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Introduction: The prevalence of osteoarthritis (OA), the most common chronic joint condition, is increasing due to the aging 
population and escalating obesity rates, leading to a significant impact on human health and well-being. Thus, analyzing the key targets 
of OA through bioinformatics can help discover new biomarkers to improve its diagnosis.
Methods: The microarray and RNA-seq results were screened from the Gene Expression Omnibus (GEO) database. Functional 
enrichment analyses, protein-protein interaction (PPI) analysis, and weighted gene co-expression network analysis (WGCNA) of the 
DEGs were performed. RT-qPCR and WB were further performed to verify the hub gene expression in OA rat.
Results: In this study, 35 key genes were identified through differential expression analysis and weighted gene co-expression network 
analysis (WGCNA) using the GSE169077 and GSE114007 datasets. Enrichment analysis revealed that these key genes were 
predominantly enriched in the HIF-1 signaling pathway, ECM-receptor interaction, and FoxO signaling pathway. Through the 
integration of protein-protein interaction (PPI) analysis, validation in animal models and ROC curve analysis, four pivotal genes 
(GADD45B, CLDN5, HILPDA and CDKN1B) were finally identified.
Conclusion: In conclusion, these identified key genes could serve as novel targets for predicting and treating OA, offering fresh 
insights into its etiology and pathogenesis.
Keywords: osteoarthritis, bioinformatics analysis, WGCNA, GSE data

Introduction
Osteoarthritis (OA) is a prevalent, progressive, and degenerative joint disease characterized by reduced chondrocytes and 
degradation of the extracellular matrix (ECM) that causes joint pain, stiffness and functional limitations, severely 
impacting patients’ quality of life by leading to impaired sleep, depression, and even disability.1,2 The incidence and 
prevalence of OA are increasing annually due to the aging population and rising obesity rates. It currently affects 
approximately 530 million people worldwide and is projected to pose a significant public health challenge in the years to 
come.3 The lack of early prediction and targeted treatment for OA are due to its complex and diverse pathological 
changes, coupled with an incomplete understanding of its pathogenesis. Thus, understanding the pathogenesis of OA is 
essential for enhancing clinical diagnosis, alleviating symptoms, and improving prognosis.

Bioinformatics analyses have emerged as efficient and promising tools for screening significantly aberrantly 
expressed genes and genetic pathways. With the rapid development of high-throughput sequencing technology, integrated 
analysis techniques based on biological networks have been developed to offer new insights into disease processes and to 
identify biomarkers.4,5 As research progresses, it has been discovered that numerous specific genes can participate in the 
development of OA.6,7 Recent studies have shown that PGAM5 is significantly associated with an increase in OA 
incidence compared to controls, and specific inhibition of PGAM5 could substantially attenuate OA symptoms.8 

Meanwhile, researchers have identified promising OA biomarkers such as C-terminal telopeptide of collagen type II 
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(CTX-II)9 and type I collagen cross-linked N-telopeptide (NTX),10 but their discrimination capacity remains insufficient 
for clinical applications. These findings suggest that certain functional genes play an important role in OA progression, 
and it is worth noting that weighted gene co-expression network analysis (WGCNA) is a widely used systems biology 
approach for elucidating the correlation between gene clusters (modules) with similar expression patterns and disease 
phenotypes in transcriptome sequencing data or microarray samples.11 WGCNA can be utilized to screen for disease 
molecular markers or potential therapeutic targets in various conditions such as atherosclerosis,12 sepsis13 and rheuma-
toid arthritis.14 However, there is a lack of research on studying pivotal genes for OA using WGCNA, indicating the need 
for further in-depth investigation into its biological mechanisms through bioinformatics methods.

In this study, we aimed to identify novel differentially expressed genes (DEGs) in OA. Two GEO datasets 
(GSE169077 and GSE114007) were analyzed to determine DEGs between OA and control specimens, based on which 
a weighted gene expression network to identify modules was constructed. A protein-protein interaction (PPI) network 
was also created to screen for hub genes associated with OA, which were validated using RT-qPCR on rat OA models. 
Collectively, results could contribute to identifying novel key genes and pathways involved in OA progression, as well as 
providing potential therapeutic targets.

Materials and Methods
Data Collection and Preprocessing
We searched the Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo) database using the keyword 
“Osteoarthritis (OA)”. Raw data from the GSE169077 and GSE114007 datasets were downloaded. The GSE169077 
dataset comprised 5 normal and 6 OA pool samples, with each pool containing 5 individual samples. The GSE114007 
dataset included 18 normal and 18 OA samples. Data processing was performed using the R software.

Differentially Expressed Genes (DEGs) Analysis
Differentially expressed genes (DEGs) was performed using limma software package of R software.15 Genes with 
adjusted false discovery rate (FDR) < 0.05 and absolute log2 (fold change) > 1 were considered significantly differen-
tially expressed between the control and OA groups.

Gene Set Enrichment Analysis (GSEA)
GSEA was utilized to identify the associated signaling pathways in the progression of OA. Significant enrichment was 
determined based on a p-value < 0.05 and an FDR (q-value) < 0.05. The results were visualized using the normalized 
enrichment score (NES).

Weighted Gene Co-Expression Network Analysis (WGCNA) and Identification of 
Significant Modules
WGCNA was performed on the merged dataset to elucidate gene interactions and identify co-expression patterns of genes and 
modules.16 Briefly, the samples were clustered to detect any significant outliers. Then, a scale-free network was constructed 
by assessing the strength of connections between genes. The “PickSoftThreshold” function, with the networkType parameter 
set as “unsigned”, was employed to determine the value of β (a soft threshold power parameter). Co-expression modules were 
then formed based on genes with similar expression patterns. Module identification was achieved using a dynamic tree- 
cutting algorithm, with the minimum module size set to 30. Lastly, modules with high similarity scores were merged using 
a threshold value for each dataset, and module affiliation (MM) and gene significance (GS) were calculated for each module 
and utilized for hub gene selection. Potential pivotal genes associated with OA were assessed using criteria of MM > 0.8 and 
GS > 0.5. Hub genes were identified as those present in significant modules across both datasets.

PPI Network Construction and Functional Enrichment Analysis
To further analyze the biological functions of the genes, the search tool for retrieval of interacting genes/proteins 
(STRING) database was utilized to construct a PPI network, which was visualized using Cytoscape software. The hub 
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genes were analyzed using Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 
analysis using the Metascape database. Enrichment analysis of GO terms and KEGG pathways was conducted using the 
“ClusterProfiler” package in R software to predict potential functions.

Animals and Treatments
Pathogen-free adult male Sprague–Dawley rats (8 weeks old, weighing 280–300 g) were obtained from the Animal 
Center of Chongqing Medical University, housed under standard conditions in a temperature-controlled room (22 ± 3 °C) 
with a 12-hour light/dark cycle, and were provided food and water ad libitum. All animal procedures to be employed in 
the project was approved by Institutional Animal Care and Use of Chongqing Medical University (IACUC-CQMU), 
Approval number: IACUC-COMU-2024-0473. A rat model of OA was induced by intra-articular injection of 4% papain 
(Biosharp, China) under 1% sodium pentobarbital anesthesia (5mL/kg). The surgical area was shaved, and the right knee 
was sterilized. Then, 0.2 mL of 4% papain solution was injected into the joint cavity, the control group was injected with 
an equal amount of saline. This procedure was repeated three times on days 1, 4, and 7, three days after the end of 
modeling, the rats were sacrificed, the synovium and cartilage of their right knee joints were removed for subsequent 
experiments. All experiments were conducted following the approved guidelines of the Animal Care and Use Committee 
of Chongqing Medical University, strictly adhering to all ethical principles.

Quantitative Real-Time PCR (RT-qPCR) Analysis
Total mRNA from tissue samples (Mixed proteins of synovial tissue and joint synovial fluid) (n = 6) was extracted using 
TRIzol (Thermo Fisher Research, USA) following the manufacturer’s standard protocol. After determining the concen-
tration of the extracted RNA, cDNA synthesis was performed using 1μg total RNA with the HiScript® II Q Select RT 
SuperMix for qPCR kit (VAZYME, China) according to the manufacturer’s instructions. RT-qPCR was conducted using 
the CFX96 Real-Time PCR Detection System (Bio-Rad) with ChamQ SYBR qPCR Master Mix (VAZYME). The primer 
sequences are provided in Table S1. The expression of the target genes was normalized to the levels of GAPDH. The 
experiments were performed in triplicate.

Western Blotting
Total protein was extracted from rat tissues (Mixed proteins of synovial tissue and joint synovial fluid) using RIPA with 
phosphatase and protease inhibitors. The protein concentration was quantified using a BCA Protein Assay Kit (Beyotime, 
China). The extracted proteins were separated using SDS-polyacrylamide gels electrophoresed (SDS-PAGE) and 
transferred onto polyvinylidene difluoride (PVDF) membranes. After blocking with 5% nonfat dried milk diluted in tris- 
buffered saline (TBS), the membranes were incubated with the primary antibodies at 4 °C overnight.

The primary antibodies are as follows: anti-GADD45B (1:2000, Bioss), anti-CDKN1B (1:1000, Cell Signaling 
Technology), anti-HILPDA (1:1000, Santa Cruz), anti-CLDN5 (1:4000, Novus Biologicals), anti-GAPDH (1:1000, 
Cell Signaling Technology).

The membranes were washed and incubated with corresponding secondary antibodies. Reagents for Western blot 
detection by ECL substrate working solution (Abbkine, China) and images were captured using an imaging system (Bio- 
Rad). The density of bands was analyzed by ImageJ software.

Histological Analysis
Knee joints were harvested from rats and fixed with 4% paraformaldehyde. Briefly, all specimens were decalcified in a 10% 
EDTA solution at room temperature for 28 days. The knee joints were embedded in paraffin wax and serially sectioned at 
thicknesses of 4μm. The sections were stained with safranin O-fast green or hematoxylin and eosin (H&E) according to 
manufacturer’s instructions. A minimum of five random images from three samples were analyzed per group.
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Statistical Analysis
Statistical analysis was conducted using GraphPad Prism version 9.0. Two-tailed Student’s t-tests were employed to 
analyze the differences between two groups. All data are expressed as means ± SEM, and P < 0.05 was considered 
statistically significant.

Results
Identification of the DEGs in OA Patients
The workflow of the study design is shown in Figure 1. Two expression datasets containing both control and OA samples 
were utilized to explore the potential role of mRNAs in OA. The profiles of DEGs from GSE169077 and GSE114007 
were analyzed separately between control and OA samples. In the GSE169077 dataset, a total of 675 DEGs were 
identified based on a q value < 0.05 and |log2FC| > 1. Among these, 462 genes were found to be upregulated, and 213 
genes were downregulated (Figure 2A and B). Conversely, in the GSE114007 dataset, a total of 2736 DEGs were 
identified, with 1688 genes showing significant upregulation and 1048 genes displaying significant downregulation 
(Figure 2C and D).

Functional Enrichment Analysis of DEGs
GSEA was performed to identify distinct pathways associated with DEGs in the progression of OA. The results revealed 
that pathways related to endochondral ossification and collagen formation were significantly upregulated (Figure 3A). 
Conversely, various metabolic pathways, particularly those involved in glycogen metabolism, NADP metabolism, 
cysteine metabolism, and lactate metabolism, were significantly inhibited in the OA samples (Figure 3B). 
Additionally, high enrichment scores were observed for pathways related to the formation of skeletal muscle in OA.

Figure 1 The workflow of the study. 
DEGs, differentially expressed genes; PPI, Protein–protein interaction; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology.
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Identification of Clinically Significant Modules
The WGCNA algorithm was utilized to construct the co-expression gene network, and a soft threshold (scale-free R2 = 
0.9) was chosen for each dataset to construct a scale-free network, which closely resembles the real biological network 
state (Figure 4A and B). Then, gene modules were identified through average hierarchical clustering and dynamic tree 
cutting. The minimum module size was set to 30, with a height cut of 0.1 for both datasets to merge the modules. A total 
of 5 and 20 distinct modules, labeled with different colors, were identified using the GSE169077 and GSE114007 
datasets, respectively (Figure 4C and D). Heatmaps illustrated the correlation between these modules in control and OA 
samples (Figure 4E and F). In the GSE169077 dataset, the highest correlation between MM and GS was observed in the 
blue module (r=−0.84, p=0.001). Similarly, in GSE114007, the magenta (r = 0.94, p = 2 e - 18), purple (r = 0.82, p = 2 e - 
10), cyan (r = 0.86, p = 3 e - 12), pink (r = 0.84, p=6e-11), royalblue modules (r=−0.83, p=1e-10) are most significantly 
associated with OA. Therefore, modules exhibiting the highest association were selected as the clinically significant 
modules for subsequent analysis.

Figure 2 Differentially expressed genes (DEGs) between control and OA samples in the GEO datasets. (A) Volcanic map for differential expression analysis of GSE169077. 
Blue represents down-regulated genes, red represents up-regulated genes and black represents undifferentiated genes. (B) Heat map for differential expression analysis of 
GSE169077. (C) Volcanic map for differential expression analysis of GSE114007. Blue represents down-regulated genes, red represents up-regulated genes and black 
represents undifferentiated genes. (D) Heat map for differential expression analysis of GSE114007.
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Identification of the Hub Genes
To further screen for the most promising candidate hub genes in OA, a total of 35 intersected genes from the gray module 
were identified based on previous analyses (Figure 5A) and further analyzed using GO and KEGG pathways. GO 
analysis revealed that these hub genes were primarily enriched in biological processes such as cellular response to 
hypoxia, regulation of cell proliferation and vascular permeability, and response to lipopolysaccharide. At the molecular 
level, these genes were found to be enriched for functions such as receptor binding and protein kinase A binding 
(Figure 5B). KEGG analysis indicated enrichment in pathways, including the PI3K-Akt signaling pathway, ECM- 
receptor interaction, HIF-1 signaling pathway, and FoxO signaling pathway (Figure 5C). Next, the STRING database 
was used to analyze the interaction relationships of intersected genes. Through PPI analysis, the top 10 hub genes, 
including GADD45B, CLDN5, CITED2, CDKN1B, ANGPTL4, ADM, SLC2A3, PFKFB3, MXI1, and HILPDA, were 
identified based on the highest degrees of connectivity using the cytoHubba plug-in in Cytoscape (Figure 5D). Box plot 
results demonstrated that these genes were all significantly downregulated in OA samples compared to controls 
(Figure 5E).

Validation of Hub Genes in OA Animal Models
To further validate the expression levels of these hub genes in the progression of OA, we successfully established OA 
models in rats (Figure 6A and B). The histopathological results demonstrated that the surface of cartilage in the NC 
group was smooth, and morphology of the chondrocytes was normal and arranged neatly and orderly. While rat in the 
OA group had defective cartilage surface and hypertrophied chondrocytes. Moreover, The OA group showed more 
pronounced synovial inflammation than that of the NC group with enlargement of the synovial lining cell layers and 
infiltration of inflammatory cells. As shown in Figure 6C, although these hub genes were expressed in the control group, 
the mRNA levels of GADD45B, CLDN5, HILPDA, CDKN1B, and ADM were consistently lower in the OA groups, 
which was largely consistent with the results of our previous screening. The receiver operating characteristic (ROC) 
curve, designed to evaluate diagnostic values, revealed that the area under the curve (AUC) values of GADD45B, 
CLDN5, HILPDA, and CDKN1B were >0.85, while the AUC value of ADM was 0.8333. (Figure 6D). Subsequently, we 

Figure 3 GSEA enrichment analysis of the two datasets. (A) GSEA enrichment analysis of the upregulated genes.(B) GSEA enrichment analysis of the downregulated genes. 
The left panel, GSE169044; the right panel, gse114007.
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further validated the lower expression of GADD45B, CLDN5, HILPDA, and CDKN1B in OA rat model by Western 
blotting (Figure 6E).

Discussion
With the global population gradually aging, OA, the most prevalent chronic joint disease, is being increasingly diagnosed 
in a significant number of elderly individuals worldwide, posing a potential threat to patient health in severe cases.17 

Timely diagnosis of OA is essential for slowing disease progression, yet effective early diagnostic methods remain 
lacking. The search for specific biomarkers and key genes has become a focal point in OA research in recent years. The 
utilization of bioinformatics based on high-throughput sequencing data has played a pivotal role in various medical 
research fields, leading to improved disease diagnosis and personalized treatment.18 Identifying biomarkers associated 
with OA is instrumental in enhancing OA diagnosis and early detection. In this study, we utilized OA tissue expression 
data from the GEO database to screen for key genes influencing OA through differential expression analysis, WGCNA, 
and PPI analysis. Additionally, we employed a rat OA model to validate the expression levels of key genes in OA tissues.

In this study, DEGs were analyzed using data from two GEO databases. GSEA revealed significant upregulation of 
pathways related to endochondral ossification and collagen formation, alongside inhibition of various metabolic 

Figure 4 Construction of the co-expression network of the OA and control samples in the two datasets. (A and B) Soft-thresholding power analysis and mean connectivity 
was used to obtain the scale-free fit index of network topology in GSE169077 (A) and GSE114007 (B). (C and D) The hierarchical clustering of all genes in GSE169077 (C) 
and GSE114007 (D) dataset with corresponding color assignments. Each branch represents a gene, and each color represents a module in the constructed gene co- 
expression network by WGCNA. The color band shows the results obtained from the automatic single-block analysis. (E and F) The heatmap of the correlation between 
gene clustering module in GSE169077 (E) and GSE114007 (F) dataset. Each module contains the correlation coefficient and p value.
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Figure 5 Screening of hub genes related with OA. (A) The Venn diagram demonstrates the intersection genes of module significantly associated with OA in the two datasets. (B) 
GO enrichment analysis of genes related to OA. The y-axis shows the number of genes enriched in this term. (C) KEGG enrichment analysis of genes related to OA. The abscissa is 
the rich factor, and the ordinate is the KEGG path name. The greater the rich factor, the more significant the enrichment level of DEGs in this pathway. The color of the circle 
represents the P value. The smaller of P value, the more reliable the enrichment significance of DEGs in this pathway. The size of the circle indicates the number of genes enriched in 
the pathway. (D) Establishment of PPI network on the STRING database. PPI, protein-protein interaction. (E) The expression level of the hub genes in the GSE169077 and 
GSE114007. HC, healthy control, two-tailed t-test. All data are presented as the means ± SEM. ns, not significant; *P < 0.05; **P < 0.01; ***P <0.001.
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pathways in OA. Chondrocytes and osteoblasts, pivotal in skeletal development, have been implicated in the progression 
of conditions such as OA, bone dysplasia, and osteoporosis.19,20 Furthermore, aberrant metabolic activities may 
contribute significantly to cartilage degeneration and OA progression.21 Next, we constructed a gene co-expression 
network based on gene expression associated with clinical characteristics of OA, based on which 35 genes were 
identified. GO and KEGG enrichment analyses were used to explore biological functions and signaling pathways. GO 
analysis revealed enrichment primarily in biological functions related to cellular response to hypoxia. KEGG analysis 
showed enrichment in pathways, including the HIF-1 signaling pathway, ECM-receptor interaction, and FoxO signaling 
pathway. In OA, HIF-1α has been identified as an important regulator of chondrocyte differentiation and matrix 
synthesis, essential for maintaining normal chondrocyte function, as demonstrated in both in vitro and in vivo 
studies.22,23 Studies have also highlighted the pivotal role of HIF-1α degradation in cartilage degeneration in OA, with 
stabilization of HIF-1α shown to prevent OA progression.24 Moreover, OA progression is closely linked to ECM 
catabolism in cartilage.25,26 Increased ECM catabolism disrupts articular cartilage integrity and homeostasis.27,28 

Additionally, the FoxO signaling pathway emerges as highly dysregulated in OA cartilage compared to normal 
tissues.29 Combined deletion of FoxO1, FoxO3, and FoxO4 in the myeloid lineage has been found to promote osteoclast 
formation and bone resorption, resulting in decreased trabecular and cortical bone mass,30 indicating that FoxOs play an 
important role in maintaining articular cartilage homeostasis.31 These findings corroborate the significant role of the OA- 
related genes identified by WGCNA in our study.

Figure 6 Validation of the expression of hub genes in rat OA model. (A) Schematic strategy of the OA rat model. (B) Representative images of histopathological staining of 
cartilage and synovial sections from different groups, n = 3. Scale bar = 100 μm (HE staining), Scale bar = 50 µm (SO/FG staining).(C) RT-qPCR for the levels of the hub genes 
in rat OA model and control group, n = 6. NC, normal control. Two-tailed t-test. All data are presented as the means ± SEM. ns, not significant; *P < 0.05; **P < 0.01. (D) 
Determination of the diagnostic efficiency of pivotal genes by ROC curve analysis. AUC, area under the curve. (E) Western blotting and semi-quantitative analysis of protein, 
n = 3. Two-tailed t-test. All data are presented as the means ± SEM. *P < 0.05; **P < 0.01.
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In our pursuit to further identify pivotal genes influencing the progression of OA, we conducted PPI analysis and 
ultimately obtained 10 hub genes: GADD45B, CLDN5, CITED2, CDKN1B, ANGPTL4, ADM, SLC2A3, PFKFB3, 
MXI1, and HILPDA. Among these, GADD45B, CLDN5, HILPDA, CDKN1B, and ADM exhibited consistently 
differential expression by RT-qPCR based on rat OA samples. In addition, GADD45B, CLDN5, HILPDA and 
CDKN1B had AUC values > 0.85 by ROC curve analysis, suggesting that they may have good diagnostic performance. 
Further, through Western blotting, we verified the low expression of GADD45B, CLDN5, HILPDA, CDKN1B in the OA 
compared to control group. GADD45B, a small molecular protein, regulates cell cycle progression and cellular stress 
response.32 Previous research has demonstrated its regulatory role in various inflammatory diseases.33 In our study, we 
observed a reduction in GADD45B expression and validated this through RT-qPCR in OA tissues. Given the decreased 
expression of GADD45B, its inhibitory effect on apoptosis may be attenuated. We hypothesize that GADD45B may be 
involved in the pathogenesis of OA by promoting the apoptosis of chondrocytes and accelerating the destruction of 
cartilage.34,35 Additionally, studies have reported upregulation of HILPDA expression during chondrogenic differentia-
tion and association with promoting chondrogenic differentiation and regulating the expression of chondrogenic-related 
factors.36 Under physiological conditions, chondrocytes are in a relatively hypoxic environment, which is essential for 
maintaining chondrocyte homeostasis. However, more research focuses on the HIF family, and there are few studies on 
HILPDA in OA, which may be worthy of further study to help us understand the regulatory mechanism of hypoxia 
response in the occurrence and development of OA more comprehensively. Furthermore, increasing evidence suggests 
that CDKN1B is a key regulator of cell cycle progression and serves as a valuable marker in conditions such as 
osteoporosis,37 atherosclerosis,38 and Alzheimer’s disease.39 This further indicates an imbalance between cell prolifera-
tion and apoptosis of OA chondrocytes. An in-depth understanding of the mechanism may help to reveal the regulatory 
network of OA and provide new insights for the prediction and treatment of OA. The expression of ADM is regulated by 
TNF-α, can impact adipogenesis and osteogenesis, and has been shown to be significantly downregulated in OA. 
Moreover, there is evidence suggesting that ADM downregulation may be involved in the development of OA by 
facilitating synovial cell apoptosis and chondrocyte dedifferentiation in inflammatory arthritis by increasing oxidative 
stress products and pro-inflammatory cytokines.40,41 However, the role of CLDN5 in the occurrence and development of 
OA has not yet been elucidated. As a tight junction protein, we speculate that the decrease of CLDN5 may lead to the 
increase of endothelial permeability, which in turn affects the metabolism of chondrocytes. However, the specific 
regulatory mechanism still needs to be further investigation. These findings underscore the significant roles played by 
pivotal genes in the progression of OA. However, this requires further validation in an independent cohort, which is 
a limitation of the study.

In conclusion, we identified four key genes (GADD45B, CLDN5, HILPDA and CDKN1B) associated with OA 
through integrated bioinformatics analysis. Enrichment analysis revealed that these genes affected the occurrence and 
development of OA in multiple pathways. Taken together, these genes hold potential as biomarkers for OA diagnosis and 
treatment. Further investigations through in vitro and in vivo experiments are warranted to elucidate the precise 
mechanisms by which these key genes affect OA.
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