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Background: Osteoarthritis (OA) is a widespread disorder affecting joints,
recognized for cartilage wear and inflammatory responses, which substantially
affects patients’ quality of life. This research aim to discover amino acid
metabolism-related differentially expressed genes (AAMRDEGs) and clarify their
functions in OA pathogenesis.

Methods: Herein, we conducted an analysis of combined GEO datasets
(GSE55457, GSE55235, and GSE12021), identifying 169 AAMRDEGs and
indicating their importance in chondrocyte function and inflammation.
Furthermore, significant correlations were observed between various immune
cell types, underscoring the intricate function of the immune system in OA.
Thereafter, we developed highly accurate diagnostic models using LASSO
regression and SVM methodologies, achieving an area under the curve > 0.9.
Protein-protein interaction analysis revealed significant interactions among
MTHFD2, PPP1R15A, SLC2A4, and WNT5B, with their expression levels
corroborated using single-cell datasets, highlighting the potential therapeutic
targets. To confirm the presence of these hub AAMRGs, real-time polymerase
chain reaction and immunohistochemistry were employed.

Results: We identified 2,115 DEGs between OA and control groups, with 1,062
upregulated and 1,053 downregulated. Enrichment analysis linked AAMRDEGs to
amino acid catabolism and multiple KEGG pathways, indicating their importance in
chondrocyte function and inflammation. Furthermore, significant correlations were
observed between various immune cell types, underscoring the intricate role of the
immune system in OA. Subsequently, we developed highly accurate diagnostic
models using LASSO regression and SVM methodologies, achieving an area under
the curve > 0.9. Protein-protein interaction analysis revealed significant interactions
among MTHFDZ2, PPPIR15A, SLC2A4, and WNT5B, with their expression levels
corroborated using single-cell datasets, highlighting the potential therapeutic
targets. Real-time polymerase chain reaction and immunohistochemistry were
used to validate the expression of these hub amino acid metabolism-related genes.
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Conclusion: This investigation presents a detailed evaluation of AAMRGs in OA,
highlighting their roles in disease pathogenesis and offering new insights for
therapeutic research. Key genes SLC2A4, MTHDF2, and WNT5B might function
as markers for early identification and personalized OA treatment.

osteoarthritis, amino acid metabolism genes, weighted gene co-expression network
analysis, immunity-related genes, immune infiltration, lasso regression, SVM-RFE,

single-cell analysis

1 Introduction

Osteoarthritis (OA) is a widespread disorder affecting joints
that markedly diminishes the standard of living for millions
worldwide, resulting in a considerable socioeconomic burden. In
China, there was a notable rise of prevalent incident cases and years
lived with disability (YLDs) associated with OA, growing
significantly from 51.8, 4.6, and 1.8 million, in 1990, to 132.8,
10.7, and 4.7 million, respectively, in 2019 (1, 2). Despite its high
prevalence, efficacious therapeutic strategies are limited,
predominantly focusing on symptomatic management through
the use of analgesics, anti-inflammatory drugs, physical therapy,
and, in extreme cases, surgical options such as joint replacement (3).
However, these approaches frequently provide insufficient relief and
are accompanied by adverse side effects, underscoring the pressing
necessity for innovative targeted therapeutics to tackle OA
fundamental pathophysiological mechanisms.

Periarticular structures, including the synovium and cartilage, are
integral to OA pathogenesis. The synovium is responsible for the
production of synovial fluid, which lubricates the joint and nourishes
the cartilage. Inflammation of the synovial membrane is a prominent
feature of OA, marked by immune cell infiltration (ICI) and the
release of proinflammatory cytokines, further exacerbating cartilage
degradation and contributing to pain (4). Conversely, cartilage is vital
for joint function, and its degeneration induces the hallmark
symptoms of OA. The interaction between synovial inflammation
and cartilage degradation highlights the necessity of addressing both
structures in therapeutic strategies to slow OA progression.
Furthermore, due to the relative accessibility of periarticular tissues,
the use of multi-omics technologies in research is on the rise. These
studies investigated the pathological mechanisms underlying OA by
analyzing the interactions between various biological layers, including
RNA, proteins, and metabolites (5, 6). This approach improves our
understanding of the complexity and dynamics of biological networks.

Recent developments in metabolomics have elucidated the
impact of metabolic alterations in OA pathogenesis (7, 8).
Emerging research has highlighted that disruption of amino acid
metabolism (AAM) is a critical pathophysiological mechanism in
arthritis. These metabolic pathways offer promising opportunities
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as diagnostic markers and therapeutic targets for OA (9).
Substantial alterations in the amino acid profile have been
documented in both local and systemic osteoarthritic joints, as
evidenced by animal models and human studies. These alterations
are intricately associated with the inflammatory state of the disease,
cartilage degradation, and clinical manifestations (10). Fluctuating
levels of metabolites, including branched-chain amino acids
(BCAAs), arginine, and alanine, have been implicated in disease
progression, offering potential avenues for the identification of
novel diagnostic markers and therapeutic strategies. For instance,
a recent study employed bioinformatics and machine learning
methodologies to identify BCAA-related genes, such as SLC3A2
and SLC7AS5, as prospective diagnostic markers for OA (11).
Animal models are indispensable in elucidating the causal
relationship between amino acid metabolism disorders and the
pathogenesis of OA. They also serve to validate novel metabolism-
related therapeutic intervention strategies and enhance the dynamic
understanding of the disease’s pathological processes. Concurrently,
multi-omics analyses of human clinical samples have advanced the
translation of findings from animal model research into clinical
practice, offering both a theoretical foundation and empirical
evidence for the personalized diagnosis and treatment of OA.
Despite these insights, the specific mechanisms by which AAM
influences OA progression remain unexplored, indicating a
significant gap in current knowledge.

In conjunction with metabolic disturbances, epigenetic and
post-transcriptional regulation are critical factors in OA. Notably,
miRNAs have been documented to affect inflammation, cartilage
degradation, and immune cell activity. Incorporating miRNA
analysis into transcriptomic studies facilitates the elucidation of
upstream regulatory networks that may contribute to metabolic and
immune dysfunction in OA (10).

This investigation aimed to clarify the principal genes and
pathways linked to OA pathophysiology using an extensive array
of bioinformatics techniques, with a specific focus on AAM-related
genes (AAMRGs). This approach facilitates the identification of
critical molecular components and their interactions within the
context of OA, thereby offering potential avenues for identifying
novel diagnostic biomarkers and therapeutic targets.
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2 Materials and methods
2.1 Data acquisition

The OA datasets GSE55457, GSE55235, and GSE12021 (12, 13)
were downloaded from the GEO database utilizing the R package
GEO query (Version 2.70.0) (14). Every sample within these
datasets was derived from Homo sapiens, with synovial
membrane tissue as the tissue source (Supplementary Table S1).
A comprehensive search in the GeneCards database yielded 996
AAMRG:s. Furthermore, the relevant literature was extensively
reviewed in the PubMed database (15), yielding a final
compilation of 1204 AAMRGs (Supplementary Table S2). The
combined dataset was derived by de-batching the GSE55457,
GSE55235, and GSE12021 datasets using the R package sva
(version 3.50.0) (16). This combined dataset comprised 29 OA
and 29 control samples. Subsequently, normalization was applied to
the datasets via the R package limma (version 3.58.1) (17), including
probe annotation and additional standardization procedures.
Principal component analysis (PCA) was conducted on the
expression matrix prior to and following batch-effect removal to
evaluate the effectiveness of the de-batching process.

2.2 Delineation of AAMRDEGs of OA

The samples were classified into OA and control groups
depending on the categorization of the combined datasets. Using
the limma, we investigated the differential gene expression. The
criteria of |[logFC| > 0.5 and p < 0.05 were established to identify
differentially expressed genes (DEGs). The Benjamini-Hochberg
procedure was applied to correct p-values. The outcomes of the
differential analysis were presented in volcano plots created via the
ggplot2 R software (version 3.4.4). In order to find OA-related
AAMRDEGs, all DEGs that were obtained from the combined
datasets’ differential analysis and had a [logFC| > 0.5 and a p-value <
0.05 were intersected with AAMRGs. This intersection was
represented by a Venn diagram. Subsequently, the AAMRDEGs
were identified, and a heatmap illustrating the top 20 AAMRDEGs
was visualized in a heatmap using pheatmap (Version 1.0.12).

2.3 Gene ontology and Kyoto Encyclopedia
of Genes and Genomes enrichment
analyses of AAMRDEGs

Both GO and KEGG analyses were carried out to clarify the
biological significance of DEGs and the associated pathways (18, 19).
The impact of AAMRGs on biological processes (BP), molecular
functions (MF), and cellular components (CC) was comprehensively
analyzed via the R package clusterProfiler (version 4.10.0) (20). This
study aimed to outline the main biological themes and molecular
pathways affected by these genes, which could improve our
comprehension of their roles in OA pathology and help identify
possible therapeutic targets. The item screening criteria were p < 0.05
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and false discovery rate value < 0.05; the Benjamini-Hochberg
method was employed for p-value correction.

2.4 Gene set enrichment analysis and gene
set variation analysis

Both GSEA (21) and GSVA (22) were employed to detect
functional gene sets and pathway alterations across different
samples in the combined datasets comparing OA and control
groups. These analyses, performed using R, highlighted the active
BP and pathways across various risk groups by examining
AAMRDEGS and their impact on BP, MF, CC, and pathways,
thereby giving in-depth explanations of disease mechanisms. Both
GSVA and GSEA analyses yielded p < 0.05, with the Benjamini-
Hochberg method employed for p-value correction.

2.5 Weighted correlation network analysis

The integrated GEO dataset related to OA was assessed via the
R package WGCNA (23). Correlation coefficients between DEGs
with |logFC| > 0 and p < 0.05 were calculated to ensure the
construction of a scale-free network. A hierarchical clustering tree
was then constructed to identify gene modules, with parameters set
to a minimum module size of 50 genes and a soft-thresholding
power of 8. Modules were selected based on their correlation values,
and all genes within these modules were identified as DEGs that
were significantly associated with OA.

2.6 Construction of OA diagnostic model

To construct a GEO dataset for the OA diagnostic model,
AAMRDEGs were evaluated using logistic regression, with a
binary dependent variable distinguishing OA from control. A
significance threshold of p < 0.05 was employed to filter
AAMRDEGs for inclusion in the model. To mitigate overfitting,
LASSO regression with a penalty term was performed using the
glmnet package (24), incorporating a penalty term. The results were
visualized using diagnostic plots. The AAMRDEGs were identified
as model genes for the OA diagnostic model using LASSO analysis.
The LASSO risk score was derived from the risk coefficients, and an
SVM model (25) was developed using these AAMRDEGs, with the
maximum accuracy and minimum error rate in gene selection.

2.7 Validation of OA diagnostic model

The R package ‘rms’ (Version 6.7-1) was utilized to create a
nomogram for key genes, thereby elucidating the correlation
between independent variables and risk within a regression model
framework. By comparing the actual and expected probabilities
through a calibration plot, with a focus on logistic regression, we
were able to evaluate the model’s prediction accuracy. The clinical
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value of the prediction models was estimated by decision curve
analysis, and the accuracy of the logistic regression model was
established via the ‘ggDCA’ software (Version 1.1). In order to
estimate the regression model’s diagnostic performance for OA, the
‘pROC’ package (Version 1.18.5) was employed to generate receiver
operating characteristic (ROC) curves and calculate the area under
the curve (AUC) values from combined datasets. Better
performance was indicated by closer AUC values, which ranged
from 0.5 to 1.

2.8 Construction of protein-protein
interaction network

The PPI network includes distinct proteins that interact with
each other. To identify known and predicted protein interactions,
the STRING database was used. This investigation utilized the
STRING database (26) to create a PPI network centered on key
genes, specifying humans as the biological species, with a
confidence threshold of > 0.150 and limiting the number of
interactors to a maximum of five. The constructed PPI network
model was visualized via Cytoscape (27). Additionally, the
GeneMANIA platform (28) was utilized for the prediction of
functionally analogous genes associated with the identified key
genes, thereby constructing an interaction network based on
these predictions.

2.9 Construction of RNA regulatory
network

To discover the interplay between key genes and miRNAs, the
TarBase database was utilized to identify key genes, and Cytoscape
software was utilized for visualizing the mRNA-miRNA regulatory
network, exploring the interplay between these genes and miRNAs.
Furthermore, transcription factors (TFs) modulate gene expression
by engaging with essential genes in the post-transcriptional phase.
Moreover, we retrieved relevant TFs from ChIPBase and examined
the regulatory functions they play in important genes. The use of
Cytoscape allowed the visualization of the mRNA-TF
control network.

2.10 Differential expression analysis of OA
Key genes

The Mann-Whitney U test was performed to investigate
expression variations of key genes in combined OA and control
datasets, aiming to clarify the mechanisms, biological
characteristics, and pathways linked to DEGs in OA. Afterward,
ggplot2 comparative mapping was used to illustrate the variance
analysis results.
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The variance analysis outcomes were quantitatively assessed
based on key gene expression levels. This facilitated identifying the
key genes in the combined dataset, which were subsequently analyzed
using ROC curve analysis for improved result visualization. The ROC
curve is a graphical representation tool that aids in choosing the
optimal model, discarding suboptimal alternatives, or determining
the best threshold values within a given model (29). This curve
integrates the sensitivity and specificity of the continuous variables,
thereby illustrating their interrelationships. The R programming
package was employed to construct ROC curves following the
screening of key genes within the integrated dataset. The diagnostic
effectiveness of key gene expression levels in OA was evaluated using
the AUC calculation.

2.11 Immune infiltration analysis

To measure the relative abundance of numerous ICI, single-
sample GSEA (ssGSEA) (30) was used. Initially, various infiltrating
immune cells were identified, including but not limited to activated
CDS8'T cells, gamma-delta T cells, natural killer cells, and subtypes
like regulatory T cells (Tregs). Subsequently, the ssGSEA
enrichment scores quantified the relative abundance of each
immune cell type across samples, resulting in an ICI matrix for
the combined GEO datasets. The R package ggplot2 was utilized to
create comparative graphical representations, highlighting
differences in immune cell expression across various groups
within the datasets.

Immune cells showing significant variations between both
groups were chosen for further study. The Spearman algorithm
was used to determine correlations among immune cells. The R
package pheatmap was then utilized to produce heat maps that
illustrate the correlation analysis outcomes among the immune
cells. Besides, based on the Spearman correlation, correlation
bubble charts were created by the ggplot2 package to depict
relationships between key genes and immune cells.

2.12 Construction of OA subtypes

Consistency Clustering, which is based on a resampling
algorithm, is used to determine the membership of each
individual within its respective group and evaluate the validity of
the clustering process (31). This method, known as consensus
clustering, involves multiple iterations of dataset subsamples,
thereby offering a measure of cluster stability and aiding
parameter selection by introducing sampling variability. Using the
R package Consensus Cluster Plus, the consensus clustering
technique focused on key genes to identify combined datasets of
OA samples across various disease subtypes. In this analysis, the
count of clusters was predetermined to a range of 2-9, with the
process being repeated 50 times, extracting 80% of the total sample
each time. The clustering algorithm was “km,” and the distance
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metric used was “Pearson.” Subsequently, heatmap analysis was
performed to estimate the key genes’ expression levels within the
combined OA datasets, highlighting the expression differences
among samples from different disease subtypes. The validation of
key genes was further conducted through comparative expression
analysis across disease subtypes.

2.13 Quiality control of single-cell dataset

The GSE152805 dataset (32) from Homo sapiens, sourced from
synovial tissue via GPL20301, included three OA cases and six
controls. A Seurat object was created from the count matrix by
applying additional filters, like Count < 500 and logGenesPerUMI <
0.8, to identify cells with at least three genes and 200 expressions.
The scRNA-seq data was normalized via the ‘LogNormalize’
method, followed by identifying the top 2000 variable genes with
‘Find Variable Features’ and subsequent data scaling. The
“ScaleData” function was used to mitigate the impact of
sequencing depth. PCA was performed to detect substantial
principal components (PCs), and the ‘ElbowPlot’ function was
utilized to visualize p-value distribution. A total of 30 PCs were
chosen for further analysis using Uniform Manifold Approximation
and Projection (UMAP) to accomplish dimensionality reduction. A
PCA-based K-nearest neighbor graph was generated in the
Euclidean space using the default parameters of the
“FindNeighbors” function, incorporating the 30 PCs. The
“FindClusters” and the “clustree” functions were then used to
determine that a resolution of 0.6 allowed for the division of cells
into distinct clusters. To explore and visualize datasets, the
“RunUMAP” function made dimensionality reduction easier.

2.14 Cell type annotation and single-cell
taxa differential genes

Cell type annotation and identification were performed using
cell marker genes in the single-cell GSE152805 dataset.
Subsequently, the “DotPlot” and “FeaturePlot” functions were
utilized to illustrate the key genes’ expression levels across
different cell types. To identify variations in gene expression
across clusters of cells, the “FindAllMarkers” function was utilized
along with the Wilcoxon rank-sum test. Eventually, we chose the
top ten DEGs for each cell cluster to serve as representative genes
for single-cell populations in further studies.

2.15 AUCell analysis

AUCell is a tool designed to detect cells with active gene sets in
single-cell RNA-sequencing data (33). The AUC metric assesses if a
notable portion of the specified gene set is enriched among the
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expressed genes in individual cells. The analysis of AUC score
distribution facilitated the evaluation of expression properties in all
cells. Given that the scoring methodology relies on a ranking
system, AUCell operates based on gene expression units and the
effects of standardized protocols. Furthermore, since cells are
evaluated on an individual basis, this approach is readily
applicable to larger datasets and can accommodate expression
matrices organized as required. In this study, we selected the top
10 DEGs for AUCell scoring and subsequently identified the cell
populations exhibiting elevated scores.

2.16 Quantitative real-time PCR

RNA was extracted with a TRIzol reagent (Thermo Fisher,
USA). Complementary DNA synthesis was conducted via
PrimeScriptTM RT Master Mix (Takara, Japan) per protocols. The
qRT-PCR was conducted on the QuantStudio 5 system (Thermo
Fisher, USA) utilizing iTaqTM Universal SYBR Green Supermix
(Bio-Rad Laboratories, USA). The thermal cycling protocol began
with a 3-min denaturation at 95°C, then 40 cycles of denaturation
were carried out for 10 s and annealing/extension for 30 s at 60°C.
Using internal controls, gene expression was standardized, and the

2724€T technique was used to quantify relative mRNA levels.

2.17 Immunohistochemical staining

Paraffin-embedded synovial tissue sections were subjected to
dewaxing using three cycles of dewaxing solution, each lasting 10
min. This was followed by three washes in anhydrous ethanol,
each for 5 min, and a subsequent rinse with distilled water.
Antigen retrieval was conducted as specified, with careful
maintenance of moisture in the buffer. Upon natural cooling,
the sections underwent washes with phosphate-buffered saline
(PBS) for 5 min. To prevent endogenous peroxidase activity,
incubation of sections was carried out with 3% hydrogen
peroxide for 25 min at room temperature. After that, they were
washed with PBS. For 30 min at room temperature, tissue sections
were treated with 3% bovine serum albumin (BSA). When
primary antibodies originating from goats were used, rabbit
serum was used for blocking. We incubated the sections
overnight at 4°C with the primary antibody in PBS after
removing the blocking solution. The slices were washed with
PBS and then treated with a secondary antibody coated with
horseradish peroxidase (HRP) for 50 min at room temperature.
Diaminobenzidine (DAB) was used to achieve color development.
The reaction was watched under a microscope, and when brown-
yellow staining appeared, the reaction was terminated by washing
with tap water. Finally, nuclear counterstaining was performed
with hematoxylin for 3 min, followed by brief differentiation and
rinsing with tap water until the nuclei returned to a blue hue.
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2.18 Statistical analysis

The data analyses were conducted using the R software.
Statistical significance for normally distributed continuous
variables between two groups was assessed using the independent
Student’s t-test unless otherwise specified. The Mann-Whitney U
test was used to evaluate differences in non-normally distributed
variables. The Kruskal-Wallis test was deployed to compare
multiple groups. To evaluate the correlation between various
molecules, Spearman correlation analysis was used to calculate
the correlation coefficient. All statistical p-values were two-tailed
unless indicated otherwise, with p < 0.05 denoting significance.

GO and KEGG

10.3389/fimmu.2025.1588072

3 Results
3.1 Data collection and correction

To achieve consistency and comparability across multiple
datasets, our initial objective was to integrate and normalize the
original GEO datasets by eliminating batch effects. The R package
sva was employed to address batch effects in OA datasets GSE55457,
GSE55235, and GSE12021, resulting in the generation of combined
GEO datasets. With the use of distribution boxplots, we compared
the dataset expression values both before and after batch effect
removal (Supplementary Figures S1A, B). Before and after batch
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effect correction, the distribution of low-dimensional features was
evaluated using PCA plots (Supplementary Figures S1C, D). These
findings show that the batch effect elimination procedure
successfully removed batch effects from OA datasets. Figure 1
displayed the central search.

3.2 OA-associated AAMRDEGs

Differential expression analysis was conducted to explore OA-
related transcriptomic changes, followed by intersection with amino
acid metabolism-related genes to identify AAMRDEGs. There were
two groups created from the combined GEO datasets: the OA and
control groups. The limma was used for differential analysis to delve
into the variations in gene expression between the groups. Among
the 2,115 DEGs that fulfilled the conditions of |logFC| > 0.5 and p <
0.05, 1,062 genes were found to be upregulated and 1,053 genes to
be downregulated (logFC < —0.5 and p < 0.05). The dataset’s
differential analysis findings were used to construct a volcano plot
(Figure 2A). Moreover, we built a Venn diagram (Figure 2B) to

Combined Datasets

10.3389/fimmu.2025.1588072

identify 169 AAMRDEGs by intersecting all DEGs with AAMRGs
that had [logFC| > 0.5 and p < 0.05. Our analysis of the AAMRDEGs
in the integrated GEO dataset across different sample groups was
based on the intersection results. The top 20 AAMRDEGs’
expression patterns were visualized using a heatmap that was
built using the pheatmap (Figure 2C).

3.3 Enrichment analysis of AAMRDEGs

We next performed GO and KEGG enrichment analyses to
investigate the functional implications of the identified
AAMRDEGS in OA progression. A Gene Ontology enrichment
analysis of the 169 differentially expressed genes associated with
amino acid metabolism in OA identified significant associations
across the three GO categories: biological process (BP), molecular
function (MF), and cellular component (CC). Within the MF
category, the genes were predominantly implicated in secondary
active transporter activity and amino acid transmembrane
transporter activity. The CC category demonstrated enrichment
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in the basal plasma membrane and mitochondrial matrix. In the BP
category, the genes were primarily linked to cellular amino acid
catabolic and metabolic processes. Furthermore, analysis using the
KEGG pathway revealed a predominant involvement of these genes
in tyrosine metabolism (Figure 3A). Figures 3B-E illustrate network
diagrams for the BP, CC, MF, and KEGG pathways, where the size
of each node reflects the number of genes associated with each term,
and the connecting lines denote the relationships between genes
and their respective annotations.

10.3389/fimmu.2025.1588072

3.4 GSEA and GSVA in combined GEO
datasets

To achieve a more thorough comprehension of pathway-level
alterations associated with OA, we employed GSEA and GSVA to
identify enriched biological processes and signaling pathways
within the integrated dataset. The GSEA was employed to
evaluate the effect of gene expression in the merged datasets on
OA pathogenesis. The logFC values of all genes in the merged
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Frontiers in Immunology

08

05. Benjamini-Hochberg method was used for p correction

frontiersin.org


https://doi.org/10.3389/fimmu.2025.1588072
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

datasets were the basis of this analysis to compare between OA and
control groups. The GSEA was utilized to determine the
associations between gene expression and the corresponding BP,
CC, and MF, and a mountain plot was used to visualize these
associations (Supplementary Figure S2A). Supplementary Table S3
displays the detailed findings. The findings demonstrated that a
significant enrichment was found in the genes of the combined
datasets in the IL6 (Supplementary Figure S2B), the PI3KCI AKT
(Supplementary Figure S2C), and the Hedgehog signaling paracrine

10.3389/fimmu.2025.1588072

up pathways (Supplementary Figure S2D). Additionally, other
biologically significant pathways and activities were enhanced,
including Wnt signaling (Supplementary Figure S2E).

All genes in the integrated GEO dataset were subjected to GSVA
in order to examine any variations in the c2.cp.v2023.2.Hs.
symbols.gmt gene set between the OA and control groups
(Supplementary Table S4). Afterward, the top 20 pathways (p <
0.05) were chosen and arranged in descending order by logFC
absolute value. A heatmap was used to assess and illustrate the
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differential expression of the top 20 pathways between the OA and
control groups (Supplementary Figure S3A). A comparative group
diagram was used to show the data (Supplementary Figure S3B),
and the Mann-Whitney U test was employed to examine the
variations. Between the OA and control groups, there were
statistically significant variations in pathways, including the
Mitochondrial Complex I Assembly Model OXPHOS System and
Complex I Biogenesis, according to the GSVA results (p < 0.05).

3.5 WGCNA analysis identified co-
expression modules in the dataset

A weighted gene co-expression network was constructed to
identify OA-related gene modules and reveal potential co-
regulatory patterns among AAMRDEGs. In order to find co-
expression modules, we applied WGCNA to all DEGs found in the
combined datasets that were discovered from the differential
expression analysis between the OA and control groups (|logFC| >
0 and p < 0.05). The hierarchical clustering tree was used to cluster
the OA and control groups, with the grouping data annotated
without a cut height specified. A screening criterion of 0.9 was then
used to find the best number of modules. The DEGs between the
investigated groups were then organized into distinct modules based
on their co-expression patterns (Figure 4A). Afterwards, the DEGs

A

18 18 17 15 15 15 15 15 14 14 14 13 11 9 9 9 8 6 5 4 1 1

10.3389/fimmu.2025.1588072

were reclustered, and the connections between the genes and their
respective new modules were shown (Figure 4B). After that, the cut
height for merging modules was set to 0, and any modules having a
cut height less than zero were combined (Figure 4C). According to
the results, a correlation between OA and the seven modules was
found to be significant (p < 0.05, |correlation| > 0.3). The DEGs
within these seven modules were then analyzed. By intersecting the
previously identified 169 AAMRDEGs with the DEGs present in the
seven modules, a Venn diagram was generated (Figures 4D-]) to
identify module-specific AAMRDEGs. Seventy-eight DEGs linked to
modular AAM were detected (Supplementary Table S5).

3.6 OA diagnosis model construction

Leveraging machine learning approaches, we developed LASSO
and SVM-based diagnostic models using the selected AAMRDEGs.
To estimate the diagnostic potential of 78 AAMRDEGs in OA, a
univariate logistic regression model was developed using these
genes. The analysis revealed that all 78 genes demonstrated
statistical significance within the model (p < 0.05; Supplementary
Table S6). Subsequently, a diagnostic model for OA was constructed
via LASSO regression analysis based on the 78 AAMRDEGs. The
results were visualized using the LASSO regression model diagram
(Figure 5A) and the variable trajectory diagram (Figure 5B). The
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findings indicate that the model comprised 14 genes: MTHFD2,
PPPIRI5A, GABBRI, GAMT, DPYS, SLC2A4, RPL3L, SLC6A1l,
CSN1S1, FBP1, RPL27A, IBA57, DNAJCI12, and WNT5B.

Then, an SVM model was built according to the 14
AAMRDEGs and the SVM algorithm. When the count of genes
was optimized, the model achieved the minimum error rate
(Figure 5C) and maximum accuracy (Figure 5D). The findings
indicated that the highest accuracy of the SVM model was obtained
when the count of genes was reduced to 12. The 12 identified
AAMRDEGS include: MTHFD2, PPPIRI5A, WNT5B, BMP2,
VEGFA, SLCO4A1, SLC7A5, SLC2A4, ETFB, SFTPD, ATF3,
and MYC.

AAMRDEGs derived from LASSO regression and SVM models
were employed for the identification of key genes. By determining
the intersection of these gene sets, four AAMRDEGs were identified
as key candidates for further investigation. A Venn diagram
illustrating this intersection is presented in Figure 5E. The four
key genes that were identified were MTHFD2, PPP1R15A, SLC2A4,
and WNT5B.

10.3389/fimmu.2025.1588072

3.7 OA diagnosis model validation

To systematically assess the reliability and clinical utility of the OA
diagnostic model, we conducted a series of evaluation approaches
including nomogram visualization, calibration analysis, DCA, and
ROC curve assessment. A nomogram was constructed depending on
the key genes to elucidate their relationships within the combined
GEO dataset to improve the validation of the OA diagnostic model
(Figure 6A). The results established that the model gene WNT5B
expression level showed a significant elevation compared to other
variables, underscoring its utility in the OA diagnostic model. Then,
calibration analysis was employed to generate a calibration curve that
was utilized to compare the model’s prediction performance with the
actual outcomes by comparing the observed probabilities to the
model’s predicted probabilities under numerous circumstances
(Figure 6B). The results demonstrated that the calibration line
deviated slightly from the ideal model’s diagonal but remained
closely aligned with it. Figure 6C displays the results of our decision
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curve analysis, which we conducted using the model genes from the
combined datasets to evaluate the OA diagnostic model’s clinical
value. According to the results, the model’s curve always outperforms
the “All Positive” and “All Negative” standards within a certain range,
showing that it is more effective and provides a better net benefit.
Additionally, we generated the ROC Curve for the logistic regression
model’s linear predictors across various groups within the combined
datasets, with the outcomes depicted in Figure 6D. This figure
demonstrates that the logistic regression model exhibits robust
diagnostic performance within the combined datasets.

3.8 PPl network construction

As interactions among diagnostic genes may reveal underlying
molecular crosstalk in OA, we constructed PPI networks to identify
potential functional associations. The PPIs of four key genes (MTHFD2,
PPPIRI15A, SLC2A4, and WNT5B) were assessed via the STRING
database. The criteria implemented included the lowest required
interaction score of > 0.150, which indicates low confidence, and a
maximum of five interactors. Based on these criteria, a PP network was
constructed and visualized (Supplementary Figure S4A). Following this,
we utilized the GeneMANIA website to identify potential genes that
were related to the four key genes. Then, we constructed an interaction
network to study the physical interactions, shared protein domains, and
gene interactions (Supplementary Figure S4B).

B

10.3389/fimmu.2025.1588072

3.9 RNA regulatory network construction

To gain insight into the upstream regulatory landscape of the
diagnostic genes, we explored miRNA-mRNA and transcription
factor-mRNA interactions using publicly available databases and
network visualization. Here, we used the StarBase database to
obtain 70 miRNAs linked to the four key genes (MTHFD2,
PPPIR15A, SLC2A4, and WNT5B). Then, we built an mRNA-
miRNA regulatory network and displayed it using Cytoscape
(Supplementary Figure S5A). Supplementary Table S7 provides
detailed data. The ChIPBase database was also accessed to find
TFs that were linked to these four key genes. Next, Cytoscape was
deployed to build and display an mRNA-TF regulatory network.
This network included 82 TFs and three key genes (MTHFD?2,
PPPIRI5A, and WNT5B) (Supplementary Figure S5B).
Supplementary Table S8 lists detailed data.

3.10 Differential expression analysis of key
genes between different groups

Expression differences of the key diagnostic genes were further
examined across OA and control samples, accompanied by correlation
analysis and ROC curve evaluation to assess their clinical predictive
value. Our results revealed that three genes (MTHFD2, PPPIRI5A,
and WNT5B) exhibited significant differences in expression (p <
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0.001), whereas SLC2A4 demonstrated a moderately significant
difference (p < 0.05, Figure 7A). A correlation analysis was
conducted using the expression matrix of four key genes from the
combined datasets, and a heatmap was employed to show the results
(Figure 7B). This analysis illustrated a positive correlation between
PPPIRI5A and MTHFD2, whereas WNT5B was negatively correlated
with both MTHFD2 and PPPIRI15A. Additionally, the chromosomal
locations of the four genes were annotated and visualized (Figure 7C).
MTHFD?2 is located on chromosome 2, WNT5B on chromosome 11,
SLC2A4 on chromosome 17, and PPPI1R15A on chromosome 19. The
ROC curves for the four key genes in the combined datasets were
generated (Figures 7D-G). The expression differences of the key genes
MTHFD2, PPPIRI15A, and WNT5B demonstrated high
discriminatory accuracy between several groups, with AUC > 0.9.
Conversely, the difference in expression of SLC2A4 exhibited lower
discriminatory accuracy, with AUC values ranging between 0.5
and 0.7.

10.3389/fimmu.2025.1588072

3.11 Immune infiltration analysis

Given the pivotal role of immune dysregulation in OA, this
section evaluates immune cell infiltration patterns using ssGSEA
and explores their associations with key gene expression. Using the
expression matrix derived from the combined datasets, the ICI
abundance of 28 distinct immune cell types was determined using
the ssGSEA algorithm. First, a group comparison chart was
generated to demonstrate the differential expression of ICI
abundance across various groups. The group comparison chart
(Figure 8A) revealed that 15 immune cell types exhibited
statistically significant differences (p < 0.05), including activated B
cells, activated CDS8™T cells, and CD56°8" natural killer cells,
among others. Subsequently, the correlation outcomes of the
infiltration abundance of the 15 immune cell types in the
combined datasets (Figure 8B). The outcomes show that there

was a strong positive association among immune cells but a
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strong negative association among type 2 T helper cells and
-0.762, p < 0.05). Moreover, a correlation

macrophages (r
bubble chart illustrates the association between key genes and the
abundance of ICI (Figure 8C). According to the correlation bubble
chart, the majority of immune cells showed a strong relationship,
with the gene WNT5B showing the most positive association with

effector memory CD4 T cells (r = 0.662, p < 0.05).

3.12 OA subtypes construction

Based on the expression patterns of key genes, molecular
subtypes of OA were identified through consensus clustering,
followed by PCA and differential analysis to uncover their distinct
biological characteristics. To determine the subtypes of OA within
the sample cohort, the R package ConsensusClusterPlus was used
to perform a consensus clustering analysis based on the levels
of four key genes: MTHFD2, PPPIRI5A, SLC2A4, and WNT5B
(Figures 9A-C). This analysis delineated two distinct subtypes: A
(cluster 1, comprising 15 samples) and B (cluster 2, comprising 14
samples). The PCA revealed significant differences between these
subtypes (Figure 9D). Furthermore, a comparative analysis of the
groups revealed a significant difference in the expression of the key
gene SLC2A4 between the subtypes (p < 0.001; Figure 9E).
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3.13 |IA based on OA subtypes

Building on the identified OA subtypes, we further investigated
immune infiltration differences and their associations with key genes,
aiming to delineate subtype-specific immune regulatory patterns. The
expression matrix obtained from the combined datasets was employed
to measure the abundance of 28 different immune cell types in OA
samples via the ssGSEA technique. In order to illustrate how different
groups’ expressions of ICI abundance varied, a group comparison
chart was first constructed. One type of immune cell, CD56""8ht
natural killer cells, presented a significant difference (p < 0.05)
according to the group comparison chart (Figure 10A). Then, a
correlation heatmap was used to show the findings of the
association between the infiltration abundance of 28 immune cell
types in OA samples (Figures 10B, C). Cluster 1 of OA samples
showed strong associations for the majority of immune cells. With an
r-value of 0.879 and a p < 0.05, the most significant positive association
was observed between activated dendritic cells and central memory
CD4 T cells. In cluster 2, there was a highly significant positive
association (r = 0.938, p < 0.05; Figure 11C) between the majority of
immune cells and Tregs and natural killer cells. Furthermore, a
correlation bubble chart (Figures 10D, E) shows the link between
the infiltration abundance of four key genes and immune cells,
showing that cluster 1 had the majority of immune cells with
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FIGURE 10

Risk group immune infiltration analysis by ssGSEA algorithm. (A) Comparison of immune cell grouping in Clusterl and Cluster2 of OA samples.
Results of correlation analysis of immune cell infiltration abundance in (B) Cluster 1 and (C) Cluster 2. Bubble plot of correlation between immune
cell infiltration abundance and key genes in (D) Clusterl and (E) Cluster2. ssGSEA: Single-Sample Gene-Set Enrichment Analysis; ns: p > 0.05, not
statistically significant; *p < 0.05, statistically significant. The absolute value of the correlation coefficient below 0.3 indicated weak or no correlation,
0.3-0.5 indicated weak correlation, 0.5-0.8 indicated moderate correlation, and > 0.8 indicated strong correlation. Blue represents Cluster 1, and
pink represents Cluster 2. Pink represents a positive correlation, blue represents a negative correlation, and the depth of the color represents the

strength of the correlation.

substantial correlations. Notably, PPPIRI5A showed a significantly
negative relationship with immature B cells (r = —0.829, p < 0.05). In
contrast, the majority of immune cells in cluster 2 showed high
associations, with the WNT5B gene showing a significant positive
relationship with mast cells (r = 0.859, p < 0.05).
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3.14 Quality control of single-cell dataset

Prior to single-cell level analysis, we performed rigorous quality
control, dimensionality reduction, and clustering of scRNA-seq
data, followed by cell type annotation based on canonical marker
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genes. The “CreateSeuratObject” function from the Seurat v4.0 R
package was used to import the counts matrix of three OA samples
from the GSE152805 dataset. The import parameters included
genes expressed in a minimum of three cells and cells expressing
at least 200 genes. The distribution of gene features per cell and
an average number of genes per UMI are illustrated in the
violin plot (Figure 11A). Subsequently, quality control was carried
out on the GSE152805 dataset, and cells with < 500 counts,
logl0GenesPerUMI < 0.8, or < 250 features were excluded. The
cell expression profiles across different samples were analyzed using
PCA (Figure 11B). Following the application of UMAP for
dimensionality reduction with a resolution parameter set to 0.6,
the cells were categorized into 14 clusters (Figure 11C). Four
specific cell types were identified through manual annotation
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using cell marker genes (Figure 11D): Chondrocytes, monocytes,
endothelial cells, and T cells. A bar chart illustrating the cell
proportions across different groups (OA/control) (Figure 11E)
indicated that the variations in cell proportions were minimal.
The expression of the four key genes within the single-cell dataset
is depicted using a bubble plot (Figure 11F) and UMAP plots
(Figures 12A-D).

3.15 Differential genes of single-cell
clusters and AUCell analysis

Differentially expressed genes among cell types were identified,
and AUCell scoring was applied to assess gene set activity across
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individual cells, offering insights into the distribution and potential
functions of key genes at the single-cell level. Herein, we identified
DEGs between cell types using the R package FindAllMarkers,
applying thresholds of |logFC| > 2.00 and adjusted p < 0.05. A
volcano plot was created to show these DEGs (Figure 13A). A
heatmap was employed to depict the expression levels of the top 10
upregulated genes across cell types (Figure 13B). The outcomes
illustrated that FRZB, HLA-DRBS5, and ITIH6 were predominantly
expressed in chondrocytes; FRZB, ITIH6, and COL2AI were
primarily expressed in monocytes; FRZB, TM4SF, and SELE were
mainly expressed in endothelial cells; and COL2AI, ACAN, and
HAPLNI were primarily expressed in T cells. The R package AUCell
was employed to quantify the expression levels of the top 10
upregulated genes identified as single-cell differential genes for
each cell within the GSE152805 dataset. The results are visualized
using UMAP plots (Figure 13C) and group comparison plots
(Figure 13D). Our findings indicated that chondrocytes exhibited
the highest AUC score. To further explore the biological functions
of these genes, we performed GO and KEGG enrichment analyses,
and the results are shown in Figure 13E.
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3.16 Verification of differential expression
of four key genes using qRT-PCR analysis
and IHC staining

Experimental validation was conducted using qRT-PCR and
immunohistochemistry (IHC) on clinical synovial samples to
confirm the differential expression and potential roles of the key
genes in OA pathogenesis. Synovial tissues were harvested from the
medial and lateral tibiofemoral compartments, as well as the
suprapatellar regions. Samples from patients with osteoarthritis
(n = 5) were collected during total knee arthroplasty, while control
synovial samples (n = 5) were obtained from individuals undergoing
arthroscopic procedures for non-inflammatory orthopedic
conditions, devoid of clinical or histological evidence of active
synovitis. Efforts were undertaken to ensure the comparability of
anatomical sites across both groups. Figures 14A-C depict the
outcomes of our qRT-PCR analysis. MTHFD2, SLC2A4, and
WNT5B were identified as DEGs using bioinformatics and qRT-
PCR analyses. The synovium of OA patients showed significantly
lower levels of MTHFD2 and SLC2A4 expression compared to the
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FIGURE 13

Differential gene expression and AUCell analysis for GSE152805. (A) . Volcano plot: Differential gene expression in cells. Pink denotes genes with
elevated expression in that cell, while blue signifies genes with suppressed expression in that cell. (B). Heatmap: Differential gene expression in a
single cell group. The AUC score of the single-cell group differential genes was visualized using the (C) UMAP map and (D) group comparison map
between different cell clusters. A lighter color on the UMAP map indicates a higher AUC score. (E) GO and KEGG enrichment of histogram analysis:
Differential genes in single-celled groups: BP, CC, MF, and biological pathways. GO and KEGG terms are depicted on the abscissa.

control group (Figures 14A, B), but WNT5B expression was
significantly higher (Figure 14C). Actin was applied as a reference
gene to normalize the qRT-PCR expression levels of the candidate

genes. Figures 14D-F demonstrate the outcomes of our IHC analysis.
In alignment with the qRT-PCR results, relative to the control group,

Frontiers in Immunology

18

both MTHFD2 and SLC2A4 expression levels were significantly
elevated in the OA synovium (Figures 14D, E), while the WNT5B
expression level was significantly diminished (Figure 14F). In
addition, the PPPIR15A expression level did not significantly differ
between OA and control groups.
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4 Discussion

On a global scale, OA is a prevalent joint disorder that
considerably diminishes the quality of life of older people and
imposes a considerable socioeconomic burden, as evidenced by the
significant increase in healthcare expenditures due to increased
medical consultations, therapeutic interventions, and rehabilitation
services. In Spain, for instance, the healthcare burden associated
with OA-related pain is significant, with expenses related to
outpatient consultations constituting a major component (34).
With its increasing incidence in the aging population, there is an
imperative need for comprehensive research to improve diagnostic
techniques and develop targeted therapeutic interventions.

Currently, therapeutic modalities for OA predominantly
include pharmacological interventions, physical therapy, and
surgical procedures (35, 36). However, these strategies only
temporarily alleviate the symptoms and fail to fundamentally halt
disease progression, with prolonged use potentially resulting in
adverse effects (37). Consequently, it is imperative to thoroughly
elucidate the pathological mechanisms of OA to devise more
effective and targeted treatment strategies. The association
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between aberrant AAM and OA pathogenesis has attracted
scholarly attention in recent years (38). Current research indicates
that dysregulated AAM may significantly contribute to cartilage
degradation and initiation of joint inflammation (39). However, the
precise mechanisms underlying AAM during the pathological
progression of OA remain poorly understood. Furthermore, the
roles and regulatory networks of the associated DEGs remain to be
elucidated, representing a significant gap in the existing body of
research. This study aimed to identify AAMRDEGs and determine
their roles in OA through comprehensive multi-level and multi-
faceted bioinformatic analyses.

In this study, AAMRGs in OA were systematically analyzed. A
subset of AAMRDEGs in OA was identified using differential
expression analysis. The results of GO and KEGG analyses
illustrated the predominant enrichment of these genes in different
BP, including cellular AAM and catabolism. Our results
demonstrated that amino acid synthesis is impaired in OA,
thereby influencing various metabolic pathways associated with
amino acids. Certain amino acids that are closely linked to the
pathophysiology of OA, namely arginine, proline, and glutamic
acid, are significantly affected. Arginine and proline are crucial for
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chondrocyte metabolism. Nitric oxide (NO), a metabolic product of
arginine, contributes significantly to the inflammatory response in
arthritis. The breakdown of the cartilage matrix and chondrocyte
apoptosis may be caused by an excess of NO generation (40).
Furthermore, proline metabolism is intricately related to the
synthesis and breakdown of the cartilage matrix. Abnormalities in
proline metabolism could compromise the structural and functional
integrity of cartilage, thereby expediting the progression of OA.
Additionally, existing literature indicates that glutamate influences
the activity of osteoblasts and osteoclasts. Dysregulation of
glutamate metabolism following the onset of OA might disrupt
the dynamic equilibrium of bone remodeling, thereby exacerbating
disease progression (41). Dysregulation of glutamate metabolism
following the onset of OA might disrupt the dynamic equilibrium of
bone remodeling, thereby exacerbating disease progression (39).
Moreover, the pathways enriched in OA, such as cellular amino acid
catabolic processes, provide insights into the biochemical
alterations that might exacerbate cartilage degradation and
inflammation. It is imperative to examine the interactions
between AAMRDEGs and cellular pathways in cartilage and
synovial tissues, as their dysregulation could initiate a cascade of
events that contribute to OA progression. Elucidating these
mechanisms could enhance our comprehension of OA pathology
and potentially aid in the discovery of new treatment targets for
modulating AAM.

Our diagnostic model, developed using LASSO regression and
validated through SVM analysis, presents promising opportunities
for early detection of OA. The identification of 14 AAMRDEGs as
key diagnostic markers, including MTHFD2, PPPIRI5A, and
WNT5B, represents an innovative approach to OA diagnosis by
harnessing molecular signatures to improve clinical decision-
making. MTHFD2 is a mitochondrial enzyme that has a critical
function in folate and one-carbon metabolic pathways. Several
malignancies have been linked to it, including glioblastoma,
breast cancer, and hepatocellular carcinoma (42-44). However, its
precise role in OA pathogenesis remains poorly understood. Yu
et al. have identified MTHFD?2 as an apoptosis-associated gene that
may influence OA progression[(44). Our results demonstrated that
this influence is intricately associated with the disruption of AAM,
particularly one-carbon metabolism. This disruption may have
profound implications for the mitochondrial function of
chondrocytes, potentially affecting cartilage proliferation and
metabolic processes (45). Our research suggests that this influence
is intricately associated with the disruption of AAM, particularly
one-carbon metabolism. This disruption may have profound
implications for the mitochondrial function of chondrocytes,
potentially affecting both cartilage proliferation and metabolic
processes (46). The SLC2A4, a key glucose transporter in muscle
and adipose tissues, is essential for glucose metabolism and energy
homeostasis. Initially, we observed a reduction in SLC2A4
expression in patients with arthritis, which was potentially linked
to the dysregulation of AAM signaling pathways. In OA patients,
the reduced SLC2A4 expression in the cartilage might impair
glucose metabolism, adversely affecting chondrocyte function and
viability. This deficiency was associated with increased chondrocyte
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apoptosis and inflammation. Furthermore, SLC2A4 dysfunction
might result in decreased synthesis of the cartilage matrix,
thereby affecting the structural integrity and functionality of the
joints (47). The PPPIRI5A is a regulatory subunit of the
intracellular eIF2a. phosphatase, playing a critical role in
modulating cellular stress responses. By facilitating the
dephosphorylation of elF2a, it aids in the resolution of the
integrated stress response, thereby influencing apoptotic pathways
(48). Although its specific role in OA remains unexplored,
PPPIRI5A levels decrease following the onset of OA. This
reduction might contribute to the dysregulated cellular stress
responses, potentially leading to chondrocyte apoptosis and
subsequent joint tissue damage. WNT5B, a member of the WNT
family, participates in the non-canonical WNT signaling pathway,
which is independent of B-catenin and often antagonizes canonical
WNT signaling. Several physiological activities, such as cell
migration, proliferation, and differentiation, have been linked to
this protein (49). Recent investigations have demonstrated that
WNT5B might serve as a critical node in the inflammatory signaling
pathways that exacerbate OA pathology. Specifically, miR-140-3p
and circ-PREX1 modulate WNT5B expression, thereby influencing
chondrocyte apoptosis and inflammatory responses (50).
Furthermore, WNT5B has been considered as a target of miR-
374a-3p, and its downregulation mitigates lipopolysaccharide-
induced damage in chondrocytes, underscoring its involvement in
inflammatory pathways (51). Our results demonstrate that WNT5B
may be involved in the dysregulation of AAM, potentially
intensifying the inflammatory response observed in arthritis. To
improve predictive capabilities further, future research should
prioritize the optimization of model parameters and the
exploration of integrating additional biomarkers, particularly
those identified through metabolomic profiling of OA. The
translation of this diagnostic model into clinical practice could
revolutionize OA management, shifting the healthcare paradigm
towards a more personalized and proactive approach.

The PPI network analysis revealed significant interactions among
the key AAMRDEGs, thereby laying the foundation for understanding
the molecular interactions that underlie OA pathogenesis. The notable
association between MTHFD?2, PPP1R15A, and SLC2A4 indicates the
existence of a highly regulated network, with each gene potentially
interacting with ATF4. The ATF4 is an essential TF in the endogenous
stress response, primarily facilitating cellular adaptation to
environmental stressors. It has a crucial function in chondrocyte
survival by modulating the endoplasmic reticulum stress and
apoptotic pathways (52, 53). These observations imply that these key
genes might interact with ATF4 to orchestrate essential processes like
metabolism and inflammation in arthritis. These interactions offer
valuable visions into the techniques by which perturbations in these
networks might facilitate OA progression.

Recent studies have demonstrated that dysregulated amino acid
metabolism significantly impacts immune cell function and infiltration,
thereby shaping the immunological microenvironment in OA. For
instance, arginine metabolism is crucial for regulating T cell
proliferation and cytokine production, and its depletion can impair T
cell receptor signaling and suppress immune responses. Similarly, the
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availability of glutamine is essential for the differentiation and function
of Th17 cells, which play a pivotal role in OA-associated inflammation
(54). Additionally, tryptophan catabolism via the kynurenine pathway
influences immune homeostasis by promoting the development of
regulatory T cells and suppressing effector responses (55). These
mechanisms indicate that alterations in amino acid metabolism may
drive immune cell infiltration and polarization within OA joints. In line
with these mechanistic insights, our study investigated the relationship
between amino acid metabolism-related gene expression and immune
cell infiltration in OA synovial tissues.

By analyzing gene-immune correlations, we sought to further
understand how amino acid metabolic alterations might modulate
the local immune microenvironment in OA. The immunological
landscape of OA is a key aspect elucidated by our findings. T cells
are critically involved in OA pathogenesis. Empirical evidence
indicates that the T cell stimulation and proliferation are
intimately related to the inflammatory response characteristic of
OA, with pronounced polarization towards the proinflammatory
Th1 subset (56). This phenomenon was corroborated by our IIA,
which revealed a significant increase in effector memory T cells,
central memory T cells, Y0 T cells, Tregs, and Thl cells in OA
patients. These infiltrating T cells not only secrete numerous
proinflammatory cytokines, such as tumor necrosis factor o and
interleukin-17 but also augment the activity of other immune cells
by promoting intercellular interactions, thereby intensifying joint
inflammation and damage (57). The interaction between WNT5B
and immune cells, particularly CD4 T cells, is of particular interest.
CD4 T cells are pivotal in orchestrating immune responses, and
their effector memory subset responds rapidly upon re-exposure to
antigens. The positive relationship between WNT5B expression and
effector memory CD4 T cells suggests that WNT5B might be
involved in the stimulation and proliferation of these cells within
the osteoarthritic milieu. This hypothesis is further supported by
current investigations that have reported the polarization of
proinflammatory T cells in the peripheral blood of individuals
with early-stage knee OA, demonstrating that WNT5B may have
a function in T cell polarization (56). Consequently, investigating
the immune regulatory interactions between WNT5B and T cells
could be a novel therapeutic approach for treating OA. The role of B
cells is of comparable importance. Recent studies indicate that B
cells have a dual function, involved in humoral immune responses
and the regulation of cartilage repair mechanisms via the secretion
of antibodies and cytokines. B cells can produce specific antibodies
that neutralize proinflammatory factors, thereby mitigating
the inflammatory response (58). Conversely, hyperactivation of
B cells might induce autoimmune responses, exacerbating
cartilage damage (59). The increase in macrophages during ITA
in patients with OA might be attributed to the substantial
recruitment of chemokines. Macrophages can be categorized into
M1 and M2 phenotypes, where M1 macrophages mainly facilitate
proinflammatory responses, and M2 macrophages participate in
tissue repair and anti-inflammatory processes (60, 61). The
polarization state of these macrophages directly influences the
inflammatory response and cartilage degradation. An increased
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number of M1 macrophages, which are linked to faster cartilage
degradation and worsening joint inflammation, is found in the
joints of OA individuals. The potential of immune modulation as a
therapeutic strategy could be elucidated by investigating the
dynamics of immune cells across various stages of OA.
Furthermore, identifying specific immunological profiles
associated with varying severities of OA could inform targeted
interventions aimed at restoring homeostasis within the immune
microenvironment, potentially mitigating the inflammatory aspects
of OA. Using immunosuppressants or biological agents to reduce
the secretion of proinflammatory factors might be an effective
approach for modulating the immune response in OA. However,
it is imperative to comprehensively evaluate the long-term effects
and safety of these interventions (62).

This research has enhanced our comprehension of the role of
AAMRDEGs in OA. Despite the application of batch effect
correction measures during data processing, the complete
elimination of potential inter-batch differences requires further
validation. Moreover, our diagnostic model was developed and
validated using a combined GEO dataset and has not yet been
evaluated in an independent external cohort. As a result, its
generalizability and applicability in real-world clinical settings
require further assessment. Future research should prioritize
ensuring the stability and reproducibility of the results by
employing more rigorous multi-batch data integration methods.
It should be noted that, the principal conclusions of this study are
predominantly based on transcriptomic analyses of synovial tissue
and multi-omics bioinformatic correlation analyses. However,
there is a significant absence of direct functional and
mechanistic experimental validation. Furthermore, the
expression profiles examined were restricted to synovial tissue,
despite OA impacting the entire joint, including cartilage and
subchondral bone. Future investigations should aim to validate
these findings across various joint compartments and further
elucidate their functional relevance through both in vitro and in
vivo experiments. The specific molecular mechanisms and
regulatory networks involving key genes such as MTHFD2,
SLC2A4, and WNT5B in OA remain to be comprehensively
elucidated. Subsequent research should utilize cellular and
animal models to systematically investigate the functional roles
of these genes in modulating chondrocyte metabolism, apoptosis,
inflammatory signaling, and immune cell interactions.
Additionally, investigating their downstream signaling pathways
and interactions with the immune microenvironment may offer a
more robust theoretical and experimental basis for precise
molecular subtyping and targeted therapy of OA.

In conclusion, this study was initiated with metabolomics of
clinical samples, identifying a series of significant molecular
markers closely associated with OA through comprehensive
multi-level data integration and analysis. Consequently, an
efficient and accurate diagnostic model was developed. These
results improve our understanding of the pathogenesis of OA and
its intricate regulatory networks and offer a solid foundation for
future precision medical.

frontiersin.org


https://doi.org/10.3389/fimmu.2025.1588072
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material.

Ethics statement

The studies involving humans were approved by Ethics
Committee of the First People’s Hospital of Changzhou(Ethical
no. F-IRB-SOP-00710). The studies were conducted in accordance
with the local legislation and institutional requirements. Written
informed consent for participation in this study was provided by the
participants’ legal guardians/next of kin.

Author contributions

ZZ: Conceptualization, Methodology, Writing — original draft,
Writing - review & editing. JM: Data curation, Software, Writing -
original draft, Writing - review & editing. JH: Investigation,
Resources, Writing - review & editing. LH: Resources, Writing -
review & editing. WD: Data curation, Formal analysis,
Investigation, Writing — review & editing. WZ: Investigation,
Resources, Writing — review & editing. CZ: Investigation,
Resources, Writing — review & editing. LF: Funding acquisition,
Project administration, Supervision, Writing — review & editing.
KW: Conceptualization, Funding acquisition, Project
administration, Writing — review & editing.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This research was funded
by the Science and Technology Project of the Changzhou Health
Commission (Major Project, Grant No. ZD202433), Health Scientific
Research of Xinjiang Uygur Autonomous Region (Grant Number:

References

1. Vos T, Barber RM, Bell B, Bertozzi-Villa A, Biryukov S, Bolliger I, et al. Global,
regional, and national incidence, prevalence, and years lived with disability for 301
acute and chronic diseases and injuries in 188 countries, 1990-2013: a systematic
analysis for the Global Burden of Disease Study 2013. Lancet. (2015) 386:743-800.
doi: 10.1016/S0140-6736(15)60692-4

2. HuS, LiY, Zhang X, Alkhatatbeh T, Wang W. Increasing burden of osteoarthritis
in China: trends and projections from the global burden of disease study 2019. Med Sci
Monit. (2024) 30:¢942626. doi: 10.12659/MSM.942626

3. Katz JN, Arant KR, Loeser RF. Diagnosis and treatment of hip and knee
osteoarthritis: A review. JAMA. (2021) 325:568-78. doi: 10.1001/jama.2020.22171

4. Mehta O, Vijay A, Gohir SA, Kelly T, Zhang W, Doherty M, et al.
Serum metabolome analysis identified amino-acid metabolism associated with pain
in people with symptomatic knee osteoarthritis - A cross-sectional study. J Pain. (2023)
24:1251-61. doi: 10.1016/j.jpain.2023.02.023

Frontiers in Immunology

10.3389/fimmu.2025.1588072

WJWY-202456) and Tianshan Talents Medical and Health High
Level Talent Project (Grant Number: TSYC202401A102).

Acknowledgments

We express our gratitude to Figdraw for their significant
contributions to the field of illustration. Additionally, we extend
our appreciation to the Home for Researchers editorial team for
their invaluable assistance with language editing.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Generative AI was used in the
creation of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fimmu.2025.
1588072/full#supplementary-material

5. Adams SB, Nettles DL, Jones LC, Miller SD, Guyton GP, Schon LC.
Inflammatory cytokines and cellular metabolites as synovial fluid biomarkers of
posttraumatic ankle arthritis. Foot Ankle Int. (2014) 35:1241-9. doi: 10.1177/
1071100714550652

6. Huang Z, He Z, Kong Y, Liu Z, Gong L. Insight into osteoarthritis through
integrative analysis of metabolomics and transcriptomics. Clin Chim Acta. (2020)
510:323-9. doi: 10.1016/j.cca.2020.07.010

7. Li J-T, Zeng N, Yan Z-P, Liao T, Ni G-X. A review of applications of

metabolomics in osteoarthritis. Clin Rheumatol. (2021) 40:2569-79. doi: 10.1007/
$10067-020-05511-8

8. Tabbaa SM, Guilak F, Lemmerman LR, Glembotski N, D’Lima DD, Wang T,
et al. Elevated lipid metabolites in stored clinical OCA media correlate with
chondrocyte death. Am ] Sports Med. (2024) 52:2119-28. doi: 10.1177/
03635465241252653

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2025.1588072/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2025.1588072/full#supplementary-material
https://doi.org/10.1016/S0140-6736(15)60692-4
https://doi.org/10.12659/MSM.942626
https://doi.org/10.1001/jama.2020.22171
https://doi.org/10.1016/j.jpain.2023.02.023
https://doi.org/10.1177/1071100714550652
https://doi.org/10.1177/1071100714550652
https://doi.org/10.1016/j.cca.2020.07.010
https://doi.org/10.1007/s10067-020-05511-8
https://doi.org/10.1007/s10067-020-05511-8
https://doi.org/10.1177/03635465241252653
https://doi.org/10.1177/03635465241252653
https://doi.org/10.3389/fimmu.2025.1588072
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

9. Southan J, McHugh E, Walker H, Ismail HM. Metabolic signature of articular
cartilage following mechanical injury: an integrated transcriptomics and metabolomics
analysis. Front Mol Biosci. (2020) 7:592905. doi: 10.3389/fmolb.2020.592905

10. Komaravolu RK, Mehta-D’souza P, Conner T, Allen M, Lumry J, Batushansky A,
et al. Sex-specific effects of injury and beta-adrenergic activation on metabolic and
inflammatory mediators in a murine model of post-traumatic osteoarthritis.
Osteoarthritis Cartilage. (2024) 32:1097-112. doi: 10.1016/j.joca.2024.03.109

11. ZhaYang X-Z, Chen Y-X, Hua W-D, Bai Z-L, Jin Y-P, Zhao X-W, et al.
Integrating bioinformatics and machine learning to identify biomarkers of branched
chain amino acid related genes in osteoarthritis. BMC Musculoskelet Disord. (2025)
26:517. doi: 10.1186/s12891-025-08779-6

12. Woetzel D, Huber R, Kupfer P, Pohlers D, Pfaff M, Driesch D, et al.
Identification of rheumatoid arthritis and osteoarthritis patients by transcriptome-
based rule set generation. Arthritis Res Ther. (2014) 16:R84. doi: 10.1186/ar4526

13. Huber R, Hummert C, Gausmann U, Pohlers D, Koczan D, Guthke R, et al.
Identification of intra-group, inter-individual, and gene-specific variances in mRNA
expression profiles in the rheumatoid arthritis synovial membrane. Arthritis Res Ther.
(2008) 10:R98. doi: 10.1186/ar2485

14. Davis S MP. GEOquery: a bridge between the gene expression omnibus (GEO)
and bioConductor. Bioinformatics. (2007) 23:1846-7. doi: 10.1093/bioinformatics/
btm254

15. Su J, Tian X, Zhang Z, Xu W, Anwaier A, Ye S, et al. A novel amino acid
metabolism-related gene risk signature for predicting prognosis in clear cell renal cell
carcinoma. Front Oncol. (2022) 12:1019949. doi: 10.3389/fonc.2022.1019949

16. Leek JT, Johnson WE, Parker HS, Jaffe AE, Storey JD. The sva package for
removing batch effects and other unwanted variation in high-throughput experiments.
Bioinformatics. (2012) 28:882-3. doi: 10.1093/bioinformatics/bts034

17. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers
differential expression analyses for RNA-sequencing and microarray studies. Nucleic
Acids Res. (2015) 43:e47. doi: 10.1093/nar/gkv007

18. Mi H, Muruganujan A, Ebert D, Huang X, Thomas PD. PANTHER version 14:
more genomes, a new PANTHER GO-slim and improvements in enrichment analysis
tools. Nucleic Acids Res. (2019) 47:D419-d26. doi: 10.1093/nar/gky1038

19. Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes. Nucleic
Acids Res. (2000) 28:27-30. doi: 10.1093/nar/28.1.27

20. Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for comparing
biological themes among gene clusters. Omics. (2012) 16:284-7. doi: 10.1089/
omi.2011.0118

21. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA,
et al. Gene set enrichment analysis: a knowledge-based approach for interpreting
genome-wide expression profiles. Proc Natl Acad Sci U S A. (2005) 102:15545-50.
doi: 10.1073/pnas.0506580102

22. Hinzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinf. (2013) 14:7. doi: 10.1186/1471-2105-14-7

23. Langfelder P, Horvath S. WGCNA: an R package for weighted correlation
network analysis. BMC Bioinf. (2008) 9:559. doi: 10.1186/1471-2105-9-559

24. Engebretsen S, Bohlin J. Statistical predictions with glmnet. Clin Epigenetics.
(2019) 11:123. doi: 10.1186/s13148-019-0730-1

25. Sanz H, Valim C, Vegas E, Oller JM, Reverter F. SVM-REE: selection and
visualization of the most relevant features through non-linear kernels. BMC Bioinf.
(2018) 19:432. doi: 10.1186/s12859-018-2451-4

26. Szklarczyk D, Gable AL, Lyon D, Junge A, Wyder S, Huerta-Cepas J, et al.
STRING v11: protein-protein association networks with increased coverage,
supporting functional discovery in genome-wide experimental datasets. Nucleic Acids
Res. (2019) 47:D607-d13. doi: 10.1093/nar/gky1131

27. Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al. Cytoscape:
a software environment for integrated models of biomolecular interaction networks.
Genome Res. (2003) 13:2498-504. doi: 10.1101/gr.1239303

28. Franz M, Rodriguez H, Lopes C, Zuberi K, Montojo J, Bader GD, et al.
GeneMANIA update 2018. Nucleic Acids Res. (2018) 46:W60-w4. doi: 10.1093/nar/
gky311

29. Mandrekar JN. Receiver operating characteristic curve in diagnostic test
assessment. J Thorac Oncol. (2010) 5:1315-6. doi: 10.1097/JTO.0b013e3181ec173d

30. Xiao B, LiuL, Li A, Xiang C, Wang P, Li H, et al. Identification and verification of
immune-related gene prognostic signature based on ssGSEA for osteosarcoma. Front
Oncol. (2020) 10:607622. doi: 10.3389/fonc.2020.607622

31. Lock EF, Dunson DB. Bayesian consensus clustering. Bioinformatics. (2013)
29:2610-6. doi: 10.1093/bioinformatics/btt425

32. Zheng W, Wang X, LiuJ, Yu X, Li L, Wang H, et al. Single-cell analyses highlight
the proinflammatory contribution of Clq-high monocytes to Behget’s disease. Proc
Natl Acad Sci U S A. (2022) 119:€2204289119. doi: 10.1073/pnas.2204289119

33. Andreatta M, Carmona S]J. UCell: Robust and scalable single-cell gene signature
scoring. Comput Struct Biotechnol J. (2021) 19:3796-8. doi: 10.1016/j.csbj.2021.06.043

34. Rejas-Gutierrez J, Llopart-Carles N, Garcia-Lopez S, Darba J. Disease burden on
health care by pain severity and usual analgesic treatment in patients with symptomatic
osteoarthritis: a Spanish nationwide health survey. Expert Rev Pharmacoecon Outcomes
Res. (2021) 21:711-9. doi: 10.1080/14737167.2020.1807943

Frontiers in Immunology

10.3389/fimmu.2025.1588072

35. Ghouri A, Conaghan PG. Update on novel pharmacological therapies for
osteoarthritis. Ther Adv Musculoskelet Dis. (2019) 11:1759720X19864492.
doi: 10.1177/1759720X19864492

36. Gay C, Chabaud A, Guilley E, Coudeyre E. Educating patients about the benefits
of physical activity and exercise for their hip and knee osteoarthritis. Systematic
literature review. Ann Phys Rehabil Med. (2016) 59:174-83. doi: 10.1016/
j.rehab.2016.02.005

37. Ghouri A, Conaghan PG. Treating osteoarthritis pain: recent approaches using
pharmacological therapies. Clin Exp Rheumatol. (2019) 37 Suppl 120:124-9.

38. Chen R, Han §, Liu X, Wang K, Zhou Y, Yang C, et al. Perturbations in amino
acids and metabolic pathways in osteoarthritis patients determined by targeted
metabolomics analysis. ] Chromatogr B Analyt Technol BioMed Life Sci. (2018)
1085:54-62. doi: 10.1016/j.jchromb.2018.03.047

39. Zheng L, Zhang Z, Sheng P, Mobasheri A. The role of metabolism in
chondrocyte dysfunction and the progression of osteoarthritis. Ageing Res Rev.
(2021) 66:101249. doi: 10.1016/j.arr.2020.101249

40. Choi W-S, Yang J-I, Kim W, Kim H-E, Kim S-K, Won Y, et al. Critical role for
arginase II in osteoarthritis pathogenesis. Ann Rheum Dis. (2019) 78:421-8.
doi: 10.1136/annrheumdis-2018-214282

41. Welhaven HD, Viles E, Starke ], Wallace C, Bothner B, June RK, et al.
Metabolomic profiles of cartilage and bone reflect tissue type, radiography-confirmed
osteoarthritis, and spatial location within the joint. Biochem Biophys Res Commun.
(2024) 703:149683. doi: 10.1016/j.bbrc.2024.149683

42. HuangJ, QinY, Lin C, Huang X, Zhang F. MTHFD2 facilitates breast cancer cell
proliferation via the AKT signaling pathway. Exp Ther Med. (2021) 22:703.
doi: 10.3892/etm.2021.10135

43. Liu X, Huang Y, Jiang C, Ou H, Guo B, Liao H, et al. Methylenetetrahydrofolate
dehydrogenase 2 overexpression is associated with tumor aggressiveness and poor
prognosis in hepatocellular carcinoma. Dig Liver Dis. (2016) 48:953-60. doi: 10.1016/
j.dld.2016.04.015

44. Zhu Z, Kiang KM-Y, Li N, Liu J, Zhang P, Jin L, et al. Folate enzyme MTHFD2
links one-carbon metabolism to unfolded protein response in glioblastoma. Cancer
Lett. (2022) 549:215903. doi: 10.1016/j.canlet.2022.215903

45. Yu E, Zhang M, Xu G, Liu X, Yan J. Consensus cluster analysis of apoptosis-
related genes in patients with osteoarthritis and their correlation with immune cell
infiltration. Front Immunol. (2023) 14:1202758. doi: 10.3389/fimmu.2023.1202758

46. Wu Y, Hu H, Wang T, Guo W, Zhao S, Wei R. Characterizing mitochondrial
features in osteoarthritis through integrative multi-omics and machine learning
analysis. Front Immunol. (2024) 15:1414301. doi: 10.3389/fimmu.2024.1414301

47. Muoz VR, Botezelli JD, Gaspar RC, da Rocha AL, Vieira RFL, Crisol BM, et al.
Effects of short-term endurance and strength exercise in the molecular regulation of
skeletal muscle in hyperinsulinemic and hyperglycemic Slc2a4+/- mice. Cell Mol Life
Sci. (2023) 80:122. doi: 10.1007/s00018-023-04771-2

48. Hicks D, Giresh K, Wrischnik LA, Weiser DC. The PPP1R15 family of eIF2-
alpha phosphatase targeting subunits (GADD34 and CReP). Int ] Mol Sci. (2023)
24:17321. doi: 10.3390/ijms242417321

49. Suthon S, Perkins RS, Bryja V, Miranda-Carboni GA, Krum SA. WNT5B in
physiology and disease. Front Cell Dev Biol. (2021) 9:667581. doi: 10.3389/
fcell.2021.667581

50. Wu L, Tang R, Xiong W, Song S, Guo Q, Zhang Q. Paeoniflorin shows
chondroprotective effects under IL-1f stress by regulating circ-PREX1/miR-140-3p/
WNTS5B axis. ] Orthop Surg Res. (2023) 18:766. doi: 10.1186/s13018-023-04238-x

51. Shi F-L, Ren L-X. Up-regulated miR-374a-3p relieves lipopolysaccharides induced
injury in CHON-001 cells via regulating Wingless-type MMTYV integration site family
member 5B. Mol Cell Probes. (2020) 51:101541. doi: 10.1016/j.mcp.2020.101541

52. Tan L, Yammani RR. Nuprl regulates palmitate-induced apoptosis in human
articular chondrocytes. Biosci Rep. (2019) 39:BSR20181473. doi: 10.1042/BSR20181473

53. Liu Y-N, Mu Y-D, Wang H, Zhang M, Shi Y-W, Mi G, et al. Endoplasmic

reticulum stress pathway mediates T-2 toxin-induced chondrocyte apoptosis.
Toxicology. (2021) 464:152989. doi: 10.1016/j.tox.2021.152989

54. Wen Z, Qiu L, Ye Z, Tan X, Xu X, Lu M, et al. The role of Th/Treg immune cells
in osteoarthritis. Front Immunol. (2024) 15:1393418. doi: 10.3389/fimmu.2024.1393418

55. Stone TW, Williams RO. Modulation of T cells by tryptophan metabolites in the
kynurenine pathway. Trends Pharmacol Sci. (2023) 44:442-56. doi: 10.1016/
j.tips.2023.04.006

56. Rosshirt N, Trauth R, Platzer H, Tripel E, Nees TA, Lorenz H-M, et al.
Proinflammatory T cell polarization is already present in patients with early knee
osteoarthritis. Arthritis Res Ther. (2021) 23:37. doi: 10.1186/s13075-020-02410-w

57. Trivanovic D, Harder J, Leucht M, Kreuzahler T, Schlierf B, Holzapfel BM, et al.
Immune and stem cell compartments of acetabular and femoral bone marrow in hip
osteoarthritis patients. Osteoarthritis Cartilage. (2022) 30:1116-29. doi: 10.1016/
j.joca.2022.05.001

58. Grcevic D, Sanjay A, Lorenzo J. Interactions of B-lymphocytes and bone cells in
health and disease. Bone. (2023) 168:116296. doi: 10.1016/j.bone.2021.116296

59. Pan M, Hong W, Yao Y, Gao X, Zhou Y, Fu G, et al. Activated B lymphocyte
inhibited the osteoblastogenesis of bone mesenchymal stem cells by notch signaling.
Stem Cells Int. (2019) 2019:8150123. doi: 10.1155/2019/8150123

frontiersin.org


https://doi.org/10.3389/fmolb.2020.592905
https://doi.org/10.1016/j.joca.2024.03.109
https://doi.org/10.1186/s12891-025-08779-6
https://doi.org/10.1186/ar4526
https://doi.org/10.1186/ar2485
https://doi.org/10.1093/bioinformatics/btm254
https://doi.org/10.1093/bioinformatics/btm254
https://doi.org/10.3389/fonc.2022.1019949
https://doi.org/10.1093/bioinformatics/bts034
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/nar/gky1038
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1186/s13148-019-0730-1
https://doi.org/10.1186/s12859-018-2451-4
https://doi.org/10.1093/nar/gky1131
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1093/nar/gky311
https://doi.org/10.1093/nar/gky311
https://doi.org/10.1097/JTO.0b013e3181ec173d
https://doi.org/10.3389/fonc.2020.607622
https://doi.org/10.1093/bioinformatics/btt425
https://doi.org/10.1073/pnas.2204289119
https://doi.org/10.1016/j.csbj.2021.06.043
https://doi.org/10.1080/14737167.2020.1807943
https://doi.org/10.1177/1759720X19864492
https://doi.org/10.1016/j.rehab.2016.02.005
https://doi.org/10.1016/j.rehab.2016.02.005
https://doi.org/10.1016/j.jchromb.2018.03.047
https://doi.org/10.1016/j.arr.2020.101249
https://doi.org/10.1136/annrheumdis-2018-214282
https://doi.org/10.1016/j.bbrc.2024.149683
https://doi.org/10.3892/etm.2021.10135
https://doi.org/10.1016/j.dld.2016.04.015
https://doi.org/10.1016/j.dld.2016.04.015
https://doi.org/10.1016/j.canlet.2022.215903
https://doi.org/10.3389/fimmu.2023.1202758
https://doi.org/10.3389/fimmu.2024.1414301
https://doi.org/10.1007/s00018-023-04771-2
https://doi.org/10.3390/ijms242417321
https://doi.org/10.3389/fcell.2021.667581
https://doi.org/10.3389/fcell.2021.667581
https://doi.org/10.1186/s13018-023-04238-x
https://doi.org/10.1016/j.mcp.2020.101541
https://doi.org/10.1042/BSR20181473
https://doi.org/10.1016/j.tox.2021.152989
https://doi.org/10.3389/fimmu.2024.1393418
https://doi.org/10.1016/j.tips.2023.04.006
https://doi.org/10.1016/j.tips.2023.04.006
https://doi.org/10.1186/s13075-020-02410-w
https://doi.org/10.1016/j.joca.2022.05.001
https://doi.org/10.1016/j.joca.2022.05.001
https://doi.org/10.1016/j.bone.2021.116296
https://doi.org/10.1155/2019/8150123
https://doi.org/10.3389/fimmu.2025.1588072
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Zhu et al.

60. Hsueh M-F, Zhang X, Wellman SS, Bolognesi MP, Kraus VB. Synergistic roles of
macrophages and neutrophils in osteoarthritis progression. Arthritis Rheumatol. (2021)

73:89-99. doi: 10.1002/art.41486

61. Kamada K, Matsushita T, Yamashita T, Matsumoto T, Iwaguro H, Sobajima S,
et al. Attenuation of knee osteoarthritis progression in mice through polarization of M2

Frontiers in Immunology

24

10.3389/fimmu.2025.1588072

macrophages by intra-articular transplantation of non-cultured human adipose-
derived regenerative cells. J Clin Med. (2021) 10:4309. doi: 10.3390/jcm10194309

62. Liang Y, Xu X, Xu L, Prasadam I, Duan L, Xiao Y, et al. Non-surgical
osteoarthritis therapy, intra-articular drug delivery towards clinical applications.
J Drug Targeting. (2021) 29:609-16. doi: 10.1080/1061186X.2020.1870231

frontiersin.org


https://doi.org/10.1002/art.41486
https://doi.org/10.3390/jcm10194309
https://doi.org/10.1080/1061186X.2020.1870231
https://doi.org/10.3389/fimmu.2025.1588072
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Exploration of differential expression and biological significance of amino acid metabolism genes in osteoarthritis
	1 Introduction
	2 Materials and methods
	2.1 Data acquisition
	2.2 Delineation of AAMRDEGs of OA
	2.3 Gene ontology and Kyoto Encyclopedia of Genes and Genomes enrichment analyses of AAMRDEGs
	2.4 Gene set enrichment analysis and gene set variation analysis
	2.5 Weighted correlation network analysis
	2.6 Construction of OA diagnostic model
	2.7 Validation of OA diagnostic model
	2.8 Construction of protein-protein interaction network
	2.9 Construction of RNA regulatory network
	2.10 Differential expression analysis of OA Key genes
	2.11 Immune infiltration analysis
	2.12 Construction of OA subtypes
	2.13 Quality control of single-cell dataset
	2.14 Cell type annotation and single-cell taxa differential genes
	2.15 AUCell analysis
	2.16 Quantitative real-time PCR
	2.17 Immunohistochemical staining
	2.18 Statistical analysis

	3 Results
	3.1 Data collection and correction
	3.2 OA-associated AAMRDEGs
	3.3 Enrichment analysis of AAMRDEGs
	3.4 GSEA and GSVA in combined GEO datasets
	3.5 WGCNA analysis identified co-expression modules in the dataset
	3.6 OA diagnosis model construction
	3.7 OA diagnosis model validation
	3.8 PPI network construction
	3.9 RNA regulatory network construction
	3.10 Differential expression analysis of key genes between different groups
	3.11 Immune infiltration analysis
	3.12 OA subtypes construction
	3.13 IIA based on OA subtypes
	3.14 Quality control of single-cell dataset
	3.15 Differential genes of single-cell clusters and AUCell analysis
	3.16 Verification of differential expression of four key genes using qRT-PCR analysis and IHC staining

	4 Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References




