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Abstract: In recent years, the underlying roles of significant genes in the pathogenesis of rheumatoid arthritis
(RA) have greatly aroused the interest of clinicians and researchers. In the current study, we aimed to identify
the potential biomarkers of RA via mutual information network-based support vector machine (SVM) classifier.
Firstly,microarray data E-GEOD-45291 was downloaded from ArrayExpress database. Next, differentially expressed
genes (DEGs) identification was implemented. The differential pathways genes (DPGs) which were enriched in dif-
ferential pathways were then screened through attract method. Subsequently, the mutual information network was
constructed on the basis of the DPGs through context likelihood of relatedness (CLR) algorithm. Simultaneously,
hub genes of the mutual information network were screened, followed by the extraction of the intersection of hub
genes and DEGs (named as inter genes). Finally, the classification and evaluation via SVM with linear kernel was
performed. Based on the results, we found that a total of 339 DEGs and 448 DPGs were screened. There were 54
hub genes. Then, 8 inter genes were identified such as mitogen-activated protein kinase kinase 2 (MAP2K2), tumor
necrosis factor receptor (TNFR)-associated death domain (TRADD), BH3 interacting domain death agonist (BID)
and so on. Accordingly, these 8 genes can classify unknown samples from patients with the highest AUC score of
1.00, MCC score of 1.00, specificity of 1.00, and sensitivity of 1.00. Our analysis might provide a novel insight into
the pathogenic processes in RA. MAP2K2, TRADD and BID might be attractive biomarkers for the diagnosis and
therapeutic intervention of RA.
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The molecular mechanism of RA is still not
clear. As documented, previous studies have
demonstrated that there is the potential asso-
ciation between RA and environmental factors,
for example, smoking and climate. Currently, it
is generally believed that the genetic factors
are closely connected with the development
and progression of RA. Former studies have
suggested that toll-like receptors (TLRs) includ-
ing TLR2 and TLR4 exert important functions in
the pathogenesis of RA [4, 5]. Moreover, IL-15 is
reported to be elevated in synovial fluids of
patients with RA [6]. In addition, the protein

Introduction

Rheumatoid arthritis (RA), as a common auto-
immune disorder, is characterized by joint
destruction, synovial proliferation, and leuco-
cyte as well as neovascularisation extravasa-
tion. Moreover, RA is connected with disability,
systemic complications, socioeconomic costs
and early death [1, 2]. In 2013, RA led to
38,000 deaths, increased from 28,000 deaths
in 1990 [3]. Although the outcome for RA
patients has improved in recent years because
of earlier and more aggressive application of
nonbiologic drugs as well as the introduction of

biologic therapies, unmet demands remain.
Urgently, advances in understanding the patho-
genesis of RA have fostered the development
of new therapeutic strategy, along with impro-
ved outcomes.

tyrosine phosphatase non-receptor 22 gene
(PTPN22) and human leucocyte antigen (HLA)
locus have been verified to be connected with
RA [7, 8]. Despite more effort to select the RA
causing genes, the molecular mechanisms and
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Figure 1. The flowchart of the proposed approach.

treatment of RA is difficult to establish because
RA is heterogeneous in nature.

In recent years, the application of various
approaches has been witnessed to identify
genes that contribute to the development of
RA. In general, significant genes are selected
using expression-based analysis method. Kyoto
encyclopedia of genes and genomes (KEGG) is
then utilized to discover the potential functions
of the obtained genes [9]. However, for lack of
inclusion in KEGG database, several genes with
highly correlated patterns to the significantly
identified genes were not picked up. Excitedly,
attract offered by Mar and coworkers [10] has
been indicated to be able to expand the impor-
tant genes which are not seen in traditional
KEGG method. Recently, more researchers
have realized that gene signatures drawn from
microarrays obtained from different studies on
the same disorder across parallel cohorts lack
consistency [11, 12]. A potentially more effec-
tive method to solve this problem is to utilize a
network-based approach [13]. As expected,
constructing a classifier on the basis of net-
workisone ofthe proposed novel network-based
methods [14].

In the current study, we identified the biomark-
ers in RA using mutual information network-
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based support vector machines (SVM) classifi-
er. Firstly, differentially expressed genes (DEGs)
identification was implemented. Then, differen-
tial pathways genes (DPGs) which were enriched
in differential pathways were screened through
attract method. Subsequently, the mutual infor-
mation network was constructed on the basis
of the DPGs through context likelihood of relat-
edness (CLR) algorithm. Simultaneously, the
hub genes of the mutual information network
were screened, followed by the extraction of
the intersection of hub genes and DEGs (named
as inter genes). Ultimately, the classification
and evaluation was implemented via support
vector machines (SVM) with linear kernel. Our
analysis might provide a novel insight into the
pathogenic processes in RA. Moreover, the
screening of epigenetic biomarkers may allow
better diagnosis and treatment of RA, and ulti-
mately, offer opportunities to personalize the
management of rheumatic disease. The flow-
chart of our method to predict the significant
biomarkers was exhibited in Figure 1.

Material and methods
Gene expression dataset and preprocessing

Microarray dataset E-GEOD-45291 [15] was
downloaded from Array Express database, whi-
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ch was based on the A-GEOD-13158 platform
of HT_HG-U133_Plus_PM Affymetrix HT
HG-U133+ PM Array Plate. Gene expression
data of E-GEOD-45291 included 20 control
samples, 378 RA samples with an inadequate
response to disease-modifying antirheumatic
drug therapy (DMARD-IR), 115 RA samples with
an inadequate response to tumor necrosis fac-
tor inhibition (TNF-IR) and 292 systemic lupus
erythematosus (SLE) samples. In this study,
only 20 control samples and 115 RA samples
(TNF-IR) were selected for further analysis.
Then, repeated probes were abandoned. Next,
IDs were transformed into the gene symbols.
Finally, a total of 20276 genes were obtained.

Identification of DEGs

In the current study, the linear models for micro-
array data (LIMMA) package [16] in R language
was utilized to identify DEGs between control
and RA samples. The P-values were adjusted
using false discovery rate (FDR) based on the
Benjamini & Hochberg algorithm [17]. The val-
ues of |logFC| > 2 and FDR < 0.01 were applied
as the threshold.

Identification of differential pathways and
DPGs

In the present study, we used the gene expres-
sion data of control and RA to identify the core
pathways using attract method [10], and these
core pathways showed the most differential
expression changes between the two groups.
Instead of examining individual genes, this
attract method employed GSEA-ANOVA to test
the gene sets defined by KEGG for their ability
to distinguish between two groups. In briefly,
the KEGG enrichment analyses were performed
for the 20276 genes in both groups. Subse-
quently, the pathways with less than 5 genes
were deleted. Then, the pathway level was
examined through GSEA-ANOVA which was an
ANOVA-based implementation of a gene set
enrichment algorithm. On the basis of GSEA-
ANOVA, an ANOVA model was fitted to each
gene and the expression of one gene was regu-
lated by a single factor standing for the groups
as different levels of this class. For gene i as
well as the corresponding expression level in
every replicate sample j = 1, ..., r_for each
group k = 1, ..., K, the fixed effect model was
fitted:
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Where u is on the behalf of the overall mean, uk
is the effect of group k on the gene’s expres-
sion, and gjk denotes the random normal resid-
ual error term.

Under the null hypothesis HO: ul = u2= ... = uk,
we assume that all K group means are equiva-
lent. For group k, the mean expression was
computed relying to the following formula:

1 I
yo= 3y
rkj=l

According to the ANOVA model, the F-statistic
value for gene i is counted:

MSS;
RSS;
Where MSS. is the mean treatment sum of

squares, as well as captures the amount of
variation because of the group-specific effects:

FO =

K 2
-1 M-,
ss, = L3yt

RSS, represents the residual sum of squares,
and it is calculated using the following formula:

K I 2
1 ; i
RSS = —— > > [yi-y."]
N-Kk=1j=1
Where N means the total number of samples,
as well as the overall mean is counted:

) 1 K 1 (3 )
y"(r) = RZ(TZ yjk(’>>
K=1\ 'k j=1

Because large F-statistic value indicated a
strong association while small F-statistic value
suggested that the genes showed minimal
group-specific expression changes. In an atte-
mpt to confirm this relationship more formally,
T-test was employed to compare the distribu-
tion of log2-transformed F-statistics values
from all the pathways to the global distribution
of log2-transformed F-statistics values from all
the genes with a pathway annotation. Moreover,
Benjamini-Hochberg-based method was uti-
lized to adjust the P values, and the pathways
with FDR less than 1E-O9 were considered as
attractors. Then, the pathways were ranked in
ascending sort of FDR values. The top 5 signifi-
cant pathways were identified and designated
as differential pathways. Furthermore, genes
enriched in differential pathways were extract-
ed and named as DPGs.
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Table 1. The core Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways based on false discovery rate (FDR) less than

the square weighted value as
input, and then the adjacency

1E-09 matrix was built. Next, Igraph
Term  Term name Count  FDR package was used to display
KEGG Ribosome 130 5.69E-53 the mutual information netwo-
KEGG Sphingolipid signaling pathway 113 1.93E-37 r.
KEGG Spliceosome 112 1.33E-34 Further, to investigate the bio-
KEGG Fc epsilon Rl signaling pathway 68 2.51E-31 logical importance of nodes in
KEGG Antigen processing and presentation 70 2.66E-28 the mutual information net-
KEGG Ribosome biogenesis in eukaryotes 71 8.78E-26 work, we analyzed the topo-
KEGG Shigellosis 61 1.37E-22 logical centralities connected
KEGG Amino sugar and nucleotide sugar metabolism 48  2.56E-20 to the local scale (degree) wh-
KEGG Nucleotide excision repair 44 9.44E-20 ich was employed to depict the
KEGG Viral myocarditis 55 1.78E-19 significance of nodes. Degree
KEGG Acute myeloid leukemia 57 o251p19  ©'Vesacountofthe number of
o interactions of a given node
KEGG Basal transcription factors 42  3.78E-19 via totalizing the number of its
KEGG Proteasome 43  2.53E-17 neighbouring genes [20]. In
KEGG NOD-like receptor signaling pathway 56 5.10E-16 our work, the nodes with the
KEGG Valine 47 3.82E-15 top 10% degrees were extract-
KEGG DNA replication 36 5.09E-15 ed as the hub genes. Signifi-
KEGG Fructose and mannose metabolism 33 8.43E-14 cantly, the intersection of hub
KEGG SNARE interactions in vesicular transport 34 1.11E-13 genes and DEGs were extract-
KEGG Asthma 27  4.66E-12 ed and defined as inter genes.
KEGG Be.lse excision r-epalr 33 5.93E-12 Classification and evaluation
KEGG Mismatch repair 23 6.78E-12 via SYM
KEGG P53 signaling pathway 67 5.47E-11
KEGG Aminoacyl-tRNA biosynthesis 43  1.69E-10 In the current study, SVM [21]
KEGG Glycosaminoglycan degradation 19 2.08E-10 with linear kernel were utilized
KEGG Thyroid cancer 29  4.14E-10 to evaluate the classification
KEGG 2-Oxocarboxylic acid metabolism 17  5.16E-10 performance of the inter genes
KEGG Citrate cycle (TCA cycle) 31 6.89E10  across RA and control sam-

Mutual information network construction and
hub genes identification

Mutual information network is a subgroup of
network inference approach, and its theoretical
foundation is to deduce a link between a cou-
ple of nodes when it has a high score on the
basis of mutual information [18]. The CLR algo-
rithm [19] is an extension of the relevance net-
work method, which counts the mutual infor-
mation for each pair of genes and acquires a
score related to the empirical distribution of
the mutual information values. In the current
study, the DPGs were as vertices, and the
microarray data were as the mutual informa-
tion between vertices. Then, CLR algorithm was
utilized to compute the edge score for each pair
of nodes via an inference method that takes
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ples. Firstly, all samples were
approximately divided into two
parts on the basis of the ratio of 6 to 4, and the
81 samples (17 of control and 64 of RA) were
kept to build a train set, the rest 54 samples (3
of control and 51 of RA) constituted a test set
to verify the classification models. Then, we
used a 5-fold cross-validation (5-CV) to con-
duct on the training sets to evaluate the poten-
tial classification strength of the models. Next,
the prediction power on the test sets was
implemented.

To assess the classification results of inter
genes, several performance measures which
can offer different views were employed.
Accuracy (ACC), one of the most popular mea-
sures in SVM classification, often misleads
about the actual classification quality of a given
classifier because it does not take into account
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Table 2. The top 5 Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways, and the intersection
genes between differentially expressed genes and hub genes

Category Term name Intersection genes FDR

KEGG Ribosome RPL10, RPL22L1 5.69E-53
KEGG Sphingolipid signaling pathway TRADD, BID 1.93E-37
KEGG Spliceosome SNRPB, SF3A2, PRPF8 1.33E-34
KEGG Fc epsilon RI signaling pathway MAP2K2 2.51E-31
KEGG Antigen processing and presentation MAP2K2 2.66E-28

Note: FDR, false discovery rate.

the nature of the incorrect predictions. Con-
sequently, the area under the receiver operat-
ing characteristics curve (AUC) is a better mea-
sure for evaluating the predictive ability of
machine learners, relative to accuracy [22].
Matthews correlation coefficient (MCC) ranges
from -1 to +1. The value of +1 represents the
total agreement and -1 indicates total disagree-
ment. In addition, specificity means the ratio of
negative correctly classified to the practical
amount of negatives as well as controls type |
errors. Sensitivity is regarded as the ratio of
correctly classified positives to the actual num-
ber of positives and controls type Il errors. In
our study, the measures of AUC, MCC, specific-
ity as well as sensitivity were utilized to give us
an adequate overview of the classification’s
performance.

Results
Identification of DEGs and DPGs

Based on |logFC| =2 and FDR <£0.01, a total of
339 DEGs including 4 down- and 335 up-regu-
lated genes were identified. Overall, 27 core
pathways were extracted based on FDR <
1E-09, as shown in Table 1. We defined the top
5 pathways as differential pathways, and the
genes originated from the differential pathways
were named after DPGs. The top five pathways
were the ribosome, sphingolipid signaling path-
way, spliceosome, Fc epsilon Rl signaling path-
way and antigen processing and presentation.
These 5 pathways were significantly different
between control and RA group tested at the
1E-09 level. Additionally, these were the most
“representative pathways” in the sense that
these pathways contained larger numbers of
genes. Overall, there were 448 DPGs in these 5
differential pathways.
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Mutual information network construction and
hub genes identification

We applied the mutual information to identify
the hub genes on the basis of the 448 DPGs in
5 differential pathways. In general, there were
44 hub genes. Then, the intersection of hub
genes and DEGs were extracted. Overall, 8 inter
genes such as small nuclear ribonucleo protein
polypeptides B and B1 (SNRPB, degree = 429),
mitogen-activated protein kinase kinase 2
(MAP2K2, degree = 429), tumor necrosis factor
receptor (TNFR)-associated death domain
(TRADD, degree = 420), splicing factor 3a, sub-
unit 2, 66 kDa (SF3A2, degree = 420), ribosom-
al protein L10 (RPL10, degree = 416), BH3
interacting domain death agonist (BID, degree
= 410), pre-MRNA processing factor 8 (PRPFS,
degree = 405), and ribosomal protein L22-like
1 (RPL22L1, degree = 399) were identified.
Based on the differential pathways (Table 2),
we found that MAP2K2 was involved in the two
pathways of Fc epsilon Rl signaling pathway
and antigen processing and presentation.

Classification and evaluation via SVM

SVM was used in our study to assess the clas-
sification performance of the 8 inter genes
between RA and control subjects. During the
5-CV evaluation, the classification results of
inter genes were ideal to distinguish all sam-
ples correctly. Moreover, our results achieved
the highest AUC score of 1.00, MCC score of
1.00, specificity of 1.00, and sensitivity of 1.00.
Accordingly, these 8 genes can classify
unknown samples from RA patients with high
accuracy.

Discussion

To our knowledge, RA is the most frequently
observed type of arthritis. Worriedly, the molec-
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ular mechanisms of RA have not been elucidat-
ed clearly. Thus, advances in understanding
the pathogenesis of RA have significant impli-
cations for the development of new therapeu-
tics and drug research. Our study demonstrates
that several promising genes including
MAP2K2, TRADD and BID might provide impor-
tant clues to the development process of RA.

In the current study, one immune pathway of
antigen processing and presentation, involved
in MAP2K2 gene, was identified in RA samples,
suggesting that immune response is participat-
ed in this disorder. This finding was consistent
with former studies [23, 24]. Upon stimulation,
TLR2 activates the MAP2K1 and MAP2K2, and
in turn they switch on the extracellular signaling
regulated ERK1/2 [25]. Of note, ERK1/2 has
been demonstrated to play an important part in
mediating the TNF-& secretion [26]. Moreover,
the main inflammatory cytokine, TNF-« is a key
player in inflammatory disorders including RA
[23]. Inhibition of TNF-ax expression can effec-
tively suppress the occurrence of inflammation
and anti-TNF-a therapy improves the clinical
symptoms of RA [27]. Thus, MAP2K2 might be
an attractive biomarker for RA diagnosis and
therapeutic intervention.

TRADD was another hub gene in our study.
TRADD is a central adaptor in the TNFR1 signal-
ing complex which regulates cell death as well
as inflammatory signals [28]. Moreover, TRADD
interacts with TNF receptor associated factor 2
(TRAF2) which then induces the activation of
NF-kB signaling [29]. Moreover, it is well estab-
lished that NF-kB pathway exerts key roles in
macrophage production of TNF-a« and destruc-
tive metal matrix proteinase (MMPs) [30]. Re-
markably, Houseman and colleagues have indi-
cated that determination of baseline MMP-3
can provide additional prognostic information
for RA patients [31]. Accordingly, these results
indicate that TRADD might be applied to moni-
tor the NF-kB signaling pathway in RA.

In the current study, BID was identified as a hub
gene. BID is a member of B-cell lymphoma 2
(Bcl-2) family which is made up of anti-apoptot-
ic proteins and pro-apoptotic proteins. More-
over, Bcl-2 has been indicated to be more high-
ly expressed in RA synocial tissue [32]. To the
best knowledge, apoptosis plays a crucial role
in the development of RA [33], which is initiated
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via death receptors or mitochondria-related
pathways. Fas is a major death receptor and
Fas-associated via death domain can lead to
the activation of caspase-8 [34]. Moreover,
caspase-8 results in apoptosis through cleav-
ing BID, which lead to the mitochondrial dys-
function. The local modulation of mitochondrial
pathway or inhibition of the expression of anti-
apoptotic molecules, could be therapeutically
beneficial in RA [33]. Thus, BID might be a ther-
apeutic target for the diagnosis and treatment
of RA.

In summary, MAP2K2, TRADD and BID might
be used as genetic markers for RA diagnosis
and treatment in the future. Our study might
offer bioinformatics support to further study
the mechanism underlying RA. Nevertheless,
the drawbacks were taken into consideration.
The identified genes in the present study were
predicted through the bioinformatics approach-
es, yet detailed analyses of their expression
have not been conducted by experiments.
Related experimental data are required to veri-
fy the effects and mechanisms of MAP2K2,
TRADD and BID in RA in later work.
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