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A B S T R A C T

In the recent past, a number of methods have been developed for analysis of biological data. Among these
methods, gene co-expression networks have the ability to mine functionally related genes with similar co-ex-
pression patterns, because of which such networks have been most widely used. However, gene co-expression
networks cannot identify genes, which undergo condition specific changes in their relationships with other
genes. In contrast, differential co-expression analysis enables finding co-expressed genes exhibiting significant
changes across disease conditions. In this paper, we present some significant outcomes of a comparative study of
four co-expression network module detection techniques, namely, THD-Module Extractor, DiffCoEx, MODA, and
WGCNA, which can perform differential co-expression analysis on both gene and miRNA expression data (mi-
croarray and RNA-seq) and discuss the applications to Alzheimer's disease and Parkinson's disease research. Our
observations reveal that compared to other methods, THD-Module Extractor is the most effective in finding
modules with higher functional relevance and biological significance.

1. Introduction

Identification of gene and miRNA biomarkers associated with dis-
eases is an emerging and challenging task. A particular miRNA can
target several genes and control their expressions and functions,
thereby behaving as potent biological regulators. In other words,
miRNAs regulate the expression levels of genes, potentially causing
abnormal changes during progression of a disease. Therefore, identifi-
cation of genes and miRNAs as disease biomarkers has impacted posi-
tively on the ability of researchers to gain substantial knowledge about
how biomarkers influence the targets.

Widespread use of microarray and RNA-seq technologies has re-
sulted in rapid growth of biological data related to gene expression and
miRNA expression, thereby increasing the demand for computational
methods and tools for better transcriptome analysis. These computa-
tional approaches help decipher the complex mechanisms of diseases
potentially aiding the development of effective drug targets to prevent
the pathogenesis of the disease at an early stage. Among these com-
putational methods, gene co-expression network (gCEN) is widely used
in functional prediction because a co-expression network (CEN) is good
at identifying functionally co-related genes and miRNAs across a group
of samples. Similarly, miRNA co-expression networks (mi CEN) are used

to study correlation of miRNAs with regulatory genes and identify their
roles in dysregulation of expression, influencing activities, such as
regulation of diseases [1,2]. However, identification of disease related
miRNAs using mi CEN has not been fully explored, and therefore as-
sesment of methods to construct mi CEN has become critical. In this
work, we assess the performance of four CEN module extraction tech-
niques, namely THD-Module Extractor [3], DiffCoEx [4], MODA [5],
and WGCNA [6] in mapping both gene expression and miRNA ex-
pression data to CEN. The analysis of the co-expressed modules involves
Gene Ontology (GO) enrichment analysis, topology enrichment, KEGG
enrichment analysis, hub gene identification, and gene regulatory net-
work analysis [7]. However, an issue in CEN analysis is that it is not
able to identify the genes or miRNAs, which undergo condition-specific
changes across disease conditions. A traditional approach to identify
genes and miRNAs showing varying expression patterns across condi-
tions is differential expression (DE) analysis. However, DE ignores po-
tential interactions among these bio-entities and only considers in-
dividual entity behaviors across different conditions. To address the
inter-dependence issue, an approach based on co-expression analysis,
called differential co-expression (DC) analysis has emerged, referring to
the condition specific changes of co-expressed modules. DC analysis
provides insights into the altered mechanisms between control and
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disease conditions by analyzing the gene expression patterns. The main
idea behind this analysis is that co-expressed or co-regulated genes or
miRNAs have similar expression patterns and during progression of a
disease, these co-regulated genes or miRNAs undergo mutations, which
may lead to distortions in their bonds with other genes or miRNAs,
thereby resulting in differences in expression patterns of the co-regu-
lated genes across disease conditions [8].

With the continuous evolution in high throughput technologies,
such as, microarray and RNA-sequencing, there is a tremendous growth
in the amount of biological data produced. Microarray data record
expression values of thousands of genes simultaneously and their ana-
lysis helps in getting insights into the changes in expression values of
multiple genes during the progression of a disease. The genes whose
expression values changes exhibit altered biological patterns across
stages of a disease and therefore act as biomarkers. Gene biomarkers are
groups of genes which exhibit distinct features during progression of
the disease. The expression of the gene biomarkers may upregulate or
down-regulate across stages of diseases. On the other hand, in next
generation sequencing technologies (NGS), a large amount of DNA se-
quencing ican be performed at a cheaper cost and quantification of
discrete read count is aligned to a particular sequence. Co-expression
analysis of NGS (RNA-seq) data provides better structural variations.
According to Dam et al. [7], RNA-seq based CEN module extraction
techniques share a number of limitations including loss of information,
biased co-expression signals, and increase in the size of networks.
Conesa et al. [9] review the steps of RNA-seq data analysis and address
the challenges and issues including quantification, read count, visuali-
zation, differential expression, and functional analysis. Despite major
challenges, a number of CEN module extraction techniques have been
introduced using RNA-seq data. Among them, WGCNA is the pioneer in
detecting co-expressed modules from RNA-seq data using CEN. Ko-
gelman et al. [10] identify co-expressed modules of genes using
WGCNA in porcine RNA-seq data and confirm the complexity in obesity
by identifying complex networks and pathways. Another method pro-
posed by Lee et al. [11] is used to analyze RNA-Seq data and to detect
and quantify individual exons and transcripts. Wang and Liu [12], re-
port a machine learning model that identifies differentially co-ex-
pressed modules from a CEN built from gene expression profiles of
different brain regions in order to mine Alzheimer's disease (AD) bio-
markers having perturbations across control and AD conditions.

CEN techniques for microarray and RNA-Seq data have both dif-
ferences and similarities. There are a few recent surveys on commonly
used CEN and DC analysis techniques. Van Dam et al. provided an in-
troduction to CEN, followed by a comprehensive study of the commonly
used CEN tools and the scope of DC analysis using both microarray and
RNA-seq data [7]. Hussain et al. [13] present a comprehensive survey
by reviewing differential co-expression, co-expression, differential
networking, differential connectivity, and scRNA-data analysis for both
microarray and RNA-seq data. Lie et al. [14] review existing methods
for DC analysis and discuss their application to cancer datasets. How-
ever, there is a need for an empirical study of the most commonly used
DC analysis techniques with respect to their significance in producing
biologically and statistically meaningful results. In this review, we
provide an overview of four module extraction techniques, namely
THD-Module Extractor, DiffCoEx, MODA, and WGCNA for both mi-
croarray and RNA-Seq data using gene and miRNA expression profiles
(see Fig. 1) and discuss their application in identifying gene and miRNA
biomarkers related to Alzheimer's disease (AD) and Parkinson's disease
(PD).

We present some significant outcomes of an empirical study of the
four aforementioned techniques for identifying differentially co-ex-
pressed genes and miRNAs, and compare results in terms of GO en-
richment, topological enrichment (for differentially co-expressed
genes), miRNA enrichment (for differentially co-expressed miRNAs),
and pathway enrichment. In addition, from each differentially co-ex-
pressed gene or miRNA modules, we extract the hub genes and validate

their association with the disease. DC analysis techniques identify co-
expressed genes, which undergo dysfunctionality during transition from
control to disease conditions. We use the four DC analysis techniques on
three microarray and four RNA-seq datasets with both gene and miRNA
expression profiles. Further, we extend DC analysis to identify hub
genes and validate their dysfunctional characteristics across control and
disease conditions and their associations with AD and PD.

2. Methods

There are a number of gCEN module extraction techniques to infer
gene functions and identify disease-gene associations from gene ex-
pression data. Due to short lengths of miRNAs and high variance and
small sizes of the miRNA datasets, there are few mi CEN module ex-
traction techniques. In our study, we use four module extraction tech-
niques, namely THD-Module Extractor, DiffCoEx, MODA, and WGCNA
to extract both gene and miRNA co-expressed modules due to their
varied underlying approaches and attributes. Among these techniques,
THD-Module Extractor and WGCNA do not assume the presence of
abnormality between control and disease conditions. To address this
issue, we extend these traditional CEN techniques to identify variations
among genes and miRNAs under control and disease conditions using
differential co-expression functions along with DiffCoEx and MODA.

2.1. THD-Module Extractor

THD-Module Extractor is a CEN module extraction method which
considers the border genes (genes with single edges) along with other
co-expressed genes in disease related analysis. The method mines in-
teresting border genes from co-expressed modules, which have high
semantic correlation and low expression similarity with the core gene,
which is the gene with the highest number of edges. The method can be
applied to microarray AD datasets to identify disease biomarkers. The
method accepts two thresholds, viz., expression similarity threshold (δ)
and minimum neighborhood threshold (ρ), and constructs CENs from
gene expression data [3]. In each iteration of module extraction, δ is
updated by a factor α to detect modules from the CEN. Unlike WGCNA,
the user can tune the minimum number of genes in a co-expressed
module and the number of modules generated. The method has been
implemented in both MATLAB and R. THD-Module Extractor has been
extended to find the differentially co-expressed genes and miRNAs by
finding covariance among genes and miRNAs across disease conditions.

2.2. DiffCoEx

DiffCoEx builds CENs based on WGCNA and follows five steps to
identify differentially co-expressed genes. At first, for each condition, it
constructs an adjacency matrix using Pearson correlation and then
computes the matrix of adjacency differences for pairs of conditions.
From the matrix of adjacency differences, we compute a dissimilarity
matrix from topological overlap scores, where high scores signify genes
with same neighbors. From the dissimilarity matrix, co-expressed
modules are found. The method depends on the tuning of a soft
threshold parameter used to construct adjacency matrix and tree cut-
ting thresholds [4]. The method is implemented in R and is used as an
application for microarray datasets only.

2.3. MODA

MOdule Differential Analysis for weighted gene co-expression net-
work (MODA) is a CEN module extraction technique based on WGCNA
to identify differentially expressed modules of genes, which are asso-
ciated with a disease. MODA uses a sample-saving approach to con-
struct CEN from single or multiple samples and identify the differen-
tially co-expressed gene modules across conditions by comparing
networks across conditions [5]. In order to detect modules from each
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network, hierarchical clustering is applied by tuning the tree cutting
threshold. The optimal cutting threshold is decided based on average
modularity for weighted networks. The method is implemented in R
and the results are found to be highly influenced by parameter values.

2.4. WGCNA

WGCNA or Weighted gene co-expression network analysis uses
Pearson correlation to compute correlation patterns among genes across
all samples or conditions. WGCNA uses hierarchical clustering to
identify modules from the CEN using different tree-cutting thresholds
by summarizing each module by the module eigengene or an in-
tramodular hub gene [6]. The eigengene helps relate modules by
computing memberships of modules. WGCNA is the most widely used
CEN technique and is used in many applications, such as, genetic
analysis of cancer, genome analysis of mouse, and yeast, and analysis of
brain MRI data. Kogelman et al. introduced a CEN model to identify
genes or pathways such as NKT (Natural Killer cell mediated cyto-
toxity), osteoporosis, and B-cell receptor signaling with low p values
[10]. The method was implemented in R and the underlying methods
can be used in both microarray gene expression data and RNA-Seq data.
To find differentially co-expressed genes or miRNAs, we use WGCNA()
function from the DGCL package.

Table 1 highlights the main features of the four CEN module ex-
traction techniques. DiffCoEx and MODA are based on the WGCNA
framework and they suffer from the major disadvantages of WGCNA,
listed below.

• WGCNA does not recommend that one produce modules from a

dataset consisting of fewer than 15 samples. THD-Module Extractor
does not place a limit on datasets with a small number of samples.

• WGCNA does not assume scale-free topology for differentially ex-
pressed genes and therefore the soft thresholding of power fit fails.
On the other hand, for THD-Module Extractor, there is no such as-
sumption for differentially expressed genes.

• WGCNA takes many parameters with default values to control net-
work construction and distinct module extraction. Tuning of these
parameters is situation specific. THD-Module extractor takes only
three parameters, namely expression similarity threshold (δ),
minimum neighborhood threshold (ρ), and δ updating factor α for
network construction and module extraction. The range for δ and ρ
is [0.95–0.35] and default value of α is 0.05.

In our study, we use seven datasets (four RNA-seq datasets and three
microarray datasets) with both gene and miRNA expression profiles for
(differential) co-expression analysis of the modules. We extend the
analysis of the differentially co-expressed genes with GO enrichment,
topology enrichment (for differentially co-expressed genes), miRNA
target enrichment (for differentially co-expressed miRNAs), pathway
enrichment, and identification of hub genes. The hub genes extracted
from the differentially co-expressed gene or miRNA modules undergo
regulatory changes across the disease conditions. We identify the hub
genes and hub miRNAs, which undergo disorientation in the disease
network in terms of network statistics, such as the degrees of the hub
genes. We further assess the condition specific hub genes and hub
miRNAs and identify their potential roles in the progression of AD and
PD. We also use network preservation statistics, Zsummary to report the
evidence for weak module preservation of the differentially co-

Fig. 1. Framework shows the steps in identifying
gene or miRNA biomarkers using the four module
extraction techniques following DC analysis. The
data are pre-processed using normalization, mean,
variance, handling missing or NAN values, re-
moving noise or redundant entities, before pro-
ceeding with network construction and module
extraction. The lowly expressed or non-varying
genes and miRNAs usually represent noise. For
ease of computation, we filter genes and miRNAs
with low variance with respect to a threshold.
After extraction of gene or miRNA co-expressed
modules, we extend co-expression analysis with
differential co-expression (DC) analysis. The dif-
ferentially co-expressed genes or miRNAs are fur-
ther analyzed for topology/miRNA enrichment
analysis, GO enrichment analysis, and pathway
enrichment. Further, from the differentially co-
expressed genes or miRNAs, hub genes or miRNAs
are identified and their associations with a parti-
cular disease are validated with already published
results. We also find regulatory behavior of these
hub genes or hub miRNAs in disease networks.
These regulatory hub genes or hub miRNAs are
found to play significant roles in disease progres-
sion.
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expressed gene and miRNA modules.
Table 2 gives an overview of the microarray and RNA-seq datasets

used in our experimental study. For microarray datasets, we used two
gene expression AD datasets (GSE4757, GSE5281) and one miRNA
expression AD dataset (GSE16759). For RNA-Seq datasets, we used two
gene expression PD datasets (GSE62642, GSE68719) and two miRNA
expression PD datasets (GSE72962, GSE77668).

WGCNA finds good genes or miRNAs using goodSamplesGenes().
WGCNA does not recommend that we use differential expression ana-
lysis before module extraction. A major drawback of high throughput
technologies such as microarray and RNA-seq is the batch effect, which
is incorporated due to differences in dates of experiments, instruments
used, populations, and technicians. In microarray data, batch effect
comes from unbalanced experiments, while in RNA-Seq batch effects
come from unbalanced experiments and sequence design. The variance
in RNA-seq is bigger than in microarray data, which makes the batch
effects in RNA-seq more prominent. In our experiments, we remove
batch effects for RNA-seq data using removeBatchEffect() of the edgeR
package. The preprocessing activity of microarray and RNA-seq data-
sets involves the following steps.

• We normalize the logarithmic expression data using normal-
ize.quantiles()

• We remove redundant genes and miRNAs. We also filter out the
genes and miRNAs which have NAN values.

• For computational ease, we scale down the number of genes and
miRNAs by using a naive approach called varFilter() and discard the
genes and miRNAs which had very low variance.

3. Results

In this section, we report the assessment of the four module ex-
traction techniques in terms of GO enrichment, topology enrichment,
miRNA target enrichment and pathway enrichment. Further, we ex-
tended the analysis with identification of hub genes and hub miRNAs
across control and disease networks of GSE68719 and GSE72962 PD
datasets, respectively. We assess the gene regulatory network of the hub
genes, identified from differentially co-expressed genes obtained from
GSE4757 AD dataset. We also report the module preservation statistics
of the differentially co-expressed gene modules across control and dis-
ease networks of GSE4757 AD dataset.

3.1. Differentially co-expressed gene modules

We study the Gene Ontology (GO) and the topological significance
of the co-expression modules extracted from both AD and PD datasets.
Statistical measures, such as p and q values, define the potential GO
enrichment of a module. The p value is defined as the possibility of
obtaining k or more genes in a cluster of size n, associated with a
specific GO term. q value is another statistical measure, which gives the
minimum false discovery rate (FDR). Lower values of p and q signify
higher statistical significance for a module, i.e., that the module was not
discovered by chance. The topological measures, such as shortest path
length (SPL), node betweeness (NB), and degree determine the topo-
logical enrichment for the modules. SPL measures the centrality of a
node with respect to other nodes passing through that node. Lower SPL
means higher interaction between the nodes of a module. The NB of a
module measures the number of shortest paths passing through a node.
The higher the value of NB, the more significant is the presence of the
node in the module. The degree of a module can be used to compare a
node with another in terms of the average number of edges incident on
it. A higher degree signifies a higher quantity of interactions among
genes of a module. Pathway analysis measures the importance of genes
or groups of genes which undergo differential expression during pa-
thogenesis of a disease. We show the significance of the KEGG pathways
associated with the differentially co-expressed gene modules extractedTa

bl
e
1

C
om

pa
ri
so
n
of

fo
ur

C
EN

m
od

ul
e
ex
tr
ac
ti
on

te
ch

ni
qu

es
.

M
et
ho

d
W
or
ki
ng

pr
in
ci
pl
e

M
ea
su
re

us
ed

in
C
EN

co
ns
tr
uc

ti
on

Pa
ra
m
et
er
s

Im
pl
em

en
ta
ti
on

la
ng

ua
ge

or
Pl
at
fo
rm

us
ed

D
at
as
et
s
us
ed

TH
D
-M

od
ul
e
Ex

tr
ac
to
r
[3
]

D
en

si
ty
-b
as
ed

cl
us
te
ri
ng

SS
Si
m

[1
5]

Ex
pr
es
si
on

si
m
ila

ri
ty

th
re
sh
ol
d
(δ
),
m
in
im

um
ne

ig
hb

or
ho

od
th
re
sh
ol
d
(ρ
),
an

d
δ
up

da
ti
ng

fa
ct
or

α
R
an

d
M
A
TL

A
B

M
ic
ro
ar
ra
y

D
iff
C
oE

x
[4
]

D
iff
er
en

ti
al

C
o-
ex
pr
es
si
on

an
al
ys
is

D
is
si
m
ila

ri
ty

m
ea
su
re

ba
se
d
on

TO
M

[1
6]

So
ft
th
re
sh
ol
d
pa

ra
m
et
er

an
d
tr
ee

cu
tt
in
g
th
re
sh
ol
d

R
M
ic
ro
ar
ra
y

M
O
D
A

[5
]

Sa
m
pl
e-
sa
vi
ng

ap
pr
oa

ch
Pe

ar
so
n
co

rr
el
at
io
n
or

cu
st
om

di
st
an

ce
m
ea
su
re

(s
am

e
as

W
G
C
N
A
)

Tr
ee

cu
tt
in
g
th
re
sh
ol
d

R
M
ic
ro
ar
ra
y

W
G
C
N
A

[6
]

H
ie
ra
rc
hi
ca
l
cl
us
te
ri
ng

Pe
ar
so
n
co

rr
el
at
io
n
or

cu
st
om

di
st
an

ce
m
ea
su
re

Tr
ee
-c
ut
ti
ng

th
re
sh
ol
ds

R
M
ic
ro
ar
ra
y
an

d
R
N
A
-

Se
q

T. Kakati, et al. Computers in Biology and Medicine 113 (2019) 103380

4



using the four module extraction techniques in terms of p and q values.

3.1.1. GO and topology enrichment analysis
3.1.1.1. AD datasets

i. Performance of THD-Module Extractor: For GSE4757 AD dataset, the
p and q values obtained for the best differentially co-expressed gene
module extracted using THD-module Extractor are 1.96E-06 and
1.38E-03, respectively. This module is also topologically enriched
with SPL, NB, and degree values of 3.97, 20666, and 11.19, re-
spectively. For GSE5281 AD dataset, THD-Module Extractor also
performs well in extracting differentially co-expressed gene module
with lower p and q values of 7.72E-07 and 9.50E-03, respectively
and SPL, NB, and degree values of 4.21, 11895, and 8.03, respec-
tively.

ii. Performance of DiffCoEx: For GSE4757 AD dataset, the best differ-
entially co-expressed gene module extracted using DiffCoEx has p
and q values of 2.79E-05 and 2.75E-02, respectively. The SPL, NB,
and degree values of this module are 4.03, 20585, and 10.79, re-
spectively. Similarly, for GSE5281 AD dataset, the p, q, SPL, NB, and
degree values of the best differentially co-expressed module ex-
tracted using DiffCoEx are 5.10E-06, 3.06E-02, 4.06, 21094, and
10.58, respectively.

iii. Performance of MODA: The best differentially co-expressed gene
module obtained from the GSE4757 AD dataset using MODA has p,
q, SPL, NB, and degree values of 6.85E-06, 2.45E-03, 3.99, 44151,
and 21, respectively. For GSE5281 AD dataset, the p, q, SPL, NB, and
degree values of the best differentially co-expressed module ex-
tracted using MODA are 1.03E-04, 2.85E-02, 3.92, 10897, and 9.03,
respectively.

iv. Performance of WGCNA: The best differentially co-expressed gene
module extracted from GSE5281 AD dataset using WGCNA has p, q,
SPL, NB, and degree values of 6.71E-05, 1.36E-02, 4.19, 2425, and
4.94, respectively. Similarly, for GSE5281 AD dataset, the differ-
entially co-expressed gene module extracted using WGCNA has p, q,
SPL, NB, and degree values of 7.10E-06, 2.24E-03, 4.03, 9670, 8.41,
respectively.

v. Comparison: In Figs. 2 and 3, we compare the statistical and topo-
logical enrichment of the differentially co-expressed gene modules,
extracted from the GSE4757 and GSE5281 AD datasets, respectively
using the four techniques, in terms of p value, q value, SPL, NB, and
degree for the modules. In our experimental study for GSE4757, we
find that the best differentially co-expressed module in terms of
higher statistical significance and topological enrichment is ob-
tained by THD-Module Extractor. The topological values for dif-
ferentially co-expressed module from MODA are also significant.
Similarly, for GSE5281 dataset, we observe that the best differen-
tially co-expressed gene module in terms of statistical significance is
extracted using THD-Module Extractor. However, in terms of to-
pological enrichment, the best differentially co-expressed module is
extracted by DiffCoEx. Again, for MODA except SPL, other topolo-
gical statistics, viz., NB, and degree and GO enrichment parameters,
viz., p and q values are not that significant. For WGCNA, the best
differentially co-expressed modules is found to be rich with GO

terms, namely cellular nitrogen compound metabolic process, ion
binding, and gene expression with lower p and q values of 7.10E-06,
2.24E-03, respectively. Studies show that GO terms such as cellular
nitrogen compound metabolic process, ion binding, gene expression
with lower p values are associated with AD. Chatterjee et al. [17]
established that AD-related genes such as STXBP1 and GASP are
enriched in GO terms such as gene expression. From a molecular
perspective, there is a significant interference of ions during pro-
gression of AD and the perturbation of ions is related to GO term ion
binding [18].

Table 2
Overview of the datasets used in our experimental study https://www.ncbi.nlm.nih.gov/geo/.

Technology Disease ID: gene/miRNA original dataset size preprocessed dataset size

Microarray AD GSE4757: gene-expression 54675 genes × 10 control conditions × 10 disease conditions 3511 × 10 control conditions × 10 disease conditions
GSE5281:gene-expression 54675 genes × 74 control conditions × 87 disease conditions 5070 × 74 control conditions × 74 disease conditions
GSE16759:miRNA expression 899 genes× 4 control conditions × 4 disease conditions 82 × 4 control conditions × 4 disease conditions

RNA-Seq PD GSE62642: gene-expression 25593 genes × 8 control conditions × 6 disease conditions 9080 × 6 control conditions × 6 disease conditions
GSE68719: gene-expression 17580 genes × 44 control conditions × 29 disease conditions 9080 × 29 control conditions ×29 disease conditions
GSE72962:miRNA-expression 907 genes × 33 control conditions × 29 disease conditions 907 × 29 control conditions ×29 disease conditions
GSE77668:miRNA-expression 822 genes × 12 control conditions × 12 disease conditions 518 × 12 control conditions ×12 disease conditions

Fig. 2. Comparison of statistical and topological enrichment for the best
modules extracted using THD-Module Extractor, DiffCoEx, MODA, and WGCNA
for GSE4757. The y-axis denotes the logarithmic values of p, q, SPL, NB, and
degree and the x-axis denotes the four methods, namely THD-Module Extractor,
DiffCoEx, MODA, and WGCNA.

Fig. 3. Comparison of statistical and topological enrichment for the best
modules extracted using THD-Module Extractor, DiffCoEx, MODA, and WGCNA
for GSE5281. The y-axis denotes the logarithmic values of p, q, SPL, NB, and
degree and the x-axis denotes the four methods, namely THD-Module Extractor,
DiffCoEx, MODA, and WGCNA.
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3.1.1.2. PD datasets

i. Performance of THD-Module Extractor: The p and q values for the best
differentially co-expressed gene module extracted from GSE62642
PD dataset using THD-module Extractor are 1.24E-05 and 7.30E-03,
respectively. This module is also topologically enriched with SPL,
NB, and degree values of 3.97, 18381, and 11.13, respectively.
Similarly, for GSE68719 PD dataset, the p, q, SPL, NB, and degree
values for the best differentially co-expressed module extracted
using THD-module Extractor are 2.49E-07, 5.51E-04, 4.09, 21465,
and 9.61, respectively.

ii. Performance of DiffCoEx: For GSE62642 PD dataset, the best differ-
entially co-expressed module extracted using DiffCoEx has p, q, SPL,
NB, and degree values of 2.24E-07, 2.93E-03, 4.05, 24376, and
12.42, respectively. Similarly, the p, q, SPL, NB, and degree values
of the best differentially co-expressed module for DiffCoEx are
5.52E-05, 4.39E-02, 4.02, 13765, and 8.6, respectively.

iii. Performance of MODA: The best differentially co-expressed gene
module extracted from GSE62642 PD dataset using MODA has p, q,
SPL, NB, and degree values of 7.70E-05, 7.56E-03, 4.26, 50394, and
18.33, respectively. Similarly, for GSE68719 PD dataset, the p, q,
SPL, NB, and degree values of the best differentially co-expressed
gene module extracted using MODA are 3.95E-06, 2.11E-03, 4.01,
20889, and 12.64, respectively.

iv. Performance of WGCNA: We do not find any differentially co-ex-
pressed gene module from GSE62642 PD dataset using WGCNA due
to its smaller sample size. For GSE68719, the best differentially co-
expressed gene module extracted using WGCNA has p, q, SPL, NB,
and degree values of 4.58E-08, 5.79E-05, 4.09, 24699, and 10.92,
respectively.

v. Comparison: In Figs. 4 and 5, we observe that for GSE62642, Diff-
CoEx outperforms other three methods in terms of higher statistical
significance with lower p and q values of 2.24E-07 and 2.93E-03,
respectively. The differentially co-expressed gene module from
MODA is highly enriched in terms topological statistics, viz., a lower
SPL value of 4.26, a higher NB value of 50394, and a higher degree
of 18.33. For WGCNA, we do not find statistically significant and
topologically enriched differentially co-expressed gene modules. On
the other hand, the best differentially co-expressed gene module for
GSE68719 dataset, in terms of statistical significance are extracted
using WGCNA. This differentially co-expressed module is found to
be rich with GO terms with lower p and q values of 4.58E-08 and
5.79E-05, respectively. The differentially co-expressed module

extracted using MODA from GSE68719 has best values for topolo-
gical statistics viz., SPL, NB, and degree in comparison to the dif-
ferentially co-expressed modules, extracted using other three
methods.

In Table 3, we conclude the best differentially co-expressed gene
module extracted using THD-Module Extractor, DiffCoEx, MODA, and
WGCNA based the above GO and topological enrichment analysis.

3.1.2. Pathway enrichment analysis
3.1.2.1. AD datasets

i. Performance of THD-Module Extractor: For GSE4757 AD dataset, the
differentially co-expressed gene modules obtained using THD-
Module Extractor are mapped to AD related pathways, such as
Alzheimer disease-amyloid secretase pathway, Wnt signaling pathway,
Alzheimer disease-presenilin pathway with better statistical sig-
nificance (lower p and q values). Similarly, for GSE5281 AD dataset,
the differentially co-expressed gene module extracted using this
method mapped to pathways such as Inflammation mediated by
chemokine and cytokine signaling pathway, Alzheimer disease-amyloid
secretase pathway and p53 pathway related to AD.

ii. DiffCoEx: For both GSE4757 and GSE5281 AD datasets, DiffCoEx
mines differentially co-expressed gene modules, which are mapped
to AD associated pathways such as Integrin signalling pathway,
Inflammation mediated by chemokine and cytokine signaling pathway,
Dopamine receptor mediated signaling pathway, Notch signaling
pathway, and p38 MAPK pathway having higher statistical sig-
nificance.

iii. MODA: The pathways such as Cadherin signaling pathway, Dopamine
receptor mediated signaling pathway, Wnt signaling pathway, Alzheimer
disease-presenilin pathway, Angiogenesis, and Notch signaling pathway
mapped to the differentially co-expressed gene modules extracted
from GSE4757 and GSE5821 AD datasets using MODA are also
significant in terms of their association with AD.

iv. WGCNA: The differentially co-expressed gene modules extracted
from GSE4757 and GSE5821 AD datasets using WGCNA are also
mapped to AD related pathways such as p53 pathway, Integrin sig-
nalling pathway, Wnt signaling pathway, PDGF signaling pathway, and
CCKR signaling map.

v. Comparison: It is unlikely to compare the pathways mapped to dif-
ferentially co-expressed gene modules extracted from each method
as the pathways are not common. However, in Table 4 and table 4 of

Fig. 4. Comparison of statistical and topological enrichment for the best
modules extracted using THD-Module Extractor, DiffCoEx, MODA, and WGCNA
for GSE62642. The y-axis denotes the logarithmic values of p, q, SPL, NB, and
degree and the x-axis denotes the four methods, namely THD-Module Extractor,
DiffCoEx, MODA, and WGCNA.

Fig. 5. Comparison of statistical and topological enrichment for the best
modules extracted using THD-Module Extractor, DiffCoEx, MODA, and WGCNA
for GSE68719. The y-axis denotes the logarithmic values of p, q, SPL, NB, and
degree and the x-axis denotes the four methods, namely THD-Module Extractor,
DiffCoEx, MODA, and WGCNA.
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Supplementary file, we show that the differentially co-expressed
gene modules extracted from GSE4757 and GSE5281 AD datasets,
respectively using the four methods are mapped to diverse signaling
pathways linked to AD, such as Wnt signaling, p53 pathway, Alz-
heimer disease secretase pathway, Notch, and Inflammation mediated by
chemokine and cytokine signaling pathway [19–23].

3.1.2.2. PD datasets

i. Performance of THD-Module Extractor: The differentially co-ex-
pressed gene modules obtained from GSE62642 PD dataset using
THD-Module Extractor are mapped to significant PD related path-
ways, such as Dopamine receptor mediated signaling pathway,
Inflammation mediated by chemokine and cytokine signaling pathway,
and Toll receptor signaling pathway with lower p and q values.
Similarly the pathways, such as Dopamine receptor mediated signaling
pathway, Notch signaling pathway, and p38 MAPK pathway mapped to
the differentially co-expressed gene modules extracted GSE68719
PD dataset using THD-Module Extractor are significant in terms of p
and q values.

ii. Performance of DiffCoEx: The pathways such as, Dopamine receptor
mediated signaling pathway, Notch signaling pathway, p38 MAPK
pathway, Angiogenesis, Alzheimer disease-presenilin pathway mapped
to the differentially co-expressed gene modules extracted from
GSE62642 and GSE68719 using DiffCoEx are PD related and sta-
tistically significant.

iii. Performance of MODA: The differentially co-expressed gene modules
obtained from GSE62642 and GSE68719 using MODA are mapped
to pathways such as Alzheimer disease-presenilin pathway,
Angiogenesis, Notch signaling pathway, Wnt signaling pathway, and
Parkinson disease, which are both AD related and statistically sig-
nificant.

iv. Performance of WGCNA: The pathways such as PDGF signaling
pathway, CCKR signaling map, Dopamine receptor mediated signaling
pathway, Wnt signaling pathway, and Parkinson disease are mapped to
the differentially co-expressed gene modules obtained from
GSE62642 and GSE68719 using WGCNA with lower p and q values.

v. Comparison: Tables 5 and 6 of Supplementary file show the pathway
enrichment of the differentially co-expressed genes modules

extracted from GSE62642 and GSE68719 PD datasets using the four
module extraction techniques. The pathways mapped to the differ-
entially co-expressed gene modules obtained from these datasets are
not common and therefore it is not recommended to compare the
statistical significance of these mapped pathways.

3.2. Differentially co-expressed miRNA modules

In this section, we carry out enrichment analysis using Observed/
Expected (O/E) ratio. The O/E ratio shows target enrichment for the
differentially co-expressed miRNA modules. For a given gene X, O/E
ratio [24] is calculated using Equation (1),

=O E A
B

/ X (1)

where A is the proportion of the queried miRNA(s) which are predicted
to target gene X, and B is the proportion of all miRNAs in the miR-
System database [24] predicted to target gene X. The cut-off O/E ratio
is set as 2 and we define three ranges of O/E [2–40], and [41-above] as
low, high, and highest respectively.

3.2.1. GO enrichment and miRNA target enrichment analysis
3.2.1.1. AD datasets

i. Performance of THD-Module Extractor: The differentially co-ex-
pressed miRNA modules obtained from GSE16759 AD dataset using
THD-Module Extractor have lower p values of 2.63E-198, 2.41E-
102, and 9.55E-205 enriched with gene targets. The target genes of
the differentially co-expressed AD miRNA modules for THD-Module
Extractor have O/E ratio values of 18.6842, 47.3334, and 54.6154,
respectively which can be attributed to the significance of the over-
representation of the target genes associated with different biolo-
gical activities [25–31]. Kong et al. showed that with deterioration
of AD, there is change in the regulation of RPS4Y1 which co-reg-
ulates the expression of other proteins related to AD [25]. Similarly,
PLA2G3 plays an important role in β-amyloid-induced develop-
ments, such as behavioral impairments and memory declination
during pathogenesis of AD [28].

ii. Performance of DiffCoEx: The differentially co-expressed miRNA

Table 3
Performance of methods based on GO and topological enrichment.

Method GO Enrichment Topological Enrichment

GSE4757 GSE5281 GSE62642 GSE68719 GSE4757 GSE5281 GSE62642 GSE68719

THD-Module Extractor best best
DiffCoEx best best
MODA best best best
WGCNA best

Table 4
Pathway enrichment of differentially co-expressed genes.

Dataset/Disease Method Pathways p value q value

GSE4757 - AD THD-Module Extractor Alzheimer disease-amyloid secretase pathway 1.65E-04 2.36E-03
Wnt signaling pathway 3.21E-05 1.12E-02
Alzheimer disease-presenilin pathway 2.11E-03 1.14E-02

DiffCoEx Integrin signalling pathway 7.15E-04 4.32E-02
Inflammation mediated by chemokine and cytokine signaling pathway 2.13E-03 2.47E-02
Notch signaling pathway 3.52E-04 1.02E-02

MODA Cadherin signaling pathway 6.15E-04 5.15E-02
Dopamine receptor mediated signaling pathway 4.15E-04 3.25E-03
Wnt signaling pathway 5.75E-04 2.15E-02

WGCNA p53 pathway 1.02E-05 2.78E-04
Integrin signalling pathway 2.58E-04 1.78E-03
Wnt signaling pathway 3.85E-04 7.85E-03
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module extracted from GSE16759 AD dataset using DiffCoEx has p
value of 3.86E-10 with O/E ratio of 26.2963. For DiffCoEx, the
target genes of the differentially co-expressed AD miRNA modules,
such as A2BAR, HTR1B, and NRTN play significant roles in biolo-
gical processes including cell differentiation, and neuronal survival,
which are important during the pathogenesis of AD [32].

iii. Performance of MODA: The differentially co-expressed miRNA
module extracted from GSE16759 AD dataset using MODA has p
value of 1.83E-27 with O/E ratio of 32.2727. The broad involve-
ment of genes such as A2BAR, HTR1B, KRT126P and PDIA5 tar-
geted by the differentially co-expressed AD miRNA modules ex-
tracted using MODA in human neurodegenerative diseases provides
insight into their roles in AD intervention.

iv. Performance of WGCNA: The differentially co-expressed miRNA
module extracted from GSE16759 AD dataset using WGCNA has p
value of 4.70E-12 with O/E ratio of 2.8629. The target genes as-
sociated with differentially co-expressed AD miRNA modules ex-
tracted using WGCNA such as A2BAR, HTR1B, and SLC5A11 have
positive correlations with the pathogenesis of AD. For example,
A2BAR is involved in several biological functions such as immune
response, inflammatory conditions, and cell growth in AD brains
[33]. The target genes such as SLC5A11 and HTR1B correlate with
many immune-related genes, which is suggestive of its role in AD
pathogenesis [34,35].

v. Comparison: In Table 5, we compare the GO enrichment and miRNA
target enrichment of the differentially co-expressed miRNA mod-
ules, extracted from GSE16759 AD, GSE72962 PD and GSE77668
PD using the four techniques in terms of p value and O/E ratio.

For all four methods, it is seen that these differentially co-expressed
miRNA modules extracted from AD dataset are rich in target genes
associated with AD with lower p values. However, the biological sig-
nificance of the differentially co-expressed modules in terms of target
enrichment (O/E) for DiffCoEx, MODA, and WGCNA is not satisfactory.
This is because the sample size of GSE16759 AD is small for biologically
significant module extraction. For THD-Module Extractor, the best
differentially co-expressed module mapped from GSE16759 AD miRNA
dataset has p value and O/E ratio as 9.55E-205 and 54.6154 (highest),
respectively. Other differentially co-expressed modules do not have
significant statistical and O/E ratios in comparison to that of THD-
Module Extractor.

3.2.1.2. PD datasets

i. Performance of THD-Module Extractor: The best differentially co-

expressed miRNA modules obtained from GSE77668 and GSE72962
PD datasets using THD-Module Extractor have p values of 2.94E-111
and 2.94E-27 with O/E ratios of 22.5396 and 4.55128, respectively.

ii. Performance of DiffCoEx: The best differentially co-expressed miRNA
modules extracted from GSE77668 and GSE72962 PD datasets using
DiffCoEx have p values of 3.11E-11 and 2.94E-111 with O/E ratios
of 14.4898 and 7.39584, respectively.

iii. Performance of MODA: The best differentially co-expressed miRNA
modules extracted from GSE77668 and GSE72962 PD datasets using
MODA have p values of 2.94E-88 and 3.86E-10 with O/E ratio of
6.12069 and 3.81721, respectively.

iv. Performance of WGCNA: The best differentially co-expressed miRNA
modules extracted from GSE77668 and GSE72962 PD datasets using
WGCNA have p values of 2.94E-111 and 1.16E-06 with O/E ratio of
3.73684 and 7.63441, respectively.

v. Comparison: In Table 5, it is seen that for GSE77668 PD miRNA
dataset, both THD-Module Extractor and WGCNA have statistically
significant module with 2.94E-111 as p value. However, the O/E
ratio for this statistically significant module extracted using WGCNA
is lower than that of THD-Module Extractor. Therefore, the differ-
entially co-expressed modules extracted from WGCNA, DiffCoEx,
and MODA have lower biological significance than those of THD-
Module Extractor. Again for GSE72962 PD miRNA dataset, DiffCoEx
produced a module with the lowest p value of 2.94E-111. However,
O/E ratio of this differentially co-expressed module is lower than
that of THD-Module Extractor.

3.2.2. Pathway enrichment analysis
3.2.2.1. AD datasets

i. Performance of THD-Module Extractor: Pathways such as Wnt
Signaling and MAPK with p values 6.00E-17 and 1.92E-06, respec-
tively are mapped from differentially co-expressed miRNA modules
extracted from GSE16759 AD dataset using THD-Module Extractor.
These pathways are related to AD.

ii. Performance of DiffCoEx: The differentially co-expressed miRNAs
extracted from GSE16759 AD dataset using DiffCoEx are mapped to
pathways such as Fatty acid metabolism and ECM-receptor inter-
action with p values 1.88E-16 and 0.001548665, respectively.

iii. Performance of MODA: The differentially co-expressed miRNAs ex-
tracted from GSE16759 AD dataset using MODA are mapped to
pathway namely Fatty acid biosynthesis, with p value 1.83E-27.

iv. Performance of WGCNA: Pathways such as Glycosphingolipid bio-
synthesis - lacto and neolacto series with p value 2.07E-05 and Fatty
acid biosynthesis with p value 3.38E-22 are mapped from differ-
entially co-expressed miRNAs extracted from GSE16759 AD dataset
using WGCNA.

v. Comparison: In Table 7 of Supplementary file, we report the path-
ways mapped from differentially co-expressed miRNA modules ex-
tracted from the discussed module extraction techniques. Mutations
in genes or gene targets, such as α-syn, PINKI, MAPT, HTRAC2,
LRRK2, and DJ-1 induce degradation of dopaminergic neurons,
leading to neurodegenerative diseases, such as AD and PD. From the
early pioneering work on different enzymes regulating the muta-
tions of α-syn, we know that defects in fatty acid biosynthesis en-
hances toxicity of α-syn [36], leading to AD.

3.2.2.2. PD datasets

i Performance of THD-Module Extractor: The common pathway
mapped to the differentially co-expressed miRNA modules extracted
from GSE72962 and GSE77668 PD datasets using THD-Module
Extractor is Fatty acid biosynthesis with p values 8.53E-43 and
2.81E-22, respectively.

ii. Performance of DiffCoEx: The common pathway mapped to the dif-
ferentially co-expressed miRNA modules extracted from GSE72962

Table 5
Statistical and miRNA target enrichment of differentially co-expressed miRNAs.

Dataset/Disease Method p value Target Enrichment score
(O/E)

GSE16759-AD THD-Module
Extractor

2.63E-198 low
2.41E-102 highest
9.55E-205 highest

DiffCoEx 3.86E-10 high
MODA 1.83E-27 high
WGCNA 2.07E-05 low

GSE77668-PD THD-Module
Extractor

2.94E-111 high
8.73E-86 low
3.32E-54 low

DiffCoEx 3.11E-11 low
MODA 2.94E-88 low
WGCNA 2.94E-111 low

GSE72962-PD THD-Module
Extractor

3.86E-10 high
2.94E-27 low

DiffCoEx 2.94E-111 low
MODA 3.86E-10 low
WGCNA 1.61E-06 low
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and GSE77668 PD datasets using DiffCoEx is Fatty acid biosynthesis
with p values 3.38E-22 and 3.01E-20, respectively.

iii. Performance of MODA: For datasets, GSE72962 and GSE77668 the
best pathways mapped to the differentially co-expressed miRNA
modules extracted using MODA are ECM-receptor interaction and
Fatty acid biosynthesis with p values 1.26E-11 and 1.08E-12, re-
spectively.

iv. Performance of WGCNA: For datasets, GSE72962 and GSE77668 the
best pathways mapped to the differentially co-expressed miRNA
modules extracted using WGCNA are Lysine Biosynthesis and Fatty
acid biosynthesis with p values 3.58E-03 and 1.18E-18, respectively.

v. Comparison: In Table 6, we report the pathways mapped from dif-
ferentially co-expressed miRNA modules extracted from GSE72962
PD dataset and observe that for THD-Module Extractor and Diff-
CoEx, the best differentially co-expressed miRNA module in terms
of lower p value, the associated pathway is Fatty acids biosynthesis
pathway with p values 8.53E-43 and 3.38E-22, respectively. For
WGCNA, a pathway namely Lysine biosynthesis, has a p value of
3.58E-03, which suggests that the pathway is biologically sig-
nificant. Disruptions in ubiquitin regulatory molecules is a hallmark
of neurodegenerative diseases such as AD and PD. Lysine bio-
synthesis and modification of lysine linked ubiquitination is asso-
ciated with pathogenesis of PD [37]. On the other hand, the
pathway associated with the best differentially co-expressed miRNA
module from MODA is ECM-receptor interaction. Along with other
molecules, ECM (Extracellular matrix) molecules and their re-
ceptors are implicated during pathogenesis of neurodegenerative
diseases, such as AD and PD [38]. Therefore, the differentially co-
expressed miRNA modules extracted using the four techniques are
enriched with PD-related pathways with higher biological sig-
nificance. Table 8 of the Supplementary file show the pathway en-
richment for the differentially co-expressed miRNA modules ex-
tracted from GSE77668 PD dataset.

From the above discussion, we infer that the miRNA modules ex-
tracted from AD and PD disease datasets are also associated with bio-
logically significant pathways or biological processes.

3.3. Identification of hub genes across control and disease conditions

The gene or miRNA with highest degree of connecting genes or
miRNAs in a module is called the hub gene or the hub miRNA for that
module (Fig. 6). We extend differential co-expression analysis by
identifying the hub gene(s) or miRNA(s) from each differentially co-
expressed gene or miRNA modules extracted using the four methods.
The hub gene(s) and the hub miRNA(s) has (have) highest degree(s) in
gCEN and mi CEN and are related with high biological significance. In
Table 1 of Supplementary file, we list the hub genes identified from
control and disease networks of differentially co-expressed gene mod-
ules of GSE68719-PD. Further, from downstream analysis of hub genes,
it is observed that genes, such as RAD52, STPG1, SEMA3F, DPM1, CFH,
BAD, CYP26B1, KLHL13, SCYL3, ANKIB1, LAP3, SARM1,

NDUFAB1,CDC27, LASP1, M6PR, WNT16, and KRIT1 lose their co-or-
dination with other genes across disease conditions. Further analysis of
these hub genes has proved that these hub genes become inactive or
undergo variations across disease conditions, thereby leading to neu-
ronal cell death and neurodegenerative diseases, such as PD, AD, and
multiple sclerosis (MS). For example, RAD52 is the principal candidate
gene for DNA repair and protection of telomere structure. Inactivation
or perturbation in RAD52 leads to cellular damage and neuronal death
during aging [39]. Similarly, WNT signalling plays an important role in
cellular functions, such as cell differentiation and in healthy func-
tioning of the adult human brain. Dysregulation of WNT signalling or
variations of genes regulating WNT signalling pathway, such as WNT16
suggests the pathogenesis of PD.

Table 2 of Supplementary file shows the changes in co-ordination
among the hub miRNAs (the miRNAs with highest degrees) across
control and disease mi CENs of the differentially co-expressed miRNA
modules of GSE72962-PD. Hub miRNAs such as hsa-miR-100-5p, hsa-
miR-103a-3p, hsa-miR-106a-5p, hsa-miR-125b-5p, hsa-miR-1266-
5p,hsa-miR-105-3p, hsa-miR-155-5p, hsa-miR-105-5p, hsa-let-7i-5p,
hsa-miR-103a-2-5p, hsa-miR-103a-3p, hsa-miR-107, hsa-miR-100-3p,
hsa-miR-34a-5p, hsa-miR-101-3p, hsa-miR-34c-3p, hsa-miR-34b, and
hsa-miR-101-5p no longer have the highest degrees in the disease
networks of the respective differentially co-expressed miRNAs. Inter-
estingly, miRNAs such as hsa-miR-155-5p, hsa-miR-34b, and hsa-miR-
34c-3p are found to be downregulated during progression of PD [2].

Therefore, from the above discussion, we conclude that the differ-
entially co-expressed gene and miRNA modules are enriched with hub
genes and hub miRNAs, which undergo variations in the network to-
pology under disease conditions. Such dysregulation of hub genes and
miRNAs is a hallmark of the underlying mechanism of PD.

3.4. Gene regulatory network analysis of hub genes

From differentially co-expressed genes, we find the hub genes which
have the highest degrees in the corresponding disease networks. In
Table 1 of Supplementary file, we list hub genes in the control network
that lose their correlations with other hub genes in the disease network.
In this section, we assess regulatory networks of the hub genes, medi-
ated by the transciption factors. This regulatory network, called a gene
regulatory network (GRN) provides insights on gene-gene interactions
and helps identify and prioritize therapeutic targets in a disease. The
regulatory genes govern the gene expression of mRNA and other pro-
teins, which play vital roles in morphogenesis and pathogenesis of a
disease. We use GENIE3 [40] to infer a regulatory network from ex-
pression data using an ensemble of Random forest of regression trees.
Table 3 of Supplementary file presents the adjacency matrices of the
GRNs of the hub genes, extracted from the GSE4757 AD dataset using
THD-Module Extractor, DiffCoEx, MODA, and WGCNA. The hub genes
such as DDR1, ABCA1, INPP5D, SLC24A4, ADRA1D, CDH2, CLEC7A,
EGFR, ERAP1, GNAS, HLA-DRB1, PVR, ZNF423, BIN1, PTK2B, COPS5,
IFNAR2, ABCA7, ABI3, ADAM10, ADAMTS4, ALPK2, ANKRD31,
APH1B, APOE, BACE1, BACE2, BLOC1S3, CASS4, and CD2AP are found

Table 6
Pathway enrichment of differentially co-expressed miRNAs.

Dataset/Disease Method Pathways p value

GSE72962- PD THD-Module Extractor FoxO signaling pathway 7.25E-07
Fatty acid biosynthesis 8.53E-43
Steroid biosynthesis 1.26E-11

DiffCoEx Fatty acid biosynthesis 3.38E-22
Fatty acid metabolism 1.88E-16

MODA Steroid biosynthesis 1.26E-11
ECM-receptor interaction 1.26E-11

WGCNA Adherens junction 4.5E-03
Lysine biosynthesis 3.58E-03

Fig. 6. A differentially co-expressed module with genes or miRNAs as the
nodes. The red node with maximum number of directly connected neighboring
nodes is the hub node for the module.
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to be the regulatory genes in the GRNs of the biomarkers, which have
been validated and found to be associated with AD [41]. In Table 3 of
Supplementary file, the weight of each regulatory gene signifies the link
from the regulatory gene to a target gene.

3.5. Evaluation of module preservation statistics

Profiling of hub genes and hub miRNAs in control and disease
conditions as discussed in Section 3.3 and 3.4, shows that differentially
co-expressed genes and miRNAs do not preserve their network statistics
(degree) across disease conditions. In other words, differentially co-
expressed gene or miRNA modules are condition-specific and undergo
regulatory changes and differences in gene connectivity between con-
trol and disease conditions. We use module preservation statistics to
explore variations in topology of the gene co-expression network
(gCEN) during progression of AD. In general, module preservation
statistics [42] are used to find whether gene modules are preserved
between reference and test networks. However, similar to Ref. [43], we
use modulePreservation() to associate the perturbations and dysregula-
tions of the disease network to the control network. Table 7 presents
preservation statistics of a differentially co-expressed gene module,
extracted from the AD (GSE4757) dataset using WGCNA. Lower pre-
servation of differentially co-expressed genes shown in black, yellow,
brown, and red modules depicts loss in co-expression structure between
these gene pairs under AD conditions. Similarly in Fig. 7 (B), we
identify that ZSummary for these four gene modules shown in black,
yellow, brown, and red are between 10 and 2, which signifies that the
modules are moderately preserved across the disease (AD) network.

From the experimental results given above, we list the main findings
as follows:

• Differentially co-expressed gene modules with higher statistical
significance (lower p and q values) may not always have better to-
pological enrichment.

• Differentially co-expressed miRNA modules with higher statistical
significance (lower p value) may not always have higher O/E ratio.

• Differentially co-expressed gene and miRNA modules, which are
statistically significant are also mapped to pathways associated to
AD or PD.

• Differentially co-expressed gene and miRNA modules are enriched
with hub genes and hub miRNAs, respectively. The modules un-
dergo variations in the network topology in disease conditions.

• A few of the hub genes identified in differentially co-expressed gene
modules are seen to lose their correlations with other hub genes in
the disease network.

• A few of the hub genes from the differentially co-expressed genes
with significant weights in the GRN are found to be the regulatory
genes of other AD related genes.

• Differentially co-expressed gene or miRNA modules are condition-

specific and undergo regulatory changes and differences in gene
connectivity between control and disease conditions.

4. Discussion

In view of the performance of each method, we discuss the strengths
and weaknesses of the methods as follows.

• Among the four discussed techniques, WGCNA is the most widely
used for CEN module extraction and is well supported and well
documented for analysis of CEN modules for module preservation,
and hub gene identification. Except WGCNA, none of the CEN
modules detected are used with RNA-seq data. Therefore, in view of
understanding the behavior of differentially co-expressed modules,
we apply the four techniques to both gene and miRNA expression
profiles of microarray and RNA-seq datasets. The differentially co-
expressed genes and miRNAs modules are enriched with GO terms,
biological pathways, and other miRNA-gene targets involved in the
progression of a disease.

• Unlike WGCNA, THD-Module Extractor does not impose limit on the
number of samples in a dataset. Therefore, THD-Module Extractor
also performs well in extracting differentially co-expressed miRNA
modules, with more significant p values and better miRNA-target
enrichment for both GSE16759 and GSE77668 datasets, which have
fewer sample sizes. Another strong argument which supports the
superior performance of THD-Module Extractor in terms of GO en-
richment and topological significance is that unlike other CEN
module extraction techniques, THD-Module Extractor considers
high semantic similarity of border genes in detecting co-expressed
modules.

• On the other hand, unlike other CEN module extraction techniques,
THD-Module Extractor is implemented in both MATLAB and R.

• Both MODA and DiffCoEx are also useful in detecting differentially
co-expressed genes and miRNAs from CEN in addition to detecting
co-expressed modules with high correlations among the entities.

We also assess the differentially co-expressed modules in terms of
pathway enrichment, miRNA target enrichment, and hub gene identi-
fication for exploring the potential roles in disease pathogenesis. GO
terms, such as cellular nitrogen compound metabolic process, ion
binding, and gene expression with lower p values are involved in slow
progression of AD. Similarly, evidence from the past has suggested that
pathways, namely Fatty acid biosynthesis, Lysine biosynthesis, and
ECM-receptor interaction pathways are also related to PD. miRNA
targets such as A2BAR, HTR1B, SLC5A11, WNT16, PINK1, RAD52, and
PLA2G3, showing higher O/E ratios, are found to have been involved in
pathogenesis of neurodegenerative diseases, such as AD and PD.

In a gCEN or mi CEN network, the core gene(s) or core miRNA(s)
with highest degree(s) is (are) the principal and potential gene(s),
which may undergo variations across disease conditions. Therefore,
analysis of the hub gene(s) or miRNA(s) from each differentially co-
expressed gene or miRNA module, predicts the potential perturbations
of the regulatory mechanisms of a disease. We found that hub gene(s)
such as RAD52 and WNT16, which lose their co-regulation with other
genes across disease conditions are the key regulators of cellular func-
tions, such as cell repair, and cell differentiation. Loss of linkages of
these hub genes in a disease network leads to neuronal cell death and
progression of PD. Similarly, hub miRNAs such as hsa-miR-155-5p, hsa-
miR-34b, and hsa-miR-34c-3p are downregulated during disease con-
ditions, which implicate them in their roles in the progression of PD.

We further examine the global differences among the differentially
co-expressed genes in disease mechanisms underlying PD and AD using
modulePreservation(), given by Ref. [42]. We found that the differen-
tially co-expressed modules show a poor evidence of preservation of
ZSummary, keeping the disease network as reference network and the
control network as the test network. Therefore, from the above

Table 7
ZSummary scores based on permutation in AD and control conditions networks
(medianRank>2) for differentially coexpressed modules from AD (GSE4757)
dataset.

AD condition network Control condition network

Modules medianRank Zsummary Modules medianRank Zsummary

black 12 1.7 black 10 4.3
yellow 11 10 yellow 6 12
brown 9 7.9 brown 4 16
red 7 6.3 red 7 10
magenta 6 16 magenta 5 8.4
blue 6 18 blue 1 57
turquoise 5 22 turquoise 7 11
pink 2 13 pink 9 6.6
green 2 28 green 2 17
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discussion, we can infer that the differentially co-expressed genes or
miRNAs extracted using the four methods are condition-specific and
points to dysfuctional interactions and pathways.

5. Conclusion

Alzheimer's Disease (AD) and Parkinson's Disease (PD), two deadly
neurodegenerative diseases are associated with decline of memory and
other voluntary functions, and are commonly seen in elderly persons.
Analysis of AD and PD datasets using high throughput technologies
such as microarray and next-generation sequencing (NGS) data can
provide better insights to identification of disease related biomarkers.
In step with the recent research leaps in high throughput technologies,
there is also advancement in computational methods and approaches,
including module extraction techniques to mine the disease related
biomarkers. To the best of our knowledge, this is the first empirical
study reviewing the leading module extraction techniques, namely
THD-Module Extractor, DiffCoEx, MODA, and WGCNA to identify dif-
ferentially coexpressed gene and miRNA modules and analyze the dif-
ferences in gene connectivity patterns between conditions using both
microarray and RNA-seq data for AD and PD. Though there are lim-
itations in preprocessing and analysis of RNA-seq data, the throughput
of the analysis is quite informative. This work is a guide cum empirical
study of the CEN techniques widely used in the research domain to
identify the differentially co-expressed genes and miRNA modules.

Based on the detailed analysis, we conclude that all four methods
produce biologically enriched and statistically significant differentially
co-expressed modules of genes and miRNAs. However, the differentially
co-expressed gene and miRNA modules extracted using THD-Module
Extractor outperform in comparison to modules found by the other
three discussed methods in terms of GO enrichment, topological sig-
nificance, pathway analysis, hub gene identification, gene regulatory
network analysis, and disease biomarker identification. The working
principle of THD-Module Extractor is that it includes both gene ex-
pression similarity and semantic similarity to identify co-expressed
modules and this results in the mining of differentially co-expressed
gene or miRNA modules, including functionally significant genes or
miRNAs, associated with AD or PD related pathways. However, there is

a want of a web-based application for the ease of use and reproduci-
bility of THD-Module Extractor.

We believe that disease biomarker identification using up-to-date
computational techniques assists in making sense of ever-growing
amounts of genetic data associated with various debilitating diseases
that are becoming available, so that the findings can be used to bring
benefits to human health. Therefore, by discussing and comparing the
capabilities of several module extraction techniques, we hope to assist
researchers in discovering and prioritizing potential disease biomarkers
for further investigation.
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