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Background: It is reported that matrisome exerts a significant function in the pathogenesis of knee 
osteoarthritis (KOA). Thus, this study was conducted to screen the matrisome-associated diagnostic
genes for KOA.
Results: A total of 158 matrisome-related genes in KOA were obtained, then 5 diagnostic genes were 
screened, namely collagen type 1 alpha 1 (COL1A1), high temperature requirement factor A1 (HTRA1), 
SPARC (osteonectin), cwcv and kazal-like domains proteoglycan 1 (SPOCK1), sulfatase 1 (SULF1) and 
extracellular matrix protein 1 (ECM1). These 5 diagnostic genes were both obviously overexpressed in 
KOA groups relative to those in the healthy group, and both strongly associated with most immune cells, 
such as macrophage, eosinophil, and activated B cell. The targeted drugs for the 5 diagnostic genes con-
tained 9-Octadecenamide, Diacerein, and Rifaximin. The mRNA and protein expression levels of the 5 
diagnostic genes were consistent with the bioinformatics analysis results. Also, the viability of monoso-
dium iodoacetate (MIA)-treated SW1353 cells was significantly decreased after upregulation of ECM1,
while apoptosis showed the opposite trend. Moreover, MIA remarkably increased the phosphorylation
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levels of PI3K and Akt in SW1353 cells. 
Conclusions: Five matrisome-associated diagnostic genes were identified with better diagnostic values, 
including COL1A1, HTRA1, SPOCK1, SULF1 and ECM1. ECM1 exacerbates the progression of KOA, and 
PI3K-Akt signaling pathway is involved in the progression of KOA. The drugs, containing 9-
Octadecenamide, Diacerein, and Rifaximin, etc., might be used for KOA treatment by targeting COL1A1,

Biotechnol 2026;81. https://doi.org/10.1016/j.ejbt.2026.100710. 
© 2026 The Author(s). Published by Elsevier Inc. on behalf of Pontificia Universidad Católica de Val-

paraíso. This is an open access article under the CCBY-NC-ND license (http://creativecommons.org/licenses/ 
by-nc-nd/4.0/).
1. Introduction

Knee osteoarthritis (KOA) is a familiar degenerative joint dis-
ease in clinical practice, which mainly occurs in middle-aged and 
elderly populations and is a common disabling disease [1,2]. KOA 
is mainly characterized by pain, swelling, and limited joint move-
ment [3,4]. With the aging of the global population and the 
increase in obesity, as well as more and more joint injuries, the 
incidence rate of OA is rising [5]. According to epidemiological 
statistics, the incidence of KOA is relatively high at present, and 
the incidence of KOA in China is about 21.51% [6]. However, the 
pathological mechanism of OA is currently not fully clarified. Cur-
rently, KOA is usually diagnosed through symptoms and imaging 
examinations, and treated with physical therapy and medication
[7,8]. For patients in the advanced stage of KOA, replacement sur-
gery is required [9]. Thus, effective decision-making for diagnosis is 
crucial, necessitating diagnostic biomarkers for monitoring and
targeted therapy to improve outcomes. 

The extracellular matrix (ECM) is composed of multiple compo-
nents that interact bidirectionally with surrounding cells, creating 
a dynamic and responsive microenvironment that mediates the
homeostasis of cells and tissues [10,11]. KOA is currently indicated 
to be characterized by destruction of articular cartilage, and the 
destruction can be described as an imbalance between synthesis
and degradation of ECM components [12]. ECM proteins, collec-
tively known as matrisome, comprise collagens, proteoglycans 
and glycoproteins [13]. Alterations in the matrisome have been 
reported to be involved in numerous diseases, containing Parkin-
son’s disease, cancer, adolescent idiopathic scoliosis, etc.
[14,15,16]. For instance, Sung and Cheong [17] found that matri-
some in stem-like phenotypes of gastric cancer is related to meta-
bolic reprogramming. Notably, it was found that collagen type 1 
alpha 1 (COL1A1) and COL1A2 were expressed at a low level in nor-
mal chondrocytes but highly expressed in OA, and dysregulated 
expression of type I collagen acts as a critical pathogenic role in
OA [18,19]. In addition, the expression of matrix metalloproteinase 
2 (MMP2)/MMP13 was enhanced in OA cartilage tissue, which 
accelerated the process of KOA cartilage degeneration by cleaving 
internal peptide bonds and degrading ECM components [20]. 
Moreover, Chen et al. [21] uncovered that Tongbi Huoluo Decoc-
tion inhibited the degradation of cartilage ECM by regulating the 
expression of type I collagens and MMPs to ameliorate cartilage 
degeneration in KOA. Currently, studies have shown that Toll-
Like Receptor 4 (TLR-4), TLR-5, Interferon Regulatory Factor
(IRF4), and fibulin-3 are diagnostic markers in patients with KOA
[22,23]. However, given the significant role of the matrisome in 
KOA, finding matrisome-related biomarkers may provide insights
for the diagnosis and therapy of KOA. 

Herein, matrisome-associated diagnostic genes were screened 
by weighted gene co expression network analysis (WGCNA) and 
machine learning, followed by validation in in vitro experiments. 
Notably, the diagnostic value of the obtained diagnostic genes
2

study will provide promising novel biomarkers for the diagnosis

and GSE57218, which were combined as a training dataset. The

KOA and the healthy group with the threshold of |normalized

was explored, and the potential drugs in KOA were identified. This

and therapy of KOA. 

2. Materials and methods 

2.1. Source of data 

Three KOA-related datasets (GSE114007, GSE57218, and 
GSE51588) were acquired from Gene Expression Omnibus (GEO) 
database with the following inclusion criteria: (a) independent 
expression profile of KOA, (b) dataset containing grouping informa-
tion for KOA and healthy controls, (c) the total number of samples 
in the dataset should be at least 30, and (d) test specimens in the 
dataset extracted from human Homo sapiens knee cartilage tissue. 
GSE114007 contained 20 KOA and 18 healthy control samples, 
GSE57218 included 23 KOA and 7 healthy control samples, and
GSE51588 served as a validation dataset and comprised 40 KOA
and 10 healthy control samples. The ‘‘sva” package [24] (version 
3.50.0) was employed to eliminate batch effects on GSE114007

flow chart of this study is illustrated in Fig. 1.

2.2. Screening of DEGs and GSEA analysis 

Differentially expressed genes (DEGs) between the KOA and 
healthy group were pinpointed employing ‘‘limma” [25] (version 
3.58.1) with criteria set at |log2 fold change (FC)| ≥ 0.5 and p. 
adj < 0.05 [26]. The p-value was corrected using the Benjamini-
Hochberg (BH) method. Besides, Gene Set Enrichment Analysis 
(GSEA) analysis was carried out to identify differentially Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathways between

enrichment score (NES)| > 1 and p. adj < 0.05 [27]. 

2.3. Acquisition of matrisome-related genes in KOA 

The ‘‘WGCNA” [28] (version 1.72-5) was utilized to screen mod-
ule genes associated with KOA with MAD (absolute median devia-
tion) Top 5000 gene expression data as input matrix, and KOA and 
healthy as phenotype traits. Firstly, the ‘‘power” value [29] was 
employed to analyze the square of the association coefficient 
between average connectivity, connectivity (k), and p(k) with the 
‘‘pickSoftThreshold” function. Using clustering and dynamic prun-
ing techniques, parameters such as minModuleSize = 100 [30] 
were utilized to group genes with high correlations into modules. 
Then, modules closely associated with phenotype traits were cho-
sen. Subsequently, after 1062 matrisome-related genes were 
searched by evaluating the pertinent literature [31] (Table S 1), 
the common genes between DEGs, module genes, and 
matrisome-related genes were ascertained. Then, the enriched 
analysis was applied on these matrisome-associated genes in
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Fig. 1. Flow chart of this study.
KOA by using the ‘‘clusterProfiler” package [32] (version 4.10.1)

mum Neighborhood Component (MNC), and Degree, were utilized

‘‘GeneMANIA” database was employed to conduct a PPI network
on the diagnostic genes with the parameters of ‘‘Max resultant

with the threshold of p . adj < 0.05.

2.4. Protein-Protein Interaction (PPI) network establishment 

The protein interaction relationships of the matrisome-related 
genes in KOA were predicted by ‘‘STRING” database [33] (version 
11.0), and the PPI network was built with the cutoff value of com-
bined score = 0.4 [34]. Besides, four topology analysis algorithms of 
‘‘cytoHubba” plug-in in ‘‘Cytoscape” [35] (version 3.8.2), Maximal 
Clique Centrality (MCC), Edge Percolated Component (EPC), Maxi-

to explore hub genes in PPI networks.

2.5. Identification of diagnostic genes 

The feature genes of KOA were acquired using Least Absolute 
Shrinkage and Selection Operator (LASSO) [36], random forest 
(RF) [37] and Support Vector Machine Recursive Feature Elimina-
tion (SVM-RFE) [38]. LASSO regression was performed with 10-
fold cross-validation and the parameter of ‘‘standardize = TRUE”; 
RF was conducted with the parameters of ‘‘nodesize = 5, ntree = 
500–1000”, and the optimal value was selected through cross-
validation and tuneRF; SVM-RFE was carried out with the parame-
ter of ‘‘cv folds = 10, kernel = linear”, and the optimal value was
selected through cross-validation (grid search). The ‘‘glmnet” [39] 
(version 4.1-8), ‘‘randomFores t” [40] (version 4.7-1.1) and 
‘‘e1071” [41] (version 1.7-14) were employed to conduct LASSO, 
RF and SVM-RFE analyses, separately. In addition, the common 
genes obtained from three machine learning algorithms were 
acquired as the diagnostic genes of KOA. Besides, the diagnostic 
gene expression levels were assessed in training and validation
datasets, and ‘‘pROC” [42] (version 1.18.5) was utilized to draw 
the ROC curve to explore the diagnostic ability of diagnostic genes 
with the classification information and gene expression levels, and 
the AUC values were calculated using ‘‘Python”. In addition, the
3

genes = 20, Max resultant attributes = 20, automatically selected

2.6. Nomogram construction and potential drugs prediction

A nomogram consists of a set of scales that each scale repre-

2.7. Association between immune cells and diagnostic genes

‘‘ssGSEA” algorithm [47] was employed to assess the proportion

immune cells and immune cells or immune cells and diagnostic
genes.

weighting”, as well as GSEA analysis. 

sents a characteristic of the study population. If there are interac-
tion terms in the original regression model, there will be several 
scales representing certain combinations of interacting variables. 
Nomogram is actually a visualization of a complex model equation 
in which the behavior of a predictor is represented in scales [43].  In  
clinical medicine, the tool is widely used for the prediction of 
patients’ outcomes, considering the clinical characteristics of 
patients. Based on the magnitudes of the regression coefficients 
of all independent variables, a scoring standard was established. 
A score to each value level of each independent variable was 
assigned, and a total score can be calculated for each sample. Then, 
the probability of the occurrence of each sample can be calculated
through the conversion function between the score and the prob-
ability of the outcome occurrence. The ‘‘rms” package [44] (version 
6.8-0) was utilized to construct a nomogram. Decision curve anal-
ysis (DCA) is a valuable tool in clinical research for evaluating mod-
els. The calibration and DCA curves were drawn to assess the 
predictive ability of the nomogram by using ‘‘rmda” package
[45]. In addition, the underlying drugs were searched in ‘‘DSigDB”
database [46], and the correlation between potential drugs and 
diagnostic genes was investigated.

of 28 immune cells with the parameters of ‘‘tau = 0.25, min.sz = 5, 
abs.ranking = FALSE”, and differences in the proportion of immune 
cells in KOA and healthy groups were compared using the Wil-
coxon test. Then, the ‘‘Spearman” function in ‘‘ggplot2” package 
(version 3.5.0) was employed to analyze the correlations between
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perform consensus clustering analysis on the diagnostic genes by

different subtypes. Then, the difference in fraction of immune cell

2.8. Consensus clustering analysis 

‘‘ConsensusClusterPlus” package (v 1.66.0) [48] was utilized to 

the k-means method [49], and the KOA samples were divided into

in clusters was compared. 
Table 1 
Primers used in RT-PCR. 

Gene Sequence (5ʹ-3ʹ ) 

COL1A1 (Forward) CGATGGATTCCAGTTCGAGT 
COL1A1 (Reverse) TTTTGAGGGGGGTTCAGTTTG 
HTRA1 (Forward) CAAAGCCAAAGAGCTGAAGG 
HTRA1 (Reverse) ACCATGTTCAGGGTGCTTTC 
SPOCK1 (Forward) CAGCCTGTCCACACAAAAGC 
SPOCK1 (Reverse) CCATCGATTTGGGGGTTCCA 
SULF1 (Forward) TGCTCAAAGTGACGGGTTCTTGGT 
SULF1 (Reverse) GTTGGTCGGTTCAAATGCAGGGTT 
ECM1 (Forward) TGCTGTGACCTGCCATTTCC 
ECM1 (Reverse) AAGCAGTTGACCTGTTCATCCC 
MMP-13 (Forward) CACCCTCAGCAGGTTGAGCC 
MMP-13 (Reverse) ACCGCAGCACTGAGCCTTTT 
ADAMTS4 (Forward) GAGGGAGGCACCCCTAACT 
ADAMTS4 (Reverse) CCTTGACGTTGCACATGGGA 
GAPDH (Forward) ATGGGGAAGGTGAAGGTCG 
GAPDH (Reverse) TGGAAGATGGTGATGGGATTT 

qRT-PCR: quantitative reverse transcriptase polymerase chain rea ction. 
The blood samples were collected from 6 KOA patients and 6
healthy controls. The inclusion criteria were as follows: (a) patients

3 months; (c) those with OA in at least one knee according to the

widely used for the investigation of KOA. In cultures, chondro-

of glyceraldehyde-3-phosphate dehydrogenase that can cause

Fluorescein Isothiocyanate (FITC) apoptosis detection kit

[53]. Briefly, 5–10 × 104 suspended cells were centrifuged for

an ELISA commercial kit according to the manufacturer’s instruc-
tions [54] and repeated three times. Distilled water was used to
dilute the 20-fold concentrated washing solution to the original

2.9. Sample collection

aged 40–75 years; (b) Those presenting with knee pain for at least

American College of Rheumatology Classification Criteria; (d) those 
reporting a minimum average overall knee pain intensity of 40 on a 
100-mm visual analog score (VAS) for most days in the last month
[50]. The exclusion criteria were as follows: (a) patients with knee 
joint injection within the last 6 months; (b) those who have taken 
oral corticosteroids within the last month; (c) patients with sys-
temic arthritic conditions; (d) those who have participated in hip 
or knee muscle strengthening programs within the last 3 months. 
Healthy controls were those with no symptoms of knee disease
and knee pain. Baseline characteristics of the total participants
are illustrated in Table S2. 

2.10. Cell culture 

The human chondrosarcom a cell line (SW1353) has been

cyte treated with monosodium iodoacetate (MIA), an inhibitor

chondrocyte death, is the generally accepted cell model to stim-
ulate the progression of KOA in humans. Human chondrosar-
coma cell line SW1353 was purchased from the American Type 
Culture Collection (Rockville, MD) and cultivated in Dulbecco’s 
Modified Eagle Medium (DMEM) medium supplemented with 
10% fetal bovine serum (FBS) under normal conditions. When 
the cells reached 80–90% confluence, the cells were subcultured. 
Attached cells were treated with 5 lM MIA (Sigma-Aldrich, St
Louis, MO) for 24 h to simulate the KOA model in vitro according
to a previous study [51]. For transfection, the SW1353 cells were 
grown to 70–80% confluence and transfected with lentivirus 
composing either over-expression (oe)-ECM1 or oe-Negative 
Control (NC) for 24 h. Cell Counting Kit-8 (CCK-8) [52] was 
employed to measure the cell viability based on the CCK-8 kit 
(#40203ES60, Yeasen). 

2.11. Flow cytometry 

Apoptosis of SW1353 cells was measured using Annexin V-

(#C1062S, Beyotime) based on the manufacturer’s instructions 

5 min; then, 195 lL Annexin V-FITC binding solution was added. 
Subsequently, 5 lL of Annexin V-FITC was added, followed by 
10 ll of propidium iodide staining solution. Cells were examined 
using flow cytometer (Beckman, CytoFLEX S). 

2.12. Enzyme-linked immunosorbent assay (ELISA)

The levels of Collagen II (#ab285250, abcam) were assessed by
4

sample well, and then, 40 lL sample diluent was added. Absor-

cDNA by FastKing-RT SuperMix (#KR118-02, TIANGEN). The qRT-

were designed by Primer Premier 5.0, with lengths of 18–27 bp, GC

(#P0012, Beyotime) was utilized to evaluate protein concentra-

PolyAcrylamide Gel Electrophoresis (SDS-PAGE) were transferred

for comparisons to accurately evaluate the differences between

concentration. Fifty lL standard sample was added to the standard

bance at 450 nm was measured by a microplate reader. 

2.13. Quantitative reverse transcriptase polymerase chain reaction 
(qRT-PCR) 

Total RNA extraction was performed using TRIzol reagent in 
blood samples and SW1353 cells and reverse-transcribed into

PCR [55] was carried out with SYBR Green PCR Master mix 
(#A4004M, Lifeint) and 1 lg total RNA. Primers for the target genes

content (the ratio of guanine to cytosine bases) between 40% and 
60%. The utilized primers are shown in Table 1. Expression levels 
of diagnostic biomarkers were assessed utilizing the 2−DDCT 
method, and GAPDH served as an internal control. 

2.14. Western blot analysis 

Total protein in blood samples of 6 KOA patients and 6 healthy 
controls was collected utilizing RIPA lysis buffer (#P0013B, Bey-
otime), and a Bicinchoninic Acid (BCA) protein quantification kit

tions. Proteins (20 lg/well) analyzed using Sodium Dodecyl Sulfate

onto polyvinylidenefluoride (PVDF) membranes (#FFP24, Bey-
otime). Membranes were blotted with antibodies of anti-COL1A1 
(1:1000; #ab138492, abcam), anti-HTRA1 (1:1000; #ab274322, 
abcam), anti-SPOCK1 (1:1000; #ab229935, abcam), anti-SULF1 
(1:1000; #ab32763, abcam), anti-ECM1 (1:10000; #ab253185, 
abcam), anti-PI3K (1:1000; #ab32089, abcam), anti-p-PI3K 
(1:1000; #4228 T, Cell Signaling Technology), anti-Akt (1:1000; 
#abs131788, Absin Bioscience Inc.), anti-p-Akt (1:1000; #4058 L, 
Cell Signaling Technology), and anti-GAPDH (1:10000; 
#ab181602, abcam). For secondary antibody, Peroxidase-
Conjugated Goat anti-rabbit IgG (H&L) (1:10000; #A0208, Bey-
otime) was judiciously employed. The membranes were evaluated 
using an electrochemical luminescence (ECL) reagent (#P1000, 
APPLYGEN). Quantification was performed using ImageJ software. 

2.15. Statistical analysis

Statistical analysis was fulfilled by GraphPad 7.0 software.
Experimental data were presented as mean ± standard deviation
(SD). One-way ANOVA was used, followed by Tukey’s post-hoc test
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ence was significant.

ifold Approximation and Projection (UMAP) curve can assist

ferent batches, thereby evaluating the impact of batch effects.

GSE57218 datasets after eliminating batch effects (Fig. 2A). A total

(Fig. 3A). Then, total 7 modules were integrated with parameter

uncovered the strongest significant association with KOA

as the diagnostic genes (Fig. 4D), namely COL1A1, high tempera-

and kazal-like domains proteoglycan 1 (SPOCK1), sulfatase 1

assessed using a calibration curve (Fig. 5B), implying that the

than the nomogram curve, indicating that the nomogram pos-

groups. When |log2FC| > 0.5 and p < 0.05 in experiments, the differ-

3. Results 

3.1. Identification of DEGs in KOA 

In the detection and removal of batch effects, the Uniform Man-

researchers in observing the distribution differences between dif-

Herein, the UMAP curves showed the samples in GSE1140 07 and

of 865 DEGs were acquired, composing 388 upregulated and 477 
downregulated DEGs (Fig. 2B–C). Also, GSEA analysis revealed that 
numerous pathways related to extracellular matrix, immunity, and 
metabolism were involved in the molecula r mechanism of KOA
(Fig. 2D–E). 

3.2. Screening of matrisome-related genes in KOA 

In order to maximize the fulfillment of the scale-free network 
distribution premise, the value of ‘‘power” was chosen as when 
the correlation coefficient reached 0.85, which is ‘‘power” = 8

of minModuleSize = 100 (Fig. 3B). Furthermore, the red module 

(r = 0.61, p = 7e-09), and the red module contained 363 genes, 
which were considered as the module genes (Fig. 3C). Then, 58 
matrisome-related genes in KOA were screened by intersecting 
865 DEGs, 363 module genes, and 1062 matrisome-related genes
(Fig. 3D; Table S3). Then, the enrichment analysis of 58 
matrisome-related genes in KOA was conducted (Fig. 3E). Besides, 
the PPI network of 58 matrisome-related genes in KOA was con-
structed, including 56 nodes and 438 edges (Fig. 3F; Table S4). 

3.3. Diagnostic biomarkers identification 

LASSO, RF and SVM-RFE algorithms were applied to search fea-
ture genes, and total 7, 56, and 7 feature genes were identified,
respectively (Fig. 4A–C). Moreover, 5 overlapped genes obtained 

ture requirement factor A1 (HTRA1), SPARC (osteonectin), cwcv

(SULF1) and extracellular matrix protein 1 (ECM1). Furthermore, 
the ROC curve shown that the Area Under Curves (AUCs) of diag-
nostic genes were all above 0.85 in training dataset, as well as
above 0.78 in the verification dataset (Fig. 4E,F). Moreover, the 
expression levels of the 5 diagnostic genes were analyzed in train-
ing and validation datasets, and these 5 diagnostic genes were both 
obviously overexpressed in KOA groups relative to those in the
healthy group (both p < 0.01; Fig. 4G,H). 

3.4. Nomogram construction and association between immune cell 
and diagnostic genes 

A nomogram of these 5 diagnost ic genes was established
(Fig. 5A), and the predictive performance of the nomogram was

nomogram possessed high precision for predicting KOA. In addi-
tion, the DCA curve indicated that the gray line curve was lower

sessed better clinical benefits for the patient (Fig. 5C). Moreover, 
to more intuitively explore the clinical effectiveness of the nomo-
5

established (Fig. 6A), and these 5 diagnostic genes interacted with

were obtained through the ‘‘DSigDB” database (Fig. 6B), containing

est, suggesting that the KOA samples could be well separated into

C1 (27 KOA samples) and C2 (26 KOA samples) (Fig. 7A). PCA anal-

PCR and western blot were conducted. The mRNA and protein

as well as the mRNA expression of cartilage degeneration-related

gram, a clinical impact curve was drawn based on the DCA curve. 
The ‘‘Number high risk with event” curve was very close to the 
‘‘Number high risk” curve when the high-risk threshold ranges 
from 0.7 to 1, indicating that the nomogram had good predictive
ability (Fig. 5D). Besides, ‘‘ssGSEA” algorithm uncovered that the 
fraction of 13 immune cells presented significant differences 
between KOA and healthy samples (Fig. 5E), including macrophage, 
eosinophil, and mast cell. Then the association between immune 
cells and immune cells or diagnostic genes and immune cells
was investigated (Fig. 5F,G), and the results found that these 5 
diagnostic genes (COL1A1, HTRA1, SPOCK1, SULF1 and ECM1) were 
both strongly associated with most immune cells. 

3.5. PPI network, potential drugs prediction and GSEA analysis 

Based on ‘‘GeneMANIA” database, the PPI network of the 5 diag-
nostic genes (COL1A1, HTRA1, SPOCK1, SULF1 and ECM1) was

20 genes. Besides, drugs that interacted with the 5 diagnostic genes

9-Octadecenamide, Diacerein, and Rifaximin, etc., which might be 
used to treat KOA via targeting these 5 genes. Also, GESA analysis 
revealed the KEGG pathways in which these diagnostic genes are
involved (Fig. 6C). 

3.6. Identifying KOA-associated molecular subtypes 

By improving the clustering variable (k) from 2 to 9, the results 
shown that when k = 2, the intragroup associations were the high-

two clusters according to the obtained 5 diagnostic genes, namely

ysis observed a consistent division of samples into the two sub-
types with stability (Fig. 7B). Also, the 5 diagnostic genes 
expression levels were assessed in subtypes, and these 5 diagnostic 
genes were both obviously overexpressed in C1 relative to those in
C2 (both p < 0.05; Fig. 7C). Besides, the fraction of 12 immune cells 
presented significant differences between C1 and C2 (both p < 0.05;
Fig. 7D), including effector memory CD8 T cell, activated CD4 T cell, 
central memory CD4 T cell, T follicular helper cell, gamma delta T 
cell, type 1 T helper cell, type 17 T helper cell, regulatory T cell, 
CD56dim natural killer cell, myeloid derived suppressor cell, acti-
vated dendritic cell, and macrophage. 

3.7. ECM1 and PI3K-Akt signaling pathway involved in the progression
of KOA

To confirm the expression of 5 diagnostic genes in KOA, the qRT-

expression levels of these 5 diagnostic genes were both obviously 
upregulated in KOA groups relative to those in the healthy group,

genes:MMP-13 and ADAMmetallopeptidase with thrombospondin 
type 1motif 4 (ADAMTS4) (both p < 0.05 ; Fig. 8A,B). Considering the 
higher degree of ECM1 in PPI (Fig. 3F and Table S4), few studies have 
reported the role of ECM1 in KOA, and thus, ECM1 was chosen to 
further explore in KOA. To explore the function of ECM1 in KOA, 
the transfection efficiency was measured after MIA-treated 
SW1353 cells transfecting with oe-ECM1 (Fig. 8 C). Then the results 
uncovered that the viability of MIA-treated SW1353 cells was obvi-
ously decreased after upregulation of ECM1, while apoptosis 
showed the opposite trend (both p < 0.01; Fig. 8D, E). Moreover, 
the content of Collagen II in MIA-treated SW1353 cells was obvi-
ously suppressed after upregulation of ECM1 compared to that in 
the control group (p < 0.05; Fig. 8 F). Besides, to verify whether

move_f0025
move_f0040
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Fig. 2. Identification of DEGs in KOA. (A) The samples in GSE114007 and GSE57218 datasets before (left) and after (right) eliminating batch effects. (B) Volcano map of DEGs. 
Red and blue represent upregulated genes and downregulated genes, respectively, whereas gray indicates no significant difference. (C) Heatmap of Top 50 DEGs. Columns 
correspond to the samples, and rows correspond to the genes. Upregulated (D) and downregulated (E) pathways identified by GSEA analysis. DEGs: differentially expressed 
genes; KOA: knee osteoarthritis; GSEA: Gene Set Enrichment Analysis. (For interpretation of the references to color in this figure legend, the reader is referred to the web
version of this article.)
the PI3K-Akt signaling pathway is involved in the progression of 
KOA, the protein expression level of PI3K/Akt pathway-related 
markers was detected. As shown in Fig. 8G, MIA remarkably 
6

increased the phosphorylation levels of PI3K and Akt in SW1353 
cells. These findings suggested that ECM1 and PI3K-Akt signaling 
pathway are involved in the progression of KOA.
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Fig. 3. Screening of matrisome-related genes in KOA. (A) Hierarchical clustering of samples and selection of the weight parameter ‘‘power” of the adjacency matrix and the 
mean connectivity. (B) Tree diagram for module division. 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. (C) Relationships between module and trait. (D) Venn diagram of 58 
matrisome-related genes in KOA. (E) Enrichment analysis of 58 matrisome-related genes in KOA. The X-axis and Y-axis show the gene count and full names of the processes, 
respectively, and the color and size of each column represent the P value and gene count, respectively. (F) PPI network of 58 matrisome-related genes in KOA. KOA: knee
osteoarthritis; PPI: Protein-Protein Interaction.
DEGs, 363 genes in red module, and 1062 matrisome-related

To explore the molecular mechanism, the enrichment analysis of

4. Discussion 

KOA is a familiar chronic progressive joint disease in middle-
aged and elderly people [56]. In this study, by intersecting 865

genes, a total of 58 matrisome-related genes in KOA were screened.

58 matrisome-related genes in KOA was conducted. The results 
shown that these 58 genes are mainly enriched in protein digestion 
and absorption, ECM-receptor interaction, and PI3K-Akt signaling 
pathway. It is reported that the interaction between ECM and cel-
lular receptors is one of the momentous pathways participated in
the progression of many diseases [57,58]. In addition, Zhong 
et al. [59] utilized bioinformatics technology to screen the hub 
genes of OA, and the hub genes were primarily related to the pro-
tein digestion and absorption pathway. Numerous studies eluci-
dated that the PI3K/AKT pathway participated in the progression
of OA [60]. For instance, Xu et al. [61] found that SIRT3 ameliorates 
OA through the PI3K/Akt/mTOR pathway to regulate chondrocyte 
autophagy and apoptosis. Chen et al. [62] emphasized that icariin 
via the PI3K/Akt/mTO R/ULK1 signaling pathway attenuated OA.
7

Notably, Wang et al. [63] also found that the OA-related genes 
were primarily enriched in ECM-receptor interaction and PI3K-
Akt signaling pathways. In this study, to verify whether the PI3K-
Akt signaling pathway is involved in the progression of KOA, the 
protein expression levels of PI3K/Akt pathway-related markers 
were detected. The results found that MIA remarkably increased 
the phosphorylation levels of PI3K and Akt in SW1353 cells. These 
findings suggested that the PI3K-Akt signaling pathway is involved 
in the progression of KOA. 

Most importantly, feature genes were searched using LASSO, RF 
and SVM-RFE algorithms, and 5 overlapped genes were acquired as
the matrisome-related diagnostic genes, namely COL1A1, HTRA1,
SPOCK1, SULF1 and ECM1. COL1A1 is a member of the collagen
family and participates in epithelial-mesenchymal transition
[64]. Aborehab and El Bishbishy [65] have uncovered that fruit 
peels [Mangifera indica L. (mango), Citrus sinensis L. (orange), Cucu-
mis melo L. (cantaloupe), and Punica granatum L. (pomegranate)] in 
a monosodium iodoacetate exert a significant chondroprotection 
function in OA through COL1A1 downregulation. HTRA1, a serine 
protease, regulates a series of signaling pat hways that drive funda-
mental biological processes [66]. It is reported that HTRA1 overex-
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Fig. 4. Diagnostic biomarkers identification. (A) Feature genes obtained using the LASSO logistic regression model (covariates are selected using the regularization 
parameter k) (A), SVM-RFE model (B), and random forest model (C). (D) Venn diagram of 5 diagnostic genes. ROC curve of 5 diagnostic genes in training (E) and verification (F) 
datasets. The expression level of 5 diagnostic genes in training (G) and verification (H) datasets. Red and blue represent KOA and healthy groups, respectively. **p < 0.01, and 
****p < 0.0001. LASSO: Least Absolute Shrinkage and Selection Operator; SVM-RFE: Support Vector Machine Recursive Feature Elimination; ROC: Receiver Operating
Characteristic. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

8
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Fig. 5. Nomogram construction and association between immune cell and diagnostic genes (COL1A1, HTRA1, SPOCK1, SULF1 and ECM1). (A) Constructed nomogram. 
(B) Calibration curve. (C) DCA curve evaluated the clinical value of nomogram. The gray curve represents the change in the net benefit rate for all treatments with respect to 
the probability threshold, providing a baseline for comparison when evaluating predictive models. (D) Evaluation of the clinical impact curve of nomogram based on DCA 
curve. ‘‘Number high risk with event” usually refers to identifying or classifying high-risk individuals or situations according to the occurrence of specific events. (E) 
Difference in the fraction of 28 immune cells between KOA and healthy samples. Red and blue represent KOA and healthy groups, respectively. (F) Correlation between 
immune cells and immune cells. (G) Correlation between 5 diagnostic genes and immune cells. *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001. DCA: Decision curve
analysis; KOA: knee osteoarthritis. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

9
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Fig. 6. PPI network, potential drugs prediction and GSEA analysis of 5 diagnostic genes. (A) PPI network. (B) Bar chart of the drugs that interacted with the 5 diagnostic 
genes. The color of each column represents the p-value. (C) KEGG pathways in which these diagnostic genes are involved. PPI: Protein-Protein Interaction; GSEA: Gene Set
Enrichment Analysis; KEGG: Kyoto Encyclopedia of Genes and Genomes.

10
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Fig. 7. Identifying KOA-associated molecular subtypes. (A) KOA patients were grouped into two clusters according to the consensus clustering matrix (k = 2). (B) PCA 
analysis. (C) The expression level of 5 diagnostic genes in subtypes. Red and blue represent C1 and C2 subtypes, respectively. (D) Difference in the fraction of immune cells 
between C1 and C2 subtypes. Red and blue represent C1 and C2 subtypes, respectively. *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001. KOA: knee osteoarthritis; PCA: 
Principal component analysis. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
pression diminishes osteoblastogenesis by upregulating Nupr1 
[67]. Otsuki et al. [68] shown that the expression of SULF1 in OA 
cartilage was higher relative to normal human articular cartilage. 
Besides, Feng et al. [69] highlighted that upregulation of ECM1 in 
knee joints facilitates the progression of OA. Furthermore, the 
ROC curve shown that AUCs of diagnostic genes were all above 
0.85 in the training dataset, as well as above 0.78 in the verification 
dataset, which suggests that these 5 diagnostic genes have good 
diagnostic capability performance. Notably, the mRNA and protein 
expression levels of the 5 diagnostic genes were consistent with 
the bioinformatics analysis results. Furthermore, this study also
found that the viability of MIA-treated SW1353 cells was signifi-
11
cantly decreased after upregulation of ECM1, while apoptosis 
showed the opposite trend. These findings fully emphasize that 
ECM1 exacerbates the progression of KOA.

Accumulating evidence has demonstrated that low-grade
inflammation mediated by macrophage exerts a significant func-
tion in OA [70]. Zhang et a l. [71] found that synovial macro-
phage M1 polarization, partially via R-spondin-2, exacerbated 
experimental OA. Blackler et al. [72] indicated that targeted acti-
vation of synovial macrophages mediated by signal transducer 
and activator of transcription 6 (STAT6) can improve pain in 
experimental KOA. Eosinophils exert important functions in 
defense against parasitic, fungal, viral, and bacterial infections
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Fig. 8. ECM1 exacerbates the progression of KOA. The mRNA (A) and protein (B) levels of 5 diagnostic genes, as well as the mRNA expression levels of MMP-13 and 
ADAMTS4. (C) Transfection efficiency explored by qRT-PCR. (D) Viability of MIA-treated SW1353 cells measured by CCK-8. (E) Apoptosis of MIA-treated SW1353 cells 
measured by flow cytometry. (F) Content of Collagen II detected by ELISA. (G) Protein expression level of PI3K/Akt pathway-related markers. *p < 0.05, **p < 0.01. KOA: knee
osteoarthritis; qRT-PCR: Quantitative reverse transcriptase polymerase chain reaction; CCK-8: Cell Counting Kit-8; ELISA: Enzyme-Linked Immunosorbent Assay; MIA:
monosodium iodoacetate.
validated in other datasets.

[73]. It is reported that the number of mast cells is elevated in 
the synovium of KOA patients [74], and mast cell activation, reg-
ulated by IgE, facilitates cartilage destruction and inflammation
in OA [75]. In this study, the ‘‘ssGSEA” algorithm uncovered that 
the proportion of 13 immune cells presented remarkable differ-
ences between KOA and healthy samples, including macrophage, 
eosinophil, and mast cell. Then the relation between immune 
cells and immune cells or diagnostic genes and immune cells 
was investigated, and the results found that these 5 diagnostic 
genes were both strongly associated with most immune cells, 
containing macrophage and eosinophil. Besides, drugs that inter-
acted with the 5 diagnostic genes were obtained through the
‘‘DSigDB” database, containing 9-Octadecenamide, Diacerein,
and Rifaximin. These findings might offer a theoretical basis
for the diagnosis and therapy of KOA. 

Nevertheless, some limitations need to be considered. First, the 
function and mechanism of the other 4 diagnostic genes in KOA 
need to be further evaluated via in vitro and in vivo experiments, 
as well as the involved potential mechanism. Second, the screened 
immune cells and drugs should be further tested in animal or clin-
ical trials. Third, the diagnostic value of the nomogram should be
12
pies for KOA.

This study screened 5 matrisome-associated diagnostic genes 
(COL1A1, HTRA1, SPOCK1, SULF1 and ECM1) and developed a reli-
able nomogram for diagnosing KOA. In addition, ECM1 could exac-
erbate the progression of KOA, and the PI3K-Akt signaling pathway 
is involved in the progression of KOA. These findings offer valuable
insights into the novel diagnostic biomarkers and targeted thera-
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