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Abstract
Inflammatory bowel disease (IBD) is an idiopathic prolonged ailment accountable for inflammatory conditions of the 
intestine. Moreover, arthritis is responsible for joints’ stiffness and painful inflammation. IBD shows certain articular extra-
intestinal manifestations associating IBD with arthritis. IBD associated arthritis is found to be linked with ankylosing spon-
dylitis (AS). The present study insights for the potential and putative drug targets and biomarkers of IBD associated with 
arthritis using in silico approaches. Microarray data analysis of datasets involving IBD affected and AS affected vs controls 
were done to explore the differentially expressed genes (DEGs). In majority of the datasets, the common DEGs found were 
sterile alpha motif domain containing 9 like (SAMD9L), inhibin beta A subunit (INHBA), transmembrane protein 45A 
(TMEM45A) and transmembrane and tetratricopeptide repeat containing 1 (TMTC1). The common functions and pathways 
found between the DEGs were control of macromolecule metabolism process, control of metabolic process, control of pri-
mary metabolic process, and control of protein metabolic process, cell differentiation, organ development, single-organism 
development process, multicellular organism development process, development of system, single–multicellular organism 
development process, developmental process, development of anatomical structure, multicellular organismal development 
process, control of biological process, cell proliferation, hematopoietic progenitor cell differentiation and immune system 
process. TMTC1 and INBHA were found to be more biologically significant genes according to the topological properties 
of the network. This study also suggests that TMTC1, INBHA, TMEM45A and SAMD9L DEGs and their accompanying 
pathways might have the potential to be exploited as drug targets and biomarkers in the diagnosis and/or treatment of IBD 
linked arthritis and warrants for further experimental validation.

Keywords  Arthritis · Inflammatory bowel disease · PPI interactions · Pathway analysis · Microarray analysis · Topology 
analysis

1  Introduction

Inflammatory bowel diseases (IBD) are chronic idiopathic 
diseases responsible for inflammation of gastrointestinal 
tract [1]. There are two main classes of IBD, i.e., Crohn’s 
disease (CD), and ulcerative colitis (UC) [2]. Ulcerative 
colitis triggers inflammation in the colon that ultimately 
leads to diarrhoea followed by abdominal pain and tenes-
mus. However, Crohn’s disease causes inflammation in any 
part of the gastrointestinal tract and results into abdomi-
nal pain, weight loss, diarrhoea, anorexia, malaise, fistulae, 
strictures, and abscesses [3]. Also, IBD displays certain 
extra-intestinal manifestations [4] mainly articular asso-
ciating IBD with arthritis. Arthritis associated with IBD 
(enteropathic arthritis) belongs to a group of seronegative 
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spondyloarthropathies (SpA) that accompanies axial and 
peripheral joint disease along with inflammatory charac-
teristics plus a negative rheumatoid factor according to the 
European Spondyloarthropathy Study Group (ESSG) cri-
teria [5]. Nearly, 17–39% people suffer from IBD associ-
ated arthritis [6]. In IBD-associated arthritis, the peripheral 
arthropathies comprise peripheral arthritis, enthesitis and 
dactylitis, whereas axial arthropathies involve inflamma-
tory back pain, sacroiliitis, and ankylosing spondylitis [7]. 
Ankylosing spondylitis (AS) is the most frequent and severe 
subtype of spondyloarthropathies that primarily affects the 
sacroiliac joints [8]. It is reported that IBD is associated 
with AS [9, 10]. However, no specific test is available that 
can diagnose arthritis linked with IBD, as it is based upon 
differential diagnosis patterns [11]. Hence, there is an urgent 
need to identify and evaluate the putative drug targets and 
biomarkers for refining the currently used diagnostic meth-
ods and therapies of IBD associated with arthritis.

Computational analysis is a high-throughput procedure 
that assigns putative targets for the association and defines a 
directed pathway for identifying the experimental parameters 
of the study. For this type of analysis, high-throughput data 
of patient samples containing extensive quantitative evalu-
ation of gene expression and/or transcriptomic information 
can be utilized. Databases such as ArrayExpress of European 
Bioinformatics Institute (EBI) [12] and Gene Expression 
Omnibus (GEO) database of National Centre for Biotech-
nology Information (NCBI) [13] maintains publically con-
tributed gene expression data collected by high-throughput 

methodologies. Earlier studies reported inclusion of vari-
ous computational tools for transcriptomic data analysis for 
correlating gene expression data with other or additional 
biological information [14, 15]. The major objective of the 
present study was to decipher important genes, functions and 
pathways between IBD and AS that might serve as potential 
triggers in IBD associated arthritis. Therefore, high-through-
put transcriptomic datasets of IBD and AS were exploited to 
carry out a comparative transcriptomic analysis of the dis-
eased and healthy subjects. Functional annotation pathway 
and network analysis of the differentially expressed genes 
(DEGs) have been performed providing a deep insight for 
putative drug targets and biomarkers of IBD associated with 
arthritis. To the best of our information this is the very first 
study suggesting potential association of IBD with arthritis 
providing evidence from in silico gene expression patterns 
and network topological analysis. A pictorial representation 
of the workflow of in silico transcriptional pathway and net-
work analysis of the datasets applied in this study is shown 
in Fig. 1.

2 � Results

2.1 � Gene Expression Dataset Selection

One AS dataset and ten IBD datasets were obtained by fol-
lowing the given selection criteria (Table 1). To avoid incon-
sistencies for more robust comparative data analysis, all the 

Fig. 1   In-silico transcriptional, pathway and network analysis of IBD and AS datasets
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datasets consisted of cases vs control, not undergoing any 
treatment, and utilized the same microarray platform.

2.2 � IBD and AS Dataset Pre‑Processing

Robust multi-array average (RMA) employed the RAW 
Affymetrix intensity values and achieved background cor-
rection and resulting the removal of local artefacts and 
noises. The mathematical values were log2 transformed 
(quantile normalized) for the elimination of the array effects 
and equalize the partition of probe intensities for each array. 
Further, a linear mathematical model was fit to the normal-
ized values by integrating the probe intensities across the 
arrays for achieving an expression measure for the respective 
probes on each array, which is represented as

where, Yij signifies the normalized probe value correspond-
ing to the ith GeneChip and the jth probe within the probe 
set, mi designates the log-scale expression for the probe set 
in the sample hybridized to the ith GeneChip, aj expresses 
the probe affinity effect for the jth probe within the probe set, 
and eij represents a random error term [16].

2.3 � Statistical Analysis

Moderated t-statistics and log-odds of the differential expres-
sion by the empirical Bayes shrinkage categorized (ranked) 
the genes as per the evidences of the differential expression. 
The empirical Bayes shrinkage method reduced the sample 
variance for all the probes and resulting in a common value. 
This reduction in the sample variance resulted in the genera-
tion of statistical values for individual gene of all the data-
sets [17]. logFC is the log2 folds change estimated between 
the healthy subjects and diseased samples that distinguishes 

Yij = mi + aj + eij,

the up- and down-regulated values. Moreover, AveExpr is 
the average expression value given by all the arrays and 
channels. To curb the false discovery rate the p value was 
computed using Benjamini and Hochberg’s method. Adj.p. 
value is the adjusted p value for multiple testing and t is a 
moderated t-statistics showing the ratio of log2 expression 
level to its standard error. The B-statistics was employed to 
rank the genes to evaluate their differential expression. As 
an example, for a given gene g, limma fits a linear model and 
tests the null hypothesis H0:βg = 0,
where βg is the contrast of interest. To test this hypothesis, 
a moderated t-statistics t̃g is constructed, as

where

and vg is the scaling factor of the variance estimates of 𝛽g. 
This statistic is based on a hierarchical model, where the 
anonymous gene-level variances �2

g
 are modelled by a scaled 

inverse Chi-square distribution with d0 and s2
0
 hyperparam-

eters [17].

2.4 � Identification of Differentially Expressed Genes 
(DEGs)

The statistical evaluation of the datasets resulted in the gen-
eration of differentially expressed genes, which respond to a 
signal and play an important role in the gene regulation [18]. 
To attain highly robust DEGs, log2 fold change and p values 
were taken into account. 1.5-fold variation and p value less 
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(
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∗
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Table 1   Selected transcriptional 
gene expression datasets of IBD 
and AS

Dataset accession No. of assays No. of up-regulated 
DEGs

No. of down-regulated 
DEGs

Disease

IBD vs control
 E-GEOD-38713 43 1088 451 UC
 E-GEOD-10191 23 2234 462 UC
 E-MEXP-2083 12 159 177 UC, CD
 E-GEOD-13367 56 275 3310 UC
 E-GEOD-10616 58 6 3 UC, CD
 E-GEOD-9452 26 575 647 UC
 E-GEOD-4183 53 1055 277 UC, CD
 E-GEOD-6731 36 1 35 UC, CD
 E-GEOD-9686 33 1447 1315 UC, CD
 E-MEXP-1225 9 122 191 CD

AS vs control
 E-GEOD-11886 33 60 217 AS
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than 0.05 were maintained as the cut-off criteria for identify-
ing the up- and down-regulated genes [19] (Table 1) (Sup-
plementary Information 1). 1.5-fold change was described 
by a log2 ratio of 0.58 (for up-regulation) or − 0.58 (for 
down-regulation). The p values below 0.05 were consid-
ered significant, which provide substantial potency related 
to the evidence. Hence, lesser p value represents stronger 
evidence. The annotation of the identified probes was sup-
ported by GeneAnnot database. The common DEGs were 
found in the maximum number of datasets of IBD and AS, 
and were present in sterile alpha motif domain containing 9 
like (SAMD9L) inhibin beta A subunit (INHBA), transmem-
brane protein 45A (TMEM45A), and transmembrane and 
tetratricopeptide repeat containing 1 (TMTC1) (Table 2). 
These were utilized for further analysis as they might serve 
as robust targets for IBD related arthritis. SAMD9L was 
found in three datasets of UC, one dataset of CD, one dataset 
consisting of both UC and CD cohorts and one dataset of 
AS. INHBA, TMEM45A and TMTC1 were found in three 
datasets of UC, but not in the datasets of CD, whereas they 
were present in two datasets of both UC and CD cohorts and 
one dataset of AS. This shows that the above DEGs might 
be uniformly present in both CD and UC patient cohorts.

2.5 � Functional Annotation and Pathway Analysis

DAVID tool and KEGG pathway were utilized for the 
functional annotation and pathway analysis of SAMD9L, 
INHBA, TMEM45A and TMTC1 (Table 3). Significant 
functions and pathways were obtained only in case of 
SAMD9L and INHBA. The common functions and path-
ways between SAMD9L and INHBA were control of mac-
romolecule metabolic process, regulation of metabolic 
process, regulation of primary metabolic process, regula-
tion of protein metabolic process, cell differentiation, organ 
development, single-organism developmental process, mul-
ticellular organismal development, system development, sin-
gle–multicellular organism process, developmental process, 
anatomical structure development, multicellular organismal 

process, control of biological process, cell proliferation, 
hematopoietic progenitor cell differentiation and immune 
system process. These functions and pathways might serve 
as a trigger for pathophysiological analysis of IBD-related 
arthritis.

2.6 � Network Analysis

The protein interactors among sterile alpha motif domain 
containing 9 like (SAMD9L), inhibin beta A subunit 
(INHBA), transmembrane protein 45A (TMEM45A) and 
transmembrane and tetratricopeptide repeat containing 1 
(TMTC1) were used for STRING database that contains the 
protein interactions authenticated by numerous evidences 
from the experimental studies providing robustness to the 
retrieved interactions [20] (Fig. 2). These targets might serve 
as potential triggers for IBD-related arthritis (Supplementary 

Table 2   DEGs between IBD and AS datasets

Differentially 
expressed 
genes

No. of AS datasets No. of IBD datasets Dataset accession

INHBA 1 out of 1 5 out of 10 (UC = 3 CD = 0 UC + CD = 2) E-GEOD-4183, E-GEOD-38713, E-GEOD-13367, E GEOD-
9452, E-GEOD-9686, E-GEOD-11886

TMTC1 1 out of 1 5 out of 10 (UC = 3 CD = 0 UC + CD = 2) E-GEOD-4183, E-GEOD-38713, E-GEOD-13367, E GEOD-
9452, E-GEOD-9686, E-GEOD-11886

TMEM45A 1 out of 1 5 out of 10 (UC = 3 CD = 0 UC + CD = 2) E-GEOD-4183, E-GEOD-38713, E-GEOD-13367, E GEOD-
9452, E-GEOD-9686, E-GEOD-11886

SAMD9L 1 out of 1 5 out of 10 (UC = 3 CD = 1 UC + CD = 1) E-GEOD-4183, E-GEOD-38713, E-GEOD-10191, 
E-GEOD-13367, E-MEXP-1225, E-GEOD-11886

Table 3   Common pathways of DEGs

#Pathway ID Pathway description

GO.0060255 Regulation of macromolecule metabolic process
GO.0019222 Regulation of metabolic process
GO.0080090 Regulation of primary metabolic process
GO.0051246 Regulation of protein metabolic process
GO.0030154 Cell differentiation
GO.0048513 Organ development
GO.0044767 Single-organism developmental process
GO.0007275 Multicellular organismal development
GO.0048731 System development
GO.0044707 Single–multicellular organism process
GO.0032502 Developmental process
GO.0048856 Anatomical structure development
GO.0032501 Multicellular organismal process
GO.0050789 Regulation of biological process
GO.0008283 Cell proliferation
GO.0002244 Hematopoietic progenitor cell differentiation
GO.0002376 Immune system process
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Information 2). Below mentioned topological characteristics 
were found using Cytoscape tool [21]. 

1.	 Clustering coefficient is described as the ratio of the 
number of the edges between the neighbours of a node 
and the maximum number of the edges that could per-
haps occur between the neighbours of a node. Hence, 
clustering coefficient of a node is

	    

where N is the number of edges between the neighbours 
of n, and M is the maximum number of the edges, which 
could probably exist between the neighbours of n.

2.	 Topological coefficient is a relative estimate of the extent 
that a node shares the neighbours with other nodes.

	    

where Tn signifies the topological coefficient, and 
the value J(n, m) is the number of neighbours shared 
between the nodes n and m (plus one if n and m has a 
direct association).

3.	 Stress represents the number of shortest paths passing 
through a node.

4.	 Betweenness centrality is the extent of control that a 
node has over the interactions of other nodes.

n = N∕M,

Tn = avg (J(n,m))∕kn,

	    

where Cb denotes the betweenness centrality; s and t are the 
nodes present in the network different from n node, σst signi-
fies the number of shortest paths from s to t, and σst (n) is the 
number of shortest paths from s to t that n lies on.

5.	 Closeness centrality is an estimate of the speedy flow 
of the information from a given node to other reachable 
nodes.

	    

where Cc(n) denotes the closeness centrality and L(n, m) sig-
nifies the length of the shortest path between the two nodes 
n and m.

Topological coefficient and clustering coefficient of 
TMTC1, INBHA, TMEM45A and SAMD9L were 0.14, 
0.35, 0, 0 and 0.06, 0.35, 0 and 0, respectively. Greater the 
topological and clustering coefficients, more the neighbours 
of the node. The stress of TMTC1, INBHA, TMEM45A and 
SAMD9L was 6595, 3640, 0 and 0, respectively. Higher 
is the stress, greater is the number of the shortest paths 
passing via the node. The closeness centrality of TMTC1, 
INBHA, TMEM45A and SAMD9L was 0.48, 0.50, 0.34 

Cb(n) =
∑

s ≠ n ≠ t (�st (n) ∕ �st),

Cc(n) = 1∕avg(L(n,m)),

Fig. 2   Protein interaction network between SAMD9L, INBHA, TMTC1 and TMEM45A
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and 0.23, respectively. More the closeness centrality, much 
faster the information spreads to other reachable nodes. The 
betweenness centrality of TMTC1, INBHA, TMEM45A 
and SAMD9L was 0.29, 0.15, 0 and 0, respectively. Greater 
is the betweenness centrality, higher is the strength of the 
control; the node exerts over the interactions of other nodes. 
The results indicate TMTC1 and INBHA to be more impor-
tant interactors in the network (Table 4). The above network 
might be capable of providing deep understanding of the 
disease related biological processes, disease linked candi-
date genes, disease mechanistic processes and assists in the 
discovery of potential biomarkers [22] of IBD-associated 
arthritis.

3 � Discussion

Chromosomal regions discovered by the linkage and asso-
ciation studies frequently contain candidate genes associ-
ated with a specific disease or a phenotype. Generally, the 
pathogenesis of a complex disease can be deciphered by the 
identification and characterization of the candidate gene(s) 
accountable for the complex interactions producing disease. 
Dearth of precise diagnostic technology demands the identi-
fication of putative drug targets and various biomarkers for 
improving the diagnostic process and therapeutic strategy 
of IBD-linked arthritis. Numerous reports have defined the 
application of computational pipelines for prioritizing the 
most potent and promising candidates [23–29]. Owing to 
the dearth of freely available public databases and citations 
of experimentally validated literature, the analyses of dif-
ferential gene based on arthritic datasets were done earlier 
to check the disease-linked differentially expressed genes 
(DEGs) [30, 31] using statistical platforms. DEGs are the 
genes, which are expressed amidst varying physiological 
disease conditions. The transcriptomic analysis helps in 
the examination of the expression of DEGs leading to their 
deposition in the public databases. In general, the detection 
of DEGs can be performed by setting a threshold, and genes 
expressed above or below the set threshold limit are consid-
ered as potential biomarkers for the diagnosis and progno-
sis of the disease. Computational pipelines were initiated 

to narrow down the search space generated because of the 
accessibility of superfluous ‘omics’ data produced by the 
potential genes pre-selection employing automated recog-
nition methods. These methods were mostly based on the 
measurement of the relatedness present among the genes and 
failed to recognize the phenotypic linkage as well as associa-
tion of the genes with multiple diseases. To overcome this 
constraint, a combined strategy of transcriptomic profiling of 
differentially expressed genes accompanying network topol-
ogy analysis was employed in the present study to investigate 
the underlying association of IBD with arthritis.

Database mining of the genome datasets in relation with 
IBD and AS was carried out for the generation of the pri-
mary data. Certain systemic variations of microarray are 
accountable for uncertainty in the analysis of the primary 
data. Thus, statistical algorithms implementing diverse 
approaches for the normalization and differential expression 
(DE) detection were tested. Normalization leads to noise 
reduction, artefacts removal, and the elimination of related 
technical errors [32]. Additionally, statistical evaluation 
reduced the sensitivity that was consistent with the expres-
sion levels. LogFC computation and B-statistics assisted in 
classifying the up- and down-regulated genes and calculated 
p value for the subset of genes expression reflecting the con-
fidence in gene expression by monotonically correlating with 
the signal-to-noise ratios [33].

In majority of the datasets, the common DEGs found were 
sterile alpha motif domain containing 9 like (SAMD9L), 
inhibin beta A subunit (INHBA), transmembrane protein 
45A (TMEM45A) and transmembrane and tetratricopep-
tide repeat containing 1 (TMTC1). Previously, published 
inflammatory bowel disease microarray data have showed 
the presence of SAMD9L [34–38], INHBA, TMEM45A 
and TMTC1 [34, 36, 38–40] in IBD patient cohorts. Simi-
larly, the above genes have also been found in ankylosing 
spondylitis patients as reported by Smith et al. [41]. These 
studies reported the identification of SAMD9L, INHBA, 
TMEM45A and TMTC1, and suggested their role in IBD 
and AS disease conditions. These include metabolism, host 
defence, molecular transport, response to biotic and inflam-
matory stimulus, innate immune responses, chemotaxis, cell 
proliferation and tumour growth in pediatric UC; and altered 
gene expression profile of lamina propria cells in quiescent 
UC and IFN-γ gene regulation in AS. One of the identified 
DEGs according to our study, TMTC1, has been predicted 
to show favourable response to anti-TNF antibody therapy 
in IBD patients [42].

In our study, the common functions and pathways found 
between the DEGs were regulation of macromolecule meta-
bolic process, control of metabolic process, regulation of 
primary metabolic process, control of protein metabolic 
process, cell differentiation, organ development, single-
organism developmental process, multicellular organismal 

Table 4   Topological analysis of SAMD9L, INBHA, TMTC1 and 
TMEM45A

Genes TMTC1 INBHA TMEM45A SAMD9L

Topological coefficient 0.14 0.35 0 0
Stress 6596 3640 0 0
Clustering coefficient 0.06 0.35 0 0
Closeness centrality 0.48 0.50 0.34 0.23
Betweenness centrality 0.29 0.15 0 0
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development, system development, single–multicellu-
lar organism process, developmental process, anatomical 
structure development, multicellular organismal process, 
regulation of biological process, cell proliferation, hemat-
opoietic progenitor cell differentiation and immune system 
process. From the viewpoint of a gene/protein network, a 
candidate gene inclines to be surrounded by powerful differ-
entially expressed neighbours contributing similar functions 
and phenotypic characteristics. Thus, studies of molecular 
interactions were carried out to detect and investigate the 
highly expressed neighbours between the TMTC1, INBHA, 
TMEM45A and SAMD9L. Exploration of betweenness 
and closeness centrality distinguishes the direct interac-
tors and the shortest path between the nodes in the network 
to discover substantial differences between the etiological 
and palliative drugs [33]. TMTC1 and INBHA were found 
to be more biologically significant genes as compared to 
TMEM45A and SAMD9L according to the topological prop-
erties of the network. According to the published reports, the 
role of DEGs have been explored in molecular pathogenesis 
of IBD that makes it possible to discern UC and CD patient 
cohorts and portray the role of genetics in the diagnosis of 
IBD using the clinical diagnostic test as gold standard. The 
utility of DEGs as a diagnostic test was uncovered from pilot 
studies to precisely categorize UC or CD patients showing 
results akin to the capabilities of prevailing clinical diag-
nosis [43]. The DEGs identified from the present study are 
indicative of their potential role in molecular pathogenesis, 
aligning them as putative biomarkers for the diagnosis and 
prognosis of IBD-associated arthritis. The outcome of such 
studies paves an important workflow to conduct pilot scale 
investigations for future experimental validation.

The above mentioned networks can provide advanced 
understanding of the disease-associated biological pro-
cesses, related candidate genes, and mechanism of IBD-
associated arthritis. The results of this study suggest novel 
drug targets and biomarkers of IBD-linked arthritis that can 
help in the improvement of the diagnostic pattern and/or the 
treatment regime in the near future [44–46].

In conclusion, this study depicts an effective computa-
tional approach for the identification of DEGs that might 
involve in IBD leading to arthritis. Overall, the current 
findings speculate a potential association of IBD with 
arthritis using in silico gene expression patterns and net-
work topological analysis. DEGs such as TMTC1, INBHA, 
TMEM45A and SAMD9L along with their associated func-
tions and pathways involving regulation of macromolecule 
metabolic process, regulation of metabolic process, regu-
lation of primary metabolic process, regulation of protein 
metabolic process, cell differentiation, organ development, 
single-organism developmental process, multicellular organ-
ismal development, system development, single–multicel-
lular organism process, developmental process, anatomical 

structure development, multicellular organismal process, 
regulation of biological process, cell proliferation, hemat-
opoietic progenitor cell differentiation and immune system 
process may have the potential to be exploited as probable 
targets and biomarkers for the diagnosis and treatment of 
IBD linked arthritis in the near future. Also, this preliminary 
in silico study warrants for future larger experimental studies 
to validate our current findings.

4 � Materials and Methods

4.1 � Gene Expression Dataset Selection

European Bioinformatics Institute (EBI) ArrayExpress [12] 
source of high-throughput gene expression data that is also 
linked with National Centre for Biotechnology Information 
(NCBI) Gene Expression Omnibus (GEO, http://www.ncbi.
nlm.nih.gov/geo/) database [13], was iterated to retrieve the 
gene expression profiles of IBD and AS. The inclusion and 
exclusion criteria for selecting the datasets were (1) datasets 
with IBD vs control and AS vs control, (2) patient cohorts 
not undergoing any treatment, (3) datasets published in jour-
nals (4) datasets whose transcriptional analysis has been 
performed using Affymetrix microarray (5) datasets having 
RAW files and (6) datasets containing replicates.

4.2 � Pre‑Processing of the Data

During the pre-processing step, screening of the differen-
tially expressed genes (DEGs) within every dataset was done 
by accomplishing differential gene expression to reduce the 
complexity underlying because of the data redundancy. 
Hence, a robust multi-array average (RMA) data normali-
zation of the expression data was performed to control the 
discrete hybridization intensities and to infer an accurate, 
significant and meaningful biological comparisons. It is a 
command-based Bioconductor R suite affy software pack-
age, generally needed for Affymetrix array analysis [47].

4.3 � Statistical Analysis

For the statistical analysis, Limma, a package of Bioconduc-
tor R suite for the analysis of gene expression data arising 
from microarray employing statistical platform was utilized. 
Employment of linear models for evaluating the gene expres-
sion functions of the datasets from any quantitative gene 
expression technology (for, e.g., microarrays, etc.) is the dis-
tinctive characteristic of this package. The logFC, p.Value, 
adj.p.Val, Ave Expr, t- and B-value of every individual gene 
for all the three datasets were measured by employing mod-
erated t-statistics along with log-odds of the differential 
expression by empirical Bayes shrinkage [48].

http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/


394	 Interdisciplinary Sciences: Computational Life Sciences (2019) 11:387–396

1 3

4.4 � Identification of the Differentially Expressed 
Genes

The genes having 1.5-fold change and a p value less than 
0.05 [p < 0.05 and FC ≥ 1.5 (|log2 FC| 0.58)] were cho-
sen as top up- and down-regulated differentially expressed 
genes between the healthy and the affected (diseased) sam-
ples for all the datasets. The annotation of DEGs was done 
by the use of GeneAnnot database http://genecards.weiz-
mann.ac.il/geneannot/index.shtml) that predicts the genes 
from GenBank (www.ncbi.nlm.nih.gov/genbank/), RefSeq 
(www.ncbi.nlm.nih.gov/refseq/) and Ensembl (http://www.
ensembl.org/index.html) [49]. The common differentially 
expressed genes were found between the datasets of IBD 
and AS.

4.5 � Functional Annotation and Pathway Analysis

Functional annotation of the differentially expressed genes 
was done using DAVID (https://david.ncifcrf.gov/) tool, 
which is a visualization and integrated discovery tool links 
the gene probe ID’s with the functional terms by employing 
a clustering algorithm to evaluate the genes at their func-
tional level and helps in elucidating their pertinent biological 
significance [50, 51]. Further, Kyoto Encyclopaedia of the 
Genes and Genomes (KEGG), repertoire of the information 
related to the genomic, enzymatic and biological pathway 
related data was mined for advanced level characterization 
of the DEGs [52–54].

4.6 � Network Analysis

Search tool for the retrieval of interacting genes (STRING) 
(http://string-db.org/), a curated universal database com-
prising the interaction data, was used to evaluate the pro-
tein–protein interactions (PPIs) [20] of the target DEGs in 
Homo sapiens. STRING database contains around 9.6 mil-
lion proteins from more than 2000 organisms. STRING pro-
vides the evidence of protein–protein interactions from pre-
viously established known experimental, pathway, genomic, 
orthology and co-expression data, which are available from 
a number of online databases such as HPRD, MINT, DIP, 
BIND, KEGG, BioGRID, Reactome, IntAct, GO, SGD, 
EcoCyc, FlyBase, OMIM, and PubMed. To evaluate the 
topological properties such as nodes, edges, closeness cen-
trality, clustering coefficient, eccentricity, betweenness cen-
trality, stress, degree, neighbourhood connectivity, number 
of directed edges, radiality and topological coefficient was 
determined for the visualization and analysis of the network 
using Cytoscape that aids in understanding the structure and 
underlying mechanisms of the network [21]. Figure 1 shows 

the pictorial representation of the workflow of the in silico 
transcriptional, pathway, and network analysis of IBD and 
AS datasets used in the present study.
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