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Abstract

Osteoarthritis (OA) and major depressive disorder (MDD) share inflammatory and oxida-
tive stress pathways, but the role of programmed cell death (PCD) in their comorbidity
remains unclear. This study used independent OA synovial and MDD peripheral blood
transcriptomic datasets—not a unified comorbid discovery cohort—to identify candidate
PCD-related molecular signatures commonly dysregulated in both conditions. Transcrip-
tomic data from OA synovium and MDD brain tissues were obtained from GEO (six
training [three OA synovial and three MDD peripheral-blood], seven validation, and two
single-cell RNA-seq datasets). Differentially expressed genes (DEGs) were identified, and
PCD-related DEGs were screened. Machine learning (LASSO, SVM-RFE, Random For-
est) was used to identify hub PCD-DEGs from the OA training set. WGCNA identified
MDD-associated modules for comorbidity-gene selection. Functional enrichment, immune
infiltration, scRNA-seq localization, and clinical validation (qRT-PCR/WB) were performed.
From the OA cohort, four hub PCD-DEGs (CDKN1A, CX3CR1, INHBB, RHOB) showed
moderate diagnostic value for OA (nomogram AUC = 0.82). Eight candidate genes (VAMP8,
PDK4, P2RX4, ITM2C, IL10RA, HSP90AA1, CTSO, CRIP1) were commonly dysregulated
across both OA and MDD datasets. Immune infiltration revealed upregulated B memory
cells, plasma cells, Tregs, and neutrophils in OA, and neutrophils in MDD. scRNA-seq
localized CDKN1A/RHOB to OA synovial cells and HSP90AA1/ITM2C to MDD neurons.
Enrichment analyses highlighted TNF signaling, apoptosis, and stress responses in both
diseases. An independent OA–MDD clinical cohort confirmed differential expression of
CDKN1A, RHOB, ITM2C, and HSP90AA1. This study identifies four PCD-related hub
genes associated with OA and eight candidate comorbidity genes showing common dysreg-
ulation across OA and MDD datasets and in an independent clinical cohort. These findings
generate hypotheses about shared inflammatory pathways linking OA and MDD. As these
associations derive from independent disease-specific cohorts rather than a true comorbid
discovery cohort, they represent candidate signatures requiring functional validation rather
than established mechanisms.
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1. Introduction
Osteoarthritis (OA) and major depressive disorder (MDD) are two common chronic

diseases that significantly impact global health [1,2]. OA is characterized by cartilage degen-
eration, synovitis, subchondral bone remodeling, osteophyte formation, and inflammation
of the infrapatellar fat pad [3]. MDD, on the other hand, is primarily characterized by
persistent low mood, neuroinflammation, and disruption of neuroendocrine pathways [4,5].
Risk factors for OA include aging, being female, being obese, having a genetic susceptibility,
and having had a joint injury [6,7]. MDD, on the other hand, is associated with genetic
factors, chronic stress, and systemic inflammation [8]. Epidemiological studies estimate that
more than 500 million adults worldwide suffer from OA, while approximately 280 million
suffer from MDD [9,10]. Both conditions impose a significant burden on healthcare systems
and economies [11,12]. In osteoarthritis, the synovium facilitates the exchange of nutrients
and waste products in the cartilage. It forms a functional unit with the infrapatellar fat
pad to regulate joint stability and inflammation [13]. However, chronic synovial inflam-
mation in OA drives cartilage matrix degradation, releasing proteoglycans and collagen
fragments into the synovial fluid and thereby exacerbating joint degeneration [14,15]. Simi-
larly, chronic neuroinflammation in depression disrupts neuronal homeostasis, leading to
synaptic dysfunction and emotional disturbances [16]. Emerging evidence suggests that
OA and MDD share common inflammatory and oxidative stress pathways, which may ex-
plain their comorbidity [17,18]. Understanding the molecular mechanisms underlying the
association between OA and MDD, particularly with regard to their shared inflammatory
and immune dysregulation, is crucial for identifying novel biomarkers and therapeutic
targets to improve the early diagnosis and management of these comorbid conditions.

Programmed cell death (PCD) is a genetically regulated process critical for homeostasis
and disease initiation [19]. Diverse PCD pathways (apoptosis, autophagy, necroptosis,
pyroptosis, ferroptosis, cuproptosis) are separately involved in OA and MDD pathogenesis,
while the comorbidity of these two disorders has gained increasing attention [20]. In
OA, apoptosis triggers chondrocyte loss and cartilage degeneration, autophagy mitigates
cellular stress, and necroptosis/pyroptosis exacerbates synovial inflammation. Ferroptosis
and cuproptosis, related to oxidative stress and metal ion dysregulation, are associated with
neurological diseases; iron/copper overload increases OA and MDD risk, and ferroptosis
inhibition ameliorates related lesions [21,22]. Additionally, PCD crosstalk (e.g., PANoptosis)
contributes to inflammatory and neurodegenerative diseases, but its role in OA–MDD
comorbidity remains underexplored [23,24].

Bioinformatics enables systematic exploration of complex disease mechanisms [25,26].
Although molecular characteristics of OA and MDD have been separately described [27,28],
their shared pathways—chronic inflammation, oxidative stress, and immune dysfunction—
remain underexplored in the context of comorbidity [17]. This study aims to identify
comorbidity-associated genes and elucidate their roles in molecular subtypes, biomark-
ers, and immune infiltration (Figure 1), providing insights for integrated diagnosis and
targeted therapy.
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Figure 1. Flow chart for comprehensive analysis of PCD-related genes in OA and MDD. * p < 0.05,
** p < 0.01, *** p < 0.001.
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2. Results
2.1. Data Processing and Differential Genes Screening

To construct the training cohort, three synovial datasets based on the platform GPL96
were integrated, comprising 20 normal and 26 OA synovial samples. After batch effect re-
moval, PCA confirmed effective data integration (Figure 2A,B). Differential expression anal-
ysis was performed using the limma R package, identifying 2365 differentially expressed
genes (DEGs) in OA, of which 1294 were upregulated, and 1071 were downregulated
(Table S3). The top 60 DEGs ranked by significance are presented in a heatmap (Figure 2C),
and the overall distribution of DEGs is visualized in a volcano plot (Figure 2D).

Figure 2. Data processing and DEGs analysis of OA: (A,B) PCA plots demonstrating sample distribu-
tion before and after batch effect correction; (C) heatmap of top 60 OA DEGs showing expression
patterns in normal synovial vs. OA synovial samples; (D) volcano plot of OA DEGs.

2.2. Enrichment Analysis of OA

To clarify the functional characteristics of OA-related differentially expressed genes
(DEGs), GO, KEGG, DO enrichment, and GSVA analyses were conducted. GO enrichment
indicated that DEGs were mainly enriched in collagen-containing extracellular matrix,
leukocyte migration, cytokine activity, and other items (Figure 3A). KEGG analysis showed
significant enrichment in immune and inflammatory pathways, including TNF, PI3K–Akt,
and MAPK signaling pathways (Figure 3B,C). DO enrichment associated DEGs with os-
teoarthritis, nephritis, atherosclerosis, and other related diseases (Figure 3D). To clarify
the functional characteristics of OA-related differentially expressed genes (DEGs), GO and
KEGG enrichment analyses were performed separately for upregulated and downregulated
genes. For upregulated DEGs, GO enrichment indicated that they were predominantly
involved in leukocyte-mediated immunity, positive regulation of leukocyte activation, and
immune response-regulating cell surface receptor signaling pathway (Figure S2A). KEGG
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analysis further revealed significant enrichment in immune-related pathways, including
hematopoietic cell lineage and rheumatoid arthritis (Figure S2B). In contrast, downregu-
lated DEGs were mainly enriched in response to hypoxia, fat cell differentiation, and posi-
tive regulation of cytokine production (Figure S2C). KEGG pathway analysis showed that
these genes were significantly associated with FoxO, TNF, PI3K–Akt, and MAPK signaling
pathways, as well as lipid and atherosclerosis (Figure S2D). GSVA based on HALLMARK
and KEGG gene sets revealed pathway changes in OA: HALLMARK pathways such as
TNFα Signaling via NF-κB were upregulated, while Oxidative Phosphorylation and Fatty
Acid Metabolism were downregulated (Figure 3E); KEGG pathways, including apoptosis
and T cell receptor signaling, were upregulated, whereas multiple metabolic pathways
were downregulated (Figure 3F).

Figure 3. Functional enrichment analysis of DEGs: (A) GO enrichment; (B) top 10 enriched KEGG
pathways; (C) KEGG pathway interaction network; (D) DO enrichment; (E) bar map of GSVA enrich-
ment scoring of HALLMARKS pathways; (F) scored bar graph of KEGG pathway GSVA enrichment.
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2.3. PPI and Correlation Analysis of PCD-DEGs

A total of 24 PCD-related differentially expressed genes (PCD-DEGs) were identi-
fied by intersecting DEGs with curated PCD-related genes, including 6 upregulated and
18 downregulated genes in OA (Figure 4A; Table S4). A dot-bar heatmap showed the
expression patterns of these PCD-DEGs (Figure 4B). A protein–protein interaction (PPI) net-
work was constructed with Cytoscape, and IL6, JUN, ATF3, CXCL8, PTGS2, CDKN1A, and
MYC presented the strongest protein interactions (Figure 4C). Correlation analysis revealed
obvious heterogeneity among the 24 PCD-DEGs. CX3CR1, PTGDS, and other genes showed
strong negative correlations, while PDK4, RHOB, INHBB, and other genes exhibited strong
positive correlations (r = 0.62–0.90 and r = −0.44 to −0.84, respectively) (Figure 4D). A
systematic classification of the 24 PCD-DEGs according to curated programmed cell death
(PCD) pathway annotations revealed a marked enrichment in apoptosis: 20 genes (83.3%)
were assigned to the apoptosis category, whereas only PTGS2 (4.2%) was associated with
ferroptosis, two genes (8.3%) with pyroptosis/inflammation (IL6 and CXCL8), and CX3CR1
(14.2%) with multiple PCD modalities. Collectively, these findings indicate that the 24 PCD-
DEGs were predominantly enriched in the apoptosis pathway (approximately 83%), rather
than being uniformly distributed across all PCD modalities (Figure S2).

Figure 4. PPI and correlation analysis of PCD-DEGs: (A) heatmap of differential expression of PCD-
DEGs; (B) dot-bar heatmap summarizing the distinct expression trends of PCD-DEGs, providing
a quantitative ranking to complement the comprehensive heatmap in panel A; (C) PPI analysis of
PCD-DEGs; (D) correlation heatmap of PCD-DEGs. * p < 0.05, ** p < 0.01, *** p < 0.001.
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2.4. Enrichment Analysis of PCD-DEGs

To explore the functional roles of PCD-DEGs in OA, GO and KEGG enrichment analy-
ses were performed. KEGG analysis revealed enrichment in pathways largely overlapping
with those of total DEGs, including TNF, PI3K, and MAPK signaling (Figure 5A). GO analy-
sis showed associations with biological processes such as regulation of apoptotic signaling,
response to oxygen levels, p53-mediated intrinsic apoptotic signaling, cellular response
to hypoxia and reactive oxygen species, oxidative stress response, positive regulation of
apoptotic signaling, gastrin signaling, and photodynamic therapy-induced NF-κB survival
signaling (Figure 5B,C). A GeneMANIA network integrating PCD-DEGs with co-expressed
partners showed interaction contributions: co-expression (72.87%), physical interactions
(17.15%), co-localization (6.57%), genetic interactions (0.46%), predicted interactions (1.78%),
and pathway associations (1.17%) (Figure 5D).

Figure 5. Functional enrichment and network analysis of PCD-DEGs: (A) KEGG pathway chord dia-
gram of PCD-DEGs; (B) GO term chord diagram of PCD-DEGs; (C) GO/KEGG clustered enrichment
analysis of PCD-DEGs; (D) PPI network of co-expressed genes generated via GeneMANIA.

2.5. Identification of Hub PCD-DEGs

Three machine learning algorithms were used to identify hub PCD-DEGs (Table
S5). LASSO regression screened seven PCD signature genes (Figure 6A,B). SVM-RFE
analysis achieved optimal model performance with 24 features (Figure 6C,D). Random
Forest analysis selected ten signature genes (Figure 6E,F). The intersection of the three
algorithms ultimately identified four hub PCD-DEGs: CDKN1A, CX3CR1, INHBB, and
RHOB (Figure 6G).
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Figure 6. Machine learning-based biomarker screening of Hub PCD-DEGs: (A,B) LASSO coefficient
profiles showing feature selection trajectories, each colored solid line corresponds to a gene in the
input data; colors are used solely for visual distinction between genes.; (C) cross-validation correlation
(r = 0.956) for model robustness; (D) SVM-RFE accuracy optimization with 5-fold CV; (E) Random
Forest error stabilization beyond 10 features; (F) RF variable importance ranking; (G) integrative
Venn diagram of hub genes identified by LASSO, SVM-RFE, and RF algorithms.

2.6. Construction of a Diagnostic Model and ROC Curve for OA

A diagnostic model for OA was constructed using the four hub PCD-DEGs
(Figure 7A). The calibration curve showed good agreement between predicted and ac-
tual risks (Figure 7B), and decision curve analysis indicated favorable net benefit across
threshold probabilities (Figure 7C), robust discriminative performance. In the training
set, all four individual genes and the nomogram achieved AUC > 0.9, indicating high
diagnostic value (Figure 7D,E). The nomogram achieved an AUC of 1.000 (Figure 7F).
However, given the very small sample size n = 10, this estimate is potentially unstable
and likely overoptimistic—even a single misclassification would substantially alter the
AUC. This result is reported for completeness but should be interpreted with caution. The
frozen nomogram achieved an AUC of 0.771 (95% CI: 0.62–0.92), with sensitivity 68.2% and
specificity 71.4% at the Youden-optimal cutoff (Figure 7G), indicating modest but consistent
discriminative performance in an independent cohort.

2.7. GSEA Enrichment Analysis of Hub PCD-DEGs

Hallmark pathway analysis revealed that CDKN1A, CX3CR1, INHBB, and RHOB were
commonly enriched in TNFα/NF-κB, hypoxia, and UV response pathways (Figure 8A–D).
CDKN1A, INHBB, and RHOB additionally co-enriched in p53 and apoptosis pathways,
whereas CX3CR1 showed inverse enrichment. In high-expression cohorts, all four genes
upregulated stress-response mediators (FKBP5, GADD45B) and inflammatory factors (IL6,
CXCL8), and downregulated immune-modulatory genes (XIST, NELL1) and metabolic
regulators (CYP4B1, APOD). Upregulated CDKN1A and RHOB enriched TNF signaling
and stress pathways, while downregulated CX3CR1, INHBB, and RHOB suppressed
autoimmune pathways. CX3CR1 downregulation uniquely attenuated ascorbate/aldarate
metabolism, and RHOB upregulation enriched vitamin digestion pathways, indicating
both convergent and gene-specific roles.
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Figure 7. Construction of OA diagnostic model, ROC curves, and validation of Hub PCD-DEGs:
(A) nomogram for diagnosis of OA; (B) calibration curves for assessing the predictive accuracy of
the nomogram; (C) clinical decision curve of the diagnostic model; (D) ROC curve analysis of Hub
PCD-DEGs and nomogram in the training set; (E) box plots of Hub PCD-DEGs in the training set;
(F) clinical decision curves, ROC, and box plots analysis of Hub PCD-DEGs and nomogram in the
GSE1919 dataset; (G) clinical decision curves, ROC, and box plot analysis of Hub PCD-DEGs and
nomogram in GSE89408 dataset. * p < 0.05, ** p < 0.01, *** p < 0.001.
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Figure 8. GSEA enrichment analysis of Hub PCD-DEG: (A–D) CDKN1A, RHOB, INHBB, and
CX3CR1 were each subjected to GSEA HALLMARK pathway enrichment ridge mapping, differential
expression heatmapping of high and low expression groups, and single-gene GSEA, respectively.
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2.8. Predicting miRNA and TF of Hub PCD-DEGs

We predicted the miRNAs and TFs that Hub PCD-DEGs might act on using an online
database to visualize the regulatory network using Cytoscape. The network contains
151 nodes involving 306 edges, 235 miRNAs, and 54 TFs. hsa-miR-6748-5P, hsa-miR-5010-
3p, and hsa-miR-4458 may be the acting target miRNAs coregulated by the Hub PCD-DEGs
(Figure 9).

Figure 9. miRNA-TF-mRNA regulatory network of Hub PCD-DEG. Red circles represent genes; blue
V shapes represent predicted miRNAs; yellow circles represent TFs.

2.9. Immune Characteristics of OA

ssGSEA of the training set and GSE89408 dataset revealed that OA synovial samples
had increased infiltration of memory B cells, plasma cells, Tregs, resting mast cells, and
neutrophils, whereas CD4+ memory resting T cells, activated NK cells, and activated
mast cells were decreased (Figure 10A,B). Spearman correlation analysis showed positive
associations of RHOB, INHBB, and CDKN1A with activated mast cells, resting NK cells, and
CD4+ memory resting T cells, and a negative association of CX3CR1 with these cells (p < 0.01
or p < 0.001) (Figure 10C,D). Immune cell composition was similar between datasets, with
CD4+ memory resting T cells and M2 macrophages being most abundant (Figure 10E,F).
Chemokine analysis identified CD48, CD27, CD28, NRP1, and CD244 as differentially
expressed in the training set, and CD200R1, CD244, CD28, CD44, and TNFSF18 in GSE89408;
CD244 and CD28 were consistently altered in both datasets (Figure 10G,H).
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Figure 10. Immune infiltration analysis. (A,B) Box plots of differences in the infiltration of 22 immune
cells in training sets and the GSE89408 dataset. (C,D) Correlation analysis of Hub PCD-DEGs with
22 immune cells in training sets and the GSE89408 dataset, * indicates p < 0.05, ** indicates p < 0.01,
*** indicates p < 0.001. (E,F) The composition of 22 immune cells in each sample was plotted as
a histogram in training sets and the GSE89408 dataset. (G,H) The expression differences in each
chemokine gene in training sets and the GSE89408 dataset.
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2.10. MDD Data Processing and Differential Genes Screening

Three MDD datasets from GEO were merged into a training set comprising 259 sam-
ples (100 normal, 159 MDD). UMAP analysis confirmed effective batch effect removal
(Figure 11A,B). Using the limma R package, 723 DEGs were identified, including 219 up-
regulated and 504 downregulated genes in MDD (Table S6). The top 60 DEGs are shown in
a volcano plot (Figure 11C) and a heatmap (Figure 11D).

Figure 11. Data processing and DEGs analysis of MDD: (A,B) PCA plots demonstrating sample
distribution before and after batch effect correction; (C) volcano plot of MDD DEGs; (D) heatmap of
top 60 MDD DEGs showing expression patterns in normal samples vs. MDD samples.

2.11. WGCNA of MDD

WGCNA was performed on the GSE98793 dataset to identify MDD-related gene
modules. The soft-thresholding diagnostic analysis revealed that a power of β = 4 was
the optimal threshold where the topology fit index first established scale independence(

R2 > 0.80
)

while preserving high mean connectivity. Unsupervised blockwise module de-
tection clusterings partitioned the highly variable transcripts into 10 distinct co-expression
modules. Three modules (yellow, red, and magenta), comprising 459 genes, showed sig-
nificant correlations with MDD, with the red module exhibiting the strongest association
(cor = 0.35, p = 3.8 × 10−6) (Figure 12A–E). Similarly, we conducted WGCNA analyses on two
additional MDD training datasets—GSE653 and GSE52790—and integrated all significant
modules (excluding gray modules) from the three datasets, identifying a total of 4467 genes
associated with MDD. These genes were selected as hub genes (Tables S3, S4 and S7). KEGG
enrichment analysis indicated significant enrichment in protein processing in the endoplasmic
reticulum, ubiquitin-mediated proteolysis, autophagy, phagosome, apoptosis, and pathways
of neurodegeneration (Figure 12F). GO analysis revealed enrichment in biological processes,
including cytoplasmic translation, macroautophagy, regulation of autophagy, RNA splicing,
ribonucleoprotein complex biogenesis, and response to endoplasmic reticulum stress; cellular
components, such as cytosolic ribosome, ribosomal subunit, spliceosomal complex, and focal
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adhesion; and molecular functions, including translation factor activity, RNA binding, and
helicase activity (Figure 12G).

Figure 12. WGCNA of MDD. (A) Sample dendrogram and trait heatmap. (B) Determine the optimal
soft threshold and construct a scale-free network by choosing nine based on where the red line
(R2 = 0.9) is located. (C) The gene cluster dendrogram. (D) Heat map of module-trait relationships.
(E) Scatter plot of correlations between gene significance (GS) and module membership (MM) in the
red module. (F) KEGG enrichment of crucial genes within the red module. (G) GO enrichment of
critical genes within the red module.

2.12. The Hub Co-Morbidity Genes Immune Characteristics of MDD

Intersection of MDD, OA, PCD, and WGCNA datasets identified eight hub comor-
bidity genes: VAMP8, PDK4, P2RX4, ITM2C, IL10RA, HSP90AA1, CTSO, and CRIP1
(Figure 13A). Immune infiltration analysis showed significantly upregulated neutrophils in
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MDD (Figure 13B). These hub genes positively correlated with naive B cells and CD8+ T
cells, and negatively correlated with memory B cells, M0 macrophages, and neutrophils
(Figure 13C). Immune checkpoint analysis revealed differential expression of CD160,
CD200R1, and CD48 (Figure 13D). MDD patients exhibited widespread alterations in pe-
ripheral immune cell profiles, including lymphocytes, innate immune cells, and chemokines
IL-10 and TNF (Figure 13E,F). The hub genes were effectively validated across eight inde-
pendent datasets (Figure 13G–N).

Figure 13. Identification and confirmation of key co-morbidity genes, along with analysis of im-
mune infiltration. (A) Venn diagram of the hub co-morbidity genes screen. (B) Box plots of differ-
ences in the infiltration of 22 immune cells in MDD. (C) Correlation analysis of Hub Co-Morbidity
genes with 22 immune cells in MDD. (D) Immune checkpoint analysis of Hub co-morbidity genes.
(E) The composition of 22 immune cells in each sample was plotted as a histogram in MDD. (F) The
expression differences in each chemokine gene in the training sets. (G–N) The hub co-morbidity genes
were validated in eight datasets: GSE52790, GSE98793, GSE54566, GSE58430, GSE76826, GSE32280,
and GSE44593. * p < 0.05, ** p < 0.01, *** p < 0.001.
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2.13. Single-Cell RNA Sequencing Analysis of the OA and MDD

Following the implementation of quality control procedures on the GSE152805 single-
cell RNA dataset, PCA identified 15 distinct cellular subpopulations, including endothelial
cells, fibroblasts, and various cell types such as endothelial cells, NK cells, monocytes, CD4
T cells, B cells, cancer stem cells, and endothelial cells (Figure 14A–C). It is noteworthy
that we identified differential expression of hub PCD-DEGs among distinct cell clusters
within the OA synovium (Figure 14D). Furthermore, CDKN1A and RHOB genes exhibited
high levels of expression across various cell clusters. Conversely, INHBB and CX3CR1
exhibited minimal expression across all cell types in OA (Figure 14E,F). To gain a clearer
understanding of cell cluster distribution in MDD and the expression differences in Hub
PCD-DEGs, single-cell RNA analysis was applied to the GSE144136 dataset. Following a
thorough quality control process on the GSE144136 dataset, principal component analysis
(PCA) successfully identified 15 distinct cellular subpopulations. As demonstrated in
Figure 14G,K, the following were observed: EX, Inhib, Mix, Oligos, Micro/Macro, Astros,
and OPCs. Furthermore, high expression of the HSP90AA1 and ITM2C genes was detected
in multiple cell clusters. In contrast, VAMP8, PDK4, P2RX4,1 LIORA, CTSO, and CRIP1
exhibited minimal expression in all cell types of MDD (Figure 14I–P).

2.14. Validation of Hub Genes at the Transcriptional and Protein Levels in Blood Samples from
Patients with OA Complicated with MDD

qRT-PCR and Western blot were used to verify the expression of CDKN1A, RHOB,
ITM2C, and HSP90AA1 in blood samples from exactly 6 independent biological subjects
per group (N = 6 for Control; N = 6 for OA–MDD comorbidity group). To maintain strict
data independence and prevent artificial data inflation, the technical triplicates performed
for each qRT-PCR run were averaged per individual, ensuring that each biological subject
was treated as a single independent statistical unit. Detailed demographic information and
relevant statistical data for the cohort members used in the wet laboratory validation exper-
iments are presented in Table S8. And this cohort is independent of the GEO Discovery
dataset. At the transcriptional level, all four hub genes were significantly upregulated in
the OA–MDD group (p < 0.05), with RHOB showing the most prominent increase (Mean
Fold Change = 4.02, 95% CI: 2.89–5.15) (Figure 15A,B). Upregulation was also observed
for CDKN1A (Mean Fold Change = 3.46, 95% CI: 2.25–4.67), ITM2C (Mean Fold Change
= 2.34, 95% CI: 1.72–2.96), and HSP90AA1 (Mean Fold Change = 2.11, 95% CI: 1.51–2.71).
At the protein level, the expression of these four genes was also significantly higher in
the OA–MDD group than in the control group (p < 0.05), as demonstrated by relative
density differences for CDKN1A (difference = 0.14, 95% CI: 0.06–0.22), RHOB (difference
= 0.22, 95% CI: 0.09–0.35), ITM2C (difference = 0.16, 95% CI: 0.07–0.25), and HSP90AA1
(difference = 0.14, 95% CI: 0.03–0.25) (Figure 15C,D). These results support the localized
candidate expression patterns of CDKN1A, RHOB, ITM2C, and HSP90AA1, which are
abnormally overexpressed at both mRNA and protein levels in the peripheral blood of
OA–MDD comorbidity patients. Crucially, while single-cell transcriptomic profiling un-
derscores discrete cell-type localization (such as CDKN1A/RHOB in OA synovial cell
populations and HSP90AA1/ITM2C in MDD neuronal clusters) and clinical blood tissue
evaluations demonstrate corresponding dysregulation, these observational findings do not
prove a direct causal mechanism or demonstrate that these genes actively drive OA–MDD
comorbidity pathogenesis. Rather, they highlight these molecules as prioritized candidate
signatures that warrant functional validation in prospective experimental models.
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Figure 14. Single-cell RNA sequencing analysis of the OA synovium. (A,B) Cells in the GSE152805
dataset were clustered into 14 types through the t-SNE dimensionality reduction algorithm. (C–F)
Histograms of features and scatter plots display the distribution of Hub PCD-DEGs across different
cell types in the GSE152805 dataset. (G,H) Cells in the GSE144136 dataset were clustered into 21 types
via the t-SNE dimensionality reduction algorithm. (I–P) Feature and scatter histograms showing the
distribution of Hub Co-morbidity Genes across different cell types in the GSE144136 dataset.
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Figure 15. Experimental validation of hub genes in blood samples from normal controls and patients
with OA–MDD using qRT-PCR and Western blot assays. (A) Heatmap showing mRNA expression
levels of CDKN1A, RHOB, ITM2C, and HSP90AA1 in control and OA–MDD groups. (B) Bar graph
of relative mRNA expression normalized to β-actin, with statistical significance indicated (* p < 0.05).
(C) Representative Western blot bands for CDKN1A, RHOB, ITM2C, HSP90AA1, and β-actin in
control and OA–MDD groups. (D) Bar graph of relative protein intensity quantified from Western
blot band densities (* p < 0.05).

3. Discussion
OA and MDD are leading causes of disability and mental health burden, with depres-

sion affecting up to 20% of OA patients [29]. Their shared inflammatory and oxidative stress
pathways, particularly via programmed cell death (PCD), remain poorly understood [30].
Recent studies have increasingly highlighted that systemic inflammation, evidenced by
elevated circulating cytokines and immune dysregulation, acts as a bridge between chronic
musculoskeletal pain and neurobehavioral changes [31,32]. Our transcriptomic analy-
sis identified 2365 DEGs in OA and 723 in MDD, including 24 PCD-DEGs in OA and
eight hub comorbidity genes (VAMP8, PDK4, P2RX4, ITM2C, IL10RA, HSP90AA1, CTSO,
CRIP1) common to both diseases. Enrichment analyses showed significant associations
with immune–inflammatory pathways (TNF, PI3K-AKT, MAPK) in OA, and with apop-
tosis, cellular senescence, and neuroinflammation-related pathways in MDD, consistent
with prior reports [33,34]. These findings are in line with previous bioinformatic reports
that have independently identified TNF-mediated inflammatory cascades and apoptotic
pathways as core pathogenic drivers in both OA synovitis and MDD-related neurodegen-
eration [35]. These findings suggest PCD pathways, especially apoptosis and pyroptosis,
may be associated with OA–MDD comorbidity via shared stress-response mechanisms.

Using machine learning and ROC analyses (AUC > 0.9), we identified four hub PCD-
DEGs (CDKN1A, CX3CR1, INHBB, RHOB) and eight comorbidity genes. CDKN1A has
been linked to the regulation of apoptosis and senescence; its upregulation in OA may be
associated with chondrocyte loss [36]. CX3CR1 has been reported to modulate immune
recruitment; its downregulation correlates with suppressed autoimmunity [37]. INHBB
(TGF-β family) is thought to support cartilage homeostasis [38], and RHOB has been linked
to TNF signaling and apoptosis, which are associated with synovial inflammation [39].
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Among comorbidity genes, HSP90AA1 and ITM2C were highly expressed in MDD neuronal
clusters, potentially contributing to neuroinflammation and synaptic dysfunction [40].
Single-cell RNA-seq confirmed distinct expression patterns: CDKN1A and RHOB in OA
synovium, HSP90AA1 and ITM2C in MDD. Immune infiltration revealed upregulated B
cells, Tregs, and neutrophils in OA, and neutrophils in MDD, with significant correlations
with hub genes (p < 0.01). These results highlight the diagnostic and therapeutic potential
of these genes for integrated OA–MDD management. Further functional studies in animal
models and clinical cohorts are needed to validate their precise roles.

Immune infiltration profiles differed between OA and MDD. OA showed increased
memory B cells, plasma cells, Tregs, and neutrophils, while MDD featured neutrophil
upregulation and altered lymphocyte subsets, consistent with prior reports [41]. Our ob-
servation of neutrophil activation aligns with recent meta-analyses demonstrating that
elevated neutrophil-to-lymphocyte ratios (NLR) correlate with the severity of both inflam-
matory arthritis and depressive symptom burden [42]. Hub PCD-DEGs correlated with
immune cells (e.g., positive correlations of RHOB, INHBB, CDKN1A with mast cells/T cells;
negative correlation of CX3CR1). Comorbidity genes positively correlated with naive B
cells and CD8+ T cells in MDD, and chemokines CD244/CD28 were differentially expressed
in both diseases, supporting shared immune mechanisms [43].

WGCNA identified three MDD-associated modules; the gray module (cor = 0.22,
p = 0.002) was most strongly associated. Its hub genes (VAMP8, PDK4, P2RX4, ITM2C,
IL10RA, HSP90AA1, CTSO, CRIP1) were enriched in neuroinflammation-related pathways
(protein processing, cellular senescence, apoptosis; p < 0.05) [44–48]. These genes were
validated across eight datasets, supporting their diagnostic potential.

Single-cell RNA-seq revealed cell-type-specific expression: CDKN1A and RHOB were
high in OA synovial cells; HSP90AA1 and ITM2C in MDD neuronal clusters. INHBB and
CX3CR1 showed minimal expression in OA, highlighting context-dependent roles [49,50]. In
blood samples from OA–MDD patients, qRT-PCR and Western blot confirmed significant up-
regulation of CDKN1A, RHOB, HSP90AA1, and ITM2C, corroborating the single-cell findings.

Several study limitations must be acknowledged. First, cross-tissue inference poses a
challenge, as transcriptomic data from OA synovium and MDD brain tissues may introduce
confounding tissue-specific effects. Second, this study lacks the baseline advantage of a
dedicated, large-scale comorbid discovery cohort profiling both diseases simultaneously,
relying instead on separate GEO datasets. Third, despite rigorous internal cross-validation,
the high-dimensional machine-learning screening carries an inherent risk of possible ML
overfitting and selection bias. Fourth, incomplete multiple-testing correction across cer-
tain multi-dataset integrations might introduce false positives. Fifth, the gray-module
interpretation in WGCNA remains complex and less definitive due to the functional hetero-
geneity of unassigned transcripts. Finally, there is a lack of functional validation to prove
whether these candidates actively drive or merely correlate with comorbidity pathogene-
sis. Future studies should address these gaps using larger prospective cohorts, rigorous
mechanism-focused functional experiments, and multi-omics pipelines.

4. Materials and Methods
4.1. Data Collection and Processing

Gene expression datasets were acquired from the Gene Expression Omnibus (GEO)
database, including 6 training datasets, 7 validation datasets, and 2 single-cell RNA se-
quencing datasets (Table 1). All preprocessing and batch effect removal were conducted
exclusively within each training cohort. External validation datasets were not accessed,
processed, or used in any way during training-phase operations. Three OA synovial
tissue datasets and three MDD datasets were merged, background-corrected, and nor-
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malized via the limma R package(v3.62.1), followed by batch effect removal applied only
within each training cohort using the ComBat empirical Bayes method in the SVA R pack-
age(v3.44.0) [51]. Batch correction parameters were computed only from training data.
External validation datasets were processed independently using the same normalization
procedure but were NOT included in the ComBat batch estimation step, ensuring no infor-
mation leakage from validation to training data. Normalization parameters (scaling factors,
model coefficients) were saved from the training cohort for independent re-application to
external validation datasets. External validation was conducted using 2 independent OA
synovial tissue samples and 5 MDD-related tissue samples, processed independently using
the stored training-set parameters. The single-cell RNA sequencing datasets were used to
characterize the pathological features of OA and MDD in subsequent analyses.

Table 1. All GEO datasets used in this study.

GEO (ID) Platform Tissue
Samples (Number)

Attribute
Normal OA MDD

GSE55235 GPL96 Synovial 10 10 0 Training (Ctrl vs. OA)

GSE55457 GPL96 Synovial 10 10 0 Training (Ctrl vs. OA)

GSE55584 GPL96 Synovial 0 6 0 Training (Ctrl vs. OA)

GSE39653 GPL10558 PBMC 24 0 21 Training (Ctrl vs. MDD)

GSE52790 GPL17976 PBMC 12 0 10 Training (Ctrl vs. MDD)

GSE98793 GPL570 whole blood 64 0 64 Training (Ctrl vs. MDD)

GSE1919 GPL91 Synovial 5 5 0 Validation (Ctrl vs. OA)

GSE89408 GPL11154 Synovial 28 22 0 Validation (Ctrl vs. OA)

GSE32280 GPL570 PBMC 8 0 15 Validation (Ctrl vs. MDD)

GSE44593 GPL570 AMY 14 0 14 Validation (Ctrl vs. MDD)

GSE54566 GPL570 AMY 14 0 14 Validation (Ctrl vs. MDD)

GSE58430 GPL14500 PBMC 6 0 6 Validation (Ctrl vs. MDD)

GSE76826 GPL17077 PBMC 12 0 10 Validation (Ctrl vs. MDD)

GSE152805 GPL20301 Synovial 0 3 0 Single cell (Hub gene localization)

GSE144136 GPL20301 DLPFC 17 0 17 Single cell (Hub gene localization)

Notes: DLPFC: dorsolateral prefrontal cortex; AMY: amygdala; DLPFC: dorsolateral prefrontal cortex;
PBMC: peripheral blood mononuclear cells; GPL96 (Affymetrix Human Genome U133A Array); GPL10558
(Illumina HumanHT-12 V4.0 expression beadchip); GPL17976 (Affymetrix Human hGlue_3_0_v1 Array); GPL570
(Affymetrix Human Genome U133 Plus 2.0 Array); GPL91 (Affymetrix Human Genome U95A Array); GPL11154
(Illumina HiSeq 2000); GPL14550 (Agilent-028004 SurePrint G3 Human GE 8x60K Microarray); GPL17077 (Agilent-
039494 SurePrint G3 Human GE v2 8x60K Microarray 039381); GPL20301 (Illumina HiSeq 4000). In the above list,
all control groups in the OA dataset represent non-healthy surgical controls and non-healthy population controls.

4.2. Download and Collate PCD-Related Genes

A comprehensive set of programmed cell death (PCD)-related genes was compiled by
integrating data from FerrDb, HADb, and the Molecular Signatures Database (MSigDB).
The collected genes covered diverse PCD modalities, including apoptosis, autophagy,
necroptosis, pyroptosis, ferroptosis, and cuproptosis. After removing duplicates, 1986 non-
redundant PCD-related genes were retained for subsequent analyses, and the full gene list
is presented in Table S1.

4.3. Identification of DEGs in OA

Differential expression analysis between normal and OA synovial samples in the
training set was performed using the limma R package [52], with differentially expressed
genes (DEGs) defined by an absolute log2 fold change greater than 1 and a false discovery
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rate (FDR) below 0.05. Visualization of the results, including volcano plots and heatmaps,
was carried out using the ggplot2 R package. The intersection of the identified DEGs with
the compiled PCD-related gene set yielded the set of PCD-related DEGs (PCD-DEGs).

4.4. Functional Enrichment Analysis

Functional enrichment analyses were performed using the ClusterProfiler (v4.12.2) [53]
and DOSE (v3.30.1) [54] R packages, with Kyoto Encyclopedia of Genes and Genomes
(KEGG), gene ontology (GO), and disease ontology (DO) enrichment terms screened at a
significance threshold of p < 0.05. Visualization of the enrichment results was conducted
using the ggplot2 R package (v3.5.1) [55]. Additionally, cluster enrichment analysis of the
PCD-DEGs, covering KEGG pathways and GO terms, was carried out using the Metascape
database, with statistical significance also defined as p < 0.05.

4.5. GSVA Enrichment Analysis

Gene set variation analysis (GSVA), a non-parametric approach for evaluating path-
way enrichment in transcriptomic data, was applied to characterize biological path-
way activities [56]. Reference gene sets comprising “Hallmark.all.v2022.1.Hs.symbols”
and “c2.cp.KEGG.symbols” were obtained from the Molecular Signatures Database
(MSigDB) [57]. Enrichment scores for HALLMARK and KEGG pathways were calcu-
lated for normal and OA synovial samples using the GSVA R package, with statistical
significance set at p < 0.05.

4.6. Protein–Protein Interaction Networks (PPI) and Correlation Analysis of PCD-DEGs

Protein–protein interaction (PPI) networks for PCD-DEGs were explored using the
STRING database, with interactions retained at a confidence score threshold of 0.4. Network
visualization was performed using Cytoscape (version 3.9.1), where nodes were ranked
according to their degree scores [58]. Interactions among PCD-DEGs at the mRNA level
were assessed using Pearson correlation analysis. Chromosomal localization information
for these genes was retrieved from the ENSEMBL database and visualized using the RCircos
R package [59].

4.7. Co-Expression Analysis of PCD-DEGs

The GeneMANIA database (http://genemania.org/) was employed to predict func-
tionally related genes based on a comprehensive set of association data [60]. PCD-DEGs
were submitted as input, with the analysis restricted to a maximum of 20 related genes and
10 functional attributes.

4.8. Identification of Hub PCD-DEGs

Three complementary machine learning algorithms—LASSO regression, SVM-RFE,
and Random Forest—were applied to the OA training set only to screen hub PCD-DEGs.
All feature selection and model tuning were conducted using a nested cross-validation
framework, with external validation data held completely separate throughout. LASSO
regression (glmnet R package) was implemented with a nested cross-validation structure:
inner 10-fold cross-validation for λ optimization (minimum binomial deviance criterion),
nested within an outer 5-fold cross-validation loop for unbiased AUC estimation [61]. This
nested structure ensures that λ selection and performance evaluation use separate data par-
titions, preventing optimistic bias [62]. Final features were genes with non-zero coefficients
at the optimal λ. SVM-RFE (e1071 R package) was implemented with embedded 5-fold
recursive feature elimination. In each fold, features were iteratively removed; the subset
achieving the maximum 5-fold cross-validation accuracy was selected [63]. Consensus
features appearing across folds were retained to reduce fold-specific selection variance [64].
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The Random Forest (randomForest R package) with a forest of 500 trees was grown with
10-fold cross-validation for variable importance ranking. Features with a mean decrease in
Gini index > 1.0 were retained. Out-of-bag (OOB) error rates were monitored for consis-
tency. The Venn diagram presents the hub PCD-DEGs, which are the PCD-related signature
genes common to all three machine learning methods.

4.9. Construction of a Diagnostic Model for OA

A nomogram was constructed based on the expression levels of hub PCD-DEGs using
the rms R package to enhance the clinical utility of OA diagnostic prediction [65]. Model
fitting was performed exclusively on the OA training set. The predictive performance of the
model was assessed through calibration curves, decision curves, and clinical impact curves.
External validation was conducted on independent datasets GSE89408 and GSE1919 using
the frozen nomogram coefficients without refitting or retuning.

4.10. ROC Curve Analysis and Differential Expression of Hub PCD-DEGs

The diagnostic performance of the hub PCD-DEGs and the constructed model was
evaluated using receiver operating characteristic (ROC) analysis performed with the pROC
R package [66]. Analyses were conducted on both the training set and the external valida-
tion datasets (GSE89408 and GSE1919). Differential expression levels of hub PCD-DEGs
between normal and OA synovial samples were assessed using the Wilcoxon test.

4.11. Construction of the miRNA-TF-mRNA Regulatory Network of Hub PCD-DEGs

To predict miRNAs potentially regulating the hub PCD-DEGs, the miRDB [67] and
miRTarBase databases [68] were utilized, and candidate miRNAs were retained by taking
the intersection of predictions from these resources. We then used the hTFtarget [69], EN-
CODE [70], CHEA [71], GTRD [72] and KnockTF databases [73] to predict the transcription
factors (TFs) that are potentially involved in the Hub PCD-DEGs. For screening, we used a
p-value of 0.05 or less. The regulatory network that emerged was visualized in Cytoscape
(version 3.9.1) with degree ranking.

4.12. Immune Infiltration Analysis

Immune infiltration analysis was performed using the CIBERSORT algorithm with
the LM22 signature matrix to deconvolute bulk transcriptomic data and estimate the
relative proportions of 22 immune cell subsets. Prior to analysis, the expression matrix
underwent quantile normalization QN = TRUE, and 100 permutations perm = 100 were
conducted to evaluate the stability. Samples with a CIBERSORT p-value > 0.05 were
excluded. The estimated proportions of the 22 immune cell types were subsequently
extracted for downstream analyses. Differences in immune cell proportions between
groups were compared using the Wilcoxon rank-sum test (validation cohort) or ANOVA
(training cohort) and visualized with the ggpubr package. Correlations between immune
cell proportions and key genes were assessed using the cor.test function and displayed as
heatmaps generated with ggplot2. All statistical analyses were performed in R version
4.2.1, with a significance threshold of p < 0.05.

4.13. Gene Set Enrichment Analysis

Gene set enrichment analysis (GSEA) was applied to identify statistically signifi-
cant differences in pathway activity between two biological states [74]. Samples in the
training set were stratified into high- and low-expression groups based on the median
expression level of each hub PCD-DEG. Enrichment analysis was performed using the
“Hallmark.all.v2022.1.Hs.symbols” reference gene set from the MSigDB database to evalu-
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ate pathways and molecular mechanisms associated with differential expression of the hub
PCD-DEGs between the two groups.

4.14. Identification of DEGs in MDD

The ConsensusClusterPlus R package was used for unsupervised clustering of MDD
samples, based on DEG expression values with K set to 10. The ideal K value is found by
evaluating the full cumulative distribution function (CDF) index. Principal component
analysis (PCA) assesses the distribution of samples across clusters, and the Wilcox test
evaluates DEG expression in MDD.

4.15. Molecular Characterization and Weighted Gene Co-Expression Network Analysis (WGCNA)
in MDD

Gene set enrichment analysis (GSEA) was performed using GO, KEGG, and Hallmark
gene sets from MSigDB to explore MDD-related biological functions. A weighted gene
co-expression network was constructed with the WGCNA R package [75] using genes with
absolute median expression difference > 0.25 in MDD samples. Genes were clustered into
co-expression modules via the topological overlap matrix (TOM), and the module most
significantly associated with MDD was selected. Hub genes in this module were identified
at p < 0.05, followed by KEGG and GO enrichment analyses for functional annotation.

4.16. Screening of the Hub Co-Morbidity Genes and Immune Characteristics of MDD

Hub comorbidity genes were identified by intersecting the MDD, OA, WGCNA, and
PCD datasets (Venn diagram). Single-sample gene set enrichment analysis (ssGSEA) was
conducted with the GSVA R package [56] to calculate enrichment scores of immune cells
and functions in normal and MDD samples [29]. The Wilcoxon test was used to assess
the relative abundance of immune cells and chemokine expression, and the Spearman
test was applied to analyze the correlations between hub comorbidity genes and immune
cells/functions.

4.17. Single-Cell RNA Sequencing Analysis

Single-cell RNA-seq datasets (GSE152805 for OA synovium, GSE144136 for MDD)
were analyzed using the Seurat R package. For the dataset, the Seurat object was created
with min.features = 200 and min.cells = 3. Quality control was performed by filtering cells
with nFeature_RNA > 200 and nFeature_RNA < 7000, and percent.mt < 15% (no ribosomal
gene filtering was applied). No doublet detection strategy (e.g., DoubletFinder) was
implemented. Data were normalized using the LogNormalize method with a scale.factor
of 10,000, and 2000 highly variable genes were identified using the vst method. Principal
component analysis was applied, followed by clustering with FindNeighbors dims = 1:6 and
FindClusters (resolution = 0.5). No batch effect integration via Harmony was performed
(the relevant code was commented out). Differential expression genes were identified
with min.pct = 0.25 and logfc.threshold = 0.25. Cell clusters were annotated using custom
markers derived from the literature rather than the CellMarker database. Expression levels
of hub PCD-DEGs and comorbidity genes were visualized across cell populations.

4.18. Study Subjects

This clinical validation study, combined with bioinformatics analysis, was approved
by the Ethics Committee of the First Affiliated Hospital of Jiangxi University of Traditional
Chinese Medicine (Approval No. JZFYLL20250103002). All participants provided written
informed consent, and all procedures were conducted in compliance with relevant guide-
lines. A total of 60 subjects were recruited from the Outpatient Department of Acupuncture
and Moxibustion of the hospital between June 2025 and May 2026. No significant differ-
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ences in baseline characteristics (gender, age, disease duration) were found between groups
(p > 0.05). OA was diagnosed according to the 2021 Diagnostic and Therapeutic Guidelines
for Osteoarthritis of the Chinese Medical Association Orthopaedic Surgery Branch. MDD
was diagnosed based on ICD-10 criteria with a HAMD-17 score ≥ 17. Inclusion criteria
were age 18–80 years, suprapatellar bursa effusion ≥ 2 mm on knee ultrasound, and no
systemic treatment for OA or MDD in the past 2 weeks. Exclusion criteria included preg-
nancy/lactation, long-term use of related drugs, severe knee joint deformity, and other
major physical or mental comorbidities. Peripheral blood samples were collected from
eligible subjects, cryopreserved, and used for subsequent molecular biological verification.

4.19. Experimental Validation

To verify the transcriptional and protein expression of hub genes (CDKN1A, RHOB,
HSP90AA1, ITM2C) in the peripheral blood of OA patients, quantitative real-time PCR
(qRT-PCR) and Western blot were conducted in this study. For qRT-PCR, total RNA was
extracted using TRIzol reagent, and RNA purity was confirmed with an A260/A280 ratio
of 1.8–2.0. RNA was reverse-transcribed into cDNA, and qPCR was performed on an ABI
ViiA-7 system with SYBR Green. Primer sequences are listed in Table S2. The amplification
procedure included pre-denaturation at 95 ◦C for 10 min, 40 cycles of denaturation at
95 ◦C for 10 s and annealing/extension at 60 ◦C for 60 s, followed by melting curve
analysis. Relative gene expression was calculated using the 2−∆∆Ct method with β-actin
as the internal reference. For qRT-PCR, all samples were analyzed in technical triplicate
to ensure procedural stability, and the triplicate values were averaged for each subject
prior to statistical analysis. The final dataset utilized for both qRT-PCR and Western blot
consisted of exactly 6 independent biological subjects per group (N = 6 for Control; N = 6
for KOA + MDD), ensuring that each subject was treated as an independent statistical unit.
For Western blot, total protein was extracted with RIPA lysis buffer containing protease
inhibitors, and protein concentration was determined by BCA assay. Equal protein was
separated via 10% SDS-PAGE and transferred to PVDF membranes. After blocking with
5% non-fat milk, membranes were incubated with primary antibodies against target genes
and β-actin at 4 ◦C overnight, then with HRP-conjugated secondary antibodies at room
temperature for 2 h. Protein bands were visualized using ECL substrate, and band gray
values were quantified with β-actin normalization.

4.20. Statistical Analysis

Statistical analyses were performed using R 4.2.2. Two-group comparisons were
assessed using the Wilcoxon test. Quantitative real-time PCR data from at least three inde-
pendent experiments are presented as mean ± SD. Statistical significance was determined
by an unpaired two-tailed Student’s t-test, with significance levels denoted as * p < 0.05, **
p < 0.01, and *** p < 0.001.

5. Conclusions
In conclusion, our study highlights the critical roles of PCD-related and comorbidity

genes in the inflammatory and immune dysregulation driving OA–MDD comorbidity. The
identified biomarkers and immune profiles provide a foundation for developing integrated
diagnostic and therapeutic strategies, potentially targeting shared pathways like TNF
signaling and apoptosis to improve patient outcomes. Further experimental and clinical
investigations are essential to translate these findings into precision medicine approaches.
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