels of TLR2 (P-value = 0.0286), TLR4 (P-value =
0.0159), TLR8 (P-value =0.0067), MMP-9 (P-value =0.0467) and TYROBP (P-value = 0.0023) in the
plasma of AMI patients were obviously higher than those in the plasma of non-AMI patients (Fig. 6A-E).

Discussion
We selected three datasets of AMI patients from the GEO database for pooled analysis. We identi�ed a
total of 192 DEGs, of which 170 genes were upregulated and 22 genes were downregulated. According to
WGCNA and PPI network construction, we focused on the top �ve hub genes TLR2, TLR4, TLR8, MMP9,
and TYROBP. As an independent validation step, qRT-PCR was performed on the experimental group and
the control group. The results are consistent with our predictions. Finally, the ROC curves indicated that
these genes may be key targets for immunotherapy and revealed the immune function status after AMI.

Accumulated evidence has highlighted that the immune system has an important contribution in the
development, composition and function of the heart and even plays a critical role in the stress response
of the heart[11, 12]. After the occurrence of myocardial infarction, a large number of immune cells are
recruited to the heart to remove necrotic tissue and pathogens and promote healing[13, 14]. However,
inappropriate immune activation could directly threaten cardiomyocyte viability and adverse cardiac
remodeling. Unfortunately, no method that can accurately determine the immune status after AMI has
been found. Therefore, identifying new biomarkers related to immune signal activation through unbiased-
omics analysis is very important for assessing immune status after AMI and could promote the progress
of immunotherapy stragies for AMI.

Based on our bioinformatics analysis, �ve key genes were �nally identi�ed. Toll-like receptors (TLRs) are
the main pattern recognition receptors (PRRs) on mammalian cells[15]. They are expressed in a variety of
parenchymal cells including cardiomyocytes, �broblasts and endothelial cells, but are most prominently
expressed in white blood cells. In recent studies, the signals related of the formation of two human TLRs
(TLR2 and TLR4) have been proven to play a pivotal role in the occurrence and development of coronary
artery disease (CAD)[15, 16]. TLR4 is signi�cantly expressed and activated in human atherosclerotic
plaques distributed by lipid-rich macrophages[16], while the level of TLR2 is reported to regulate the
severity of experimental atherosclerosis[17]. Several prior studies[18–20] also used bioinformatics
technology to analyze the key genes in the occurrence and development of AMI and found that the
expression levels of TLR2 and TLR4 in AMI patients were signi�cantly higher than those in normal
samples. The results of our study are in accordance with those of previous studies, but in addition to
making full use of bioinformatics technology to screen out DEGs, we further relied on blood samples
from clinical patients in two divided groups to verify our results and the veri�cation results suggest that
TLR2 and TLR4 may have potential as markers in the evaluation of AMI

We found that matrix metalloproteinase 9 (MMP-9) was also elevated in patients with AMI. MMP9 is a
member of the MMP family and is widely distributed in the cardiovascular system[21, 22]. Studies have
shown that it may induce adverse cardiovascular events such as AMI by promoting the thinning of the



Page 8/20

�ber cap and destroying the stability of the plaque[23–25]. Previous studies have found that MMP-9,
whose expression is elevated in the serum, mainly comes from coronary plaques in AMI patients[26].
MMP-9 polymorphism and its expression level can be used as clinical biomarkers for early diagnosis of
atherosclerosis and predicting future coronary revascularization that can affect the outcome of AMI[27–
29]. In addition, Zhu et al. proposed that higher MMP-9 levels are an independent predictor of hospital
death in AMI patients undergoing emergency PCI[30]. In this study, by combining bioinformatics analysis
and clinical validation, we found that MMP-9 was one of the predominant immune-associated targets
upregulated in AMI patients.

Protein tyrosine kinase binding protein (TYROBP), also called DAP12, encodes a transmembrane
signaling molecule polypeptide. The protein encoded by it is mainly involved in bone remodeling, brain
myelination, signal transduction and the in�ammatory response[31–33]. Studies have shown that
TYROBP can bind to activated receptors on the surface of various immune cells via noncovalent
interactions and then mediate signal transduction and cellular activation[34–36]. However, a previous
report on TYROBP mainly focused on Alzheimer’s disease[37, 38]. Notably, we initially found that the
expression level of TYROBP in AMI patients was signi�cantly elevated, which suggests that TYROBP may
play a substantial role in the process. The study by Dai et al. showed that TYROBP plays an important
role in the occurrence and progression of nonalcoholic fatty liver disease and AMI[39], which further
veri�ed our results, and provides a basis for us to explore the activation of immune-related signals and
possible pathways and related targets after myocardial infarction.

In this study, we identi�ed six hub genes, IL-1, TLR2, TLR4, TLR8, MMP-9, and TYROBP, from three GEO
microarray datasets. Blood samples of the experimental group before PCI and the control group from our
center were used for clinical veri�cation. Finally, �ve hub genes, TLR2, TLR4, TLR8, MMP9, and TYROBP,
were independently veri�ed and thus may be used as key targets for the assessment of prognosis and
immunotherapy response for AMI.

However, the microarray samples used in our study to fully clarify the immunomodulatory molecular
mechanism after the occurrence of AMI were all from patients in the early stages of AMI, and follow-up
information from patients in the middle and late stages of AMI was not included. Moreover this study
only reveals potential immune-related signals, so we need to consider how to apply these immune-related
signals to clinical diagnosis, treatment and prognostic evaluation; Last but not least, the clinical sample
size is limited and it is from a single center. However, through this study, we have provided new evidence
for the development of therapeutic targets and the improvement of the prognosis of AMI through immune
pathway regulation. Next, we can establish animal models and further studies to clarify the underlying
mechanism, and on this basis, establish a prognostic risk strati�cation of myocardial infarction and an
assessment system for the immune status after AMI.

Conclusion
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In summary, we successfully screened and con�rmed �ve immune activation-associated genes (TLR2,
TLR4, TLR8, MMP9, and TYROBP) based on bioinformatic analysis and clincal sample validation. The
current study suggests that TLR2, TLR4, TLR8, MMP9, and TYROBP levels signi�cantly increase post-AMI
and can be exploited as promising targets in treating AMI patients.
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Figure 1

Differentially expressed genes between AMI samples and normal samples.(A) Volcano plot of
differentially expressed genes (DEGs); Orange represents differentially expressed genes that are up-
regulated, gray represents genes that are not differentially expressed, and green represents differentially
expressed genes that are down-regulated. (B) Heatmap of DEGs.
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Figure 2

Co-expression network analysis.(A)Heatmap of single-sample geneset enrichment analysis (ssGSEA)
results.(B)Analysis of the network topology showed that the scale-free topology threshold of 0.8 was met
when β = 7.(C)    Cluster dendrogram between genes based on topological overlap. Each module
represents a set of expression related genes while being assigned a speci�c color.(D)Heatmap shows the
correlation and degree of difference between the gene modules and the three immune cells. Based on the
correlation and p-value in each lattice, the brown module was selected.
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Figure 3

Enrichment analysis.(A)The Venn diagram shows the intersection between the genes in the brown
module and the differentially expressed genes.(B)Bar plot of the top 20 terms enriched.(C)A network
diagram displaying the relations of the 20 terms.
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Figure 4

PPI network of overlapping genes. Nodes in red represent the top �ve ranked nodes.
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Figure 5

Expression of diagnostic markers in the GSE60993 dataset.(A)TLR2.(B)TLR4.(C)TLR8.(D) IL-1β.
(E)MMP9.(F) TYROBP.
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Figure 6

RT-qPCR validation of the �ve diagnostic markers(A)TLR2. (B)TLR4. (C)TLR8. (D) MMP9. (E)TYROBP.
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Figure 7

ROC curves for judging the diagnostic e�cacy of the �ve diagnostic markers.In the metadata cohort,
TLR2 (A), TLR4 (B), tlr8 (C), IL1B (D), MMP9 (E), TYROBP (F) as well as �ve diagnostic markers were �tted
to the ROC curve for one variable. In the GSE60993 dataset, TLR2 (G), TLR4 (H), tlr8 (I), IL1B (J), MMP9
(K), TYROBP (L) as well as �ve diagnostic markers were �tted to the ROC curve for one variable.
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