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INTRODUCTION

Tumor necrosis factor alpha (TNF-α) plays
a crucial role  in the pathogenesis of rheumatoid
arthritis (RA), as proved by the clinical benefit
of TNF-α-neutralizing therapy with either a TNF-
α type II receptor–IgG1 fusion protein or a chi-
meric monoclonal antibody against TNF-α, such
as infliximab (IFX) (Velascovelázquez et al. 2017).
Generally, IFX is administered by intravenous
infusion typically at six- to eight-week intervals,
and cannot be given by mouth because the di-
gestive system would destroy the drug (Hemp-
erly and Vande 2018). For RA patients, IFX seems
to work by preventing TNF-α from binding to
its receptor in the cells, but the specific molecu-
lar mechanism of the process is unclear. With
the development of high throughput technolo-
gy and gene data analysis over the past decade,
rapid progress has been made in discovering
genetic associations with certain disease (Bas-

tida et al. 2018; Pegoraro and Misteli 2017). Gene
expression data studies reveal a complex, heter-
ogeneous immune inflammatory response in the
immune mediated inflammatory diseases yet
common signatures, are characteristic of specif-
ic autoimmune diseases (Takeuchi 2017). Hence
using microarray data of RA patients may be a
good way to predict response to IFX accurately
and reliably, even further to uncover the func-
tional mechanism of this drug.

Objectives

In this paper, to identify core modules and
genes in RA following IFX therapy, the system-
atic tracking of modules and attract method were
combined. Firstly, objective network for IFX
group (ION) and objective network for the con-
trol group (CON) was constructed based on gene
expression data, protein-protein interaction (PPI)
data, and Spearman correlation coefficient (SCC).
Subsequently, modules were detected by calcu-
lating module correlation density (MCD) be-
tween any pair of candidate modules which were
identified by clique-merging algorithm. Finally,
core modules were determined utilizing attract
method from modules between IFX group and
control group, and genes in the core modules
were defined as core genes. The results might
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provide potential biomarkers for detection and
therapy of IFX treated RA patients, and gained
an insight to reveal the underlying molecular
mechanisms of this process.

MATERIAL   AND  METHODS

Preparing Data

Gene Expression Data

In this paper, gene expression profiles with
accessing number of E-GEOD-57405 (Rosenberg
et al. 2014) for RA patients following IFX thera-
py were collected from the ArrayExpress data-
base (http://www.ebi.ac.uk/arrayexpress/). E-
GEOD-57405 was comprised of 19 RA samples
before IFX treatment (Control group) and 31 RA
samples after IFX treatment (IFX group or Ex-
perimental group), and deposited on A-GEOD-
13158 - [HT_HG-U133_Plus_PM] Affymetrix HT
HG-U133+ PM Array Plate. To control the qual-
ity of the data, standard pre-treatments were
conducted, including background correction,
normalization, probe correction,  and summari-
zation of expressed values (Bolstad et al. 2003;
Irizarry et al. 2003). After converting the prepro-
cessed data on probe level into gene symbol
measure and removing the duplicated ones, the
researchers obtained a total of 17352 genes in
gene expression data for subsequent analysis.

PPI Data

Search Tool for the Retrieval of Interacting
Genes/Proteins (STRING) provided a critical as-
sessment and integration of PPIs, including di-
rect (physical) as well as indirect (functional)
associations (Szklarczyk et al. 2014). Hence, re-
searchers acquired all human PPIs from STRING
database, including 16,730 genes and 1,048,576
interactions. Subsequently, genes or interactions
without expression value or duplicated self-loops
were removed, and interactions of score < 0.2
were also discarded. A total of 5665 genes and
28,176 interactions were retained. To make these
interactions more reliable and correlated to RA,
the researchers extracted interactions with two
nodes both belonging to the gene expression
data. Ultimately, 12,899 PPIs involved in 3332
nodes were gained and denoted as the PPI data
for further exploitation in this study. Note that
the PPI data for IFX group and control group

were different due to the differences between
IFX treated samples and control samples.

Constructing ION and CON

Since there might be a number of false posi-
tive or non-effective interactions in PPI data,
SCC was implemented to re-weight these inter-
actions. Here, SCC is a measure of the correla-
tion between two variables, giving a value be-
tween -1 and +1 inclusive (Szmidt and Kacprzyk
2010). The SCC between gene i and j, S(i, j), was
calculated as formula:

               (1)

Where n was the number of samples of the
gene expression data; g(i, k) or g(j, k) was the
expression level of gene i or j in the sample k
under a specific condition; g(i) or g(j) repre-
sented the mean expression level of gene i or j;
and σ(i) or σ(j) stood for the standard deviation
for the specific condition. If S(i, j) had a positive
value, there was a positive linear correlation be-
tween i and j. Besides, for a PPI between i and j,
absolute SCC value was denoted as its weight
value. Only the interactions with P < 0.05 were
selected to construct the ION for IFX group and
CON for the control group.

Identifying Modules

Systemic inference of modules between IFX
group and control group comprised of two steps,
identifying candidate modules from ION and
CON using clique-merging algorithm (Liu et al.
2009; Srihari and Leon 2013); and extracting
modules from candidate modules dependent on
MCD and module pair match (Srihari and Ragan
2013).

Exploring Candidate Modules

Clique-merging algorithm worked in two
steps: in the first step, it found all the maximal
cliques from the ION and CON, and in the sec-
ond step, it merged highly overlapped cliques
(Liu et al. 2014). Maximal cliques were determined
by cliques algorithm which utilized a depth-first
search strategy to enumerate all maximal cliques
and effectively pruned non-maximal cliques dur-
ing the enumeration process (Tomita et al. 2006).
Cliques with too small number of genes were
difficult and meaningless to study, and thus the
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researchers discarded cliques with node amount
smaller than 4 (Sriganesh and Ragan 2013). In
addition, some maximal cliques overlapped with
one another, and the high overlapped ones must
be integrated to reduce the result size. For each
clique, it checked whether there existed the oth-
er clique that had a higher score than J, where J
= 0.5 was a predefined threshold for overlap-
ping (Srihari et al. 2013). If such clique existed,
the two cliques would be removed or merged.
The refined maximal cliques were demoted as
candidate modules. In particular, candidate mod-
ules for IFX group were identified from ION, sim-
ilarly, candidate modules for the control group
from CON.

Evaluating Modules

For purpose of evaluating candidate mod-
ules in IFX group and control group, MCD, d,
for each candidate module under special condi-
tion was calculated as follow:

                                                                       (2)

In which M was a similarity graph to perform
a maximum weight bipartite matching (Gabow
1976). In detail, dIFX stood for MCD of candidate
module in IFX group, while dcontrol represented
MCD for the control group. Step further, re-
searchers matched the similar or common candi-
date module pairs across IFX group and control
group, and ranked them in non-increasing order
of their absolute MCD, ΔC = |dIFX - dcontrol|. Here,
they defined the each module pair as a module
for RA.

Investigating Core Modules and Genes

In this step, core modules were determined
utilizing attract method from modules between
IFX group and control group, and genes in the
core modules were defined as core genes. At-
tract method is a knowledge-driven analysis ap-
proach for identifying and annotating the gene-
sets (Matigian et al. 2011). It could be summa-
rized the determination of core modules that dis-
criminated the strongest between cell types or
experimental groups of interest (Mar 2011).

In this work, each module was denoted as an
attractor. Based on attract method, GSEA-ANO-
VA model was proposed to assess module level
data and investigate core modules between IFX
group and control group. Seed modules were

identified through the F-statistic, for gene i, F(i)

was computed:

                                                                        (3)

Where v represented corresponding expres-
sion value in each replicate sample; rk for each
cell type k = 1, …, K; u stood for the mixed effect
model; N meant the total number of samples.
Large values of the F-statistic indicated a strong
association whereas a small F-statistic suggest-
ed that the gene demonstrated minimal cell type-
specific expression changes. In order to make
the F-statistic more confidence, the researchers
selected T test to correct the log2-transformed
F-statistics and obtain P value for each poten-
tially shared module originated from synexpres-
sion groups. Adjusting their P values on the
basis of false discovery rate (FDR) (Benjamini
and Hochberg 1995), the researchers defined the
modules with P<0.05 as core modules between
IFX and control groups, and genes in core mod-
ules as core genes.

RESULTS

ION and CON

In this work, the researchers employed two
types of data, gene expression data recruited
from the ArrayExpress database and PPI data
extracted from the STRING database. By inte-
grating gene expression data, PPI data and SCC
related analyses, the ION for IFX group and CON
for the control group were identified, which dis-
played equal number of 3332 nodes and 12899
interactions, but the weight distribution was dif-
ferent. The relationships between the number of
interactions and weight in Figure 1 showed that
the number of interactions reached the highest
(more than 3000) near the weight of 0.1. After
that, weight distribution across control group
and IFX group had clear differences, especially
from 0.1 to 0.6. From the overall perspective of
these  two curves, the average weight for 12899
interactions was also different, 0.290 for control
group, and 0.277 for IFX group. Nevertheless,
these results could not be taken as confident
proof for clinical therapy, and the large scale of
ION and CON brought great challenges to ex-
plore target markers. And thus in subsequent
study, researchers mainly focused on detecting
sub-network or module that extracted from the
ION and CON.

[ ]
[ ]∑ ∑

∑

= = −

= −

−
−

−
−=

K
k

v
v

ii
vk

K
k

ii
kki

uu
KN

uu
KF

1 1
2)()(

1
2)()(

)(
1

1
1

γ

γ

)1(

)),,((,

−∗
=
∑ ∈

SS

MjiS
d sji

2

2



CORE MODULES AND GENES PREDICTION 175

Modules

Based on the ION and CON, candidate mod-
ules were identified utilizing clique-merging al-
gorithm. The result showed that 2443 and 2021
maximal cliques were detected for IFX group and
a control group based on fast depth-first meth-
od of clique algorithm. Eliminating cliques with
small genes (count<4) to study, 238 and 120
maximal cliques were retained for IFX group and
control group, respectively. Since there might
be some overlaps between two maximal cliques,
researchers refined them dependent on merging
algorithm with J > 0.5, and 15 candidate modules
in Table 1 were obtained for IFX group, while 13
candidate modules in Table 2 for the control
group. Gene compositions of each candidate

module in IFX and control groups were shown
in these two tables.

When matching the candidate modules, 8
pairs of candidate modules with similar or same
gene compositions were obtained, and each can-
didate module pair was defined as a module.  That
was to say, 8 modules were gained. To further
explore correlations of them across IFX group
and control group, the density of each candi-
date module, MCD, and differential density of
each candidate module pair, ΔC were computed.
The parameters of modules composed by the
candidate module pair of IFX and control in Ta-
ble 1 were used to screen the possible modules.
Module 1 had the highest  ΔC = 0.041, which
was comprised of PSMC4, PSMD8, PSMB7,
PSMD9, TCEB2 and PSMB2. The ΔC for Mod-
ule 2 was 0.033 which included 6 genes (EIF4B,
RPL36, RPL35, RPS5, RPS19 and RPS9). The
followed were Module 3 ( ΔC = 0.028), Module 4
( ΔC  = 0.026), Module 5 ( ΔC  = 0.025) Module 6
( ΔC = 0.022), Module 7 ( ΔC = 0.021) and Mod-
ule 8 ( ΔC  = 0.019)

Core Modules and Genes

For purpose of evaluating significantly al-
tered or disrupted modules and genes on the
basis of modules for IFX treated RA patients,
GSEA-ANOVA model in attract method was em-
ployed, which also gave the researchers a way
to gauge genes that informative for a particular
set of cell types. Unlike other GSEA implementa-
tions which only allow for two-class compari-
sons, this ANOVA-based approach tests for dif-
ferences between multiple classes. Supposing

Fig. 1. Weight distribution of interactions in
objective network for Infliximab (IFX) group (ION)
and objective network for control group (CON)
Source: Author
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Table 1: Candidate modules for infliximab (IFX) treated group

Candidate module Count Genes

1 5 TRIP13, ASF1B, CDC45, CDCA3, CCNA2
2 7 POLE2, CDC45, DLGAP5, KIF11, NDC80, NCAPG, CCNA2
3 8 TRIP13, DLGAP5, KIF11, NCAPG, NUSAP1, NDC80,

   CDCA3, KIF4A
4 6 PSMC4, PSMD8, PSMB7, PSMD9, TCEB2, PSMB2
5 5 TRIP13, GINS1, CDC45, NCAPG, PBK
6 5 NDUFAB1, NDUFA10, NDUFB2, CYC1, UQCRC1
7 5 CREBBP, MED6, MED4, MED12, TGS1
8 6 RPL18, RPS5, RPL36, RPS16, RPS8, RPL35
9 5 NDUFAB1, NDUFB3, NDUFB7, NDUFB2, NDUFC1
10 6 RPL18, RPS5, RPL36, RPS13, RPL27, RPLP2
11 5 RPS16, EIF3H, EIF4B, RPL8, RPL35
12 7 RPS5, RPL18A, RPL35, EIF4B, RPL8, RPS19, RPS9
13 6 RPL19, RPS16, RPL35, RPL8, RPL15, RPL36
14 6 CENPM, NDC80, CDCA3, CDC45, CDC20
15 9 RPL18, EIF5, RPL36, RPS16, RPL35, RPL8, EIF4B, RPS19,

   RPLP1
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that each seed module was an attractor, the core
modules were identified by combining the seed
module identified through the F-statistic and
P<0.05, of which F-statistic captured the strength
of association observed in a gene’s expression
over the different groups and P-value evaluated
the significant difference across two groups.
Modules with significantly differences were de-
fined as core modules, and genes in the core
modules were considered to be core genes. In
the present study, 2 core modules (Module 3
and Module 6) were investigated. In detail, Mod-

ule 3 (P = 2.43E-04) consisted of 5 core genes
(POLE2, CDC45, DLGAP5, KIF11 and NCAPG),
while Module 6 (P = 2.59E-02) included 4 core
genes (RPS5, RPL18A, RPL35 and RPS19). In-
teraction networks for core genes in Module 3
and Module 6 in Figure 2 indicated that the in-
teractions among any two core genes might have
co-operations. The core module and genes might
play a more significant role than the other mod-
ules and genes in the progression of IFX treated
RA patients and be potential biomarkers in the
target treatment.

Table 2: Candidate modules for control group

Candidate module Count Genes

1 5 DLGAP5, NUSAP1, KIF11, NCAPG, SHCBP1
2 6 TRIP13, NUSAP1, DLGAP5, KIF11, CDC45, CEP55
3 6 POLE2, CDC45, NCAPG, KIF11, DLGAP5, DTL
4 6 PSMA4, PSMD8, PSMC4, PSMD9, TCEB2, PSMB2
5 5 RPL18, RPS5, RPS13, RPL27, RPL11
6 5 POLR2E, CCNH, MNAT1, TCEB2, POLR2G
7 6 RPL18, RPS5, RPS13, RPL36, RPL35, RPL3
8 5 RPS16, RPL35, RPL36, RPL8, EIF3F
9 6 AURKA, NUSAP1, DLGAP5, KIF11, KIF18A, ANLN
10 5 AURKA, CDCA3, NCAPG, CDC45, HJURP
11 5 RPL18A, RPS5, RPL35, RPS19, RPL29
12 6 EIF4B, RPL36, RPL35, RPS5, RPS19, RPS9
13 5 PSMA4, PSMA2, PSMC1, GMNN, PSMD6

Fig. 2. Network for the core module.
a. Module 3
b. Module 6. Nodes represented core genes, and edges were the interactions among any two genes
Source: Author
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DISCUSSION

RA is a chronic inflammatory disease charac-
terized by joint swelling, joint tenderness, and
destruction of synovial joints, leading to severe
disability and premature mortality (He et al. 2017)
. The increased understanding of the immune
mechanisms has led to the development of a con-
siderable number of new therapeutic agents that
alter the natural history of the disease and reduce
mortality, which revealed the pathogenesis of RA
(Dennis et al. 2017;  Venuturupalli et al. 2017). IFX
is an effective agent to treat RA, but the func-
tional molecular mechanism of this drug is far from
understood. Meanwhile, potential biomarkers for
treatment and prognosis of RA are also an urgent
need.

 It has been shown that the most significant
genes and modules obtained from different stud-
ies for a particular disease are typically in consis-
tent (Wang et al. 2017). To overcome this prob-
lem, a network strategy was used to evaluate
pathogenic genes or modules for disease-associ-
ation (Liu et al. 2017; Xu and Ning 2017). Con-
struction of PPI networks integrated the PPI and
specific gene expression profiles has been report-
ed to conduct better than global PPI network
(Deng et al. 2016). Beyond straightforward scor-
ing genes in the complex network, it is crucial to
study the behavior of modules across specific
conditions in a controlled manner to understand
the modus operandi of disease mechanisms and
to implicate novel genes (Srihari et al. 2013), since
some of important genes may not be identifiable
through their own behavior, but their changes
are quantifiable when considered in conjunction
with other genes (as modules). What is required,
therefore, is a systematic tracking gene and mod-
ule behavior across specific conditions in a con-
trolled manner (Zhang et al. 2016).

Hence, the researchers identified core mod-
ules and genes in RA following IFX therapy by
combining systematic tracking of modules and
attract method. Based on gene expression data,
PPI data and SCC related analyses, the research-
ers explored ION and CON for IFX group and
control group, respectively. The amount of
nodes and interactions in the ION and CON was
the same, but the weight distribution was differ-
ent. Next, 15 candidate modules for IFX group
and 13 candidate modules for the control group
were detected utilizing clique-merging algorithm.
By matching the same or similar candidate mod-
ules across the two groups, 8 modules were
gained and each module was assigned to a dif-
ferential MCD. Module 1 had the highest differ-
ential MCD,  ΔC = 0.041. Ultimately, using the
attract method, the researchers identified 2 core
modules (Module 3 and Module 6) and 9 core
genes (POLE2, CDC45, DLGAP5, KIF11,
NCAPG, RPS5, RPL18A, RPL35 and RPS19).

 Module 3 (P = 2.43E-04) consisted of 5 core
genes (POLE2, CDC45, DLGAP5, KIF11 and
NCAPG), whose core genes interacted with each
other and formed 10 interactions (as seen as Fig.
2a). While Module 6 (P = 2.59E-02) in Figure 2b
included 4 core genes (RPS5, RPL18A, RPL35
and RPS19) which made up 6 edges. CDC45
(cell division cycle 45) is a member of the highly
conserved multiprotein complex including the
minichromosome maintenance proteins (MCMs)
and DNA polymerase which is important for ear-
ly steps of DNA replication in eukaryotes (Mar-
tinez et al. 2017; Ogino et al. 2017). It had been
demonstrated that RA was an immune disease
and related to cell cycle closely (Skalska et al.
2017), besides, the functions of IFX effected the
cell cycle (Mitoma et al. 2005), and thus the re-
searchers may infer that dysregulation of CDC45
was associated the RA patients treated by IFX.
(Table 3).

Table 3: Modules

Module                      Candidate module                                                          MCD       C

IFX  Control IFX  Control

1 4 4 0.363 0.404 0.041
2 12 12 0.349 0.382 0.033
3 3 2 0.314 0.342 0.028
4 5 10 0.347 0.321 0.026
5 8 13 0.358 0.333 0.025
6 11 12 0.360 0.382 0.022
7 7 8 0.340 0.319 0.021
8 7 10 0.340 0.321 0.019

∆ 
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CONCLUSION

In summary, researchers have successfully
identified 2 core modules and 9 core genes for IFX
treated RA patients. The findings might give great
insights to reveal the molecular mechanism under-
lying IFX, and provide potential biomarkers for
treatment and prognosis of this progression.

RECOMMENDATIONS

However, some deficiencies is existent in the
researchers’ analysis. Firstly, sample size extract-
ed from databases is small. Second, the results
summarized in this paper have not been clinical-
ly verified. Therefore, further clinical trial verifi-
cation is necessary.

ACKNOWLEDGMENTS

This research received no specific grants
from any funding agency in public, commercial,
or not-for-profit sectors.

REFERENCES

Bastida JM, Lozano ML, Benito R, Janusz K, Palma-
barqueros V, Del MR, González-García H et al. 2018.
Introducing high-throughput sequencing into main-
stream of genetic diagnosis practice in inherited
platelet disorders. Haematologica, 103(1): 148-162.

Benjamini Y, Hochberg Y 1995. Controlling the false
discovery rate: A practical and powerful approach to
multiple testing. Journal of the Royal Statistical
Society: Series B (Methodological), 57(1): 289-300.

Bolstad BM, Irizarry RA, Astrand M, Speed TP 2003.
A comparison of normalization methods for high
density oligonucleotide array data based on variance
and bias. Bioinformatics, 19(2): 185-193.

Deng Y, Gao L, Guo X, Wang B 2016. Integrating
phenotypic features and tissue-specific information
to prioritize disease genes. Science China Informa-
tion Sciences, 59(7): 1-10.

Dennis G, Martin F, Townsend MJ 2017. Methods for
treating, Diagnosing, and Monitoring Rheumatoid
Arthritis. US, US9822400.

Gabow HN 1976. An efficient implementation of Ed-
monds’ algorithm for maximum matching on graphs.
Journal of the ACM (JACM), 23(2): 221-234.

He M, Harms AC, Van Wijk E, Wang M, Berger R,
Koval S,  van der Greef J 2017. Role of amino acids
in rheumatoid arthritis studied by metabolomics. In-
ternational Journal of Rheumatic Diseases, 7(1):
103-110.

Hemperly A, Vande CN 2018. Clinical pharmacokinet-
ics and pharmacodynamics of infliximab in the treat-
ment of inflammatory bowel disease. Clinical Phar-
macokinetics, 12(Suppl 1): 1-14.

Irizarry RA, Bolstad BM, Collin F, Cope LM, Hobbs B,
Speed TP 2003. Summaries of affymetrix genechip
probe level data. Nucleic Acids Research, 31(4): e15.

Liu G, Wong L, Chua HN 2009. Complex discovery
from weighted PPI networks. Bioinformatics, 25(15):
1891-1897.

Liu J, Wang HL, Ma FM, Guo HP, Fang NN, Wang SS,
Li XH 2017. Systematic module approach identi-
fies altered genes and pathways in four types of
ovarian cancer. Molecular Medicine Reports, 16(6):
7907-7914.

Liu Z, Zhao J, Tan Y, Tang M, Li G 2014. Systematic
tracking of dysregulated modules identifies disrupted
pathways in narcolepsy. International Journal of
Clinical and Experimental Medicine, 8(6): 9384-
9393.

Mar J 2011. Methods to find the gene expression mod-
ules that represent the Drivers Of Kauffman’s At-
tractor Landscape. Computer & Digital Engineer-
ing,  9(3): 114-132

Mar JC, Matigian NA, Quackenbush J, Wells CA 2011.
attract: A method for identifying core pathways that
define cellular phenotypes. PLos One, 6(10): e25445.

Martinez MP, Wacker AL, Bruck I, Kaplan DL 2017.
Eukaryotic replicative helicase subunit interaction
with DNA and its role in DNA replication. Genes,
8(4): E117.

Mitoma H, Horiuchi T, Hatta N, Tsukamoto H, Ha-
rashima SI, Kikuchi Y, Harada M et al. 2005. Inflix-
imab induces potent anti-inflammatory responses
by outside-to-inside signals through transmembrane
tnf-á. Gastroenterology, 128(2): 376-392.

Ogino H, Ishino S, Kohda D, Ishino Y 2017. The recj2
protein in the thermophilic archaeon thermoplas-
ma acidophilum is a 3' 5' exonuclease and associates
with a DNA replication complex. Journal of Bio-
logical Chemistry, 292(19): 7921.

Pegoraro G, Misteli T 2017. High-throughput imaging
for the discovery of cellular mechanisms of disease.
Trends in Genetics, 33(9): 604-615.

Rosenberg A, Fan H, Chiu YG, Bolce R, Tabechian D,
Barrett R, Peffer N et al. 2014. Divergent gene ac-
tivation in peripheral blood and tissues of patients
with rheumatoid arthritis, psoriatic arthritis and pso-
riasis following infliximab therapy. PLoS ONE,
9(10): e110657-e110657.

Skalska U, Kucawarnawin E, Kornatka A, Janicka I,
Musia³owicz U, Burakowski T, Kontny E 2017. Ar-
ticular and subcutaneous adipose tissues of rheuma-
toid arthritis patients represent equal sources of im-
munoregulatory mesenchymal stem cells. J Vis Exp,
50(8): 1-10.

Sriganesh S, Ragan MA 2013. Systematic tracking of
dysregulated modules identifies novel genes in can-
cer. Bioinformatics, 29(12): 1553-1561.

Srihari S, Leong HW 2013. A survey of computational
methods for protein complex prediction from pro-
tein interaction networks. Journal of Bioinformat-
ics and Computational Biology, 11(2): 1230002.

Srihari S, Ragan MA 2013. Systematic tracking of
dysregulated modules identifies novel genes in can-
cer. Bioinformatics, 29(12): 1553-1561.

Szklarczyk D, Franceschini A, Wyder S, Forslund K,
Heller D, Huerta-Cepas J, Tsafou KP et al. 2014.
STRING v10: Protein–protein interaction networks,
integrated over the tree of life. Nucleic Acids Re-
search, 43(Database Issue): D447-D452.

Szmidt E, Kacprzyk J 2010. The Spearman Rank Cor-
relation Coefficient Between Intuitionistic Fuzzy
Sets. Paper Presented at the IEEE International



CORE MODULES AND GENES PREDICTION 179

Conference on Intelligent Systems, 7-9 July, Univer-
sity of Westminster, London, UK.

Takeuchi T 2017. Treatment of rheumatoid arthritis
with biological agents - as a typical and common
immune-mediated inflammatory disease. Proceed-
ings of the Japan Academy, 93(8): 600.

Tomita E, Tanaka A, Takahashi H 2006. The worst-
case time complexity for generating all maximal
cliques and computational experiments. Theoretical
Computer Science, 363(1): 28-42.

Velascovelázquez MA, Salinasjazmin N, Hisakiitaya E,
Cobospuc L, Xolalpa W, Gonzalez G, Floresortiz LF
et al. 2017. Extensive preclinical evaluation of an
infliximab biosimilar candidate. European Journal
of Pharmaceutical Sciences, 102: 35-45.

Wang W, Jiang W, Hou L, Duan H, Wu Y, Xu C, Zhang
D et al. 2017. Weighted gene co-expression network

analysis of expression data of monozygotic twins
identifies specific modules and hub genes related to
bmi. Bmc Genomics, 18(1): 872.

Xu SC, Ning P 2017. Predicting pathogenic genes for
primary myelofibrosis based on a system-network ap-
proach. Molecular Medicine Reports, 17(1): 186-192.

Venuturupalli S 2017. Immune mechanisms and novel
targets in rheumatoid arthritis. Immunol Allergy Clin
North Am, 37(2): 301-313.

Zhang MH, Shen QH, Qin ZM, Wang QL, Chen X
2016. Systematic tracking of disrupted modules iden-
tifies significant genes and pathways in hepatocellu-
lar carcinoma. Oncology Letters, 12(5): 3285-3295.

Paper received for publication on March 2018
Paper accepted for publication on May 2018


