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Constructing differential co-expression network
to predict key pathways for myocardial infarction
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Abstract. New thoughts are warranted to develop efficient
diagnosis and optimal therapeutics to combat unstable
angina (UA)/myocardial infarction (MI). Therefore, the gene
data of patients with UA or MI were used in this study to
identify the optimal pathways which can provide compre-
hensive information for UA/MI development. Differentially
expressed genes (DEGs) between UA and MI were detected
using LIMMA package, and pathway enrichment analysis
was conducted for the DEGs, based on the DAVID tool,
to detect the significant pathways. Then, differential
co-expression network (DCN) and sub-DCN for the DEGs
were constructed. Subsequently, informative pathways were
extracted using guilt-by-association (GBA) principle relying
on the area under the curve (AUC), and the pathway catego-
ries with AUC >0.8 were defined as the informative pathways.
Finally, we selected the optimal pathways based on the
traditional pathway analysis and the sub-DCN-based-GBA
pathway prediction method. A total of 203 and 266 DEGs
were identified from the expression profile of blood of
MI samples comparing with UAs in the time-point 1 and
time-point 2 groups. Moreover, 7 and 10 informative pathway
terms were identified based on AUC>0.8. Significantly,
cytokine-cytokine receptor interaction, as well as MAPK
signaling pathway were the common optimal pathways in the
two groups. Calcium signaling pathway was unique to the
whole blood of patients with acute coronary syndrome (ACS)
taken at 30 days post-ACS. In conclusion, the optimal path-
ways (MAPK signaling pathway, cytokine-cytokine receptor
interaction, and calcium signaling pathway) might play
important roles in the progression of UA/MI.
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Introduction

Cardiovascular disease (CVD) causes ~17.3 million deaths
per year globally and remains the main cause of mortality in
the world (1). Acute coronary syndromes (ACSs) range from
unstable angina (UA) to myocardial infarction (MI). UA is a
common clinical symptom of atherosclerosis without myocar-
dial necrosis, is related to the increased risk of cardiac death,
and leads to MI (2). However, the diagnostic accuracy for UA
is unsatisfactory in clinical practice. The mortality of MI in
the USA has decreased, partly because of the earlier diagnosis
and the reliable revascularization therapy (3). For instance,
troponin, a biomarker of myocardial damage, maximizes the
benefits of revascularization therapy. Nevertheless, because
of the relative ‘delayed’ release time of troponin, earlier
biochemical signatures having high sensitivity as well as
specificity are urgently needed to reduce the MI mortality (4).
Thus, new thoughts are warranted to develop efficient diag-
nosis and optimal therapeutics for UA/MI.

Traditionally, one method is the identification of differen-
tially expressed genes (DEGs). However, this approach only
offers limited information on the progression of the disease.
There is little concordance among different microarray studies,
due to the heterogeneity of the tissue samples or insufficient
power (5). Significantly, a gene can be connected to other
genes which share similar expression profiles. Systems biology
concentrates on complicated interactions in biological systems
by means of a holistic approach to biological research (6,7).
Network biology, a branch of the systems biology, is a new
way of analyzing biological processing, which regards life
as a network. Differential co-expression network (DCN) has
been demonstrated to be a new holistic approach for analyzing
microarrays (8,9). For instance, Stuart e al (10) established
a gene co-expression network which linked to genes whose
microarray data were similar among different organisms.
Lee et al (8) analyzed a human network based on functional
grouping as well as cluster analysis.

Importantly, pathway-based analysis plays key roles
in capturing the biological interaction among genes, and
improving power and robustness (11,12). Thus, exploring the
biological pathways relying on systems biology techniques can
provide extensive insights into the components of pathways,
thereby aiding in developing novel targets for diseases. However,
previous studies have mainly focused on the single dysregulated
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pathways based on the pre-defined threshold (13,14). Pathways
having significant P-values did not have biological meaning, but
several pathways possessing non-significant P-values are statis-
tically significant and biological meaningful (15). Based on the
variants of ‘guilt-by-association (GBA), gene pathway predic-
tions can be made with very high statistical confidence (16,17).

Thus, in our analysis, we downloaded the gene expression
profile of the blood samples of patients with MI or UA to iden-
tify the optimal pathways which can provide comprehensive
information for UA/MI development. DEGs between UA
and MI were extracted using LIMMA package, and pathway
enrichment analysis was conducted for the DEGs, based on the
DAVID tool, to detect the significant pathways. Then, DCN
and sub-DCN for the DEGs were constructed. KEGG path-
ways were extracted based on the known pathway database
and DEGs. Subsequently, we predicted informative path-
ways using the GBA principle, relying on the area under the
curve (AUC), and the pathway categories with AUC>0.8 were
defined as the informative pathways. Finally, we selected the
optimal pathways based on the traditional pathway analysis
and sub-DCN-based-GBA pathway prediction method.

Materials and methods

Gene expression profile and data pretreatment. Gene expres-
sion profiles of the whole blood of 26 patients with ACS,
obtained at 7 and 30 days post-ACS, were downloaded from
Gene Expression Omnibus (GEO): GSE29111 (https://www.
ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE29111). GSE29111
dataset includes the data of 8 patients with UA and 18 with
MI. The samples in GSE29111 were taken at two different
time-points: time-point 1 (7th day) and time-point 2 (30th day).

Before the analysis, the microarray profiles of GSE29111
data were first processed on the GPL570 platform of Affymetrix
Human Genome U133 Plus 2.0 Array (Affymetrix; Thermo
Fisher Scientific, Inc., Waltham, MA, USA).

Next, the data were normalized based on the Robust
Multi-array Average (RMA) method (18), and then the data in
the CEL files were converted into expression values. Probes
were aligned to human genes, and finally, 20,514 genes
remained for subsequent investigation.

Detection of DEGs. In our study, LIMMA package of R
language (http://bioconductor.org/biocLite.R) as well as
t-test were utilized to compare the gene expression levels
in time-point 1 and time-point 2 groups in order to further
identify the DEGs in MI samples comparing with UAs.
logFC was used for the differential expression degree. We
processed the original data based on log2 transformation using
SPSS 17.0 (SPSS, Inc., Chicago, IL, USA). All expression scores
were turned into fold-changes (FC) with log2 base (logFC).
The logFC for each gene was defined as log(MI)-log(UA),
and then the distribution of the logFC value for each gene
was obtained. The original P-values were adjusted using the
method of Benjamini et al (19), which relies on the false
discovery rate (FDR) concept. Genes were considered statisti-
cally significantly expressed when FDR<0.01 and llogFCl >1.

Pathway analysis of DEGs using DAVID. To investigate the
potential biological functions of DEGs, we used DAVID
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(http://david.abcc.ncifcrf.gov/) (20) to implement the tradi-
tional pathway analysis based on KEGG pathway database
(https://www.kegg.jp/) by means of the Expression Analysis
Systematic Explorer (EASE) test (21). The threshold of identi-
fying significant pathways was FDR=0.001.

Construction of DCN. The co-expression network approach,
proposed by Ruan et al (22), was utilized to construct DCN
by investigating the pairwise expression similarity between
DEGs. The co-expression network with O refers to no link
between two DEGs, and 1 corresponds to a connection
between the DEGs. Nodes in the DCN are genes and the edges
stand for expression similarities between any two genes. In
our study, Spearman correlation coefficient (SCC) was used
to measure the similarity, and to assess the co-expressed
strength of each edge in the DCN. We defined the SCC
absolute value of an edge as the weight of the corresponding
interaction. If the correlation coefficient of the two DEGs
is >0.3, these two DEGs are regarded to be co-expressed.
In the present study, we only selected the edges with weight
value >0.8 to construct the sub-DCN, which was visual-
ized using Cytoscape tool (https://www.softpedia.com/get/
Science-CAD/Cytoscape.shtml).

KEGG annotation for DEGs. KEGG is a reference knowl-
edge database which can provide better understanding of
the biological processes. To begin with, we downloaded a
total of 300 background pathways (6,919 genes) from KEGG
database. Next, the above identified DEGs were mapped to
300 pathway terms to extract the DEG-related pathways. In
the end, the pathway set was obtained in time-point 1 and
time-point 2 groups, consisting of 203 DEGs and 81 pathways
in time-point 1 group, and 266 DEGs as well as 47 pathways
in time-point 2 group.

Informative pathways prediction using the GBA principle.
Subsequently, we used GBA principle for the sub-DCN to
further extract significant biological pathways in these two
time-point groups. For each gene within the sub-DCN, all
neighbored genes of this specific gene were aligned to each
pathway category, and the multifunctionality (MF) value for
each gene involved in the given pathway term was computed.

The AUC value for each pathway category was measured
using the Support Vector Machine (SVM), and then the mean
AUC across all pathway terms was obtained. Afterwards, we
ranked all the pathway terms based on the AUC values. In
literature, AUC>0.7 is good for gene function prediction (23).
In the present study, we predicted the informative pathway
terms when AUC was set as >0.8.

Identifying the optimal pathways. The final optimal pathways
were identified based on the traditional pathway analysis and
sub-DCN-based-GBA pathway prediction method.

Results

Time-point 2 group influences more DEGs compared to
time-point 1 group. Our analyses were focused on the compa-
rison of two matched sets of blood samples (UA vs. MI)
obtained at two different time-points. Therefore, a total of
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Table I. Significant pathways identified based on traditional pathway analysis.

Time-point 1 group

Time-point 2 group

Fructose and mannose metabolism
Transcriptional misregulation in cancer
MAPK signaling pathway

Alanine, aspartate and glutamate metabolism
Neuroactive ligand-receptor interaction
Cytokine-cytokine receptor interaction

Metabolic pathways

Cytosolic DNA-sensing pathway
Cytokine-cytokine receptor interaction
Neuroactive ligand-receptor interaction
Toll-like receptor signaling pathway
MAPK signaling pathway

Chemokine signaling pathway
Calcium signaling pathway

Figure 1. Venn diagram exhibiting the number of DEGs between time-point 1
and time-point 2 groups. DEGs, differentially expressed genes.

20,514 genes remained to be used for the following compari-
sons after quality control.

Based on the filtering criteria of FDR<0.01 and llogFCl >1,
there were 203 and 266 DEGs in the expression profile of
blood of MI samples comparing with UAs in time-point 1 and
time-point 2 groups, respectively. Also, there were 34 common
genes in these two groups (Fig. 1).

Pathway enrichment analysis of DEGs using DAVID. When
FDR was set as <0.001, a total of 6 significant pathways were
identified in the time-point 1 group, and there were 8 signifi-
cant pathways in the time-point 2 group. The differential
pathways in the two groups are shown in Table I. We found
that there were 3 common significant pathways in these two
time groups, including neuroactive ligand-receptor interac-
tion, cytokine-cytokine receptor interaction, and MAPK
signaling pathway.

Construction of DCN and sub-DCN. Two DCNs were estab-
lished for time-point 1 and time-point 2 groups by means of
the DEGs identified above. In the DCN of time-point 1 group,
there were 153 nodes, and in the DCN of the time-point 2 group
there were 197 nodes. In the circumstance of network, the
degree can explain the network structure. Consequently, the
topological degree characteristics for each node in the DCN
was investigated, and the degree distribution of all genes is
shown in Fig. 2. It is obvious that the degrees for the DCN in the
time-point 2 group were greater than those in the time-point 1
group. Aside from the degree connectivity, another significant
parameter was the interaction strength which could be used to

Degree distribution

20 ) 1 )
Time-point 1 group Time-point 2 group

Figure 2. Degree distribution of all nodes in the differentially co-expressed
network between the two groups.

measure the interactions in the DCN. Consequently, SCC was
utilized to assign a weight value to every edge of the DCN,
and the interactions having weight values >0.8 were extracted
to build the sub-DCN. The composition of the sub-DCNs is
demonstrated in Fig. 3. Within the sub-DCNs, 80 nodes and
705 interactions were involved in the time-group 1, and there
were 135 nodes and 2,836 interactions in the time-group 2.

Informative pathways using GBA prediction. Fig. 4 shows the
AUC distribution for the pathway categories. There were 23
and 13 pathway terms in the time-point 1 and time-point 2
groups, respectively, based on AUC>0.7. Among these pathway
terms, there were 7 and 10 pathway terms, respectively, with
AUC>0.8, and these pathways were determined as the infor-
mative pathways (Table II).

Identifying the optimal pathways. The ultimate optimal
pathways were screened out based on the traditional pathway
analysis and sub-DCN-based-GBA pathway prediction
method. A total of 2 optimal pathways were identified in the
time-point 1 group, including cytokine-cytokine receptor
interaction, and MAPK signaling pathway. Also, there were
3 optimal pathways in the time-point 2 group, including
MAPK signaling pathway, calcium signaling pathway, and
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Figure 3. Sub-DCN construction for two groups. Sub-DCN construction for (A) time-group 1 and (B) time-group 2. DCN, differential co-expression network.

A

Number of functional paths

T T 1
0.0 0.2 04 0.6

Guilt-by-association AUCs

1
0.8

B

Number of functional paths

00 02 04 06 08 10
Guilt-by-association AUCs

Figure 4. Informative pathways predicted by guilt-by-association. Guilt-by-association AUCs for (A) time-group 1 and (B) time-group 2.

Table II. Pathway list based on AUC>0.8.

Time-point 1 group

Time-point 2 group

Phosphatidylinositol signaling system (AUC=0.941)
Cytosolic DNA-sensing pathway (AUC=0.930)
Cytokine-cytokine receptor interaction (AUC=0.929)
Adrenergic signaling in cardiomyocytes (AUC=0.900)
MAPK signaling pathway (AUC=0.885)

Regulation of actin cytoskeleton (AUC=0.860)

Wht signaling pathway (AUC=0.821)

Arginine and proline metabolism (AUC=0.972)

MAPK signaling pathway (AUC=0.924)

Olfactory transduction (AUC=0.900)

Pancreatic secretion (AUC=0.879)

Purine metabolism (AUC=0.860)

Fructose and mannose metabolism - Homo sapiens (AUC=0.854)
Amino sugar and nucleotide sugar metabolism (AUC=0.854)
Cytokine-cytokine receptor interaction (AUC=0.853)
Phagosome (AUC=0.823)

Calcium signaling pathway (AUC=0.815)

AUC, area under the curve.
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cytokine-cytokine receptor interaction. Based on these
results, we found that cytokine-cytokine receptor interac-
tion, as well as MAPK signaling pathway were the common
optimal ones in these two groups. Calcium signaling pathway
was unique to the whole blood of patients with ACS obtained
at 30 days post-ACS.

Discussion

In the present study, microarray data of whole blood samples
from ACS patients were analyzed using the integrated strategy.
A total of 203 and 266 DEGs were identified from the expres-
sion profile of blood of MI samples comparing with UAs in
the time-point 1 and time-point 2 groups. Moreover, 7 and
10 informative pathway terms, respectively, were identified
based on AUC>0.8. Finally, cytokine-cytokine receptor inter-
action, as well as MAPK signaling pathway were the common
optimal pathways in these two groups. Calcium signaling
pathway was unique to the whole blood of patients with ACS
taken at 30 days post-ACS, and none was unique to the whole
blood of patients with ACS obtained at 7 days post-ACS.

The pathway of MAPK signaling was common in the two
groups, which is associated with immune responses. The func-
tions of inflammation in ACS patients have been implicated
previously (24). Inflammation is able to cause biochemical
responses (25) and then trigger MAPK, which plays impor-
tant roles through phosphorylating intracellular substrates,
thereby mediating signal transduction, as well as specific
genetic responses to extracellular stimuli (26). MAPK activa-
tion in UA to a complete MAPK activation in MI, has been
proved effective as a diagnostic test to discern the difference
between ACS conditions (27). Accordingly, MAPK is a valu-
able molecular biomarker serving as specific signature for the
diagnosis of UA/MI.

The pathway of cytokine-cytokine receptor interaction
was common in the two groups of our study. Cytokines are
extracellular molecules that transmit intercellular signals, and
they are broadly reported in cell differentiation, as well as
inflammatory response through binding to specific receptors
on the cell surface (28). Various cytokines associated with
inflammation, for example, tumor necrosis factor, inter-
leukin-8, adhesion molecules, and nuclear factor-«B play
crucial roles in the development process of ACS (29). Elevated
level of interleukin-8 has been demonstrated to be linked to
an increased risk of coronary artery disease (30). Accordingly,
the role of the pathway of cytokine-cytokine receptor interac-
tion is confirmed in the progression of ACS, partially through
regulating inflammatory response.

Interestingly, calcium signaling pathway appeared in
the whole blood of patients with ACS collected at 30 days
post-ACS. Calcium, a universal intracellular second messenger,
participates in regulating diverse functions including fertil-
ization, secretion, gene transcription, and cardiac myocytes.
Several studies have implicated that calcium rises during
MI (31,32). Nevertheless, decreased cell coupling would
result in arrhythmias (33). Garcia-Dorado et al (34) have
demonstrated that developing available and reliable treatments
to restrain Ca**-mediated cardiomyocyte death in patients
with MI, through regulating the Ca*" influx, or intracel-
lular Ca** handling, is an important therapeutic implication.
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Demonstrated here, our result suggests that calcium signaling
pathway is related to the development of ACS.

There were several limitations in this study. Limited number
of samples might lead to biased estimates. In addition, only a
bioinformatics strategy was utilized, and yet we have not proven
our conclusions using any lab experiments. Despite these short-
comings, our analysis could provide key implications for the
molecular mechanisms of ACS, but further research is neces-
sary to validate our findings on the basis of lab techniques.

In conclusion, the identified optimal pathways might be
important for revealing the development progress of ACS.
Further research is needed to explore the underlying mecha-
nisms for the ACS progression using animal models.
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