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Abstract
Background: Osteoarthritis (OA) is a worldwide musculoskeletal disorder. However, disease-modifying therapies for OA are not available.
Here, we aimed to characterize the molecular signatures of OA and to identify novel therapeutic targets and strategies to improve the
treatment of OA.

Methods: We collected genome-wide transcriptome data performed on 161 OA and 88 normal human cartilage or synovium tissues from
9 independent datasets. Differential gene expression analysis and functional enrichment were performed to identify genes and pathways
that were dysregulated in OA. The computational drug repurposing method was used to uncover drugs that could be repurposed to treat
OA.

Results: We identi�ed several pathways associated with the development of OA, such as extracellular matrix adhesion, in�ammation,
carbohydrate metabolism, and collagen organization. By protein-protein interaction (PPI) network analysis, we prioritized several hub
genes, such as JUN, IL-6, VAMP8, and SOCS3. Moreover, we repurposed several FDA-approved drugs, such as cardiac glycosides, that
could be used in the treatment of OA.

Conclusions: We proposed that the hub genes we identi�ed will play a role in cartilage homeostasis and could be important diagnostic
and therapeutic targets. Drugs such as protein kinase inhibitors and cardiac glycosides could improve the treatment of OA.

Introduction
Osteoarthritis (OA) is the most prevalent musculoskeletal disease and a leading cause of disability in the elderly[1, 2]. OA is characterized
by cartilage degeneration, the formation of osteophytes, subchondral bone remodeling, and pathological changes of the meniscus and
synovitis[3]. It causes pain, joint stiffness, disability, and leads to severe economic and social burden[4]. Pain is the dominant symptom
and a signi�cant driver of clinical decision-making[5]. Treatment of OA includes pain alleviation, controlling in�ammation, and slowing
down tissue degradation[6]. However, there is currently no effective pharmaceutical treatment for OA that can decelerate the progression
of the disease since the precise mechanisms of the pathogenesis of OA remains largely undetermined[7].

The integration of genome-scale transcriptomic pro�ling of different patient cohorts improves the understanding of molecular changes
during OA progression and provides a scienti�c rationale for the development of novel treatment strategies. RNA-seq and microarray
technology are widely used high-throughput genotyping methods that measure the expression of genes on a genome-wide scale with
high accuracy and reliability[8–10]. Previously, it has been reported that during the pathogenesis of OA, the molecular signature of
articular cartilage and synovial membrane underwent huge changes[11]. Expression of genes involved in the molecular matrix
components, cell-matrix adhesion, and ossi�cation had dramatic changes, which typically marked different stages of endochondral
ossi�cation or transient cartilage differentiation[11–13]. These changes result in remodeling of the matrix and lead to the impaired
function of the tissue[14]. Notably, local low-grade in�ammation of articular cartilage and synovial from patients with OA was also
observed. During the progression of OA, pro-in�ammatory cytokines such as IL-1, IL-6, TNF or interferon[15], were secreted from diseased
tissues, which further damaged surrounding tissues and led to cartilage degradation[7]. Therapeutic strategies aimed at countering
in�ammation is promising but does not arrest the progressive degeneration of articular cartilage[14, 16, 17]. Thus, identifying the
molecular basis of OA progression and the development of novel therapeutic strategies to improve the treatment of OA remains key
issues in OA research.

To characterize OA at the molecular level and to uncover the pathogenesis mechanisms, we collected and integrated transcriptome data
of hundreds of OA and normal tissues from 9 independent studies. By comparing the gene expression pattern of OA samples with normal
samples, we identi�ed signi�cantly differentially expressed genes (DEGs) and investigated the enriched signaling pathways of these
DEGs. Using protein-protein interaction (PPI) network analysis, we discovered several hub genes that function as critical regulators in OA
development and might be ideal drug targets. Furthermore, we used a computational drug repurposing method to uncover several drugs
that could be repurposed to treat OA.

Methods

Literature search and data collection
We used the keywords “Osteoarthritis”, “RNA-seq or microarray”, “Dataset” on
PubMed(https://www.ncbi.nlm.nih.gov/pubmed/),GEO(http://www.ncbi.nlm.nih.gov/geo/) or ArrayExpress



Page 3/15

(https://www.ebi.ac.uk/arrayexpress/) to �nd relevant publications or transcriptome datasets of OA. Transcriptome data of synovial or
cartilage from OA patients were included in the analysis. In the data �ltering and quality control process, we selected datasets with more
than three replications for each condition and measuring over 10,000 genes to ensure the coverage of genes. Altogether, we collected 167
OA samples and 88 normal samples from 9 independent datasets for further analysis.

Data normalization and removal of batch effects
For the microarray data, raw “.CEL” �le was downloaded. R program (version 3.5.1; http://www.r-project.org) was used for data analysis.
“oligo”[18] and “affy”[19] R packages were applied for the data processing, and then the Robust Multi-array Average (RMA) method[20]
was used for background correction, normalization, and probe-set summarization. For RNA-Seq data, the sequence data were aligned to
the human reference genome using STAR. RSEM was applied to map aligned reads and to generate a gene count matrix. The expression
matrix was normalized using the quantile normalization method. Residual technical batch effects arising due to heterogeneous data
platforms were corrected using the ComBat[21] function.

Filtering of differentially expressed genes
For microarray data, “limma”[22] was used to perform the differential gene expression analysis of each dataset. For RNA-Seq data,
differential expression analysis was performed using Deseq2[23]. False discovery rate (FDR) was applied to carry out the correction of
multiple testing using the Benjamini and Hochberg (BH) method. In this study, genes with |log2fold change (FC) | > 1.2 and FDR < 0.1
were selected as the threshold for differentially expressed genes (DEGs). Genes that were differentially expressed in over half of the
datasets with the sample condition were selected and used for further analysis. Gene set enrichment analysis for DEGs was performed
using “MAGeCKFlute” R package[24].

Integration of the PPI network and hub gene identi�cation
The Search Tool for the Retrieval of Interacting Genes (STRING)[25] is a biological database for predicting protein interactions. The
interactions between DEGs were evaluated using STRING, and gene sets with a combined score > 0.9 were de�ned as key DEGs.
Subsequently, Cytoscape[26] (version 3.6.1; http://cytoscape.org/) was used to visualize the PPI network of the key DEGs that were
identi�ed. cytoHubba[27], a Cytoscape plugin, was used to extract the hub genes. The central elements were ranked by betweenness.

Identi�cation of putative target genes of JUN
We searched public ChIP-seq data of JUN on the Cistrome Data Browser (http://cistrome.org/db)[28], a website collected and integrated
thousands of public ChIP-seq data of both human and mouse. We identi�ed and downloaded 25 processed ChIP-seq data of JUN on
Cistrome Data Browser. Genes with high RP scores had high likelihoods to be the target genes of JUN. We selected genes with mean RP
scores > 1 as candidate target genes of JUN. For further �ltering of these candidate genes, we performed co-expression analysis to
identify genes that were co-expressed with JUN. Genes with absolute correlation value > 0.5 in each dataset were selected as co-
expressed genes. Candidate target genes that were co-expressed in over half of the expression datasets were de�ned as putative target
genes of JUN.

Statistical analysis
Statistical analyses were performed using the R software (http://www.R-project.org/). Statistical analyses gathering more than two
groups were performed using ANOVA. Otherwise, for two groups, statistical analyses were performed using the unpaired t-test. Multiple
hypothesis testing corrections were applied where multiple hypotheses were tested and were indicated by the use of FDR.

Results

Outline of data analysis
The objective of this study was to use differentially expressed genes (DEGs) to identify dysregulated genes and pathways of OA and to
uncover potential novel pharmacological strategies. To achieve this purpose, we collected hundreds of transcriptome data of patients
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with OA and normal tissues from 9 independent datasets (Table 1). The subsequent analyses focused on prioritizing key regulators by
protein-protein interaction (PPI) network and identifying potent drugs that can be repurposed to treat OA by the computational drug
repurposing method (Fig. 1).

Table 1
Information about the collected datasets

  1 2 3 4 5 6 7 8 9

Data GSE55457 GSE55235 GSE12021 GSE32317 GSE1919 GSE82107 GSE117999 GSE114007 E-MTAB-
6266

Type Array Array Array Array Array Array Array RNA-Seq RNA-Seq

Tissue Synorial Synorial Synorial Synorial Synorial Synorial Cartilage Cartilage Cartilage

Normal 10 10 9 7 5 7 12 18 10

OA 10 10 10 19 5 10 12 20 65

Table 1
top 10 drugs predicted by cMap

rank cmap name mean n enrichment speci�city Description

1 H-7 0.717 4 0.998 0 protein kinase inhibitor, Inhibiting the activity of PKA, PKG,
PKC and MLCK

2 anisomycin -0.843 4 -0.993 0 antibiotic, inhibiting eukaryotic protein synthesis

3 MG-262 -0.722 3 -0.983 0 proteasome inhibitor, inhibiting the chymotryptic activity of
the proteasome

4 lanatoside C -0.767 6 -0.982 0 cardiac glycosides, inhibiting the plasma membrane Na+/K 
+ ATPase

5 ouabain -0.767 4 -0.977 0.0088 cardiac glycoside, inhibiting the Na+/K + ATPase

6 digoxin -0.699 4 -0.968 0 cardiac glycoside, inhibiting the Na+/K + ATPase

7 digoxigenin -0.645 5 -0.952 0 derivative of the cardiac glycoside digoxin

8 helveticoside -0.665 6 -0.95 0 digitalis-like cardiac glycosidic

9 phenoxybenzamine -0.576 4 -0.943 0.0091 alpha-adrenoceptor antagonist,used as an anti-hypertensive

10 digitoxigenin -0.696 4 -0.942 0 the aglycone of digitoxin

Molecular characteristic of OA
To get a list of OA-related DEGs, we compared gene expression pro�les of OA patients with those of normal tissues. Genes that were
differentially expressed in 5 of the 9 datasets were selected as DEGs for further analysis (Supplementary table 1). To identify the
biological processes for these DEGs, we performed functional enrichment analysis. Compared with normal tissues, genes involved in the
lysosome, collagen-containing extracellular matrix, collagen binding, ossi�cation, cell-matrix adhesion, integrin-mediated signaling
pathway, and cytokine production were up-regulated in OA samples (Fig. 2A). While biological processes, including Foxo signaling
pathway, skeletal muscle cell differentiation, positive regulation of p38mapk cascade, negative regulation of ERK1 and ERK2 cascade,
Hif-1 signaling pathway, regulation of cell cycle, and Erbb signaling pathway were enriched in normal tissues (Fig. 2B). Genes involved in
these pathways might be responsible for the cartilage homeostasis and the pathology of OA.

Protein-Protein interaction network of DEGs
To discover potential critical regulators of OA from DEGs, we performed protein-protein interaction (PPI) network analysis (Fig. 3A). We
used cytoHubba, a Cytoscape plugin, to extract the hub genes in the network. The top 10 hub genes were JUN, POLR2L, IL6, SOCS3,
VAMP8, GAA, AGA, EGR1, ICAM, and PTAFR (Fig. 3B). These hub genes might be responsible for the development and pathogenesis of
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OA. JUN is a transcription factor that plays an essential role in regulating cellular proliferation and apoptosis. JUN is in the center of the
network and interacts with a large number of DEGs in the network, suggesting the crucial role of JUN in regulating the expression of these
DEGs. IL-6, another hub gene, has been reported to be responsible for the pathogenesis of OA[29]. IL-6 pathway regulates the activation of
JAK/STAT signaling and elevates the activity of MMP, ADAMs, and ADAMTS, leading to cartilage extracellular matrix protein (ECM)
degradation and the loss of accessory matrix proteins[29]. Thus, IL-6 could be an important target for future drug development in OA. As
another hub gene, VAMP8 encoded proteins for the fusion of cellular membranes and was reported to mediate lysosomal exocytosis in
hypertrophic chondrocytes in the context of OA[30]. Another hub gene is SOCS3, which is a potent regulator of cytokine signaling.
Activation of SOCS3 in bone cells, including osteoclasts, chondrocytes, and osteoblasts, has been reported[31]. SOCS3 could serve as a
key signaling molecule in bone cell-mediated in�ammatory responses[32]. These hub genes might be ideal therapeutic targets for
experimental biologists to validate their role in the development of OA.

JUN functions as a key TF that associated with the development of OA
Since JUN was in the central of the network (Fig. 3A), we focused on JUN for further analysis. We found that most genes interacting with
JUN directly in the PPI network were differentially expressed between OA and normal (Fig. 4A), suggesting the importance of JUN in
regulating the expression of these DEGs. To identify potential target genes that were regulated by JUN, we downloaded the processed
ChIP-seq data of JUN on the Cistrome Data Browser (http://cistrome.org/db) [28]. Cistrome Data Browser collected thousands of human
and mouse samples with ChIP-seq data and facilitated searches for putative target genes of transcription factors by regulatory potential
model [33]. Regulatory potential (RP) score for each gene was calculated, re�ecting the likelihood of the transcription factor being a direct
regulator of that gene, and genes with high RP scores were putative targets of the transcription factor. By analyzing 25 public ChIP-seq
data of JUN, we selected 3250 genes (Supplementary table 2) with mean RP scores > 1 as candidate target genes of JUN. For further
�ltering of the candidate genes, we performed co-expression analysis. Among the 3250 candidate targets, 214 genes had high
correlations with JUN, which were selected for further analysis (Supplementary table 3). Functional enrichment analysis of the selected
214 genes revealed that pathways including the ATF-2 transcription factor network (part of the AP-1 complex), AP-1 transcription factor
network, TGF-β signaling pathway, osteoclast differentiation, and ERBB1 downstream signaling were enriched (Fig. 4B). JUN was in the
AP-1 protein family, and the top 2 enriched pathways were associated with the AP-1 family network, which suggested the creditability of
our data analysis method. Among these, the TGF-β signaling pathway has been reported to play a critical role in the development and
progression of OA by driving chondrocytes toward hypertrophy, promoting osteoprogenitor cell differentiation into osteoblasts, mediating
synthesis of cartilage-speci�c extracellular matrix components, and angiogenesis in subchondral bone[34]. The effects of TGF-β on the
modulation of extracellular matrix components were dependent on the activation of JNK (c-Jun N-terminal Kinase), which in turn
modulates the activity of c-Jun[35]. Thus, JUN might serve as a critical regulator of the development of OA by regulating the activity of
TGF‐β.

Identi�cation and characterization of molecular subgroups
Osteoarthritis is typically described as a multifaceted and heterogeneous syndrome characterized by variable clinical features,
biochemical/genetic characteristics, and responses to treatments[36]. Each of the common osteoarthritis risk factors might instigate a
different mechanistic pathway leading to osteoarthritis. A number of strati�cations have been proposed on the basis of speci�c
pathological processes to classify different mechanistic subgroups, which include an increased in�ammatory component, mechanical
overload, metabolic alterations, and cell senescence[37]. Knowledge of the heterogeneity of OA would help better de�ne potential
treatment targets, improve the ability to select appropriate patients for future clinical interventions and adapt outcome measures to the
situation[38]. To identify potential subgroups based on their expression pro�les, we performed KNN clustering. OA patients were divided
into two subgroups based on the expression of differentially expressed genes between OA and normal (Fig. 5A). Segregation of OA
subgroups was also reproduced by principal component analysis (Fig. 5B). To identify characteristic molecular signaling pathways
enriched in each subgroup, we performed functional enrichment analyses for each subgroup's differentially expressed genes. Pathways
related to in�ammatory response, such as neutrophil degranulation, MHC-II antigen presentation, co-stimulation by the CD28 family, and
interferon-gamma signaling, were enriched in subgroup1 (Fig. 5C). Patients in subgroup2 had increased expression levels of genes
associated with extracellular matrix organization, integrin cell surface interactions, and ECM proteoglycans (Fig. 5D). The different
expression patterns of OA subgroups might explain the heterogeneity of response to OA treatment.

Drug repurposing for OA
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Since there are no effective interventions to decelerate the progression of OA now, drug repurposing of the Food and Drug Administration
(FDA)-approved therapeutic agents is a particularly attractive approach for improving the treatment of OA. Computational techniques for
predictive repurposing offer a relatively e�cient and authentic method of identifying testable hypotheses that may be translated into the
clinic[39]. The Connectivity Map (cMap), which was established by the Broad Institute, consists of gene expression data generated by
dosing of more than 1,300 compounds in hundreds of cell lines[40]. cMap (https://portals.broadinstitute.org/cmap/) has been
successfully used to make drug repurposing predictions for a number of disease conditions[39]. We applied cMap to explore potential
drug repositioning opportunities for OA. Among the top 10 listed drugs, H-7 ranked �rst. H-7 is a protein kinase inhibitor, which inhibits the
activity of PKA, PKG, PKC, and MLCK (Table 2). It has been reported that PKC was up-regulated in osteoarthritic cartilage, and
overexpression PKC prevented cytokine-mediated NF-kB activation in primary chondrocytes[41]. PKC could also function as a necessary
component of the IL-1 and TNF signaling mediated catabolic destruction[41]. Drugs inhibiting PKC, such as H-7, provides new
possibilities for the treatment of OA. Of note, among the top 10 drugs, there were six drugs classi�ed as cardiac glycosides, such as
lanatoside C, ouabain, and digoxin, suggesting the potential clinical implications of cardiac glycosides in OA. Cardiac glycosides function
by inhibiting the Na+/K + ATPase (NKA)[42]. In addition, cardiac glycosides have been found to decrease in�ammatory symptoms in
different animal models of acute and chronic in�ammation[43]. Thus, Cardiac glycosides might have therapeutic bene�t in the treatment
of OA by countering the in�ammation-induced articular cartilage degradation. Drug repurposing for approved drugs offers a less risky
and more rapid potential for the investment of novel therapeutic strategies.

Discussion
Here, we used large scale data integration method to characterize the molecular signatures of OA, which extended our understanding of
the disease mechanisms. We also identi�ed several essential regulators of OA, such as JUN, IL-6, and SOCS3, which might provide a
scienti�c rationale for the development of novel pharmacological therapies. Of note, we found JUN, a crucial dysregulated transcription
factor, plays a central role in regulating the aberrant gene expression pattern in OA. Moreover, we used a computational drug repurposing
method to identify potential FDA-approved drugs that can be repurposed to improve the treatment of OA.

In this study, we integrated and analyzed multiple published datasets, which con�rms some �ndings from previous studies using
genome-wide gene expression analyses. Common �ndings of these studies are the differential expression of genes involved in matrix-
degrading enzymes (MMPs, ADAMTS), collagen organization, and in�ammation[7, 44]. In our analysis, we also found increased
expression of genes associated with carbohydrate metabolism (BPGM, CHST2, GNPDA1, GUSB, HYAL1), integrin mediated signaling
(FUT8, ITGA5, ITGB5), and ossi�cation (COL5A2, COL6A1, CTGF, EXT2) in patients with OA, which is suggestive of active remodeling of
cartilage homeostasis during OA pathogenesis. During the early stages of OA, the molecular composition and organization of the
extracellular matrix are altered �rst[45]. The articular chondrocytes exhibit increased cell proliferation and matrix synthesis for the
purpose of initiating repairing for pathological injury[45, 46]. Changes in the composition and structure of the articular cartilage further
stimulate chondrocytes to produce more catabolic factors involved in cartilage degradation. Thus, the expression of genes involved in the
carbohydrate metabolism and extracellular matrix components were up-regulated. Moreover, chronic low-grade in�ammation has also
been found contributing to the development and progression of OA[47]. During OA progression, the entire synovial joints were involved in
the in�ammation process[48]. Pro-in�ammatory factors, such as IL-1β and TNF-α, as well as chemokines, were reported to contribute to
the systemic in�ammation that led to the activation of NF-κB signaling in both synovial cells and chondrocytes[49]. Based on these
studies, multiple novel pharmacological strategies have emerged, including anti-in�ammatory mediators (anti-IL-1[50], anti-TNF-α[51], and
anti-IL-6[52]) and inhibition of catabolic pathways (Wnt, ADAMTS, and cathepsin K)[53]. Apart from these �ndings, we were able to �nd
some essential regulators that might associate with the pathogenesis of OA. The hub genes we identi�ed, such as IL-6, VAMP8, and
SOCS3, could serve as important diagnostic and/or therapeutic targets for OA.

Our study also identi�ed JUN, a transcription factor, as a key regulator of these DEGs. JUN is one of the members of the Activator protein
1 (AP-1) family proteins[54]. AP-1 family proteins are basic leucine zipper (bZIP) transcription factors that consist of Jun (c-Jun, JunB,
and JunD), Fos (c-Fos, FosB, Fra-1, and Fra-2), Jun dimerization partners (JDP1 and JDP2) and the closely related activating transcription
factors (ATF2, LRF1/ ATF3, and B-ATF) subfamilies[55]. AP-1 family proteins are implicated in the regulation of a variety of cellular
processes, including proliferation and survival, differentiation, apoptosis, cell migration, and transformation[56]. JUN has been reported to
play a crucial role in regulating cell proliferation and apoptosis[57]. Ventura et al. reported that the c-Jun NH2-terminal kinase JNK
signaling pathway contributes to the regulation of TGF-β-mediated biological responses[58]. TGF-β is crucial for cartilage maintenance,
and lack of TGF-β results in OA-like changes[58]. Thus, JUN might regulate the development of OA by coordinating with TGF-β signaling.
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In our analysis, we found two subgroups of OA patients. Patients in subgroup 1 had increased expression levels of genes related with
in�ammatory response, such as IL1B, TNF, TLR1, TLR7. Currently, countering in�ammation is the mainstay of osteoarthritis therapy
today. However, only a minority of patients respond to such therapy, suggesting the necessity to select appropriate patient subgroups.
Patients with high expression of genes involved in in�ammatory response might show a better response to anti-in�ammatory drugs, such
as anti-TNF and anti-IL1B. Patients in subgroup 2 had a higher expression level of extracellular matrix organization-related genes, such as
MMP2, MMP28, ADAMTS5. Matrix metallopeptidases (MMPs), capable of degrading all kinds of extracellular matrix proteins, are
therapeutic targets that showed e�cacy in preventing joint destruction in some preclinical evaluations[59]. However, many MMPs
inhibitors failed phase I or phase II clinical trials due to the limited e�cacy or drug toxicity. We hypothesized that patients in subgroup 2
who had a higher expression level of extracellular matrix proteins might better respond to MMPs inhibitors. Our analysis provided new
possibilities for different treatment strategies according to the gene expression pattern of different OA subgroups.

Using a computational drug repurposing method, we found cardiac glycosides might be repurposed in the treatment of OA. Cardiac
glycosides are drugs that inhibit the Na+/K+-ATPases and applied to treat heart failure and certain irregular heartbeats. However, recent
studies reported that cardiac glycosides as a novel class of broad-spectrum senolytics for therapeutic applications in many age-related
disorders[60], including osteoarthritis. Cardiac glycosides were capable of reducing the number of senescent cells, diminishing the level
of local in�ammation, and improved some metabolic and physical �tness parameters that decline with aging in some animal models[61,
62]. Although the effectiveness of cardiac glycosides in treating OA needs more systemic and detailed validation, our analysis offers a
novel and valuable option for patients with OA.

There are several limitations of our studies. First, osteoarthritis is typically described as a heterogeneous disease with complex
pathogenesis. Different patients might have different mechanistic pathways, such that the mechanisms of OA in the elderly might be
different from those after a joint injury in a younger adult or in obese individuals. Further detailed analyses that take these co-variants
(age, obesity and/or injury) into consideration may help better identify OA subgroups, which might explain the heterogeneity of OA
patients and the different response to the treatment. Second, although we have discovered some molecular signatures of OA by
transcriptome data analysis, multi-omics investigations, such as the integrated analysis of epigenetic (DNA methylation, histone post-
translational modi�cation, and/or noncoding RNA), transcriptomic (via RNA-seq or microarray), and proteomic (by LC-MS) changes are
needed to better elucidate the changes during the pathogenesis of OA. Such detailed and systematic analyses offer important
mechanistic and potentially therapeutic insights into OA. Finally, we have highlighted several essential regulators and uncovered that
cardiac glycosides might bene�t the patients with OA by countering the in�ammation. However, further experimental studies are needed
to validate their clinical implications.

Our study integrated multiple public transcriptome data sets together, which provides more comprehensive and reliable insights into the
genetic risk associated with the disease phenotype. Moreover, we used a computational drug repurposing method to identify potent drug
candidates to improve the treatment of OA.

Conclusion
In summary, we used bioinformatics analysis to identify a group of differentially expressed genes between OA and normal tissues. By
protein-protein interaction network analysis, we identi�ed several osteoarthritis-related hub genes, which might be potential diagnostic or
therapeutic targets for osteoarthritis. In addition, we found JUN, a transcription factor, functions as a crucial regulator by analysis of
public ChIP-seq data and co-expression analysis. Moreover, we used a computational drug repurposing method to identify potent drugs
that can be repurposed to treat osteoarthritis.
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Figure 1

overview of data processing step (A) Transcriptomic data from 10 independent studies were selected, which included 167 OA, 50 RA, and
88 normal samples. (B) Quality control and normalization for each data set. (C) Differential gene expression analysis of OA compared to
RA or normal was performed using “Limma” (for microarray data) or “Deseq2” (for RNA-seq data). DEGs that were common in more than
half of the data sets with same conditions were selected for further analysis. (D) Strategies for integrated analysis.
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Figure 2

molecular characteristics of OA (A) Gene ontology analysis for up regulated genes comparing OA with normal. “MAGeCKFlute” R package
was used to perform the enrichment analysis. (B) Gene ontology analysis for up regulated genes between OA versus normal.
“MAGeCKFlute” R package was used to perform the enrichment analysis.
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Figure 3

Protein-Protein interaction network of DEGs. (A) STRING was used to evaluate protein interaction of DEGs between OA and normal. The
interaction was visualized by Cytoscape. (B) Top 10 hub genes ranked by betweeness.
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Figure 4

JUN functions as key TF that associated with the development of OA (A) A subnetwork of the �rst-neighbored genes with JUN. (B) The
expression level of genes in the subnetwork in (A). Values represents mean ± s.d. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001 by
student’s t test. (B) Gene ontology for putative target genes of JUN. cytoHubba was used to extract the hub genes in the network.
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Figure 5

Identi�cation and characterization of molecular subgroups (A) Heatmap showing the expression level of DEGs between OA and normal in
two subgroups of OA. (B) PCA plot of gene expression level between two subgroups of OA. Each data point is assigned a location in a
two-dimensional map to illustrate potential clusters of neighboring samples, which contain similar gene expression patterns. (C) Gene
ontology analysis for up regulated genes comparing subgroup 1 with subgroup2. (D) Gene ontology analysis for genes that were up-
regulated in subgroup 2 comparing with subgroup 1.
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