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ABSTRACT

Osteoarthritis occurs when protective cartilage of bones worn out. Similarlty, cartilage damage occurs
mainly in the pannus cartilage in rheumatoid arthritis. It is a potentially debilitating condition, affecting
women two to three times more often than men. The cause and prognosis of rheumatoid and osteoarthri-
tis are still poorly known. However, advances in the study of disease pathogenesis have encouraged the
creation of new therapeutics with improved outcomes. The purpose of this study is to investigate the dif-
ferentially expressed genes potentially involved in dysregulated rheumatoid arthritis (RA) and their asso-
ciation to other types of arthritis, including osteoarthritis (OA). Complete RNAs were isolated for RNA
expression profiling using next-generation sequencing from human primary cultured normal and RA
chondrocytes. From RNA sequencing results 250 differentially expressed genes were identified using
bioinformatics analysis, of which 32 were found to be significantly playing role in RA pathogenesis
and its associated diseases. Molecular ontologies of the identified genes showed they are connected to
Innate immune response, Protein phosphorylation, Transcription initiation from RNA polymerase II pro-
moter, Immune response, Neoplasms of bones, as well as osteorthritis, and Rheumatoid arthritis. Among
the identified genes, TRAF1, TRAF2, BAMP, STX11, MEOX2, AES, REL, FHL3, PNMA1, SGTA, LZTS2, SIAH2,
PNMAT1, and TFCP2 were found to be highly enriched in the protein-protein interaction network. The sig-
nificant cross talks were found in Hypertrophic cardiomyopathy, Small cell lung cancer, Proteasome, p53
signaling pathway, Arrhythmogenic right ventricular cardiomyopathy, Small cell lung cancer, SNARE
interactions in vesicular transport, RIG-I-like receptor signaling pathway, and Hypertrophic cardiomy-
opathy pathways. The results offer new opportunities for target gene control in RA and OA cartilage
destruction.
© 2021 The Authors. Published by Elsevier B.V. on behalf of King Saud University. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

potentially crippling illness, two or three times affecting women
more often than men (Essouma et al., 2020). It is marked by joint

Rheumatoid arthritis (RA) is an inflammatory autoimmune discomfort and swelling and causes permanent joint injury that
arthritis that affects roughly 1% of the world’s population. It is a adversely affects the quality of the patient’s life in the absence of
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therapy (Coras et al., 2020). Progressive injury, systemic problems,
early mortality, and socio-economic costs are linked to RA
(Firestein, 2003). Osteoarthritis is a leading cause of suffering,

E-mail address: amjadhassan@cuiatd.edu.pk (A. Hassan). injury, and economic loss around the world. The disorder’s epi-
Peer review under responsibility of King Saud University. demiology is multifactorial and fluid, with genetic, biochemical,

and biomechanical elements. Joint-specific aetiological conditions
are also present. The origin and prognosis of RA and OA are uncer-
tain. Advances in studying the disease’s pathogenesis, however,
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results. The current medical plan, which illustrates this improve-
ment is to begin intensive therapy immediately after diagnosis
and to intensify therapy in search of therapeutic remission, driven
by an evaluation of disease development (Mclnnes and Schett,
2011). Etiopathogenetic causes that have been confirmed or at
least highly hypothesized include genomic variations (Wellcome
Trust Case Control Consortium, 2007), alterations in gene expres-
sions (Tasaki et al., 2018), autoimmunity (Catrina et al., 2016),
and environmental factors (Giannini et al., 2020). The first factor
that contributes to the autoimmune inflammation and causes RA
is still unknown, no aspect is believed to be a single cause. There
is no single source of RA, no single route to progression, and no sin-
gle curative method, as single treatments have reduced ultimate
success rates (Ramirez et al., 2020; Platzer et al., 2019). This has
contributed to the possibility that there could be RA subtypes of
multiple manifestations of RA disease that differ on sex, genotype,
gene expression, or microbiome composition, which will make RA
an important personalized medicine case (MacGregor et al., 2000).
Similarly, the pathogenesis of OA is also poorly known.

There is a complex relationship between genotype, environ-
mental factors, and the development of RA and OA. twin experi-
ments conducted for RA and OA include genetic factors, with
concordance rates of 15-30 percent among monozygotic twins
and 5 percent among dizygotic twins. Genome-wide tests indicate
that the disorder is focused on immune regulatory factors (Wang
et al., 2014a,b,c). The long-established correlation with human
leukocyte antigen (HLA)-DRB1 locus has been verified in patients
who are positive for RA. The knowledge about RA has rapidly pro-
gressed with the advancement of genomics, and various core RA-
associated genes and metabolic pathways have been identified,
which may have significant roles in the pathogenesis and evolution
of RA. For instance, the toll-like receptor (TLR) signaling pathway
has been identified as a major contributor to RA (McGovern
et al., 2005). However, there is a frequent pathogenic expression
of inflammatory cytokines, including TNF-alpha, IL-1B, and IL-6,
each of which has been effectively targeted in patients with RA
and the downregulation of innate immunity in patients with RA
(Wang et al., 2014a,b,c). Overexpression and functional mutations
of the tumor suppressor p53 protein have been identified in RA
synovial tissue, most often in patients with an advanced destruc-
tive form of the disease. Other signaling pathways involved in RA
have also been documented, including the NOD-like signaling
pathway (Porcelli et al., 1993), the signaling pathway of the T cell
receptor (Sen, 2005), and the signaling pathway of the Wnt cell
(Feldmann and Maini, 2003). Inflammatory cytokines (such as IL-
6 and IL-1) (Nakano et al., 2013), human leukocyte antigen (Chen
et al., 2018), and DNA methylation (Yoshizawa et al., 2008) have
been reported as affecting the growth of RA and can be used as
diagnostic RA markers. In RA cartilage, chondrocyte apoptosis
occurs through activated p53 and c-myc and decreased Bcl-2
expression, and the degree of chondrocyte apoptosis is correlated
with cartilage destruction (Proost et al., 2006). Several other path-
ways such as the classical mechanism of signalization of mitogen-
activated protein kinase, insulin signal pathway, antigen process-
ing, and presentation and IgA intestinal immune system. RA is also
triggered by graft versus host disease and autoimmune thyroid
mechanisms associated with disease (Xeu et al., 2013).

There has been a great deal of work to find or test genes and
pathways of relevance for RA progression (Lee et al., 2004). So
far, a lot of work has been done to gain a more detailed view of
the detailed genome and expression data (Giannopoulou et al.,
2015), but still, there is a space to find more. For the study of gene
expression data, there are currently various traditional approaches,
including comparing differentially expressed genes and clustering.
However, a growing number of studies indicate that only looking
for genes with substantially different levels of expression under
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various conditions lacks adequate specificity to represent the rela-
tionship between genes (Goulielmos et al., 2016). In conjunction
with the use of bioinformatics methods, modern sequencing tech-
nologies allow for wider investigation and a greater understanding
of pathogenesis and disease variants in RA (Ammari et al., 2013).
Interactions between synovial fibroblasts and chondrocytes and
the suggested autocrine and paracrine effects of chondrocytes in
the degradation of RA cartilage indicate that chondrocytes play a
significant role in RA pathogenesis (Chhangawala et al.,, 2015).
Therefore, the current research uses chondrocytes of the hip joint
to classify differentially expressed genes (DEGs) in RA. Further-
more, Protein-protein Interactions (PPI) and Kyoto encyclopedia
of genes and genomes (KEGG) pathways data, the pathway cross-
talk network were also developed between RA linked pathways.
This study would also shed light on deeper knowledge of RA’s
molecular pathways. In the meantime, this may provide fresh
insight into the cure for it.

2. Material and methods
2.1. Cell culture of human primary chondrocytes

3 normal (N) from healthy individuals having a catalog number
C-12710 and 3 RA (D) pre-mature chondrocytes of human hip joint
isolates (catalog number; C-12750) were purchased from Promo
Cell company (Heidelberg, Germany). The N chondrocytes were
cryopreserved in nature whereas, the D were proliferating. Both
types were grown to mature Chondrocytes by keeping them in a
Growth Medium containing 5% CO, at 37 °C in the humidified incu-
bator until they get matured. Then, the mature N and D cells were
collected for RNA extraction and expression profiling.

3. Sequencing of RNA and its expression profiling

The same methodology was used for RNA sequencing as
reported in (Yoshizawa et al., 2008), Trizol ® Reagent was used to
collect RNA from both N and D samples. OD260 / OD280 1.91 for
N and D 1.92 absorption ratio detection was used to check the
quality of collected RNAs, RNA integrity was checked by the Nano
Drop-1000 spectrophotometer 8.9 integrity value was observed for
N and 7.8 for D. Once the RNAs were extracted, RNA sequencing
was performed using Illumina sequencing, adapters were then
added to each end of the fragments and were labeled with several
probe IDs for gene identification, short read length sequences of 75
nucleotides were generated, which was sufficient for the study of
differential expression (Kaya et al., 2019). For each sample, approx-
imately 28 million reads were produced, which were reasonable
for stable detection of protein-coding genes (Russo et al., 2018).

3.1. Preprocessing of raw sequences

Once the raw sequences were obtained, they were trimmed to
generate proper read libraries using the Cuff link tool. The Cuff link
tool provided results containing probe IDs instead of gene symbols,
therefore, GEO2R server was used to convert the probe IDs into
their respective gene symbols. probe samples with faulty or unfa-
vorable values were removed. Once the transcripts were generated,
the data was mapped to human genome sequencing by Picard soft-
ware. The alignment was done to find the presence of splice vari-
ants and modifications. Expression values were estimated using
the Bitseq tool. The gene expression values obtained through the
Bitseq tool were varying largely, therefore min-max normalization
was performed within the range 0-1. The data were then pre-
processed in the R studio (Li and Barber, 2019) using the R lan-
guage Preprocess Core Kit.
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3.2. Differentially expressed genes

On preprocessed results, the Limma package (Li and Barber,
2019) in the R language was used to discern DEGs between the N
and D cells. The cutoff condition for DEGs was ranging from 0.06
to 0.33 as the p-value, fold shift (B): —7.5 to 3.3, and logFC to
—3.7 to 5.11. The raw p values were then modified to acceptable
p values using the Benjamini & Hochberg process (Sherman
et al.,, 2007). A total of 250 genes was identified as differentially
expressed

3.3. Gene ontology (GO) of DEGs

The DEGs were clustered on a functional basis using the DAVID
Bioinformatics tool that also offers enrichment values for each
cluster, For each gene ontology (GO) term, a p-value was calculated
by the hypergeometric distribution associated with a group of
genes and then updated using the Benjamini method for multiple
testing. Enrichment scores were then measured for each cluster
as the negative logarithm of the individual GO p-values using geo-
metric calculation (Sherman et al., 2007). Of those 250 genes, 31
were discovered to be functionally enriched in RA.

3.4. Pathways enrichment analysis of DEGs

GenCLiP 2.0 server was used to identified enriched pathways of
DEGs, it is a web-based text-mining tool for gene clustering and
creation of molecular networks (Wang et al., 2014a,b,c). For GO
classifications, the cutoff conditions were set as p = 0.05 and a
hit = 20. The probability that a set of randomly picked genes con-
tain more than 30 genes or pair of 19 genes related to the disease
keywords is calculated as P-value, which means the distribution of
the number of related gene and gene pairs is similar to the normal
distribution. To classify enriched pathways, the gene list obtained
from GenCLiP 2.0 was then sent to the KEGG Pathways database.
For this function, as a cutoff value, the p-value was set to 0.03.
The enriched pathways obtained by KEGG were further cross-
checked at a cutoff p-value (0.03 to 0.07) using the Network ana-
lyst tool (Xia et al., 2014).

3.5. Construction of protein-protein interactions networks

To identify human protein-protein interactions (PPIs), PICKLE
(Protein InteraCtion KnowLedgebasE) 2.0 was used (Gioutlakis
et al, 2017). It is a protein database that is accessible through
the internet. A total of 14,774 PPI pairs were derived from PICKLE.
Using the Network Analyst, the PPI network was constructed. The
edges and nodes of the generated PPI network were so complicated
that further research was needed to see the enriched functional
modules of the PPI network, so the important subnetworks were
also developed. Finally, using the EnrichNet tool (Glaab et al.,
2012), a study of the modules for GO and pathway enrichment
was carried out.

3.6. Pathways cross talk generation

KEGG database, EnrichNet, and GeneCLip 2.0 enriched path-
ways were screened and major RA pathways were identified with
at least 1 protein overlap between any given pair of DEGs. To cal-
culate the similarity of gene expression by weight, a Pearson corre-
lation coefficient was used, the nodes and edge weights were
calculated in the networks. To calculate the statistical significance
of functional interactions, the following formula was used.

S(e) = f(diff (x), corr(x.y), diff (v)) == —2 + ) _,_ log,(p-i) (2)
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where diff(x) and diff(y) represent the quantitative measurement of
the differential expressions of gene x and gene y, corr(x’y) shows
the frequency of interaction between gene x and gene y based on
the rates of expression; f illustrates a generalized method of data
aggregation across a variety of statistical tools taking into account
various data sets, and Pathways cross-talk network was developed
in a Gephi Tool.

3.7. Disease ontology (DO) of DEGs

The TargetMine tool was used to evaluate the direct relation
between DEGs and RA. it is an advanced data warehouse for iden-
tified disease-related genes and recovery of candidate target genes
and proteins for RA from large-scale studies

4. Results

The expression profiling of normal and diseased chondrocytes
using the NGS technique was obtained from RNA sequencing.
Using the Bioinformatics technique, the differently expressed
genes in N and D were identified. The findings showed that 250
DEGs were identified after preprocessing, including 121 down-
regulated genes and 129 up-regulated genes. Dual specificity phos-
phatase 6 (DUSP6) had the lowest statistical significance (p-value)
of 0.0934 and had the highest LogFC = 5.113 and CUB and Sushi
multiple domains 1 (CSMD1) had the highest p = 0.23 and the low-
est fold changes of logFC = —0.374 among all DEGs, respectively.
Limma offers several alternatives for P-value modification. These
modifications, also known as numerous tests, seek to correct false
positive outcomes. The false rate discovery approach of Benjamini
& Hochberg was chosen as it is the most frequently used correction
for microarray data and offers a strong balance between statisti-
cally important gene detection and false-positive limitation. The
p-value between 0 and 1 shows significant discovery rates,
whereas, positive LogFC values demonstrate upregulated genes
and negative values show down-regulated genes.

It was found that only 32 of the 250 DEGs were specifically
involved in arthritis, osteoarthritis, and associated diseases. So,
for further study, a total of 32 genes was chosen. The GO terms
of DEGs (Table 1) obtained by DAVID shows that the highest num-
ber of genes (10 out of 32) were playing role in protein phosphory-
lation and innate immune response mechanisms, showing 31.25%
of DEGs, whereas, inflammation, RA, neoplasms, and osteoarthritis
include 9.3% of total DEGs. Fig. 1 shows the heat map created for
the DEGs.

From table 1, it was observed that TNFRSF1B gene was playing
common role in all types of arthritis including, osteoarthritis,
osteoporosis, rheumatoid arthritis, and arthritis. Gene clusters
and their molecular networks were discovered using Gene Clip
2.0. The p-value was set to < 0.05 and Hits to > 10 as the cutoff cri-
terion for GO divisions. The highest number of DEGs were substan-
tially enriched in processes such as Inflammatory Response
Pathway (P-value;1.013e-06, O value;5.041e-05), NF-kB activation
by non typeable Hemophilus influenza having p-value = 5.92e-07
and q value = 3.927e-05 with enrichment score of 4.74, signal
transduction through illr (P-value; 2.221e-08, Q value; 4.419e-
06) with enrichment score 4.69, and NHR having p-value;
5.109e-06, and q value; 0.0001 (enrichment score 3.87). The
detailed Gene clip 2.0 results are shown in Table 2. The gene inter-
action network containing interactions of only selected DEGs was
also generated to determine the type of interactions among the
DEGs (Fig. 2). The interactions were identified from the PICKLE
tool. Approximately 14,474 interactions were obtained. The Net-
work Analyst was used to obtain the PPI network of DEGs with
interacting proteins to define the relation between DEGs and dif-
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Table 1
Gene ontologies of DEGs involved in Rheumatoid Arthritis.
Clusters Gene Ontologies Genes Names P-Value Benjamani
Test
Enrichment Score 2.93
Cluster 1 Innate immune response DEFB126, IRGM, IGHA1, IGHA2, IGHG1, IGHG2, IGHG3, IGHM, IFNAS, 1.3E-2 6.2E—1
TRIM8
Transcription initiation from RNA polymerase II MED30, NR1D1, NR4A3, PGR, THRA 4.5E-2 1.0EO
promoter
Protein phosphorylation FAM20C, NIM1K, NEK5, WNK4, BMP2, CCND1, HIPK1, IRAK2, MAP4K4, 1.9E-2 7.6E—1
PRKAB2

Immune response TNFRSF10A, TNFRSF1B, IGHA1, IGHA2, IL1RN, LIF 3.1E-1 1.0E0
Arthritis, Rheumatoid arthritis TNFRSF1B, DUSP1, IL1RN, MAP2K3, MAP2K6 4.0E-1 1.0E0
Neoplasms TNFRSF10A, CCND1, IL1RN 4.1E-1 1.0E0
Rheumatoid arthritis TNFRSF1B, IL1RN, PGR 5.6E-1 1.0E0

Enrichment Score 1.25

Cluster 2 Osteoarthritis TNFRSF1B, BMP2, IL1IRN 1.4E-1 1.0E0
Osteoporosis TNFRSF1B, BMP2, IL1RN, PGR 2.3E-1 1.0E0

Enrichment Score 1.14

Cluster 3 Arthritis, Rheumatoid/Rheumatoid Arthritis NFKBIE, TNFRSF1B, IL1RN 9.4E-2 1.0E0

[
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:

Cvrocoes

Fig. 1. Heat map of RA DEGs. The relative levels of expression of a single gene for all samples are expressed in each row; each column represents the expression levels for a
single sample. The black color reflects favorably reported corresponding gene-term association, green color displays corresponding gene-term association not yet reported.

ferent functional modules. The network was so intricate that sub-
functional networks were also created that would be more impor-
tant in the network (Figs. 3 and 4). The density of the modules was
between 0.51 and 0.68. Degrees of interacting nodes in a network
and their betweenness centrality was calculated to determine the
influence of each node in a network

To classify the significant pathways that have been altered in
the RA and linked to other types of arthritits, a mathematical
approach on the route level was used. The study of the importance
of pathway crosstalk effects was focused on the pathways acquired
by Network Analyst and KEGG (Fig. 5). Numerous diseases caused
by DEGs were found from the Target mine database. Several signal-
ing pathways, cancer pathways, and transcription pathways were
seen as significant by the molecular crosstalk between host and
candidate pathways. The disease ontologies of selected DEGs are
shown in Table 3.

Current research has identified differentially expressed genes in
RA chondrocytes that are connected to altered cell cycle processes,
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inflammatory processes, Innate immune responses. arthritis, and
protein phosphorylation, with bioinformatics methods by the sys-
temic study. TRAF1, TRAF2, BAMP, STX11, MEOX2, AES, REL, FHL3,
PNMAT1, SGTA, LZTS2, SIAH2, PNMA1, and TFCP2 were found to be
highly enriched in the PPI network (Fig. 3).

5. Discussions

Rheumatoid arthritis is a chronic autoimmune condition that
includes inflammatory cell activation, synovial hyperplasia, and
cartilage and bone destruction (Silman and Pearson, 2002). And
the introduction of sequencing for next-generation technologies
such as RNA sequencing has become feasible and inexpensive,
offering more systematic and precise transcriptome analysis. Short
fragments of complementary DNA are sequenced in RNA sequenc-
ing and mapped into the reference genome. RNA sequencing facil-
itates both the discovery of differentially expressed genes and
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Table 2

Enriched pathways of DEGs involved in Rheumatoid Arthritis.
Pathway Hit DEGs Total Genes P-Value Q-Value
cluster1 Enrichment Score: 4.74
nfkb activation by nontypeable hemophilus influenzae (BioCarta) 4 29 5.92e-07 3.927e-05
Vitamin D in inflammatory diseases (Wikipathways) 3 22 1.809e—-05 0.0003
Regulation of p38-alpha and p38-beta (PID) 3 31 5.205e—-05 0.0006
tnf/stress related signaling (BioCarta) 3 23 2.077e—05 0.0003
TNF receptor signaling pathway (PID) 3 46 0.0002 0.0013
Interleukin-10 signaling (Reactome) 3 6 2.411e-07 2.399e-05
Inflammatory Response Pathway (Wikipathways) 4 33 1.013e-06 5.041e—-05
cluster2 Enrichment Score: 4.69
signal transduction through il1r (BioCarta) 5 37 2.221e-08 4.419e-06
activated TAK1 mediates p38 MAPK activation (Reactome) 3 21 1.565e—05 0.0003
Structural Pathway of Interleukin 1 (IL-1) (Wikipathways) 3 44 0.0002 0.0011
IL1-mediated signaling events (PID) 2 36 0.0033 0.0064
cluster3 Enrichment Score: 4.62
Signaling mediated by p38-gamma and p38-delta (PID) 3 12 2.627e—-06 0.0001
Photodynamic therapy-induced AP-1 survival signaling. (Wikipathways) 3 50 0.0002 0.0015
cluster4 Enrichment Score: 4.12
BMP2 signaling TAK1 (INOH) 3 15 5.406e—06  0.0001
Fc Epsilon Receptor I Signaling in Mast Cells (SMPDB) 2 42 0.0044 0.0078
Cellular roles of Anthrax toxin (PID) 3 22 1.809e-05 0.0003
cluster5 Enrichment Score: 3.87
NHR (Signalink) 4 49 5.109e-06  0.0001
Nuclear Receptors (Wikipathways) 2 38 0.0036 0.0067
cluster6 Enrichment Score: 2.80
Uptake and function of anthrax toxins (Reactome) 2 10 0.0002 0.0016
Uptake and actions of bacterial toxins (Reactome) 2 25 0.0016 0.0044
the 41bb-dependent immune response (BioCarta) 2 13 0.0004 0.0021
human cytomegalovirus and map kinase pathways (BioCarta) 2 16 0.0006 0.0028
4-hydroxytamoxifen, Dexamethasone, and Retinoic Acids Regulation of p27 Expression (Wikipathways) 2 17 0.0007 0.0031
gata3 participate in activating the th2 cytokine genes expression (BioCarta) 2 19 0.0009 0.0036
TGF-beta signaling TAK1 (INOH) 2 20 0.001 0.0037
TLR ECSIT MEKK1 p38 (INOH) 2 23 0.0013 0.0042
CXCR3-mediated signaling events (PID) 2 38 0.0036 0.0067
TSH (NetPath) 2 26 0.0017 0.0045
TLR ECSIT MEKK1 JNK (INOH) 2 26 0.0017 0.0045
p38 MAPK signaling pathway (PID) 2 29 0.0021 0.005
MAPK Cascade (Wikipathways) 2 29 0.0021 0.005
fmlp induced chemokine gene expression in hmc-1 cells (BioCarta) 2 30 0.0023 0.0052
Trk receptor signaling mediated by the MAPK pathway (PID) 2 33 0.0028 0.0056
Serotonin HTR1 Group and FOS Pathway (Wikipathways) 2 33 0.0028 0.0056
toll-like receptor pathway (BioCarta) 2 35 0.0031 0.0061
Tacrolimus/Cyclosporine Pathway, Pharmacodynamics (PharmGKB) 2 44 0.0048 0.0085
RhoA signaling pathway (PID) 2 45 0.0051 0.0087
cluster7 Enrichment Score: 2.80
Mammary gland development pathway - Puberty (Stage 2 of 4) (Wikipathways) 2 13 0.0004 0.0021
Mammary gland development pathway - Pregnancy and lactation (Stage 3 of 4) (Wikipathways) 2 33 0.0028 0.0056
Validated transcriptional targets of AP1 family members Fral and Fra2 (PID) 2 37 0.0034 0.0066
Circadian rhythm - Homo sapiens (human) (KEGG) 2 31 0.0024 0.0054
cluster8 Enrichment Score: 2.41
NOD1/2 Signaling Pathway (Reactome) 2 33 0.0028 0.0056
Nucleotide-binding domain, leucine-rich repeat containing receptor (NLR) signaling pathways (Reactome) 2 47 0.0055 0.0094
Oxidative Damage (Wikipathways) 2 40 0.004 0.0073

accurate quantitative determination of exon and isoform expres-
sion (Grassi et al., 1998; Hart et al., 2013; Tarazona et al., 2011)
along with the localization of transcription initiation sites and
novel splicing variations (Grassi et al., 1998). In the altered joint
microenvironment of RA, highly enriched genes were found to be
potentially impaired, having identical expression profiles in pri-
mary RA chondrocytes and arrays of clinical RA synovial tissues.
Features of the damaged articular joints in RA (Grassi et al,
1998) are synovitis with joint fragmentation. The development of
pannus inside the joint results in direct interaction of synovial
fibroblasts with bone and cartilage tissues, contributing to carti-
lage degradation and bone erosion (Lipsky, 2007) At the pre-
arthritic stage, the synovium is a relevant trait of RA and causes
inflammation, angiogenesis, and cartilage injury, affecting the entire
structure of the joint (Jeon et al., 2008; Wang et al., 2014a,b,c).
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Chen et al (2018) used knee chondrocyte samples and identified
463 differentially expressed genes in RA chondrocytes, enriched in
biological functions related to altered cell cycle process, inflamma-
tory response, and hypoxic stimulation. We used a similar method-
ology as that of Chen et al., (2018) but used chondrocytes of the hip
joint instead of the knee. Chen and colleagues found fibroblast
growth factor 9 (FGF9), kynureninase (KYNU), and regulator of
the cell cycle (RGCC) as the top dysregulated genes identified to
be potentially affected in the RA joint microenvironment. Li et al.
(2019) found several DEGs from synovial tissues including CXCL13,
CD247, CCL5, GZMB, IGKC, IL7R, UBD///GABBR1, ADAMDEC1, BTC,
AIM2, SHANK2, CCL18, LAMP3, CR1, and IL32 significantly involved
in RA. However, in our study, the most significant genes involved in
RA were found to be TRAF1, TRAF2, BAMP, STX11, MEOX2, AES,
REL, FHL3, PNMA1, SGTA, LZTS2, SIAH2, PNMAT1, and TFCP2, con-
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Fig. 2. The Interaction network of DEGs obtained through Gene Clip 2.0 server, the
weight of the edges is written in numbers, the circles represent gene, triangles are
displaying the enzymes, whereas transcription factors are shown by squares. The
arrowheads represent interactions, whereas green circles are showing the gene
regulations, and horizontal lines in front of arrows represent inhibitions.

Fig. 3. The disease gene interaction network of DEGs, blue squares represent
associated diseases of DEGs and Red nodes show DEGs, DEGs for which no disease
association was observed are shown by light pink color.

nected to Innate immune response, Protein phosphorylation, Tran-
scription initiation from RNA polymerase Il promoter, Immune
response, Neoplasms of bones, as well as Arthritis, and Rheumatoid
arthritis. Similarly, Heruth et al (2012) found that other novel dys-
regulated networks and pathways such as cell morphology, cell-to-
cell signaling and interaction, cellular motion, cell growth and pro-
liferation, and cellular development may contribute to the patho-
genesis of RA, in addition to known inflammatory and immune
responses. 120 new genes and isoforms not previously associated
with rheumatoid arthritis were also identified in their study.
Whereas, our study identified Hypertrophic cardiomyopathy
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Fig. 5. Crosstalk network of Rheumatoid Arthritis related DEGs and their associated
pathways.

(HCM), Small cell lung cancer, Proteasome, p53 signaling pathway,
Arrhythmogenic right ventricular cardiomyopathy (ARVC), Small
cell lung cancer, SNARE interactions in vesicular transport, RIG-I-
like receptor signaling pathway, Hypertrophic cardiomyopathy
(HCM) as most significant in RA.

A statistical test was used to classify the significant pathways
altered in RA. The generated crosstalk was based on the PPI data-
base and KEGG database. The molecular crosstalk between host
and candidate pathways shows that Hypertrophic cardiomyopathy
(HCM), Small cell lung cancer, Proteasome, p53 signaling pathway,
Arrhythmogenic right ventricular cardiomyopathy (ARVC), Small
cell lung cancer, SNARE interactions in vesicular transport, RIG-I-
like receptor signaling pathway, Hypertrophic cardiomyopathy
(HCM) were most significant among all the cross-talk pathways.
Besides, DO term annotation found that multiple DEGs played roles
in different bone disorders and neoplasms. This could validate the
precision of the results to some extent. Also, a significant number
of bone abnormalities have been proposed to be developed by cer-
tain roles of the BMP2 gene. Besides, Wang et al. (2014a,b,c) stated
that BMP2 is a morphogenic protein responsible for the formation
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Table 3
Disease Gene Ontologies of selected DEGs of rheumatoid arthritis.
Disease Genes P-value
Involved
Osteomyelitis (disease) IGHM,IL1IRN 0,029,443
Osteopenia CCND1 0,029,453
Lethal osteosclerotic bone dysplasia FAM20C 1,850,106
Osteomyelitis, sterile multifocal, with periostitis ~ ILIRN 2,748,507
and pustulosis
Arthritis IGHM 0,003,864
Rheumatoid arthritis IL1RN, 0,003,873
NFKBIE,
NR4A3
Juvenile arthritis due to defect in LACC1 DUSP1, 3,495,559
IL1RN,
NR4A3
Bone disease BMP2 0,005,940
Bone marrow disorder CCND1 0,005,956
Bone pain CCND1 0,151,825
Lethal osteosclerotic bone dysplasia FAM20C 1,850,106
Infection of bone IGHM,IL1IRN 2,242,472
Abnormality of bone marrow cell morphology CCND1 4,021,634
Retrusion of upper jaw bones BMP2 4,280,640
Deficiency of upper jaw bones BMP2 4,280,642
Hypertrophic malar bone BMP2 4,280,651
Increased size of the cranium BMP2 4,280,663
Big calvaria BMP2 4,280,664
Short stature, facial dysmorphism, and skeletal BMP2 4,693,481

anomalies with or without cardiac anomalies

and growth of bones In many cases of arthritis, the IL1RN gene has
also been found to play a part. These observations inferred that
dysregulation of these genes may be essential for RA progression.

6. Conclusion

In conclusion, identified DEGs, specifically TRAF1, TRAF2, BAMP,
STX11, MEOX2, AES, REL, FHL3, PNMAI1, SGTA, LZTS2, SIAH2,
PNMAT1, and TFCP2, may be pivotal genes for RA and may prove
useful markers for the prediction of RA, neoplasms, and therapeu-
tic targets for the treatment of RA and OA patients. Moreover, these
genes are associated with bone formation and growth. Also,
Hypertrophic Cardiomyopathy, Small Cell Lung Cancer, Proteasome,
p53 signaling pathway, Arrhythmogenic Right Ventricular
Cardiomyopathy, Small Cell Lung Cancer, SNARE vesicular transport
interactions, RIG-I receptor signaling pathway, Hypertrophic
Cardiomyopathy have been shown to play important roles in
RA-related procedures in the crosstalk network. Our analysis sheds
new light on the RA process and treatment. However, in the future,
the result mentioned above, not just genes, but also RA-related
pathways, can be tested and confirmed jointly in subsequent work
by animal and clinical trials.

Significance
Focus

o Identification of Differentially expressed genes involved in
Rheumatoid and Osteo Arthritis.

e Generation of Pathways cross talk to determine the mechanism
of disease.

Key message

o TRAF1, TRAF2, BAMP, STX11, MEOX2, AES, REL, FHL3, PNMA1,
SGTA, LZTS2, SIAH2, PNMAT1, and TFCP2 are responsible for RA
and OA pathogenesis.

e These genes can be used as a target for controlling RA.
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Limitations and strength

e The study further requires clinical testing and validation.
e Cross-talk pathways will help understand the disease occur-
rence mechanism and the role of several genes in arthritis.
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