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Abstract

Background Osteoarthritis (OA) is a joint disease closely associated with synovial tissue inflammation, with the sever-
ity of synovitis impacting disease progression. m7G RNA methylation is critical in RNA processing, metabo-

lism, and function, but its role in OA synovial tissue is not well understood. This study explores the relationship
between m7G methylation and immune infiltration in OA.

Methods Data were obtained from the GEO database. Hub genes related to m7G were identified using differential
expression and LASSO-Cox regression analysis, and a diagnostic model was developed. Functional enrichment, drug
target prediction, and target gene-related miRNA prediction were performed for these genes. Immune cell infiltra-
tion was analyzed using the CIBERSORT algorithm, and unsupervised clustering analysis was conducted to examine
immune infiltration patterns. RT-gPCR was used to validate hub gene expression.

Results Seven m7G hub genes (SNUPN, RNMT, NUDTT, LSM1, LARP1, CYFIP2, and CYFIP1) were identified and used
to develop a nomogram for OA risk prediction. Functional enrichment indicated involvement in mRNA metabo-

lism and RNA transport. Differences in macrophage and T-cell infiltration were observed between OA and normal
groups. Two distinct m7G immune infiltration patterns were identified, with significant microenvironment differences
between clusters. RT-gPCR confirmed differential hub gene expression.

Conclusion A diagnostic model based on seven m7G hub genes was developed, highlighting these genes as poten-
tial biomarkers and significant players in OA pathogenesis.
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Introduction

Osteoarthritis (OA) is the most prevalent form of arthri-
tis and a leading degenerative joint disease, often charac-
terized by pain, joint deformity, and disability [1]. While
traditionally viewed as a cartilage-centric disorder [2],
growing evidence indicates that OA is a whole-joint
disease, affecting not only articular cartilage but also
subchondral bone, synovium, meniscus, and the infra-
patellar fat pad (IPFP) in a complex pathological process
[3]. Synovial tissue plays a central role in OA, as interac-
tions within the synovial membrane trigger the release of
soluble mediators, driving inflammation [4]. The sever-
ity of synovitis is a key indicator of disease progression,
emphasizing its crucial role in OA pathogenesis. Among
the joint structures implicated in OA, the IPFP has
gained recognition as more than just a mechanical shock
absorber; it functions as an immunoactive organ, closely
interacting with the synovial membrane to form an
anatomo-functional unit that modulates inflammation.

OA develops and progresses due to multiple risk fac-
tors, including aging, obesity, genetic predisposition,
joint injuries, and metabolic disturbances [5, 6]. Among
these, aging is a major contributor, as aged chondrocytes
exhibit reduced regenerative capacity and increased sus-
ceptibility to oxidative stress [7]. Obesity accelerates OA
not only through excessive mechanical loading but also
via metabolic inflammation driven by adipokines [8].
Genetic predisposition influences OA by identifying key
risk loci involved in cartilage homeostasis and inflamma-
tory signaling [9]. Joint injuries, such as meniscal tears
or anterior cruciate ligament ruptures, exacerbate OA
by triggering inflammatory cascades and joint instability
[10]. Additionally, metabolic conditions like diabetes and
dyslipidemia promote OA through systemic inflamma-
tion and oxidative stress [11].

The immune system plays a pivotal role in OA progres-
sion, with chronic inflammation acting as a key driver of
symptom exacerbation and disease advancement [12]. In
OA, the synovial membrane exhibits persistent inflam-
mation, attracting immune cells such as macrophages,
neutrophils, and lymphocytes. These infiltrating cells
release pro-inflammatory cytokines (e.g., IL-1p, TNF-qa,
IL-6) and chemokines, further disrupting immunologi-
cal homeostasis and accelerating cartilage degradation,
subchondral bone remodeling, and osteophyte formation
[13]. This inflammatory environment extends beyond the
synovium, affecting the cartilage, infrapatellar fat pad,
and meniscus, reinforcing the view that OA is a systemic
joint disease, rather than a localized cartilage disorder
(14, 15].

RNA modification is a common post-transcriptional
process in eukaryotes that has garnered increasing
research interest. Among these modifications, RNA
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methylation plays a pivotal role in disease progres-
sion, significantly impacting RNA splicing, subcellular
distribution, degradation, stability, and translation [16,
17]. Emerging evidence suggests a link between RNA
modifications and inflammatory diseases, including
OA [18], highlighting the need to investigate epige-
netic factors influencing OA progression and treatment
response. Among RNA methylation types, m6A and
m7G are the most prevalent [19, 20]. Research on m6A
has been more extensive, whereas investigations into
m7G remain relatively limited. The m7G nucleotide is
primarily found in tRNAs and rRNAs, where it plays
a pivotal role in regulating various aspects of mRNA
metabolism throughout its life cycle. Notably, m7G cap
modifications are frequently observed in mRNAs asso-
ciated with OA [21], exerting significant influence over
translation efficiency, splicing, and mRNA stability [20].
Furthermore, m7G modifications modulate the synthe-
sis of OA-related proteins by regulating RNA-binding
proteins [22, 23], thereby affecting the translation of
inflammatory mediators and cartilage matrix com-
ponents. Emerging evidence underscores the critical
involvement of m7G modifications in a wide range of
biological processes, including immune cell infiltration,
immunotherapeutic responses, inflammatory regula-
tion, and antitumor activity [20, 24]. These functional
effects are largely mediated through intricate interac-
tions among m7G RNA methylation regulators. Conse-
quently, elucidating the precise mechanisms underlying
m7G modifications in OA is essential for advancing our
understanding of disease pathogenesis and progression.

With the advancement of microarray sequencing and
bioinformatics, numerous studies have leveraged these
technologies to identify novel biomarkers, uncover
epigenetic alterations, and elucidate molecular mecha-
nisms in various diseases. Recent findings highlight the
potential of dysregulated genes and proteins in OA as
diagnostic markers and therapeutic targets.

In this study, we identified seven m7G hub genes
(SNUPN, RNMT, NUDT1, LSM1, LARP1, CYFIP2,
and CYFIP1) in OA through differential expression
analysis and LASSO Cox regression. We evaluated
their predictive potential and developed a diagnostic
model. Further analyses, including functional enrich-
ment, immune infiltration, drug target prediction, and
miRNA prediction, were conducted to explore their
roles in OA pathogenesis. Additionally, we classified
OA patients into two m7G modification subtypes and
performed immune infiltration and gene set enrich-
ment analysis (GSEA) to characterize their molecular
profiles. Finally, we validated the expression of these
seven hub genes using real-time quantitative polymer-
ase chain reaction (RT-qPCR).
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Materials and methods

Data acquisition

The Gene Expression Omnibus (GEO) (http://www.
ncbi.nlm.nih.gov/geo/) is a public genomics database
that stores gene expression profiles, raw sequences, and
platform information. Using the keyword “OA” in the
GEO database, datasets containing synovial tissue sam-
ples from both normal individuals and OA patients were
retrieved, based on the following criteria: (1) Homo sapi-
ens; (2) RNA expression profiling by microarray; (3) OA
or normal tissue samples. A total of eight OA-related
datasets were downloaded for this study (Table 1). Six
datasets were used as training cohorts, while two data-
sets were used as independent validation cohorts. All
eight datasets consisted of human knee synovial tissue
samples.

Data integration and pre-processing

In this study, each of the six datasets was annotated using
Perl software to map probes to the platform annotation
information, converting probe names into gene names.
The datasets were then merged using the “inSilicoMerg-
ing” package in R, and batch effects were corrected using
the Johnson WE method to eliminate systematic differ-
ences between studies [25]. The resulting batch-corrected
matrix was then processed using the robust multi-array
averaging algorithm in the “limma” package to generate
expression data for further analysis. For genes with mul-
tiple corresponding probes, the average expression value
was used. The final integrated dataset consisted of 39
normal samples and 41 OA samples.

Differential expression analysis

A total of 40 m7G-related genes (Additional
file 1: Table S1) were compiled from the gene sets
GOMF_RNA_CAP_BINDING, GOMF_RNA_7_
METHYLGUANOSINE_CAP_BINDING, GOMF_
M7G_5_PPPN_DIPHOSPHATASE_ACTIVITY, and

Table 1 Characteristics of GEO datasets included in the study

Type Series Platform NOR OA Species
Training cohort GSE1919  GPL91 5 5 Homo sapien
Training cohort GSE55235  GPL96 10 10 Homo sapien
Training cohort GSE82107  GPL570 7 10 Homo sapien
Training cohort GSE55457  GPL96 10 10 Homo sapien
Training cohort GSE77298  GPL570 7 0 Homo sapien
Training cohort GSE55584  GPL96 0 6 Homo sapien
Total 39 41

Validation cohort  GSE12021  GPL96 9 10 Homo sapien
Validation cohort  GSE12021  GPL97 4 10 Homo sapien
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GOBP_7_METHYLGUANOSINE_RNA_CAPPING.
Given that our study focuses on knee synovial tissue sam-
ples in OA, we screened these 40 genes across six OA-
related datasets to ensure relevance and reliability. Genes
with available expression data in at least one dataset were
retained, while those with undetectable expression (i.e.,
missing or below detection limits across all datasets)
were excluded. We investigated the association between
m7G RNA methylation regulators and disease progres-
sion, as well as their co-expression patterns. A protein—
protein interaction (PPI) network was constructed using
the STRING database [26] to explore interactions among
these regulators, which are involved in biological signal-
ing, gene expression control, metabolism, and cell cycle
regulation. The PPI network was then visualized using
Cytoscape (v3.0.0) [27]. To identify OA-related and sig-
nificant m7G differentially expressed genes (DEGs),
we conducted differential expression analysis using the
“limma,” “reshape2;, and “ggpubr” packages in R. The
resulting expression data were formatted into ggplot2
input files to generate heat maps and box plots for visu-
alization. Additionally, the “circus” package in R was used
to map the chromosomal localization of m7G DEGs [28].

Identification of m7G hub genes for the diagnosis of OA
Based on the expression levels of DEGs, univariate logis-
tic regression was performed using the “rms” R package
to identify m7G hub genes closely associated with OA
occurrence. To further refine gene selection and prevent
overfitting, we applied LASSO Cox regression analysis
using the “glmnet” R package, which employs L1 regu-
larization to penalize the number of variables included
in the model. To determine the optimal lambda (\)
value, tenfold cross-validation was conducted, selecting
lambda_min, which corresponds to the smallest mean
cross-validated error. This method ensures that only
the most predictive genes with nonzero coefficients are
retained. The risk score performance in differentiating
OA patients from healthy individuals was assessed using
Receiver Operating Characteristic (ROC) curve analysis
with the “pROC” package in R. A high predictive ability
was indicated by an area under the curve (AUC) >0.7 and
P<0.05. The diagnostic efficacy of the model was fur-
ther validated using two independent validation cohorts
through ROC curve analysis.

Construction of the nomogram model

The nomogram prediction model, based on multivariate
analysis, integrates multiple predictors to estimate the
probability of disease occurrence in individual patients
[29]. A risk prediction model was developed using the
seven key m7G-related genes, with the “rms” package
employed to construct a nomogram for predicting OA
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incidence. To assess the model’s accuracy and reliabil-
ity, a calibration curve was generated to compare pre-
dicted and actual values, ensuring consistency. Each
characteristic gene was assigned a score within the
nomogram model, where higher scores corresponded
to a higher likelihood of OA, allowing for an evaluation
of the model’s clinical utility in guiding patient-specific
decision-making.

Function enrichment analysis

Gene ontology (GO) was employed to analyze the hub
genes from three aspects: biological process (BP), cellu-
lar component (CC), and molecular function (MF) [30].
Kyoto encyclopaedia of genes and genomes (KEGG) [31]
was applied to explore the hub genes-related pathways
and high level biological functions. The background gene
sets selected the GO annotations from SangerBox (ver-
sion 3.0) platform (http://vip.sangerbox.com/home.html)
and the latest KEGG pathway gene annotations that
were obtained from KEGG rest API (https://www.kegg.
jp/kegg/rest/keggapihtml). Enrichment analysis was ful-
filled with SangerBox platform [32]. The maximum and
minimum gene set sizes were set to 5,000 and 5, respec-
tively, and the threshold of statistical significance was set
to P Value <0.05 and FDR < 0.05.

Prediction of drug and miRNAs targets

Drug target prediction of hub genes was performed
through the Enrichr website (https://maayanlab.cloud/
Enrichr/). We used miRNet (https://www.mirnet.ca/)
[33], a tool that integrates data from 11 different miRNA
databases, to predict regulatory miRNAs of the common
hub-genes.

Immune cell infiltration analysis

The immune microenvironment comprises immune
cells, inflammatory cells, fibroblasts, mesenchymal cells,
cytokines, and chemokines, playing a crucial role in dis-
ease progression and treatment response. Immune cell
infiltration analysis is particularly valuable for under-
standing OA pathology and therapeutic targets. To esti-
mate the proportion of immune cells in OA samples, we
applied the CIBERSORT algorithm, which utilizes linear
support vector regression to deconvolute gene expression
profiles from RNA-sequencing data [34]. The relative
abundance of 22 immune cell types was calculated and
visualized using histograms and box plots, comparing
OA and normal groups. Finally, we used the “corrplot”
package in R to perform a Spearman correlation analy-
sis, examining relationships between infiltrating immune
cells and m7G RNA methylation regulators.
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Identification of m7G modification patterns in OA

Based on the expression profiles of seven m7G hub genes,
unsupervised consensus clustering analysis was con-
ducted to identify distinct m7G modification patterns in
OA samples. Clustering was performed using the “Con-
sensusClusterPlus” package, with 1,000 iterations on 80%
of the samples to ensure stability and robustness [35]. To
further characterize these modification patterns, Princi-
pal Component Analysis (PCA) was applied to assess the
expression profiles of 22 m7G RNA methylation regula-
tors, leading to the classification of the OA cohort into
two distinct patterns. A PCA-based scoring system was
then developed to quantify m7G modification patterns in
individual patients. Box plots were used to visualize dif-
ferences in m7G RNA methylation regulator expression
across patterns. Finally, the levels of 22 immune cell types
were compared between the two m7G modification pat-
terns to explore their association with immune infiltra-
tion in OA.

Pathway enrichment analysis in m7G modification patterns
GSEA was performed using GSEA v3.0 (http://www.
broadinstitute.org/gsea) [36] and downloaded the c2.cp.
kegg.v7.4.symbols.gmt and c2.cp.reactome.v7.4.symbols.
gmt subsets from the Molecular Signatures Database
(http://www.gsea-msigdb.org/gsea/downloads.jsp)  [37]
to evaluate the related pathways and molecular mecha-
nisms of different clusters. The statistical significance was
assessed using a significance level of P<0.05.

Sample collection

Synovial tissues from 3 patients with meniscus injury and
3 patients undergoing total knee arthroplasty due to OA
were collected from the Third Hospital of Hebei Medi-
cal University. All patients were strictly read and signed
informed consent and approved by the Ethics Committee
of the Third Hospital of Hebei Medical University. The
research followed the guidelines of the 1975 Declaration
of Helsinki.

RNA extraction and gene expression analysis

The synovial tissue samples were subjected to RNA
isolation using Redzol Reagent (SBS, Beijing, China)
to obtain total RNA. The quality and concentration of
the extracted RNA were assessed using a NanoDrop
spectrophotometer. Complementary DNA was syn-
thesized using the SureScript RTase Mix and Sure-
Script RT Reaction Buffer following the manufacturer’s
protocol. The primer sequences for the genes can be
found in Additional file 1: Table S2. RT-qPCR was per-
formed using the 2XSYBR Green qPCR Master Mix
(None ROX) (Servicebio, Wuhan, China), with GAPDH
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serving as the endogenous reference gene for nor-
malization. The 2724¢T method was used to calculate
relative gene expression levels. All experiments were
performed in triplicate, and data were presented as
mean + standard deviation. Statistical analysis was con-
ducted using GraphPad Prism 9.0, with an independent
Student’s t-test applied to compare gene expression lev-
els between OA and normal samples. P <0.05 were con-
sidered statistically significant.

Statistical analysis

All statistical analyses in our study were performed
with R software (version 4.3.1). To compare two groups
of continuous variables, statistical significance of nor-
mally distributed variables was calculated using an
independent Student’s t-test, and differences between
non-normally distributed variables were calculated
using the Wilcoxon rank-sum test. The chi-square test
or Fisher’s exact test was carried out to analyze the
statistical significance between two sets of categorical
variables. Correlation coefficients between different
genes were estimated via Spearman correlation analy-
sis. All statistical P values were two-sided, and P<0.05
was considered statistically significant. For all figures: *
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Results

Differential analysis of m7G RNA methylation regulators
Batch effects were removed from the GEO dataset to
obtain an integrated dataset comprising 41 OA samples
and 39 normal samples (Fig. 1). Prior to batch effect cor-
rection, Uniform Manifold Approximation and Projec-
tion (UMAP) analysis showed that samples clustered
by dataset, indicating the presence of significant batch
effects (Fig. 1A, C). After batch correction, the distribu-
tion of samples became more intermixed across data-
sets, demonstrating that batch effects were effectively
mitigated while preserving biological variation (Fig. 1B,
D). The improved clustering of OA and normal samples,
independent of dataset origin, further supports the effec-
tiveness of this batch effect removal process. A total of
22 m7G RNA methylation regulators with statistically
available expression data were identified across datasets:
WDR4, SNUPN, RNMT, RNGTT, NUDT4, NUDTS3,
NUDT1, NCBP2, NCBP1, METTL1, LSM1, LARPI,
IFIT5, EIF4G3, EIF4E2, EIF4E, EIF3D, DCP2, CYFIP2,
CYFIP1, CMTRI, and AGO2. These genes were subse-
quently analyzed for differential expression, correlation
patterns, and functional enrichment. The PPI network,
constructed from these 22 m7G RNA methylation regu-
lators, consisted of 22 nodes and 108 edges (Fig. 2A), with
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expression analysis, nine DEGs closely associated with
OA were identified. Among them, SNUPN, NUDTI,
LSM1, EIF4E2, CYFIP2, and CYFIP1 were upregulated in
OA, whereas RNMT, METTL]1, and LARP1 were down-
regulated (Fig. 2B, C). The chromosomal distribution of

these m7G DEGs was mapped to visualize their genomic
locations (Fig. 2D).

Construction of risk model

We performed univariate logistic regression analysis on
the selected nine m7G DEGs (Fig. 3A). Next, LASSO
Cox regression was performed on nine candidate m7G
DEGs to identify the most critical genes associated
with OA. A tenfold cross-validation curve (Fig. 3B) was
used to determine the optimal lambda (\) value, with
lambda_min selected as the cutoff point to achieve the
lowest cross-validated error. As A increased, coefficients
of less significant genes gradually shrank to zero, leav-
ing only seven key genes with the strongest predictive
power for OA (Fig. 3C). The expression levels of these
seven hub genes were incorporated into the risk score

model, where each gene’s contribution was weighted by
its LASSO coefficient. The ROC curves of the diagnostic
model in the integrated dataset, GSE12021 [GPL96], and
GSE12021 [GPL97] datasets showed AUC values of 0.96,
0.93, and 0.84, respectively, demonstrating high accuracy
and specificity in distinguishing OA samples from nor-
mal samples (Fig. 3D-F). This confirms that these seven
genes have potential as biomarkers for OA. Using these
hub genes, we developed a nomogram model to predict
OA prevalence (Fig. 4A). The model’s calibration curve
(Fig. 4B, C) showed strong consistency with actual OA

diagnosis rates, further supporting its reliability as a pre-
dictive tool.

Function enrichment analysis

In order to identify the different biological functions
of m7G hub RNA methylation regulators, we per-
formed enrichment analysis of hub genes. GO terms
of m7G hub genes were represented by BP, CC, and
ME. The BP analysis of GO terms showed that these
genes were significantly enriched in mRNA metabolic
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process, regulation of neurotrophin TRK receptor
signaling pathway, neurotrophin TRK receptor signal-
ing pathway, dendrite extension, neurotrophin sign-
aling pathway, vascular endothelial growth factor
receptor signaling pathway and dGTP catabolic pro-
cess (Fig. 5A). For the CC of GO terms, these genes
were mostly related to mRNA and RNA cap binding

complex (Fig. 5B). With regards to the MF, the genes
were mostly related to RNA binding, RNA cap binding
and translation regulator activity (Fig. 5C). The KEGG
results showed that the genes were mainly related to
RNA transport, Pathogenic Escherichia coli infection,
Regulation of actin cytoskeleton, RNA degradation and
mRNA surveillance pathway (Fig. 5D).



Huo et al. BMC Musculoskeletal Disorders (2025) 26:333 Page 8 of 18
A Nomogram
0 10 { 30 40 50 60 70 80 9 100
Points.
SNUPN
6 6.5 8 85 9 9.5
RNMT
674 6.8 66 64 62
NUDTI
0 1 2 3 4 5 6 7 8
LSM1
84 86 88 9 92 94 96 98 10 102 104
LARP1
10. 0 9s > 55 6 p 5s
CYFIP2
3 4 4 6 75 8
CYFIP1
10 102 104 10.6 10.8 1n 1.2 14 1.6 1.8 12 122 124
Total Points
0 50 150 200 250 300
Risk of Disease
0.001 0.01 005 0.1 020304050607 08 09 095 099 0.999
B Predicted Probability C
Gene Sample Coef Mean expression
o« .
S SNUPN n=80 1.468 : 8.281
RNMT n=80 -0.382 | 7964
ER NUDT1 n=80 0.016 | 6.024
5o :
a LSM1 n=80 0.482 : 9128
3 .
2 LARP1 n=80 -0.293 : 8.760
< S — CYFIP2 n=80 0.641 ! 5.997
2 — Bias-corrected :
--- Ideal CYFIP1 n=80 0.912 | 11.238 Beeeeees ®------f
. T T T T T T T T T 1
4 5 6 7 8 9 10 n 12
Hazard Ratio(95%Cl
g .
T T ! T
02 04 06 0.8

Fig. 4 Construction of the nomogram model. A A nomogram model constructed based on the seven hub genes. B Calibration curve

of the column line graph. C Forest plot of seven hub genes in OA patients

Prediction of characteristic genes related targets

For drug target prediction, chlortetracycline HL60
DOWN, PARAQUAT CTD 00006471, baclofen HL60
DOWN and other candidate molecules were predicted
to have potential therapeutic effects because they had the
highest odds ratio and the highest comprehensive score
(Table 2). We applied the miRNet database to screen the
targeted miRNAs of SNUPN, RNMT, NUDT1, LSM1,
LARP1, CYFIP2 and CYFIP1. A total of 286 miRNAs
were predicted, 24 miRNAs with association with three
or more genes. Finally, the network of characteristic
genes and potential miRNAs-targeted was visualized
(Fig. 6).

Differences in immune characteristics

The CIBERSORT analysis revealed that the levels of
resting CD4+ memory T cells, activated mast cells, and
eosinophils were significantly lower in the OA group
compared to the normal group (Fig. 7A, B). Conversely,
the levels of activated CD4+memory T cells, regulatory
T cells (Tregs), MO macrophages, M1 macrophages, and
resting mast cells were significantly higher in the OA

group (Fig. 7A, B). Furthermore, we calculated the cor-
relation between immune cell contents (Fig. 7C). There
was a significant positive correlation between activated
CD4+ memory T cells and naive CD4+T cells (r=0.79)
and a significant negative correlation between resting
mast cells and activated mast cells (r=—-0.69). Addition-
ally, the analysis of the seven m7G hub genes revealed
that they were closely related to several immune cells in
the OA group (Fig. 7D). CYFIP2 showed the strongest
positive correlation with memory B cells (r=0.50), while
NUDT1 had the strongest negative correlation with naive
B cells (r=-0.43).

Identification of m7G modification patterns

To further validate m7G methylation modification pat-
terns in OA patients, we used consensus clustering on
seven m7G hub regulators, dividing OA patients into
two distinct patterns (C1 and C2) based on optimal
clustering stability (k=2; Fig. 8A-C). Among 41 OA
patients, 29 were classified as C1 and 12 as C2. A heat
map illustrated the expression levels of m7G hub genes
in these two patterns (Fig. 8D), while PCA confirmed
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Table 2 The drug signatures database analysis of seven m7G hub genes

Description P value Odds Ratio Combined Score
Chlortetracycline HL60 DOWN 2.33E-04 24151689 202.050365
Paraquat CTD 00006471 2.29E-03 37.5014218 228.000274
Baclofen HL60 DOWN 2.75E-03 34.0706897 200.840176
5-Amino-2-methylphenol CTD 00004911 3.84E-03 333.05 1852.15668
Rescinnamin CTD 00003038 4.54E-03 277.513889 1497.0326
Rescinnamin TTD 00010545 4.89E-03 256.153846 1362.86237
Clopamide HL60 DOWN 5.88E-03 229154519 117.683872
Pinaflavol TTD 00010236 6.63E-03 184.953704 927.700129
LY-294002 HL60 UP 7.68E-03 158507937 771.885508
Reserpine TTD 00010547 8.02E-03 151.295455 730.060221

clear separation between C1 and C2 (Fig. 8E). Sig-
nificant differences in the expression of the seven hub
genes between C1 and C2 verified the clustering accu-
racy (Fig. 8F). Specifically, RNMT, LARP1, LSMI,
CYFIP2, and CYFIP1 showed higher expression in

C1, whereas SNUPN and NUDT1 were more highly
expressed in C2, indicating that C1 had overall upregu-
lated m7G hub genes. Furthermore, we found that the
m7G score was associated with these modification pat-
terns, with C1 showing a higher m7G score than C2

(Fig. 9B).
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Fig. 6 Screening of potential miRNAs targeting seven m7G hub genes. An interaction network of hub genes and potential miRNAs-targeted. Red
represented m7G hub genes, blue represented all miRNAs, and green represented miRNAs associated with three or more genes

Identification of the immune characteristics of two
modification patterns

The CIBERSORT algorithm was used to analyze immune
cell infiltration in the two distinct m7G modification pat-
terns, revealing significant differences in immune com-
position between the groups. C1 patients exhibited lower
levels of activated natural killer (NK) cells compared to

C2, while resting mast cells and naive B cells were signifi-
cantly more abundant in C1 (Fig. 9A). Further correlation
analysis of immune cell populations showed that in C1
patients, monocytes and eosinophils had a strong posi-
tive correlation (r=0.79), whereas activated NK cells and
MO macrophages were negatively correlated (r=-0.64)
(Fig. 9C). In contrast, in C2 patients, gamma delta T



Huo et al. BMC Musculoskeletal Disorders (2025) 26:333

Page 11 0f 18

0.8+
Group
@ Neutrophils
® Eosinophils
) Mast cells activated
@ Mast cells resting
® Dendritic cells activated
Dendritic cells resting
® Macrophages M2
® Macrophages M1
@ Macrophages MO
© Monocytes
NK cells activated 0
NK cells resting
T cells gamma delta
T cells regulatory (Tregs)
T cells follicular helper
T cells CD4 memory activated  0-0

0.6

EXpression
o
=
1

9
N

Expression Proportion(%)

AR KK Kk

éllééééull;éi; %i so_o 010

@ T cells CD4 memory resting

duL

T T T T T
© T cells CD4 naive & SIS S FFF LIPS SFS
@7 cells CD8 L LTS ST K F S Q;\gs Q;\@%“ FTHLELS
@ Plasma cells F T FTFP TTE E T T FTFFT T S S S
F O F T TS Ty TS TN S <5<
B cells memory D&V Ve S HEFFITLES PO D gD
@B cells naive 2 R i e F W T e
P T F & TS \A‘w“e‘s&\v‘&
FF &y S Qé‘ &
ROEOES o
cf‘é)\"
B cells naive [§ 03710.04]-0.11[0.41[0.12]0.37[0.03[0.10]0.22[-0.11]0.05 [-0.14] 0.07 [ 0.17[-0.12]-0.05[-0.15[ 0.07 |-0.17[ 0.11 |-0.20] | ffi
B cells memory 0271-0.12/-0.07/-0.07/0.1310.09 [ 0.04 -0.08]-0.091-0.11-0.12/ 0.02 [-0:29/ 0.12 12.6¢-3 0.10 |-0.08 -0.08 -0.06| *
Plasma cells -0.05/-0.111-0,04/ 0.28 10.10[0.01 [-0.09/ 0,03 1-0.05]-0.04/ 0.07 [-0:3115.8¢-39.5¢-2.6¢-4-0.10/-0.03]-0.11| , [ 0-1
T cells CD8 * -0.14/-0.231-0.05/0.39 | 0.30 |-0.29/-0.131-0.011-0.03-0.06| 0.15 |-0.12/ 0.10 {4.4¢-3-0.07/-0.09| 0.11 |-0.14 0.2
T cells CD4 naive P r -0.17/-0.07] 0.350.04 ]-0.14]-0.06] 0.18 |-0.03-0.19/-0.1312.3¢-8.2¢-3-0.09/-0.04| 0.01 | » }-0.3
T cells CD4 memory resting |- - - * - -0:37]-0.20/-0.151 0.14 1 0.41 | 0.02 |-0:42:4.5¢-3-0.15/ 0.26 | 0.18 |-0.24] 0.45 | 0.25 |-0.05 04
T cells CD4 memory activated | *** | . | - | . -0.141-0.18/0.33 1 0.02 |-0.06-0.03 0.08 | 0.03 |-0.25/-0.10/-0.01/ 0.04 |-0.11 0.10 | 0.06 | ® |-0.5
Tecells follicular helper |- | - | * |#ex| _ [aoee] 0.061-0.180.131-0.06/ 0.08 | 0.24 1-0.07|-0.081-0.06|-0.16/ 0.08 | 0.03 |-0.16| |- 0.6
T cells regulatory (Tregs) |_- - - nl | - - N 0.06 1-0.17/-0.131 0.05 |-0.01/-0.099.6¢-3/-0.23| 0.25 |-0.21|-0.14/-0.20 0.7
Tcellsgammadelta| * | - | - [ T x| . [+ | . | # -0031-0.20/0.02 [ 0.241030/-0:38/-0.12]-0.02 0.15 -027]-0.15[ 0.14 | @
NKecellsresting |- | - [ - [ - | .1 _1._1.1.1. 030 0.10/-0.06/-0.17/-0.17/-0:29 0.16 [-0.23[ 0.22 [-0.13| 0.54
NKcellsactivated [ - | - | - | - | . Twwea] . [ . [ . *x -0.04/-0:35/-0.04!4.6¢-30.38 | 0.14 |-0.18] 0.26 | 0.43 -0.15 1 fi
Monocy - [ [ [ I N ]| | I 031]0.11]-0.11]0.06 1 0.06 |-0.1317.2¢-4 023 [ 022
Macrophages MO | = | = | - | - | . [l . | . [ . [« [ . [Tesn|ee 0.16]-0.08]-037]-0.09]-0.01-0.16]-0.19]-0.14 06
MacrophagesM1 |_- | - | - | . | _ | . [ [ [ . e[ | . | _ [ . 016/ 024]-0.18/-0.13/0.03 [0.12[-0.15] 04
hages M2 |- |me | we| . e N [T [ 015/-0.16/-0.20/0.07 |-0.09/-030| 0.2
Dendritic cells resting |- - - - - L - - - - e - < - - 0.171-0.1110.25 |-0.13 0.0
Dendritic cells activated |- - - - - - - - * - - - - - - - - K p
Mastcellsresting | - | - | - | - [ . [ . [ [ « [ _ [Tw | | [ _ | o _o®9/-026/-0.19] 02
Mast cells acti d| - - 5 o L || & = ~ P ~ - * -0.4
Eosinophils | < L= 1 = | - [ - | * e ‘ P O T I E 06
= = = < 2 = = - 2 *x L | wxx - -
& SO P S S R SN PO ORI P CRC
s“"’\ 0&0 ey \aC‘Q Q‘\ 4’?\\0 '\\@\ o & > e‘:? e;\ & e?F\ & '\\9\ @‘}\Q '\\ﬁ\ e‘i& o‘?\
FF&T &S SERCN & N P R
7 & TS » & S e,@ 3 c}oQ c.‘eQ & cf}\% e}& ob\r’ Ll
& & s N NS & F ¢ & N
< OQ"* & ch>\" 9\‘93’ «c‘“ W ‘boé‘bo & W \‘{5’
«‘P\\% & ¥
«O

Qq%

&
&
& <

0.
B 0. o =
.- » A -
2% o4 109 12" o Teells CD8
a7 008 021 oos o S ndive
loa7 027 019 005 .
054 104 062 013 T cells CD4 memory resting
P2 056 ™" 025" 028°% oo T cells CD4 memory activated o050
0.19 0.03 -0.09 0.18
064 007 025 058 T cells follicular helper T T T
B 8 021 T cells regulatory (Tregs) cvEm
L006  -82e3 0.3 013
0.16 002 037 cells gamma delta
k020" 0.06 005 003 correlation coeflicient
070 015 013
022 007 006 015
079 018 014 Y o0
0.10 0.15 015 07 0. 7 g
026 045 045 . : 71
-0.05 019 020 0.02 0. 0220 005 008,
012 0.64 0.06 0.09 076 0.11| Macrophages MO
o o5 014 o, 028 0207 " acrophages M1 :
1.23| Macrophages M2 3
a
0,53 Dendritic cells resting
0.56| Dendritic cells activated
" 0,02| Mast cells resting
0.43| Mast cells activated
0.10| Eosinophils
0.56] Neutrophils

Type
®oa
@ NOR
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of 22 immune cells. D Correlation analysis of seven hub genes and immune cells

cells were positively correlated with MO macrophages
(r=0.89), while resting CD4+memory T cells exhib-
ited a negative correlation with follicular helper T cells
(r=-0.76) (Fig. 9D).

Function enrichment analysis of two modification patterns
In order to further study the changes in biological func-
tions between the two modification patterns based on the
expression levels of seven m7G hub genes, we performed
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of consensus clustering of seven characteristic m7G RNA methylation regulators in the two m7G modification patterns

GSEA on C1 and C2. The findings of the study indicated
a considerable enrichment of C1 in many biological pro-
cesses, including nitrogen metabolism, GnRH signaling
pathway, and long term potentiation, as observed in the
KEGG database. The enrichment analysis revealed a high
enrichment of C2 in parkinsons disease and ribosome,

as depicted in Fig. 9E. In the Reactome database, C1 was
significantly enriched in DNA damage telomere stress
induced senescence and regulation of mecp2 expression
and activity. C2 was significantly enriched in translation,
regulation of expression of slits and robos and influenza
infection (Fig. 9F).
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Validation of m7G hub genes

For our results, we used RT-qPCR to verify these 7 char-
acteristic regulators associated with m7G RNA meth-
ylation. In OA synovial tissue, the expression of RNMT
and LARP1 was significantly reduced in comparison to
the control group. Conversely, CYFIP2, LSM1, SNUPN,
NUDT]1, and CYFIP1 exhibited considerably high expres-
sion levels (Fig. 10). These results were consistent with
our predictions using bioinformatics tools.

Discussion
Osteoarthritis (OA) is a multifactorial disease influenced
by metabolism, mechanical overload, trauma, inflamma-
tion, and genetic predisposition, with synovial inflam-
mation playing a crucial role in disease progression [38,
39]. m7G modification, an essential epigenetic regulator
of RNA function, has been implicated in various diseases,
yet its role in OA and immune cell infiltration remains
unclear. To investigate this, we performed bioinformatics
analyses on microarray and high-throughput data, iden-
tifying m7G-related DEGs in OA and control samples.
Using LASSO Cox regression, we pinpointed m7G hub
genes strongly associated with OA and developed a pre-
dictive model. A ceRNA network was also constructed
to explore post-transcriptional regulation and potential
therapeutic targets. Further analysis of immune infiltra-
tion patterns led to the development of a scoring system
to quantify m7G modification patterns, and RT-qPCR
validation provided insights into the role of m7G in OA.
Gene microarray technology combined with bioinfor-
matics analysis has proven effective in identifying key
genes associated with various diseases, facilitating dis-
ease prediction and discovery of diagnostic and thera-
peutic targets. In this study, six datasets were integrated
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as a training cohort, including 41 OA and 39 normal
samples, with the model validated using two independ-
ent external cohorts. A total of 9 DEGs were identi-
fied among 22 m7G RNA methylation regulators, with
SNUPN, NUDT1, LSM1, EIF4E2, CYFIP2, and CYFIP1
upregulated in OA, suggesting their role in OA pro-
gression. After univariate logistic analysis and LASSO
Cox regression, we screened seven m7G hub genes and
constructed a diagnostic model, achieving AUC values
exceeding 0.8 across the training and validation cohorts,
confirming its high diagnostic accuracy.

A nomogram was developed based on these seven
m7G hub genes to predict OA risk. Genes were assigned
scores, with a total score<150 corresponding to a<5%
OA probability, while a score>230 indicated a>99%
probability. The calibration curve confirmed the mod-
el’s clinical utility, and RT-qPCR validation further sup-
ported our findings.

The combination of SNUPN, RNMT, NUDT1, LSM1,
LARP1, CYFIP2, and CYFIP1 may serve as a novel bio-
marker for OA, playing a role in disease development
and progression. Among them, SNUPN has also been
linked to chronic lymphocytic leukemia and various
cancers. The XPO1 protein, which binds to leucine-rich
nuclear export signals at the N-terminus of SNUPN, has
been found to be overexpressed or dysfunctional in mul-
tiple cancers [40, 41]. Chen et al. reported that SNUPN
is upregulated in OA, suggesting its involvement in OA
pathogenesis [23]. Similarly, Hao et al. constructed an
m7G-related scoring model incorporating SNUPN to
aid in OA diagnosis [40]. Our study further supports
SNUPN as a potential biomarker, highlighting its prog-
nostic significance in OA. While previous research has
primarily focused on SNUPN’s role in cancer, further
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Fig. 10 Validation of m7G hub genes using RT-gPCR. The relative mRNA expressions of SNUPN, RNMT, NUDT1, LSM1, LARP1, CYFIP2, and CYFIP1

were displayed
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comprehensive studies are needed to clarify its mecha-
nistic involvement in OA.

LARP1 is located in cytoplasmic stress granules and
colocalizes with the TORC1 complex and polysomal
ribosome. LARP1 involved in several processes, includ-
ing TORC1 signaling, cellular response to rapamycin, and
posttranscriptional regulation of gene expression. GO
annotations related to this gene include RNA binding and
translation initiation factor binding. Hao et al. also iden-
tified LARP1I as a significant biomarker for distinguishing
patients with OA from those without the condition [40],
a finding that aligns with the results of our investigation.

RNMT is involved in 7-methylguanosine mRNA cap-
ping and facilitates RNA export and translation [42].
Among its related pathways are formation of HIV elonga-
tion complex in the absence of HIV tat and HIV life cycle.
GO related to this gene include RNA binding and mRNA
(guanine-N7-)-methyltransferase activity. Yin et al. first
reported RNMT as a potential biomarker for OA and
performed preliminary validation in OA cell models and
clinical samples [43]. In addition, RNMT regulates the
expression of the LARP1 target (TOP mRNA in the ter-
minal polypyrimidine tract) in a selective manner. Dur-
ing T cell activation, an increase in ribosome abundance
causes the upregulation of RNMT, which is responsible
for coordinating mRNA capping and processing and
enhancing translational capacity.

CYFIP1 encodes a protein that regulates cytoskeletal
dynamics and protein translation. Reduced expression
of this gene has been observed in various human can-
cers and the encoded protein may inhibit tumor invasion.
Chen et al. identified CYFIP1 as a significant regulator of
RNA modification in OA, which examined the biomark-
ers and m7G modification pattern in the immune micro-
environment of OA [23]. Our study also proved this.

CYFIP2 has been shown to play an important regula-
tory role in the central nervous system [44]. CYFIP2
showed a significant relationship with immunomodula-
tory factors and immune-related genes. It can be used
as a cancer biomarker to determine the prognosis and
may be a promising treatment strategy for tumor immu-
notherapy [45]. The protein encoded by NUDT1 is an
enzyme that hydrolyzes oxidized purine nucleoside
triphosphates, which inhibits carcinogenesis and neu-
rodegenerative diseases. NUDT1 may play an important
role in the development of gliomas and clear cell renal
cell carcinoma through activation of HIF-1a expression
[46, 47]. LSM1 is known to participate in the general
process of mRNA degradation in complexes that contain
LSm subunits [48]. Overexpression of LSM1 has been
shown to promote the tumor transformation, prolifera-
tion, chemoresistance, and metastasis [49]. Our study is
the first one to show that CYFIP2, NUDT1 and LSM1
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may have an impact on the pathogenesis of OA, but it
still needs further exploration.

We conducted functional enrichment analysis of hub
regulators using GO and KEGG, revealing their involve-
ment in mRNA metabolic processes, mRNA cap binding,
RNA binding, and RNA transport, suggesting a strong
connection to mRNA regulation. m7G modification, a
highly conserved RNA modification, is present in the 5
cap structure of tRNAs, rRNAs, and mRNAs, playing a
critical role in RNA processing, metabolism, and func-
tion [23, 40]. Our findings highlight the impact of m7G
modification on mRNA cap synthesis, particularly in
OA-associated mRNAs, where it influences translation,
splicing, stability, and protein synthesis.

miRNAs, small non-coding RNAs (~22 nt), regulate
gene expression post-transcriptionally and are implicated
in tissue damage and disease progression [50]. As poten-
tial therapeutic targets, miRNAs have been linked to OA
[51], heart failure [52], and diabetes [53]. Our miRNA-
target gene network analysis identified hsa-mir-1-3p and
hsa-mir-16-5p as key regulators. Hsa-mir-1-3p has been
associated with type 1 diabetes and perioperative myo-
cardial injury [54, 55], while hsa-mir-16-5p plays a role
in neuroblastoma and osteosarcoma [56]. Further studies
are needed to validate their potential as OA biomarkers,
but these findings pave the way for precision diagnos-
tics and targeted therapy in OA. Additionally, drug tar-
get prediction suggested that chlortetracycline HL60
DOWN, PARAQUAT CTD 00006471, and baclofen
HL60 DOWN may have therapeutic potential for OA.
However, further experimental validation is required to
confirm their clinical efficacy in OA treatment.

Numerous studies have highlighted the crucial role of
the immune response in OA pathogenesis, with m7G
methylation regulators implicated in immune infiltration
[57-59]. OA is characterized by inflammatory infiltration
of macrophages, T cells, mast cells, B cells, plasma cells,
NK cells, dendritic cells, and granulocytes within the
synovium [15]. The innate immune system is activated
in response to cellular stress and extracellular matrix
degradation, underscoring the importance of modulat-
ing immune responses as a therapeutic approach for OA
[60].

In this study, we found that OA patients exhibited
increased infiltration of activated CD4+ memory T cells,
Tregs, MO/M1 macrophages, and resting mast cells, while
resting CD4+memory T cells, activated mast cells, and
eosinophils were significantly reduced. Macrophages, the
predominant immune cells in the synovium, play a cen-
tral role in immune recruitment, inflammatory injury,
and extracellular matrix degradation [61]. Notably, M1
macrophages, which infiltrate the OA synovium, con-
tribute to pain, joint space narrowing, and osteophyte
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formation through the secretion of inflammatory media-
tors [13, 62]. T cells, particularly CD4+memory T cells,
are also critical in OA pathology. Studies have shown that
CD4+T cells accumulate in the synovial lining of OA
patients, contributing to chronic inflammation [63, 64].
Additionally, Tregs, known for their immunomodulatory
function, regulate inflammatory cytokine production in
OA, with their levels closely correlating with inflamma-
tory factors [65-67]. Mast cells have also been implicated
in OA progression, with studies demonstrating a posi-
tive correlation between mast cell abundance, synovitis
severity, and radiographic disease progression [68, 69].
Experimental models lacking mast cells exhibit reduced
arthritis severity, further supporting their role in OA
pathophysiology [70]. However, the role of eosinophils in
OA remains unclear and warrants further investigation.

To better understand the functional implications of
m7G methylation in OA, we performed molecular sub-
typing using Consensus Clustering. Our analysis iden-
tified two distinct m7G modification patterns (C1 and
C2), each displaying unique gene expression profiles and
immune infiltration characteristics. C1 was associated
with higher levels of naive B cells and resting mast cells,
while C2 exhibited greater NK cell abundance. Given
that B lymphocytic infiltration correlates with OA sever-
ity, and B cells secrete pro-inflammatory mediators that
promote cartilage destruction [71-73], the immune dif-
ferences between the two clusters may reflect distinct OA
pathophysiological mechanisms. NK cells, particularly
CD16+CD56 +subsets, have been implicated in OA,
potentially influencing disease progression through adhe-
sion mechanisms [74]. Our findings suggest that m7G
methylation plays a key role in OA synovitis, shaping the
immune microenvironment and contributing to disease
heterogeneity. However, further experimental validation
is needed to elucidate the precise mechanisms. To quan-
tify these m7G modification patterns, we developed an
m7G scoring system using PCA. Consistent with previ-
ous studies [23], we found that C1 was associated with
inflammatory phenotypes, while C2 correlated with non-
inflammatory OA phenotypes. This classification strategy
enhances our understanding of immune regulation in OA
and may aid in the development of individualized thera-
peutic strategies.

Compared to previous studies [23, 75, 76], our
research provides several key innovations. While previ-
ous works have explored hub genes and immune infil-
tration in OA, they have not systematically investigated
the role of m7G modification in regulating the OA
immune microenvironment. Our study is the first to
reveal the association between m7G genes and immune
cell infiltration, such as CYFIP2 had the strongest
positive correlation with memory B cells (r=0.50),
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highlighting its impact on immune dysregulation. Addi-
tionally, while prior studies have focused on drug target
prediction, they did not establish a robust diagnostic
model; we applied LASSO-Cox regression to identify
seven key m7G hub genes and developed a Nomogram-
based risk prediction model with AUCs of 0.96 (train-
ing set), 0.93/0.84 (validation cohorts), significantly
improving OA risk assessment. Furthermore, unlike
previous studies that relied solely on bioinformatics,
we conducted RT-qPCR validation of seven hub genes
in clinical OA samples, providing strong experimental
support for potential clinical applications. Overall, our
study integrates m7G modification, immune infiltra-
tion, diagnostic modeling, and experimental validation,
offering new mechanistic insights and translational
potential in OA research.

Conclusion

This study is the first to highlight the pivotal role of
SNUPN, RNMT, NUDT1, LSM1, LARP1, CYFIP2, and
CYFIP1 in OA, offering fresh insights into OA pathogen-
esis and identifying promising biomarkers. Using these
seven hub genes, we developed a risk prediction model
with strong accuracy for OA diagnosis. Additionally, two
distinct m7G modification patterns related to immune
cell infiltration were identified, with gene expression
levels validated through RT-qPCR. These findings pro-
vide new perspectives on the immune regulation mech-
anisms of OA, opening avenues for improved diagnosis
and treatment strategies. Further research is needed to
deepen understanding of these mechanisms.
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