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Co-expression network analysis identified specific miRNAs
and genes in association with slow-transit constipation
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Abstract. The pathogenesis of slow-transit constipation
(STC) remains largely unclear, with the roles of microRNAs
(miRs/miRNAs) yet to be determined. Co-expression network
analysis of miRNAs in STC is crucial to elucidating potential
underlying mechanisms. Weighted gene correlation network
analysis was performed in the miRNA expression profile
of STC (GSE57969). The key miRNA target genes were
further functionally enriched by Kyoto Encyclopedia of
Genes and Genomes (KEGG) and Gene Ontology (GO). A
Protein-Protein Interaction (PPI) network was constructed,
with a total of 12 color-clustered modules determined. Seven
key miRNAs were established, including five miRNAs
from the turquoise module (hsa-miR-20b, hsa-miR-128,
hsa-miR-129-3p, hsa-miR-30b and hsa-miR-340), one miRNA
from the blue module (hsa-miR-619) and one from the black
module (hsa-miR-486-3p). A total of 2,077 key miRNA target
genes were predicted. GO analysis revealed that the ‘protein
modification process’ and ‘cellular protein modification
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process’ were the most significantly enriched processes in the
‘Biological Processes’ category, whereas the ‘nucleoplasm’ in
‘Cellular Components’ and ‘enzyme binding’ in ‘Molecular
Functions’ were the most significantly enriched processes. The
‘cAMP signalling pathway’ was the top KEGG pathway. The
hub genes identified from the PPI network included calmodulin
(CALM)2, CALMI, histone deacetylase (HDAC)3, glycogen
synthase kinase 3 [, HDACY, heat-shock protein family A
member 8, G-protein subunit y (GNG)13, HECT domain
and ankyrin repeat containing E3 ubiquitin protein ligase 1,
GNGI10 and GNG7. This bioinformatics analysis demonstrated
co-expressed miRNA networks with insightful genes and path-
ways associated with STC.

Introduction

Constipation commonly affects ~27% of the population in
industrialized nations (1). It results in high frequencies of hospi-
talization, long-term overexposure to laxative prescriptions
and a general healthcare burden worldwide (2,3). Although
constipation is not strictly gender-specific, a severe type is
exclusively found in women (4). Slow-transit constipation (STC),
affecting 13-37% of patients with chronic constipation in both
Western nations and Asia, commonly occurs in young women
with a comparably long history of abnormal bowel movements
since adolescence (2). For a number of patients with mild STC,
a high-fibre diet alone can relieve the symptoms of constipa-
tion. Patients with severe STC, however, fail to respond to both
dietary fibre and laxatives (2,5). In China, the significance of
STC has not been fully recognized. Limited therapeutic inter-
ventions result in increased excess laxative treatment, long-term
discomfort and difficulty in obtaining samples (6,7). In fact, the
genomic investigation of STC remains sparse.

Notably, although multiple therapeutic management
strategies, including fibre supplements, prokinetic drugs and
biofeedback therapy, have been instituted, total colectomy and
ileorectostomy remain the final and most effective manage-
ment for patients with STC (2). In addition, there is an overlap
between STC and other subtypes of constipation, including
irritable bowel syndrome and pelvic floor dyssynergia, high-
lighting the sophisticated mechanisms involved in STC (8-10).

Previous histopathological investigations have revealed
that a reduced number of interstitial cells of Cajal (ICC) and
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abnormalities in the myenteric plexus neurons, neurotransmitter
P substance, intestinal peptide and nitric oxide are associated
with STC (11-13). Interestingly, the loss of ICC is also found
in gastroparesis with increased CD45 and CD68 immunoreac-
tivity (14), indicating potential similarities between STC and
gastroparesis. The diagnostic and prognostic roles of miRNAs
in various types of malignancies and disorders have been
explored over the last decade (15,16). Previously, a negative
correlation between miRNA-128 and macrophages in STC
was reported by Liu ez al (17). However, the exact mechanism
underlying STC remains largely unknown.

Thus, the present study was conducted to characterize
miRNA expression and identify key miRNAs associated
with STC using weighted gene correlation network analysis
(WGCNA). WGCNA was established to identify and delineate
significant modules comprising highly clustered genes and to
further correlate those genes modules with certain clinical
traits (18,19). Distinct from the differential gene expression
analysis strategy, WGCNA upgrades and facilitates gene
screening and biological applications/processes. This bioin-
formatics analysis was performed using the publicly available
miRNA expression profile GSE579609.

Materials and methods

Gene expression profile in Gene Expression Omnibus (GEO).
The non-coding RNA expression profile, GSE57969, was
downloaded from the GEO database (http://www.ncbi.nlm.
nih.gov/geo/) (20) with annotated clinical information. The
GSES57969 dataset consisted of six colon tissues from six
patients (five females and one male) with STC who underwent
colectomy (total colectomy and ileorectal anastomosis or
subtotal colectomy with antiperistaltic cecoproctostomy) and
six normal colon tissues as controls from six patients (five
females and one male) with colon cancer in a tumor-free area
at least 5 cm away from the primary lesions. Notably, patients
in the control group were free from constipation. The microar-
rays of all samples were scanned. The data were processed by
Agilent Feature Extraction software version 9.5.3 and Gene
Spring software version 11.0 (Agilent Technologies, Inc.)
with normalization. The normalized data were annotated
by the platform GPL11487 (Agilent-021827 Human miRNA
Microarray) (17).

Identification of differentially expressed miRNAs. The differ-
entially expressed miRNAs were determined by GEO2R
(https://www.ncbi.nlm.nih.gov/geo/geo2r), a web-based anal-
ysis tool for in silico bioinformatics analysis (21). The cut-off
value for the differentially expressed miRNAs was defined as
an adjusted P-value of <0.05. The heatmap and volcano was
generated by R software (3.6.0, https:/www.r-project.org) (22).

WGCNA. WGCNA was performed in an R environment (18,19).
The entire standardized miRNA expression profile, GSE57696,
was measured by Pearson's correlation coefficients. The gener-
ated similarity matrix was used to describe the concordance
between miRNA expression. Afterwards, an adjacency matrix
was generated by the similarity matrix according to the
selected power adjacency function, predefined as the connec-
tion strengths on each node (18,19). In the present study, a
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power =9 was selected as the most qualified value based on
the criterion of the scale-free topology (19).

Next, the topological overlap measurement (TOM;
a dissimilarity measure of average linkage hierarchical
clustering) was performed. Topological overlap can be
measured to the interconnectedness of networks in terms of
overlap (23). Within the dendrogram, modules are represented
as tree branches with a dynamic tree-cut algorithm using
hybrid branch cutting method (23,24). To further quantify the
associations between modules and clinical traits (gender and
disease status, STC or control), the module eigengenes were
calculated and correlated with the clinical traits (Module-Trait
Relationships) (19,24).

The association between individual genes and STC was
defined by the gene significance (GS) (19). Module member-
ship (also known as eigengene-based connectivity) was defined
as the correlation between the module eigengene and the gene
expression profile, with the aim to quantify the similarity of
every module to the matrix (18,19). The module with the most
significant P-value and correlation was chosen for further
processing. The miRNAs with a correlation value >0.6 or <-0.6
for STC were identified as the key miRNAs.

Functional enrichment of the key miRNA target genes.
The miRNA target genes were predicted by three indepen-
dent web-based databases for miRNA target prediction,
TargetScanHuman (http://targetscan.org/vert_72/) (25),
miRDB (http://mirdb.org/) (26) and microT-CDS (http://diana.
imis.athena-innovation.gr/DianaTools/index.php?r=MicroT _
CDS/index) (27). All the predicted miRNA targets were
subsequently annotated by Kyoto Encyclopedia of Genes
and Genomes (KEGG) and Gene Ontology (GO), which
breaks processes down into Biological Process (BP), Cellular
Components (CC) and Molecular Functions (MF) with
the Database for Annotation, Visualization and Integrated
Discovery (https://david.ncifcrf.gov/) (28-30). Additional
pathway enrichment was performed using the BioCarta
database, a newly established dataset collection for mining
genes (31).

Protein-Protein Interaction (PPI) networks of key miRNA
target genes. The PPI networks of the miRNA target genes
were constructed by the Search Tool for the Retrieval of
Interacting Genes database and further visualized by the
Cytoscape program (version 3.6.0) (32,33). The cut-off values
were: Degree =1, node score=0.2 and k-score=2 with the
max depth=100. The top-scoring modules were identified by
the Molecular Complex Detection (MCODE) algorithm (34).
The MCODE was embedded in Cytoscape software. Each
top-scoring module was separately displayed in PPI as well.
Moreover, the top 10 genes with the highest degrees were
identified as the hub genes.

Statistical analysis. R software (3.6.0, https://www.r-project.
org) (22) and GraphPad Prism 5.0 software (GraphPad
Software, Inc.) were selected for illustration and statistical
analysis. For correlation analysis, a Pearson test was used
for measurement. Adjusted P-values were generated by the
GEO2R web tool and used for statistical comparison in terms
of the initial identification of differentially expressed genes.
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Figure 1. Cluster tree of STC samples and determination of soft-threshold power in weighted gene co-expression network analysis. (A) Cluster tree of STC
samples; gender in red, male; gender in white, female; STC in red, STC samples; STC in white, control tissues. (B) Scale-free fit index for soft-threshold
powers f. (C) Mean connectivity for each power. (D) Scale-free topology checking with f=9. STC, slow-transit constipation.

P<0.05 was considered to indicate a statistically significant
difference in terms of rest condition.

Results

WGCNA. The information of the included normalized samples
for GSE579609 is displayed in Table SI and Fig. S1. The work-
flow of the bioinformatics analysis is displayed (Fig. S2). The
differentially expressed miRNAs between the normal and
STC groups were analyzed based on the GEO2R web tool.
Interestingly, none of the miRNAs displayed remarkable differ-
ential expression between the normal and STC groups given
all the adjusted P-values were >0.05 (Table SII). However, the
heatmap and volcano plot of miRNAs with P<0.05 were also
exhibited (Figs. S3 and S4).

A total of 961 miRNAs and 12 samples retrieved from the
original expression profiles were used for the co-expression
network (Fig. 1A). A power of p=9 was selected as the
optimal soft-threshold value for the subsequent construc-
tion of networks (Fig. 1B-D). The network was selected as

unsigned with a minimal module size of 30 and a merge
cut height of 0.25; however, a total of 12 clustered miRNAs,
represented by colored modules were determined. The
correlations between each module and clinical traits (gender
and STC status) were calculated (Fig. 2A and B). Within
the 12 modules, a TOM plot visualized the connectivity of
the modules with color-coded depiction (all the colors were
randomly assigned to each determined module; Fig. 2C).
Although no module showed significant correlations with
STC in clinical traits (Fig. 2B), the present study individu-
ally explored the GS and the module membership in each
module (Fig. 3A-L). In fact, the module membership of the
blue module showed the most significant correlation with
GS (cor=0.87, p=2.8e-39), whereas the turquoise module was
the second most significant (cor=-0.71, p=1.1e-31). Moreover,
seven key miRNAs were determined with five miRNAs
from the turquoise module (hsa-miR-20b, hsa-miR-128,
hsa-miR-129-3p, hsa-miR-30b and hsa-miR-340), one miRNA
from the blue module (hsa-miR-619) and one from the black
module (hsa-miR-486-3p) (Tables I and SIII).
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Figure 2. Hierarchical clustering dendrogram of the included modules with associated traits. (A) The color bands indicate various modules based on the
dynamic hybrid branch cutting method. The upper color band shows the results of automatic single block analysis. The middle and bottom color bands show
the GS (miRNA significance) in association with STC and gender. In the middle color band, red indicates a high positive correlation with STC, whereas
blue indicates a high negative correlation with STC. In the lower band, red indicates a high positive correlation between gender and each miRNA while blue
indicates a negative correlation. (B) Correlations (and P-values) between the modules (rows) identified by the single block analysis, and traits (columns); the
most correlated colored module with STC was identified by this plot for further analysis. (C) A TOM plot of the network connections in miRNAs. The dark red
color indicates high topological overlap, whereas the lighter yellow color represents low topological overlap. The cluster trees and colorful modules are shown
at the left and top. TOM, Topological overlap matrix; STC, slow-transit constipation; GS, gene significance.

Functional enrichment of miRNA target genes. A total of
2,077 genes were predicted as targets of the key miRNAs. GO
enrichment analysis indicated that the ‘protein modification
process’ and ‘cellular protein modification process’ were the
most significantly enriched BP, ‘nucleoplasm’ was the most
enriched CC and ‘enzyme binding’ was the most enriched
MF (Fig. 4). KEGG analysis revealed that the most signifi-
cantly enriched term was the ‘cAMP signalling pathway’
(Fig. 5). In addition, pathway enrichment analysis from the
BioCarta database was performed with no significantly
enriched pathways (FDR>0.05) identified (Table SIV). The
PPI networks were constructed with 641 nodes and 2,414

edges (Fig. 6). The hub genes included calmodulin (CALM)2,
CALMLI, histone deacetylase (HDAC)3, glycogen synthase
kinase 3 3, HDACDY, heat-shock protein family A member 8,
G-protein subunit y (GNG)13, HECT domain and ankyrin
repeat containing E3 ubiquitin protein ligase 1, GNGI0 and
GNGT7 (Tables II and SV). The top-scoring modules identified
in the PPI are displayed with the most significantly enriched
KEGG pathways. Top-scoring modules identified in the
Protein-Protein Interaction network using the MCODE algo-
rithm (Figs. 7A, 8A and 9A). The first module was showed in
PPI network (Fig. 7A). ‘Morphine addiction’, ‘glutamatergic
synapse’ and the ‘chemokine signalling pathway’ were the



4700

MOLECULAR MEDICINE REPORTS 22: 4696-4706, 2020

Table I. Key miRNAs identified in association with STC based on the GS and MM.

1D Module Cor.STC By GEO2R (P-value) By Liu er al (17) (P-value)
hsa-miR-619 Blue 0.691847 - -
hsa-miR-20b Turquoise -0.60402 0.041 0.041
hsa-miR-128 Turquoise -0.61819 0.0479 0.035
hsa-miR-486-3p Black -0.64059 - -
hsa-miR-129-3p Turquoise -0.64954 0.0186 0.023
hsa-miR-30b Tturquoise -0.69318 0.0103 0.015
hsa-miR-340 Turquoise -0.70344 0.0107 -

The key miRNAs were also compared with the results from GEO2R and Liu et al (17). Cor, correlation; GS, gene significance; MM, module

membership; miR/miRNA, microRNA; STC, slow-transit constipation.
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most significantly enriched pathways in module 1 (the module
with highest score; Fig. 7B). ‘Spliceosome’ was the only signif-
icantly enriched KEGG pathway in module 2 (the module with
the second highest score; Fig. 8B). ‘Alcoholism’ was the only
significantly enriched pathway in module 3 (the module with the
third highest score; Fig. 9B). In addition, topological features

were also characterized (Tables SVI and SVII). Specifically,
the top 20 genes with highest degree were listed, along with
average shortest path length, betweenness centrality, closeness
centrality, clustering coefficient, neighborhood connectivity,
radiality and topological coefficient parameters. The networks
identified by MCODE were also characterized with simpler



YU et al: WGCNA OF miRNA IN STC 4701

G032 1-profoin moddfication procons |

0001 453 requiation of gere exprEasion |

G0 DONATSS-negutaton of ey gtion, DNA-trmrpkied 5

GOOOAA24 - axon 4
GO DA RM - aron
OODIESE-coll Inaging edoe |

GO D0444585- synagee part 1

Reorder (term, -raking)

o
o
2
=

OO DIEAGT - pusdt 4

GO DO30054 - ool junclion

facior acthity FIHA ]

NeglLog10_P-value

Figure 4. Functional enrichment results of all key miRNA target genes. GO results of the included genes (predicted target genes of key miRNAs); red, BP in GO;
green, CC in GO; blue, MF in GO; the P-value was visualized by -logl0 (P-value). The GO results were statistically analyzed by the Database for Annotation,
Visualization and Integrated Discovery (https:/david.ncifcrf.gov/). GO, Gene Ontology; BP, Biological Process; CC, Cellular Components; MF, Molecular Functions.

KEGG pathways

hsa04024.cAMP signaling pathway -

Gene number
® 325
® 350
@ 35

hsal4360:Axon guidance§ © .40.0

@ w5

Pathway name

—logyg( P-value)
hsa04022-cGMP-PKG signaling pathway () 50
48

46

hsa04120:Ubiqui proteolysis - o

15 16 17 18 19 20 21
Ratio (%)

Figure 5. KEGG results of the included genes. The P-value was visualized by -log10 (P-value) from red to green. Red indicates greater significance. The dot size
was in proportion to the enriched gene number in each pathway. The KEGG results were statistically analyzed by the Database for Annotation, Visualization
and Integrated Discovery (https://david.ncifcrf.gov/). KEGG, Kyoto Encyclopedia of Genes and Genomes.



4702

MOLECULAR MEDICINE REPORTS 22: 4696-4706, 2020

Table II. Hub genes identified in the Protein-Protein Interaction networks.

Gene symbol Degree Gene name
CALM2 55 calmodulin 2

CALM1 52 calmodulin 1

HDAC3 42 histone deacetylase 3

GSK3B 41 glycogen synthase kinase 3 3

HDAC9 41 histone deacetylase 9

HSPAS 41 heat shock protein family A member 8
GNG13 40 G-protein subunit y 13

HACE!1 39 HECT domain and ankyrin repeat containing E3 ubiquitin protein ligase 1
GNG10 39 G-protein subunit y 10

GNG7 38 G-protein subunit y 7

Figure 6. Protein-Protein Interaction networks of key microRNA target genes. The size and color of each dot is reflected by the degree value. The hub genes

with highest degrees displayed the largest size and darkest color.

parameters, including MCODE scores, nodes, edges and genes
IDs.

Discussion

To the best of the authors knowledge, this is the first
WGCNA-based bioinformatics study for an STC-associated
miRNA expression profile (GSE57969) in the GEO platform.
This study provided unique insights and meaningful evidence
of potential miRNAs, genes and pathways involved in the
pathogenesis of STC. The GEO platform was utilized for
these studies, which has the only gene expression profile and

miRNA expression profile on STC. Previous bioinformatics
studies related to STC currently remain limited. Specifically,
Liu er al (17) discovered a significant negative correlation
between miRNA-128, and colonic macrophage numbers during
the pathogenesis of STC. Other studies that have focused on
STC were primarily associated with clinical practice, with
sparse investigation into genomic expression profiles (2-5). In
summary, this is the first study on the bioinformatic analysis
of miRNA expression profile in STC. Of note, the original
article on GSE57969 showed that miR-128 is significantly
decreased in STC samples compared with the control samples
in GSE57969.
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Figure 8. Identification of second highest-scored module related to the PPI networks using MCODE algorithm. (A) Second highest scoring module identified
in the Protein-Protein Interaction network using the MCODE algorithm and (B) corresponding KEGG pathway result. All the scoring results were output by
MCODE algorithm. MCODE, Molecular Complex Detection; KEGG, Kyoto Encyclopedia of Genes and Genomes.

The present study reanalyzed the expression profile with
WGCNA and other bioinformatics strategies, and rediscovered
additional key miRNAs and pathways underlying the patho-
genesis of STC. Consistently, miR-128 was found to be a key
miRNA in the present results, corroborating what was found
by Liu et al (17). Furthermore, the present study identified a
correlation between hsa-miR-619 (positive correlation), 20b
(negative correlation), 486-3p (negative correlation), 129-3p
(negative correlation), 30b (negative correlation), 340 (negative
correlation) and STC by WGCNA (Table I). Interestingly, only
hsa-miR-619 featured a positive correlation with the presence
of STC (cor=0.692), whereas the remaining six key miRNAs
showed a negative correlation with the presence of STC.

Previous studies have demonstrated that both the gangli-
onic density and size, and the number of ICCs were reduced in
patients with STC and megacolon (11-13,35). More molecular
biomarkers, instead of mere histopathological features, were
suggested to identify STC. Currently, surgical interventions for
STC remain largely debatable. A previous study has reported
that diverse postoperative complications and functional
anomalies may limit postoperative satisfaction in patients
with STC (36). Nonetheless, biofeedback, a recommended
clinical management for chronic constipation, is less effective
in patients with STC than in patients with pelvic floor dyssyn-
ergia (37). These findings reflect the clinical complexity and
heterogeneity of STC. Notably, the involvement of miRNAs
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Figure 9. Identification of third highest-scored module related to the PPI networks using MCODE algorithm (A) Third highest scoring module identified in
the Protein-Protein Interaction network using the MCODE algorithm and (B) corresponding KEGG pathway result. All the scoring results were output by
MCODE algorithm. MCODE, molecular Complex Detection; KEGG, Kyoto Encyclopedia of Genes and Genomes.

could provide insight into the pathogenesis and therapeutic
options for STC.

Generally, in WGCNA, correlated gene expression profiles
indicate a potential collaboration or pathway co-involvement,
which contributes to the correlation of certain clinical pheno-
types. All genes were weighted with the connection strengths
and marked by a power function (18,19). All the miRNAs were
clustered into 12 subsets, represented by colored modules.
Next, each module was linked to clinical information for
further target gene annotations.

CALMI1 and CALM?2 were identified as the hub genes
in the present study. The CALM family is a commonly
studied group of Ca**-sensing proteins, particularly in rela-
tion to secretory diarrhoea (38-40). CALM proteins display
numerous Ca?*-dependent biological functions by directing
a variety of target-specific activations (38). It is of note that
the cAMP signalling identified in the KEGG pathway is
also closely associated with the CALM family in terms of
pro-arrhythmic Ca®" waves (41). Notably, one of the central
factors in intestinal motility, ICC, has been found to be highly
correlated with Ca** in terms of the initiation of pacemaker
activity (13,42,43). In fact, ICC exhibits a specialized,
secondary voltage-independent slow wave current yet to be
elucidated. Some studies have reported that this current is acti-
vated by a Cl'selective conductance (44). The redistribution of
extracellular Ca* or replacement of Ca** could influence the
rhythmic waves (44). In fact, the present results indicated the
possible roles of the CALM family and the involvement of the
cAMP signalling pathway in the potential underlying mecha-
nism of STC.

In addition, different results between KEGG annotation
and BioCarta were possibly due to the different referential
background and embedded algorithm. However, as this is
based on in silico analysis, further experimental validation is
needed to confirm these conclusions. Another limitation of the
present study is the relatively small sample size, which may be
confounded by heterogeneous factors. Given the limited gene
expression resources of the miRNAs of STC in GEO, a global

picture of the miRNA regulatory mechanisms awaits further
consolidation. Undeniably, the minimal recommended sample
size of WGCNA is 15 (19), whereas only 12 samples were
analyzed in this study. However, this unique miRNA micro-
array enabled the first WGCNA-based bioinformatics analysis
of STC. Moreover, clinically resected sample sizes of STC are
generally limited in China, partially because STC has not been
fully recognized by patients who prefer treatment without
surgery. Thus, STC resected specimens are relatively hard to
get and the underlying pathogenesis remains largely unclear.
In the present study, no reverse transcription-quantitative PCR
was performed to validate the results. It may take at least
3-5 years for a comparable STC sample size to be attained.
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