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Abstract: Rheumatoid arthritis (RA) is a common autoimmune disease. The aim of our study was to identify the
key genes in RA using bioinformatics analysis. We downloaded the gene expression profiles of GSE17755 from the
Gene Expression Omnibus (GEO) database and screened for differentially expressed genes (DEGs) using the limma
package in R. The functional enrichment analysis of the DEGs was performed using DAVID. Selected DEGs were en-
tered into STRING to construct a PPI network. Finally, subnetworks were visualized in Cytoscape to identify the hub
genes. A total of 469 DEGs were identified, including 229 upregulated and 240 downregulated genes. A GO analysis
showed that the upregulated genes were mainly enriched in the inflammatory response, but the downregulated
genes were associated with cell-cell adhesion and translation. A KEGG pathway analysis showed that the down-
regulated genes were significantly enriched in antigen processing and presentation; conversely, upregulated genes
were not significantly enriched in any KEGG pathway. The downregulated DEGs were entered into STRING, and two
subnetworks were constructed. HSPA8 and RPL3 were identified as the most significant hub genes. HSPAS, RPL3
and their closely related genes and signaling pathways have potentially important roles in the onset and progression

of RA. These genes may represent potential new targets for the treatment of RA.
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Introduction

Rheumatoid arthritis (RA) is a common chronic
autoimmune disease with a worldwide inci-
dence of approximately 1% [1]. RA involves
multiple systems and is characterized by
persistent inflammatory synovitis of the pe-
ripheral joints. Failure to control inflammation
over time causes cartilage damage, bone
erosion, and joint ankylosis, leading to joint
deformity and loss of function [2]. The pa-
thogenesis of RA remains unclear. Early di-
agnosis, disease and therapeutic monitoring,
and prognostic evaluation have long been
the focus of rheumatology research. With the
progress in molecular biological technology,
knowledge of the molecular and cellular pro-
cesses involved in disease pathology mecha-
nisms has increased, and gene microarray
technology has recently been used for diagno-
sis and treatment [3]. Therefore, gene microar-
ray research has also become popular in the
RA field.

Joint inflammation in RA is mainly caused by dif-
ferent cells of the synovium and cartilage and
gene products produced by infiltrating cells
from the circulation. Therefore, the study of RA
mainly involves joint synovial tissue and periph-
eral blood, and the application of gene microar-
ray technology enables us to better understand
the role of joint synovial tissue and peripheral
blood in RA. In a previous literature review, we
found that differential gene analysis of RA typi-
cally involves the microarray analysis of synovi-
al cells to compare RA and healthy controls, RA
and osteoarthritis (OA), or RA, OA, and HC to
identify the differentially expressed genes
(DEGS) [4, B]. RAis a systemic autoimmune dis-
ease, and blood cells enter diseased tissue
from the circulatory system and cause inflam-
matory cell infiltration as well as other patho-
logical processes. Accordingly, the study of
gene expression profiles in the peripheral blood
is of great significance. In addition, the use of
peripheral blood is convenient for research pur-
poses, as it is suitable for evaluating genetic
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susceptibility in a large cohort. The purpose of
this study was to identify key genes in RA by
analyzing the gene expression profiles.

Methods
Data collection

The NCBI Gene Expression Omnibus (GEO)
database provides a large collection of microar-
ray expression data [6]. “Rheumatoid Arthritis”
was used as the keyword to search for RA
expression profiling. mRNA expression profiling
datasets were included based on the following
criteria: (1) the dataset was generated from
the peripheral blood cells of patients with RA;
(2) the expression profiles of the peripheral
blood cells of RA patients and healthy in
dividuals were available in the dataset; and
(3) the RA patients had no treatment record
before the peripheral blood cell collection.
The GSE17755, GSE15573, GSE68689, and
GSE100191 datasets were selected. There
were 112 patients with RA and 45 healthy indi-
viduals in the GSE17755 dataset, which had
the largest sample size among the selected
studies.

Therefore, the GSE17755 series was selected
for this research; these microarray data were
obtained using a GPL1291 platform and sub-
mitted by Lee and colleagues [7]. A total of 244
samples comprise this series, including 112 RA
and 45 healthy control samples. Thus, a total of
157 samples from this dataset were selected
in the present study for subsequent analysis.
Ethics approval was not required because we
downloaded the expression profiles from a pub-
lic database and did not perform any experi-
ments on patients or animals.

Data preprocessing

We downloaded the GSE17755 series matrix
file, and the probe names for the GPL1291 plat-
form were transformed into gene symbols
based on the Hitachisoft AceGene Human Chip
30K Chip Version 1. If multiple probes corre-
sponded to the same gene symbol, the mean
value was calculated using the aggregate func-
tion in R as the expression value of that particu-
lar gene. If the expression value of the probe
was absent, the nearest neighbor average
(KNN) algorithm in the impute package of
R was used [8]. The obtained data were
standardized.
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DEG analysis

The DEGs in the RA samples compared with the
healthy controls were screened using the t test
in the limma package of R [9]. Then, the P value
was adjusted using the FDR method. Only those
genes with a fold change greater than 1.5 and
an adjusted P value < 0.05 were recognized as
significantly differentially expressed. The DEGs
were classified as upregulated or downregulat-
ed according to the fold changes in their expres-
sions. We generated a volcano map and a heat
map of the DEGs using the R package.

Functional enrichment analysis of DEGs

We utilized the online tool DAVID (Database
for Annotation Visualization and Integrated
Discovery, National Institute of Allergy and
Infectious Disease) to identify Gene Ontology
(GO) categories and KEGG pathways [10].
Upregulated and downregulated genes were
submitted to DAVID. Significantly enriched
results were identified at P < 0.05.

Construction of a protein-protein interaction
(PPI) network and identification of hub genes

We entered the DEGs into STRING (the Search
Tool for the Retrieval of Interacting Genes) to
construct a PPl network to evaluate the rela-
tionships among genes. A confidence score >
0.9 was defined as significant [11]. A cluster
analysis was utilized to construct subnetworks
of the obtained PPI network. We used the anal-
ysis function in STRING to enrich for the genes
related to the Biological Processes and KEGG
pathways. Then, subnetworks were visualized
using Cytoscape software, a tool for the gener-
ation of integrated models of biologic molecu-
lar interaction networks. Twelve algorithms in
the Cytoscape plugin cytoHubba were used to
identify the hub genes in the subnetworks [12].

Results
DEG analysis

According to the above methods, we obtained
469 DEGs in the RA samples compared with
the healthy controls, including 229 upregulated
genes and 240 downregulated genes (Figure
1A). According to the descending order of the
adjusted P value, the top 20 upregulated and
downregulated genes were selected to gener-
ate a heatmap by cluster analysis (Figure 1B).
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Figure 1. A. Volcano map of DEGs. Red points represent upregulated genes,
green points represent downregulated genes, and black points represent
non-DEGs in the microarray. B. Heat map of DEGs. The horizontal ordinate
represents each sample, and the vertical ordinate corresponds to each
gene. The yellow bar represents RA samples, and the green bar represents

enriched in antigen process-
ing and presentation, platelet
activation, and HTLV-I infec-
tion, with RA ranking sixth
(Figure 2G). Strikingly, the
upregulated genes showed no
significant enrichment in the
KEGG pathway analysis.

Construction of the PPI net-
work and identification of hub
genes

A total of 240 downregulated
genes were submitted to the

healthy control samples.

Functional enrichment analysis of DEGs

The upregulated and downregulated genes
were submitted to DAVID for gene function
enrichment analysis to identify the most signifi-
cant GO categories and KEGG pathways. We
sorted the enrichment results in descending
order by adjusted P value, with-LOG10 (P value)
on the X-axis. The top 10 results are shown in
Figure 2.

The GO analysis showed that upregulated
genes were significantly associated with the
defense response to a bacterium, an inflamma-
tory response, and the positive regulation of
catalytic activity in the Biological Process (BP)
category; integral component of the membrane,
integral component of the plasma membrane,
and synapse in the Cellular Component (CC)
category; and RAGE receptor binding, transcrip-
tional activator activity, and epidermal growth
factor receptor binding in the Molecular
Function (MF) category. Downregulated genes
were mainly enriched in cell-cell adhesion,
translation, and cellular response to interleu-
kin-4 in the BP category; extracellular exosome,
membrane, and focal adhesion in the CC cate-
gory; and protein binding, poly(A) RNA binding,
and cadherin binding involved in cell-cell adhe-
sion in the MF category. Figure 2 shows more
than 10 enrichment results in all three GO cat-
egories for the downregulated genes; only 4
results in CC and MF were found for the upregu-
lated genes.

Similarly, our KEGG pathway analysis showed
that downregulated genes were significantly
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online tool STRING for the con-
struction of a PPl network,
which consisted of 235 nodes
and 354 edges. Two subnetworks were indicat-
ed by a cluster analysis (Figure 3). One subnet-
work (green) consisted of 26 nodes and 152
edges, with marked functional enrichment in
MRNA splicing in the BP GO term as well as the
spliceosome pathway in the KEGG pathway
analysis (Table 1). The other subnetwork (dark
cyan) included 15 nodes and 63 edges, with
functional enrichment in translation in the BP
GO term and the Ribosome pathway in the
KEGG pathway analysis (Table 2).

Two subnetworks were visualized using
Cytoscape software, and we applied the
Cytoscape plugin cytoHubba to identify the hub
genes. This comprehensive evaluation identi-
fied the most significant hub gene as HSPAS8 in
the green subnetwork (degree = 25, closeness
= 25, and radiality = 2.12); other hub genes
included HNRNPA1, SRSF5, SNRNP70, and
SMNDC1. In the dark cyan subnetwork, the
most significant hub gene was RPL3 (degree =
14, closeness = 14, and radiality = 2.21); other
hub genes included RPL29, RPL8, SRPR, and
EIF3D (Figure 4A, 4B, Tables S1, S2).

Discussion

RA is a systemic immune disorder of complex
etiology that is related to interactions among
various cells and cytokines. Gene microarrays
have identified the roles of the genes, cells and
cytokines in the pathogenesis of RA. At pres-
ent, the bioinformatics analysis of RA has pri-
marily focused on synovial tissues. In our study,
however, gene expression in peripheral blood
examined selected, a more suitable choice for
RA as a disease involving multiple systems.

Int J Clin Exp Med 2019;12(7):8662-8669
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Figure 2. A-C. Upregulated genes enriched in the BP, CC, and MF GO terms. D-F. Downregulated genes enriched in
the BP, CC, and MF GO terms. G. Downregulated genes enriched in KEGG pathways. BP, Biological Process; CC, Cel-

lular Component; MF, Molecular Function; GO, Gene Ontology.

GSE17755 is currently the largest RA gene
expression dataset in the GEO database. We
extracted data from GSE17755 and identified
469 DEGs between the RA samples and healthy
controls, including 229 upregulated genes and
240 downregulated genes. An enrichment anal-
ysis revealed that the downregulated genes
were mainly enriched in cell-cell adhesion,
translation, and antigen processing and pre-
sentation pathways. Most importantly, we
found strong enrichment in a very small num-
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ber of GO terms and no significant enrichment
in KEGG pathways for upregulated genes. Th-
erefore, we speculated that downregulated
genes play a more important role in RA than do
upregulated genes. This hypothesis is similar to
that proposed in a previous study by Hao [13].

Next, we entered the 240 downregulated genes
into the online tool STRING to build the PPI net-
work. Cluster analysis revealed two subnet-
works. Generally, subnetworks are clusters of

Int J Clin Exp Med 2019;12(7):8662-8669
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Figure 3. The downregulated genes were submitted to the online tool STRING for construction of the PPI network. The green and dark cyan nodes represent two

subnetworks.
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Table 1. GO and KEGG pathway analysis of genes in the first subnetwork (green)

Biological Process (GO)

Pathway ID Pathway description Count in gene set  False discovery rate
G0:0000398 mRNA splicing, via spliceosome 13 4.38e-16
G0:0008380 RNA splicing 14 1.21e-15
G0:0006397 mMRNA processing 14 1.12e-14
G0:0048024 regulation of mMRNA splicing, via spliceosome 7 6.5e-10
G0:0050658 RNA transport 9.75e-09
KEGG Pathways

Pathway ID Pathway description Count in gene set  False discovery rate
03040 spliceosome 14 1.11e-22
05168 Herpes simplex infection 6 9.96e-06
04141 protein processing in endoplasmic reticulum 5 0.000121
04612 antigen processing and presentation 4 0.000121
04915 estrogen signaling pathway 3 0.0126

Table 2. GO and KEGG pathway analysis of genes in the second subnetwork (dark cyan)
Biological Process (GO)

Pathway ID Pathway description Count in gene set  False discovery rate
G0:0006412 translation 11 2.3e-13
G0:0043603 cellular amide metabolic process 12 3.41e-13
G0:0006614 SRP-dependent cotranslational protein targeting to membrane 8 5.8e-12
G0:1901564 organonitrogen compound metabolic process 12 6.38e-09
G0:0000956 nuclear-transcribed mRNA catabolic process 7 1.41e-08
KEGG Pathways

Pathway ID Pathway description Count in gene set  False discovery rate
03010 ribosome 5 7.27e-06
03013 RNA transport 4 0.000524

Figure 4. The subnetworks were visualized by Cytoscape software. Cyto-
Hubba was used to identify the hub genes. (A) Green subnetwork, (B) Dark
cyan subnetwork. Different colors indicate different degrees of importance,

decreasing from red to orange, yellow and pink.

related genes that have a similar biological
function [14]. The first subnetwork mainly
involved RNA splicing, and the gene connec-
tions were very close. The other subnetwork
primarily involved translation and RNA trans-
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port. Therefore, we speculat-
ed that RNA regulation plays a
key role in the pathogenesis of
RA.

Further analysis of the subnet-
works by cytoHubba revealed
HSPAS8 as the most important
hub gene in the first subnet-
work. HSPA8, a chaperone
protein, interacts with various
other gene products, such as
HNRNPA1, SRSF5, SNRNP70,
and SMNDC1, and is a cog-
nate protein of the Hsp70 fam-
ily, which is central to ma-
ny cellular processes [15]. Its
functions contribute to numer-
ous biological processes, including signal
transduction, apoptosis, autophagy, protein
homeostasis, and cell growth and differentia-
tion [16], and HSPAS8 has been associated with
an extensive number of cancers and neurode-

Int J Clin Exp Med 2019;12(7):8662-8669
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generative diseases, as well as cell senescence
and aging [17, 18]. In particular, Hsp70 family
members play a protective role in many diseas-
es. The protective role of HSPA8 was further
highlighted in a study that identified it along-
side other HSP70 proteins in a core subnetwork
of the wider chaperone interactome that func-
tions as a proteostasis safeguard and that is
repressed in aging brains and in the brains of
patients with Alzheimer’s, Parkinson’s or
Huntington’s disease [19].

There is ample evidence that Hsp70 contrib-
utes to the progression of RA [20-22]. These
data imply that genetic variants of Hsp70
genes, such as the HSPA8 gene, might contrib-
ute to the development of RA. At present, stud-
ies on HSPAS8 in RA are limited. One research
article reported that HSPAS is related to fatty
acid metabolism, and the IkB kinase/NF-kB
cascade is a significant biomarker of the tradi-
tional Chinese medicine heat pattern of RA
[23]. However, this study was a bioinformatics
analysis that has not been confirmed by appro-
priate experiments. We have reason to support
the correlation between HSPA8 downregulation
and regulatory T and B cells, TNF-q, IL-6, I1L-10
and other cells and cytokines closely related to
RA pathogenesis.

RPL3, a hub gene in the other subnetwork,
plays an important biological role through inter-
actions with proteins such as RPL29, RPLS,
SRPR, and EIF3D. RPL3 is a component of the
large subunit of cytoplasmic ribosomes, which
is associated with many cancers. Russo and
colleagues found that RPL3 downregulation
correlated positively with multidrug resistance
in cancer [24]. The mechanism may be related
to the control of cell redox status, and upregu-
lating RPL3 is a potential therapeutic approach
for treating p53-negative cancers [25]. At pres-
ent, PubMed does not contain any reports on
RPL3 in RA. Thus, further studies on RPL3 may
help explain the pathogenesis of RA and guide
targeted therapy.

As mentioned above, our research remains in
the bioinformatics analysis stage, and our
observations and hypotheses must be verified
through a large number of appropriate experi-
ments, such as quantitative real-time PCR and
western blot analysis.

Conclusion

Our study showed that downregulated genes
play an important role in RA and that HSPA8
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and its related genes and signaling pathways
are key in the progression and development of
RA. Future studies on these genes are likely to
confirm our conclusions, and these genes may
become new targets for the treatment of RA.
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Table S1. Twelve algorithms in cytoHubba revealed a green subnetwor

node_name MCC DMNC MNC  Degree EPC BottleNeck EcCentricity Closeness Radiality Betweenness Stress Clustering Coefficient
HSPA8 2.09E +13 1.0769 16 25 6.98 26 1 25 212 342 346 0.42333
PDIA3 1 0 1 1 1.475 1 0.5 13 1.16 0 0 0
PUM1 2 0.30779 2 2 1.663 1 0.5 13.5 1.2 0 0 1
ACTR3 2 0.30779 2 2 1.742 1 0.5 13.5 1.2 0 0 1
CD2BP2 2.09E+13 1.0769 16 16 6.26 1 0.5 20.5 1.76 0 0 1
AP1S2 6 0.2842 4 4 1.854 1 0.5 14.5 1.28 3 6 0.5
AP2M1 4 0.30898 3 3 1.802 1 0.5 14 1.24 1 2 0.66667
TXNDC5 2 0.30779 2 2 1.712 1 0.5 13.5 1.2 0 0 1
SMNDC1 2.09E +13 1.0769 16 16 6.367 1 0.5 20.5 1.76 0 0 1
HSPA9 6 0.46346 3 3 1.845 1 0.5 14 1.24 0 0 1
RBMX 2.09E+13 1.0769 16 16 6.471 1 0.5 20.5 1.76 0 0 1
HNRNPA2B1 2.09E + 13 1.0769 16 16 6.374 1 0.5 20.5 1.76 0 0 1
HNRNPA3 2.09E+13 1.0769 16 16 6.34 1 0.5 20.5 1.76 0 0 1
HNRNPM 2.09E+13 1.0769 16 16 6.411 1 0.5 20.5 1.76 0 0 1
LSM2 2.09E+13 1.0769 16 16 6.35 1 0.5 20.5 1.76 0 0 1
DHX15 2.09E+13 1.0769 16 16 6.388 1 0.5 20.5 1.76 0 0 1
SRSF5 2.09E+13 1.0769 16 16 6.222 1 0.5 20.5 1.76 0 0 1
HNRNPA1 2.09E +13 1.0769 16 16 6.078 1 0.5 20.5 1.76 0 0 1
HNRNPK 2.09E+13 1.0769 16 16 6.485 1 0.5 20.5 1.76 0 0 1
SNRNP70 2.09E +13 1.0769 16 16 6.449 1 0.5 20.5 1.76 0 0 1
SRSF4 2.09E+13 1.0769 16 16 6.236 1 0.5 20.5 1.76 0 0 1
SRSF3 2.09E+13 1.0769 16 16 6.584 1 0.5 20.5 1.76 0 0 1
HSP9OAB1 6 0.46346 3 3 1.951 1 0.5 14 1.24 0 0 1
HSPOOAAL 6 0.46346 3 3 1.792 1 0.5 14 1.24 0 0 1
SRSF1 2.09E+13 1.0769 16 16 6.373 1 0.5 20.5 1.76 0 0 1
SRSF2 2.09E +13 1.0769 16 16 6.506 1 0.5 20.5 1.76 0 0 1
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Table S2. Twelve algorithms in cytoHubba revealed a dark cyan subnetwork

node_name MCC DMNC MNC Degree EPC BottleNeck EcCentricity Closeness Radiality Betweenness Stress Clustering Coefficient

RPL3 10921 0.62588 13 14 8.106 2 1 14 2.21429 37.6 84 0.53846
PPP2R1A 120 0.64826 5 5 5.709 1 0.5 9.5 1.57143 0 0 1
RPN2 5040 0.76834 7 7 6.724 1 0.5 10.5 1.71429 0 0 1
SSR2 5040 0.76834 7 7 6.609 1 0.5 10.5 1.71429 0 0 1
NCL 1 0 1 1 2.338 1 0.5 7.5 1.28571 0 0 0
EIF4A2 5040 0.76834 7 7 6.61 1 0.5 10.5 1.71429 0 0 1
SRPR 5040 0.76834 7 7 6.664 1 0.5 10.5 1.71429 0 0 1
RPL29 10920 0.62588 13 13 8.048 10 0.5 13.5 2.14286 11.6 58 0.62821
EEF1A1 720 0.71324 6 6 6.45 1 0.5 10 1.64286 0 0 1
EIF3D 5040 0.76834 7 7 6.699 1 0.5 10.5 1.71429 0 0 1
EIF3I 5040 0.76834 7 7 6.699 1 0.5 10.5 1.71429 0 0 1
EEF2 720 0.71324 6 6 6.205 1 0.5 10 1.64286 0 0 1
RPL8 10920 0.62588 13 13 8.124 1 0.5 13.5 2.14286 11.6 58 0.62821
RPL18 10920 0.62588 13 13 8.116 1 0.5 13.5 2.14286 11.6 58 0.62821
RPS19 10920 0.62588 13 13 8.159 1 0.5 13.5 2.14286 11.6 58 0.62821




