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Abstract
Background: Osteoarthritis is a common degenerative disease of articular cartilage. Its typical features
include articular cartilage degeneration, subchondral bone structural changes and osteophyte formation.
The main clinical manifestations are increasingly severe knee joint swelling, stiffness, deformity and
limited mobility. With the advent of the era of big data, the processing of massive data has become a hot
topic, and the continuous development and improvement of machine learning algorithms have laid the
foundation for the era of big data. This paper uses machine learning methods to identify the real key
characteristic genes of osteoarthritis and explore the relationship between them and immune in�ltration,
so as to reveal the pathogenic mechanism of osteoarthritis at the molecular biology level, aiming to
provide osteoarthritis diagnosis and treatment.

Method: Download the GSE55235 and GSE55457 datasets from the GEO database, merge the two as the
training set, and download the GSE98918 data as the validation set. Gene differential expression analysis
was performed on the training set, lasso regression model and support vector machine model were
constructed by machine learning algorithm, and the intersection genes were taken as feature genes and
receiver operating characteristic curves were drawn. Finally, the expression pro�le of osteoarthritis was
analyzed by immune cell in�ltration and the correlation between the co-expression of characteristic genes
and immune cells was analyzed.

Conclusion: EPYC and KLF9 can be used as the characteristic genes of osteoarthritis.The silencing of
EPYC and the overexpression of KLF9 are related to the occurrence of osteoarthritis and the in�ltration of
immune cells.

1. Introduction
Osteoarthritis (OA) is a common chronic joint disease in middle-aged and elderly people, characterized by
degenerative changes of articular cartilage, destruction of rings and progressive bone hyperplasia.
Genetic factors have long been con�rmed to be related to the occurrence of OA. Currently, approximately
250 million people worldwide are affected by it. OA often affects multiple joints throughout the body, of
which the knee joint is the most common site, followed by the wrist and hip joints [1]. The etiology of OA
has not yet been elucidated, but its risk factors are numerous, including genetics, gender, joint damage,
age, and obesity [2]. Joint injuries are becoming more common as the global population ages and obesity
increases. Some scholars believe that the mechanical damage of the joints is dominant in the occurrence
and progression of OA [3], while other scholars believe that genetic factors play an important role in OA [4].
The main clinical manifestations of OA are joint pain, swelling, stiffness, dysfunction and gradually
aggravating, severe cases can lead to disability. Diagnosis is also based on imaging changes. First-line
therapies such as non-steroidal anti-in�ammatory drugs, drugs such as acetaminophen and
glucocorticoids, and even joint replacement surgery are mainly focused on the relief of symptoms such
as pain and limited mobility. However, there is currently no treatment for OA [5–7]. Therefore, the search for
genetic biomarkers of OA is of great signi�cance for the diagnosis and treatment of the disease.
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Machine Learning (ML) is a multi-domain interdisciplinary subject. As the core of arti�cial intelligence
and data science, machine learning mainly studies how computers simulate or realize human learning
behaviors to acquire new knowledge or skills, and to reorganize existing knowledge structures to
continuously improve their performance. With the advent of the era of big data, machine learning has
been widely used in various �elds in biomedicine, such as genomics, proteomics, microarrays, systems
biology, evolution, and text mining[8–10]. Tibshirani[11] proposed the Lasso (The Least Absolute Shrinkage
and Selectionator Operator) algorithm in 1996. The algorithm obtains a re�ned model by constructing a
penalty function. The basic idea is to minimize the residual sum of squares under the constraint that the
sum of the absolute values of the regression coe�cients is less than a constant, so as to generate some
regression coe�cients strictly equal to 0, and obtain a model with strong explanatory power. Support
vector machine (SVM) is widely used in pattern recognition, machine learning and other �elds. Support
vector machine recursive feature elimination (SVM-RFE) is a sequence backward selection algorithm
based on the maximum interval principle of SVM. It passes the model training samples, sorts the score of
each feature, removes the feature with the smallest feature score, then retrains the model with the
remaining features, performs the next iteration, and �nally selects the required number of features[12–13].
SVM-RFE can better screen out the characteristic genes of the disease for the diagnosis and treatment of
the disease. The disease signature genes screened by the Lasso regression model and the SVM-REF
model will be more reliable.

In recent years, immune in�ltration has become more widely used in bioinformatics analysis, and there is
evidence that chondrocytes in osteoarthritis patients release speci�c antigens to trigger the activation of
immune responses. There are many immune cells involved in OA, including innate immunity and acquired
immunity, which makes anti-cytokine less effective in OA[14]. Therefore, to clarify the in�ltration of
immune cells in the synovium of OA patients and the genes related to their regulation appear particularly
important.

Based on the algorithm of machine learning in bioinformatics, this study screened the characteristic
genes related to the pathogenesis of OA through the R-project, and established the relationship between
them and immune cell in�ltration, aiming to reveal the complex pathogenesis of OA and Provide a
reference for the development of more novel markers for the diagnosis of OA.

2. Materials And Methods

2.1 Data download and integration
We downloaded three datasets GSE55235(10 normal synovial tissues and 10 OA synovial tissues),
GSE55457(10 normal synovial tissues and 10 OA synovial tissues) and GSE98918(12 normal synovial
tissues and 12 OA synovial tissues) from the GEO database respectively[15–16], and the �rst two datasets
were integrated and batch corrected through the ‘sva’ package[17] in R-project, and the integrated results
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were used as training sets (20 OA synovial tissue samples and 20 normal synovial tissue samples), while
GSE98918 was used as a validation set.

2.2 Screening of Differentially Expressed Genes (DEGs).
Read the combined training set data through R language, and divide it into OA group and normal control
group, extract gene expression in the two groups, and set the �ltering threshold: |Log2FC|>1.5,
adjust.Pvalue < 0.05, and both are considered to be signi�cantly different. Load the ‘limma’ package[18],
perform difference analysis according to the �lter conditions, output the difference analysis results, and
load the ‘pheatmap’ package[19] and the ‘ggplot2’ package[20] to draw the heatmap and the volcano map
respectively.

2.3 Enrichment analysis of genes
We performed GO, KEGG, DO enrichment analysis on the differential genes, respectively. Set the �lter
conditions for enrichment analysis: pValue < 0.05, qValue < 0.05, if both are satis�ed, the enrichment
result is considered meaningful. The ‘org.Hs.eg.db’ package[21] is loaded for gene ID conversion, and the
‘clusterPro�ler’ package[22–23] is used for enrichment analysis. After saving the analysis results, the
‘enrichplot’[24] and ggplot2 packages are used to visualize the enrichment results and draw bubble charts
and histograms. Finally, we performed GSEA enrichment analysis on all genes, saved the top �ve
enriched pathways and made graphs to visualize them.

2.4 Screening of signature genes
We load the ‘glmnet’ package[25] to build the Lasso regression model using differential genes, load the
‘e1071’ package[26], the ‘caret’ package[27] and the ‘kernlab’ package[28] to build the SVM-RFE model, save
and output the genes screened by the two, take the intersection genes as the feature genes and use the
‘venn’ package[29] to draw the Wei Entu for visualization.

2.5 Drawing of receiver operating characteristic(ROC) curve
We use the ‘pROC’ package[30] to draw the ROC curve of the eigengenes in the training set. AUC > 0.9
means that the gene has a high accuracy in diagnosing diseases.

2.6 Veri�cation of Characteristic Genes
We used the ‘limma’ package to analyze the expression of the selected characteristic genes in the
validation set. P < 0.05 considered that there was a difference in gene expression between the disease
group and the normal group. At the same time, draw eigengenes in the validation set to get the ROC curve
and compare it with the results obtained in the training set.

2.7 Analysis of immune cell in�ltration
We used CIBERSORT algorithm to calculate the abundance of various immune cell types in the
samples[31]. The CIBERSORT source code was �rst created, and the expression levels of 22 kinds of
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marker genes of immune cells were prepared. The immune cell in�ltration analysis was performed on the
data of the training set. PValue < 0.05 was set as the �ltering condition to �lter the immune in�ltration
results, and the results were saved. Bar diagrams drawing visualized the content of immune cells in each
sample, and “corrplot” package[32] was used to draw the correlation heat map. Violin plots were drawn
using “vioplot” package[33] to show differences in immune cells between OA group and normal group.

2.8 Correlation analysis of characteristic genes and immune
cells
We use the ‘reshape2’ package[34] to organize the gene expression data, obtain the expression levels of
the characteristic genes, cycle the immune cells, set p < 0.05 as the correlation �lter condition, and use the
‘ggpubr’ and ‘ggExtra’ packages[35–36] to draw correlation scatterplots and correlation bars Lollipop chart
for visualization of correlation results.

3. Result

3.1 Screening of differentially expressed genes
Through the screening of differential genes, we found that a total of 122 genes (48 up-regulated genes
and 74 down-regulated genes) were differentially expressed between the OA group and the normal group
and the difference fold was more than 3 times (Fig. 1(a), (b)).

3.2 Results of Gene Enrichment

3.2.1 Differential gene enrichment analysis results
The Gene oncology(GO) enrichment results suggested that the biological processes that the differential
genes were mainly involved in included the response to lipopolysaccharide, the response to steroid
hormones, and the response to bacteria-derived molecules. The cellular components(CC) where the
functions of differential gene products are located mainly include extracellular matrix, membrane rafts
and plasma membrane microdomains. The molecular functions(MF) of differential gene products
include receptor ligand activity, signaling receptor activator activity, and cytokine activity (Fig. 2a). The
KEGG pathway enrichment analysis indicated that the differential genes were mainly involved in the
interleukin 17 (IL-17) signaling pathway, followed by Kaposi sarcoma-associated herpesvirus infection,
rheumatoid arthritis and tumor necrosis factor (TNF) signaling pathways (Fig. 2b). Disease
ontology(DO)enrichment analysis revealed that the differential genes were mainly enriched in benign
cellular tumors, preeclampsia, lymphocytic leukemia and OA (Fig. 2c).

3.2.2 Analysis Results of Gene Set Enrichment
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The results of GSEA-GO analysis showed that the normal synovial tissue gene set has DNA-binding
transcription activator activity, and the products function at the nuclear plaques, mainly involved in the
regulation of RNA splicing (Fig. 3a). The main product of the OA synovial tissue gene set functions at the
nucleolar plaques and participates in the antigen-antibody binding reaction (Fig. 3b).

The results of GSEA-KEGG analysis showed that the normal synovial tissue gene set was mainly involved
in adipocytokine signaling pathway, MAPK signaling pathway and NOD-like receptor signaling pathway
(Fig. 3c). While the OA synovial tissue gene set is mainly involved in signaling pathways such as allograft
rejection, lysosomal pathway and phosphorylation (Fig. 3d).

3.3 Screening of Characteristic Genes
By constructing a lasso regression model on the training set, we screened out 14 eigengenes with
diagnostic signi�cance (KLF9, APOLD1, TIPARP, EPYC, JUN, PPP1R15A, FKBP5, RND1, CCZ1B, ZIC1,
MGC12488, TAC1, WIF1, ERAP2) (Fig. 4a). Further constructing the SVM-RFE model, we screened out 2
characteristic genes (KLF9, EPYC) with diagnostic signi�cance (Fig. 4b). Taking the intersection of the
two regression models (Fig. 4c), so far, we believe that KLF9 and EPYC can be used as characteristic
genes of OA.

3.4 ROC Curve Drawing
By plotting the ROC curve of KLF9 and EPYC genes, we know that KLF9 (AUC = 0.992, CI = 0.97-1.00) and
EPYC (AUC = 0.990, CI = 0.96-1.00) are sensitive to diagnosis OA (Fig. 5).

3.5 The result of validating the model
In the validation set, the expression levels of KLF9 and EPYC were differentially analyzed, and the results
showed that KLF9 was lowly expressed in OA synovial tissue, and EPYC was highly expressed in OA
synovial tissue, and the difference in expression between the two was statistically signi�cant (P < 0.05)
(P < 0.05).(Fig. 6). At the same time, by drawing the ROC curves of the two genes in the validation set, we
found that KLF9 and EPYC also had high sensitivity (AUC > 0.9) in diagnosing OA (Fig. 7), which was
consistent with the results of the training set.

3.6 The results of Immune Cell In�ltration
The expression of all immune cells in each sample has been represented by histograms (Fig. 8a). The
results of correlation analysis between immune cells suggested that resting mast cells and regulatory T
cells, plasma cells and memory B cells, T cells γδ and activated CD4 + memory T cells, naive CD4 T cells
and activated CD4 + memory T cells, resting Resting NK cells and naive CD4 + T cells, eosinophils and
activated NK cells, resting memory CD4 + T cells and activated NK cells were positively correlated
(correlation coe�cient R > 0.5), naive B cells And memory B cells, the expression of activated mast cells
and resting mast cells was negatively correlated (correlation coe�cient R<-0.5), and the correlation
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between other immune cells has been shown by correlation heat map (Fig. 8b). A total of 5 kinds of
immune cells have different expressions in OA and normal human synovial tissue. Resting state memory
CD4 + T cells, activated NK cells, and activated mast cells are lowly expressed in OA synovial tissue (p < 
0.01)., while regulatory T cells, resting-state mast cells were highly expressed in OA synovial tissue
(Fig. 8c). The co-expression correlation analysis of characteristic genes and immune cells indicated that
KLF9 was associated with resting memory CD4 + T cells (R = 0.67, p < 0.01), activated mast cells (R = 0.67,
p < 0.01) and activated The expression of NK cells (R = 0.39, p = 0.012) was positively correlated with CD8 
+ T cells (R=-0.32, p = 0.041), plasma cells (R=-0.38, p = 0.016), resting mast cells (R=-0.51, p < 0.01) and
the expression of regulatory T cells (R=-0.56, p < 0.01) were negatively correlated (Fig. 9)(Fig. 11(a)).
EPYC versus resting mast cells (R = 0.66, p < 0.01), plasma cells (R = 0.45, p < 0.01), memory B cells (R = 
0.45, p = 0.01) and regulatory T cells (R = 0.37, p = 0.019) was positively correlated with activated NK cells
(R=-0.46, p < 0.01), resting CD4 + memory T cells (R=-0.53, p < 0.01) and activated mast cells (R=-0.53, p < 
0.01) =-0.57, p < 0.01) was negatively correlated (Fig. 10) (Fig. 11(b)).

4. Conclusion
Through the analysis of the gene expression chip of OA, we found that the silencing of KLF9 and the
overexpression of EPYC are related to the occurrence of OA, and we can know that the two can be used
as diagnostic features of OA through machine learning algorithm Gene. Resting memory CD4 + T cells,
activated NK cells and activated mast cells were suppressed in OA synovial tissue while regulatory T cells
were overexpressed in OA synovial tissue. KLF9 was positively correlated with the expression of resting
memory CD4 + T cells, activated NK cells and activated mast cells, and negatively correlated with the
expression of CD8 + T cells, plasma cells, resting mast cells and regulatory T cells. EPYC was positively
correlated with the expression of plasma cells, resting-state mast cells and regulatory T cells, and
negatively correlated with the expression of resting-state memory CD4 + T cells and activated mast cells.

5. Discussion
OA is one of the most common joint diseases in the elderly, with a high public health burden and no cure.
Articular cartilage has the function of buffering and reducing friction, and it is also the most severely
degenerated part of OA. Therefore, rebuilding the integrity of articular cartilage is expected to replace joint
replacement as a new method for radical OA.

Oxidative stress and reactive oxygen species (ROS) have been shown to be strongly associated with the
occurrence of OA. When chondrocytes, synoviocytes, and osteoblasts are continuously subjected to
external mechanical stress, they can produce excessive pro-in�ammatory mediators to break down the
pro-in�ammatory mediators. Oxidative/antioxidant balance, which in turn degrades the extracellular
matrix[37]. As a member of the KLFs family, Kruppel-like factor 9 (KLF9) plays an important role in the
oxidative stress response. Studies have shown that Nrf2 can stimulate the expression of KLF9, and KLF9
inhibits the expression of several important antioxidant enzymes such as thioredoxin reductase 2,
resulting in a further increase in Klf9-dependent ROS and ultimately the degradation of cartilage[38].
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Through the KEGG pathway enrichment analysis, we learned that the differentially expressed genes in OA
are mainly involved in the IL-17 signaling pathway, and IL-17 can also promote the process of oxidative
stress. Whether there is a potential connection between the two needs further research.

Epiphycan (EPYC) is a protein-coding gene. It is a member of the leucine-rich small repeat proteoglycan
(SLRP) family. This gene consists of seven exons and regulates �brillation by interacting with collagen
�brils and other extracellular matrix proteins. EPYC is involved in cartilage formation in normal synovial
tissue. EPYC knockout mice develop osteoarthritis with age[39–40]. In the present study, EPYC is
overexpressed in OA, and we speculate that this is most likely because the destruction of articular
cartilage causes chondrocytes to increase EPYC production in an attempt to repair the damaged
extracellular matrix (ECM). Since EPYC belongs to the SLRPS family, the effects of the SLRP family on
cartilage and the mechanisms involved in the occurrence of OA are numerous and complex, including
changes in the extracellular collagen network and TGF-b signaling pathway. Therefore, the mechanism of
EPYC regulation in OA needs to be further elucidated. In addition, studies have con�rmed that NSAIDS
drugs can reduce the expression of EPYC in prostate cancer cells[41]. As the �rst-line treatment of OA,
NSAIDS drugs need to be further explored.

The CIBERSORT score is widely used in gene expression pro�ling to quantify immune cell scores with
high accuracy. The in�ltration of immune cells in OA synovial tissue has become the consensus of many
scholars. Among them, CD4 + T cells, mast cells, and macrophages play an important role in synovial
in�ammation. IgE-dependent mast cell activation and the pathogenic role of mast cell-mediated tryptase
in osteoarthritis have been demonstrated, but mast cells themselves are not differentially expressed in OA
synovial tissue[42]. In this study, the immune in�ltration analysis showed that resting mast cells were
highly expressed in OA synovial tissue, while activated mast cells were lowly expressed. We speculate
that this is probably because mast cells are not directly involved in the pathogenic process of OA, but
mediate Other proteases or histamine indirectly lead to the occurrence of OA, but the speci�c mechanism
of its role in OA needs to be further elucidated. Regulatory T cells (Tregs) play an important
immunomodulatory role in many in�ammatory and autoimmune diseases, but they are more inhibiting
osteoclasts and helper T cells to protect local articular cartilage from destruction[43–45]. Our experimental
results suggest that regulatory T cells in�ltrate the OA synovium, which is likely related to synovial tissue
destruction leading to reactive proliferation of regulatory T cells to suppress local in�ammatory
responses. Of course, this requires further veri�cation by experiments.

It is not the �rst time that machine learning algorithms have been used in gene screening for OA. In past
experiments, we believed that the threshold of difference was too low, which resulted in too many
differential genes after �ltering, which affected the accuracy of enrichment analysis and machine
learning algorithms. On this basis, we increased the threshold of the difference analysis to 3 times, that
is, set the LogFC to 1.5. We believe that the results of this analysis are more accurate and meaningful.

In short, we processed the chip expression data by computer, screened the characteristic diagnostic genes
of OA by using machine learning algorithm, and explored the relationship between them and immune
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cells, in order to provide reference direction for the early diagnosis and treatment of OA.
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Screening of differentially expressed genes. (a) Volcano map of DEGs; red represents up-regulated
differential genes, black represents no signi�cant difference genes, and green represents down-regulated
differential genes.

(b)The thermal map of expression level of different genes in every synovial tissue sample, the redder the
color, the higher the expression, the bluer the color, the lower the expression.
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Figure 2

Gene Ontology (GO), Disease Ontology (DO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analyses of DEGs. (a) GO enrichment analysis, where the horizontal axis represents the
number of DEGs under the GO term. (b) DO enrichment analysis, where the horizontal axis represents the
number of DEGs under the DO term. (c) KEGG enrichment analysis, where the horizontal axis represents
the number of DEGs under the KEGG term.

Figure 3

Gene GO and KEGG enrichment analysis of all normal genes and all OA genes.

(a)GSEA-GO enrichment analysis on all normal genes, saved the top �ve enriched pathways.

(b) GSEA-GO enrichment analysis on all OA genes, saved the top �ve enriched pathways.

(c) GSEA-KEGG enrichment analysis on all normal genes, saved the top �ve enriched pathways.

(d) GSEA-KEGG enrichment analysis on all OA genes, saved the top �ve enriched pathways.
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Figure 4

Screening of diagnostic markers. (a) Least absolute shrinkage and selection operator (LASSO) logistic
regression algorithm to screen diagnostic markers. (b) Support vector machine-recursive feature
elimination (SVM-RFE) algorithm to screen diagnostic markers. (c) Venn diagram shows the intersection
of diagnostic markers obtained by the two algorithms. 
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Figure 5

ROC curve of KLF9(a) and EPYC(b) genes in the training set.

Figure 6

Box diagram of difference analysis of the expression levels of KLF9(a) and EPYC(b) in the validation set.
The blue marks represent the normal, The red marks represent the OA.

Figure 7

ROC curve of KLF9(a) and EPYC(b) genes in the validation set.

Figure 8

Evaluation and visualization of immune cell in�ltration. (a) Content of different immune cells in each
sample. (b)Correlation heat map of 22 types of immune cells. red represents a positive correlation, blue
represents a negative correlation. The darker the color, the stronger the correlation. (c) Violin diagram of
the proportion of 22 types of immune cells. The red marks represent the difference in in�ltration between
the two groups of samples
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Figure 9

Correlation between KLF9 gene expression and different immune cells in�ltrating.

 

Figure 10

Correlation between EPYC gene expression and different immune cells in�ltrating.

 

Figure 11

Correlation between KLF9, EPYC, and in�ltrating immune cells. (a) Correlation between KLF9 and
in�ltrating immune cells. (b) Correlation between EPYC and in�ltrating immune cells. The size of the dots
represents the strength of the correlation between genes and immune cells; the larger the dots, the
stronger the correlation, and the smaller the dots, the weaker the correlation. The color of the dots
represents the p-value, the greener the color, the lower the p-value, and the yellower the color, the larger the
p-value. p < 0.05 was considered statistically signi�cant.


