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‘Department of Nuclear Medicine, Sichuan Provincial People’s Hospital, University of Electronic
Science and Technology of China, Chengdu, Sichuan, China, 2Department of Nuclear Medicine, The
First Affiliated Hospital of Kunming Medical University, Kunming, Yunnan, China

Background: Rheumatoid arthritis (RA) is an autoimmune inflammatory disease.
The mechanism by which telomeres are involved in the development of RA
remains unclear. This study aimed to investigate the relationship between RA
and telomeres.

Methods: In this study, we identified differentially expressed genes (DEGs)
between RA and control samples by analyzing transcriptome data from a
public database. Candidate genes were determined through the intersection of
DEGs and telomere-related genes. Biomarkers were subsequently identified
using machine learning algorithms, receiver operating characteristic analysis,
and expression level comparisons between RA and control samples. Additionally,
a nomogram model was employed to predict the diagnostic ability of biomarkers
for RA. Subsequently, the potential mechanisms of these biomarkers in RA were
further explored using gene set enrichment analysis (GSEA), subcellular
localization, chromosome localization, immune infiltration, functional analysis,
molecular regulatory networks, drug prediction, and molecular docking.
Furthermore, the expression of biomarkers between RA and control samples
was validated through in vitro experiments.

Results: ABCC4, S100A8, VAMP2, PIM2, and ISG20 were identified as biomarkers.
These biomarkers demonstrated excellent diagnostic ability for RA through a
nomogram. Most of the biomarkers were found to be enriched in processes
related to allograft rejection and the cell cycle. Subcellular and chromosomal
localization analyses indicated that ABCC4 is localized to the plasma membrane,
ISG20 to the mitochondria, PIM2 and S100A8 to the cytoplasm, and VAMP2 to
the nucleus. Additionally, nine differential immune cells were identified between
RA and control samples, with a strong correlation observed between the
biomarkers and activated CD4 memory T cells. SI00A8, PIM2, and VAMP2
exhibited high similarity to other biomarkers. Furthermore, three transcription
factors (TFs), 121 microRNAs (miRNAs), and six long non-coding RNAs (IncRNAs)
were identified as targeted biomarkers. Five drugs—methotrexate, adefovir,
furosemide, azathioprine, and cefmetazole—were also identified as targeted
biomarkers. Notably, ABCC4 interacted with all five drugs and exhibited the
strongest binding energy with methotrexate. The results of the in vitro
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experiments were consistent with those obtained from the
bioinformatics analysis.

Conclusion: This study identified five biomarkers—ABCC4, S100A8, VAMP2,
PIM2, and ISG20—and offered new insights into potential therapeutic strategies

for RA.

rheumatoid arthritis, autoimmune diseases, telomeres, biomarkers, bioinformatics
analysis, in vitro experiment

1 Introduction

Rheumatoid arthritis (RA) is a chronic, autoimmune
inflammatory disease typically characterized by persistent
morning stiffness, joint pain, and swelling (1). Severe cases can
lead to destruction of articular cartilage and bone (1). Currently, the
global prevalence of RA has risen to 1.3 percent (2). The etiology
and pathogenesis of RA are complex (3), involving a series of
inflammatory responses in tissues triggered by a combination of
genetic, infectious, and environmental factors (4). The diagnosis of
RA primarily relies on clinical symptoms and physical signs, as well
as laboratory and imaging examinations (5, 6). Consequently, early,
atypical, or inactive RA can easily be overlooked (7). The
therapeutic approach for RA involves disease-modifying
antirheumatic drugs, nonsteroidal anti-inflammatory drugs
(NSAIDs), and biologics (8). Although NSAIDs can alleviate pain
and morning stiffness associated with RA, reduce inflammation,
and prevent disease progression, their efficacy is often limited.
Additionally, NSAIDs may pose risks of gastrointestinal and
cardiac toxicity (9). Therefore, further exploration of the specific
etiology, regulatory molecules, and underlying mechanisms of RA
was essential for improving prevention and treatment strategies.

Telomeres are protein-DNA complexes at the ends of linear
chromosomes in eukaryotic cells, which protect chromosome ends
from illegitimate ligation and resection (10). Telomerase, a
ribonucleoprotein enzyme composed of an RNA template and a
catalytic protein, counteracts telomere shortening by synthesizing
telomeric DNA (11). Leukocyte telomere length in peripheral blood
not only reflects telomere length in other tissues but also indicates
the senescent state of immune-related cells in the circulating
immune system (12, 13). In recent years, the role of telomere
length, telomerase, and its associated protein complexes in the
pathophysiology of autoimmune diseases has become a research
hotspot (14, 15). Multiple studies have demonstrated that telomere
shortening is associated with an increased risk of RA (16). Another
meta-analysis revealed that telomere length in RA patients is
significantly shorter than that in healthy controls. Telomere
shortening was often correlated with increased oxidative stress
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and an exaggerated inflammatory response, both of which were
critical factors in the progression of RA (17). Research also indicates
that defects in telomerase activity can lead to accelerated telomere
attrition in T-cells, triggering immune dysfunction in RA (15). This
dysfunction may exacerbate autoimmune responses and increase
disease severity. However, the relationship between telomeres and
the onset of RA remains incompletely understood. Therefore,
further investigation into telomeres was expected to provide new
insights into the pathophysiology of RA and offer potential
pathways for its treatment.

In this study, we screened and identified telomere-related genes
(TRGs) associated with RA using public datasets. Machine learning
techniques were employed to identify biomarkers of TRGs in RA,
followed by bioinformatics analyses, including Gene Set Enrichment
Analysis (GSEA), immune infiltration analysis, and molecular
regulatory network analysis. Additionally, we validated the
expression differences of these biomarkers between RA and control
samples through reverse transcription quantitative PCR (RT-qPCR).
This study aims to analyze, screen, and validate the biomarkers of
TRGs associated with RA to enhance the understanding of the
pathophysiology of RA and provide evidence for the development
of new diagnostic or drug treatment targets.

2 Materials and methods
2.1 Data collection

The transcriptome data of RA (GSE89408 and GSE55235) were
downloaded from the Gene Expression Omnibus (GEO) database
(https://www.ncbi.nlm.nih.gov/geo/). GSE89408 (GPL11154) was
the training set, including 150 RA tissue samples and 28 control
tissue samples; the remaining samples need to be eliminated.
GSE55235 (GPL96) was the validation set, including 10 RA tissue
samples and 10 control tissue samples; the remaining samples also
need to be eliminated. The 2,086 TRGs were downloaded from the
TelNet database (http://www.cancertelsys.org/telnet/) (18)
(Supplementary Table 1).

frontiersin.org


https://www.ncbi.nlm.nih.gov/geo/
http://www.cancertelsys.org/telnet/
https://doi.org/10.3389/fimmu.2025.1585895
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Feng et al.

2.2 Identification of differentially expressed
genes

The DEGs between RA and control samples in GSE89408 were
obtained via the “DESeq2” package (v 1.42.0) (19) (RA vs. control;adj.P
<0.05, |log,FC| > 1). The DEGs were displayed by volcano plot and heat
plot. According to the log,FC value, the volcano plot displayed DEGs
via the “ggplot2” package (v 3.5.1) (20), with the top 10 up/down-
regulated genes marked, and the heat plot displayed DEGs between RA
and control samples via the “pheatmap” package (v 1.0.12) (21).

2.3 ldentification and function of candidate
genes

The candidate genes were obtained by the intersection of DEGs
and TRGs via the “ggvenn” package (v 0.1.10) (22). The GO and
KEGG were employed to analyze the pathways and biological functions
involved in candidate genes via the “clusterProfiler” package (v 4.10.1)
(23) (adj.P < 0.05). GO analysis included biological processes (BP),
molecular function (MF), and cellular components (CC). According to
the P-values, which were sorted from smallest to largest, the top 10
pathways of GO analysis and the top 10 pathways of KEGG analysis
results were displayed via the “ggplot2” package (v 3.5.1).

2.4 Gene interaction at the protein level

The PPI network of candidate genes was constructed to explore
candidate gene interactions at the protein level via the STRING
database (https://string-db.org/). The confidence degree was greater
than 0.7. The result was shown via Cytoscape (v 3.10.2) (24).

2.5 Machine learning

The LASSO algorithm and SVM-RFE algorithm were used for
further gene screening based on candidate genes, respectively. In
GSE89408, the “glmnet” package (v 4.1-8) (25) was performed with
the LASSO algorithm to screen candidate genes according to the
minimum lambda value. The “e1071” package (v 1.7-14) (26) was
also performed by the SVM-RFE algorithm to screen candidate
genes based on error rate and accuracy; the genes output at the
lowest error rate were used for subsequent analysis. The genes
obtained by the 2 algorithms were intersected to obtain core genes
via the “ggvenn” package (v 0.1.10).

2.6 Receiver Operating Characteristic
(ROC) analysis and gene expression level
verification

ROC analysis and expression level verification were employed
to obtain biomarkers. In all samples of GSE89408 and GSE55235,
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ROC analysis was performed to explore the ability of core genes to
distinguish RA from control samples via the “pROC” package (v
1.18.5) (27). An AUC value greater than 0.7 indicated that genes
had excellent diagnostic ability. The genes passed ROC analysis
were candidate biomarkers. In all samples of GSE89408 and
GSE55235, expression level verification was performed to explore
the expression difference and tendency of candidate biomarkers in
RA and control samples. The expression difference between RA and
control samples was performed via the Wilcoxon test (P < 0.05).
Genes with significant differences between RA and control samples,
along with and consistent expression trends in both training and
validation sets, were regarded as biomarkers.

2.7 Construction of nomogram

The nomogram was employed to explore the ability of
biomarkers to predict the incidence of RA. In all samples of
GSEB9408, the nomogram was constructed based on biomarkers
via the “rms” package (v 6.8-1) (28). According to the nomogram,
biomarkers were pointed separately; each biomarker corresponded
to a point, and the points of each biomarker were added together to
correspond to the total points. The higher the total points, the
higher the risk of RA. The ROC curve was created via the “pROC”
package (v 1.18.5), the calibration curve via the “rms” package (v
6.8-1), and the decision curve via the “rmda” package (v 1.6) (29) to
evaluate the accuracy of the nomogram. AUC > 0.7, calibration
curve slope close to 1, and net benefit > 0 indicated the nomogram
was accurate.

2.8 Gene Set Enrichment Analysis

GSEA was employed to explore the biological functions of
biomarkers for RA. The reference set was “c2.cp.keggv7.4.symbols.gmt”
based on the Molecular Signatures Database via the “clusterProfiler”
package (v 4.10.1) (http://www.gseamsigdb). In all RA and control
samples of GSE89408, the Spearman correlation analysis between
each biomarker and all the remaining genes was performed via the
“psych” package (v 2.4.3) (30). After the correlation coefficients
were ranked from greatest to smallest, GSEA was performed, and
the first 5 pathways were presented via the “enrichplot” package (v
1.22.0) (31) (P < 0.05).

2.9 Subcellular and chromosome
localization analyses

Subcellular and chromosome localization analyses were
employed to explore the distribution of biomarkers in protein
subcells and chromosomes. Subcell localization was predicted by
the CELLO v.2.5 database (http://cello.life.nctu.edu.tw/).
Chromosome localization was performed by the “RCircos”
package (v 1.2.2) (32).
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2.10 Immune infiltration analysis

Immune infiltration analysis was performed to explore the
immune cell infiltration in RA. In all samples of GSE89408, the
infiltration abundance of 22 immune cells (33) between RA and
control samples was performed through the CIBERSORT algorithm
and displayed through the “ggplot2” package (v 3.5.1) (P < 0.05). To
obtain differential immune cells between RA and control samples,
the Wilcoxon test was performed, and the result was shown via the
“ggplot2” package (v 3.5.1) (P < 0.05). Spearman correlation
analysis was employed to explore the correlation between
biomarkers and differential immune cells via the “psych” package
(v2.4.3) (|correlation (cor)| > 0.3, P < 0.05); the result was presented
via the “pheatmap” package (v 1.0.12) and the “ggpubr” package (v
0.6.0) (34).

2.11 GeneMANIA and Friends analysis

GeneMANIA and Friends analysis were employed to explore
the interaction between proteins encoded by biomarkers and other
proteins with related roles and functional similarities between
biomarkers and other genes. GeneMANIA was performed by the
GeneMANIA database (http://www.genemania.org/). Friends
analysis was performed by the “GOSemSim” package (v
2.33.0) (35).

2.12 Construction of molecular regulatory
network

The molecular regulatory network was employed to explore the
regulatory relationship between biomarkers and regulatory molecules
composed of transcription factors (TFs), miRNAs, and IncRNAs. The
TFs-targeted biomarkers were predicted by the TRRUST database
(https://www.grnpedia.org/trrust/). The miRNA-targeted biomarkers
were predicted by the miRmap database (https://mirmap.ezlab.org/
), the DIANA-microT database (http://diana.imis.athena-
innovation.gr/DianaTools/index.php), and the TargetScan
database (http://www.targetscan.org/). The key miRNAs were
obtained by the intersection of 3 databases’ results for subsequent
analysis. The IncRNAs based on the key miRNAs were predicted by
the miRNet database (https://www.mirnet.ca/), the starBase
database (http://starbase.sysu.edu.cn/), and the LncBase v.2
database (https://dianalab.e-ce.uth.gr/html/diana/web/index.php?
r=Incbasev2). The TF-mRNA and mRNA-miRNA-IncRNA
regulatory networks were presented via Cytoscape (v 3.10.2).

2.13 Drug prediction and molecular
docking

To obtain potential drugs targeting biomarkers, the DGIdb
database (https://www.dgidb.org/), the CTD database (https://
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ctdbase.org/), and the DSigDB database (http://dsigdb.tanlab.org/)
were employed to predict drugs. Drugs shared by the 3 databases
were used for subsequent network construction. The drug-
biomarker network was presented via Cytoscape (v 3.10.2).

To explore the binding ability between biomarkers and drugs,
the molecular docking between the biomarkers and the drugs
obtained based on the database was performed. The 3-
dimensional molecular structure formula of the drug was
downloaded from the PubChem database (https://
pubchem.ncbinlm.nih.gov/). The protein structure of biomarkers
was downloaded from the Protein Data Bank database (http://
www.rcsb.org). AutoDock Vina (v 1.2.5) (36) was employed to
perform molecular docking. The 3 most powerful combinations
were presented by PyMol.

2.14 Clinical sample validation

The biomarker expression difference between the RA and
control samples was verified by RT-qPCR. A total of 5 pairs of
whole blood samples were obtained at Sichuan Provincial People’s
Hospital, University of Electronic Science and Technology of China,
including 5 RA and 5 controls. The informed consent form needed
to be signed and filled out by all participants; approval was obtained
from the institutional review board (No. 2023-287). Firstly, the total
RNA of 5 pairs of whole blood samples was derived by TRIzol
reagent (Ambion, U.S.A.). The RNA concentrations were measured
by the NanoPhotometer N50. Secondly, mRNA was reversely
transcribed into ¢cDNA utilizing the ¢cDNA Synthesis Kit
(Servicebio, Wuhan, China). Finally, the RT-qPCR was
conducted. The reagents, conditions, and primers required for the
experiment were listed in Supplementary Table 2. The expression
levels of biomarkers between RA and control samples were
calculated by 2"**“. The internal reference gene was GAPDH,
which was employed to normalize the results.

2.15 Statistical analysis

Bioinformatics analyses were performed utilizing the R
programming language (v 4.3.1). The Wilcoxon test was
performed to compare the differences between 2 groups. P < 0.05
was considered statistically significant. Expression differences
between RA and control samples were measured by t-test in the
RT-qPCR experiment (P < 0.05).

3 Results
3.1 Functional analysis of candidate genes
A total of 5,924 DEGs were obtained in RA, including 2,060 up-

regulated genes and 3,864 down-regulated genes. The volcano plot
labeled the first 10 differentially expressed up/down-regulated genes
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(Figure 1A). The heat plot displayed all differentially expressed up/
down-regulated genes between RA and control groups (Figure 1B).
The 538 candidate genes were obtained by the intersection of DEGs
and TRGs (Figure 1C). GO analysis enriched 706 functions, including
560 BP, 43 CC, and 103 MF (Supplementary Table 3). In GO analysis,
The MF was significantly enriched in protein serine kinase activity and
catalytic activity acting on DNA (Figure 1D). The CC significantly
enriched in chromosomal region, nuclear chromosome, and spindle
(Figure 1E). the BP was significantly enriched in telomere
organization, telomere maintenance, and DNA replication
(Figure 1F). KEGG analysis enriched 280 pathways (Supplementary
Table 4), mainly including cell cycle, lysine degradation, and base
excision repair (Figure 1G). The PPI network demonstrated
interactions between candidate genes (Figure 1H).

Frontiers in Immunology

05

3.2 ldentification of biomarkers

Next, the 25 genes were obtained by the LASSO algorithm
(lambda. min = 0.005) (Figure 2A), and the 39 genes were obtained
by the SVM-REFE algorithm (Figure 2B), so the 11 core genes were
obtained by the intersection of the LASSO results and SVM-RFE
results (Figure 2C). Whether GSE89408 or GSE55235, the AUC
values of 9 core genes were greater than 0, so 9 core genes were
regarded as candidate biomarkers (Supplementary Figure 1). In
GSEB9408, the expression levels of ABCC4, S100A8, PIM2, and
ISG20 in RA samples were significantly higher than those in control
samples, while the expression levels of VAMP2 in RA samples were
significantly lower than those in control samples (Figure 2D). In
GSE55235, the results were consistent with those of GSE89408, so
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ABCC4, S100A8, VAMP2, PIM2, and ISG20 were considered
biomarkers for subsequent analysis (Figure 2E).

3.3 Nomogram model analysis for RA

The nomogram model constructed by biomarkers indicated
biomarkers had a diagnostic ability for RA (Figure 3A). The AUC
value was 0.999, so the model had an excellent ability to predict the
incidence rate for RA (Figure 3B). The calibration curve coincided
with the ideal curve, so the nomogram had excellent diagnostic
ability (Figure 3C). The net benefit of the nomogram model was
greater than those of any single biomarker, so the nomogram model
had an excellent clinical effect (Figure 3D).

3.4 Enrichment pathway of biomarkers

According to GSEA, ABCC4 significantly enriched 38
pathways, including cell cycle, RNA degradation, and systemic
lupus erythematosus (Figure 4A, Supplementary Table 5). ISG20
significantly enriched 63 pathways, including graft versus host
disease, allograft rejection, and cell cycle (Figure 4B,
Supplementary Table 6). PIM2 significantly enriched 58
pathways, including cell cycle, circadian rhythm mammal, and
gap junction (Figure 4C, Supplementary Table 7). S100A8
significantly enriched 54 pathways, including systemic lupus
erythematosus, cell cycle, and allograft rejection (Figure 4D,
Supplementary Table 8). VAMP2 significantly enriched 33
pathways, including allograft rejection, type I diabetes mellitus,
and protein export (Figure 4E, Supplementary Table 9). In
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conclusion, most of the biomarkers were enriched in allograft
rejection and cell cycle.

3.5 Distribution of biomarkers in subcells
and chromosomes

According to subcellular localization analysis, ABCC4 was
highly expressed on the plasma membrane, ISG20 was highly
expressed in the mitochondria, PIM2 and S100A8 were highly
expressed in the cytoplasm, and VAMP2 was highly expressed in
the nucleus (Figures 5A-E). According to the distribution plot of
biomarkers on chromosomes, SI00A8 was distributed on
chromosome 1, ABCC4 was distributed on chromosome 13,
ISG20 was distributed on chromosome 15, VAMP2 was
distributed on chromosome 17, and PIM2 was distributed on

chromosome X (Figure 5F).

3.6 Immune cell analysis

The abundance of 22 types of immune cells in RA and control
samples was displayed by the CIBERSORT algorithm (Figure 6A).
There were significant differences in 9 immune cells between RA
and control samples, including M1 macrophages, M2 macrophages,
resting mast cells, neutrophils, activated natural killer (NK) cells,
plasma cells, activated CD4 memory T cells, delta gamma T cells,
and regulatory T cells (Figure 6B). ABCC4 was positively correlated
with activated CD4 memory T cells (cor = 0.40, P < 0.001) and
negatively correlated with M2 macrophages (cor = -0.24, P < 0.001)
(Figure 6C, Supplementary Table 9). ISG20 was positively
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correlated with activated CD4 memory T cells (cor = 0.66, P <
0.001) and negatively correlated with M2 macrophages (cor = -0.61,
P < 0.001) (Figure 6D, Supplementary Table 10). PIM2 was
positively correlated with plasma cells (cor = 0.69, P < 0.001) and
negatively correlated with M2 macrophages (cor = -0.52, P < 0.001)
(Figure 6E, Supplementary Table 10). SI00A8 was positively
correlated with neutrophils (cor = 0.30, P < 0.001) and negatively
correlated with resting mast cells (cor =-0.52, P < 0.001) (Figure 6F,
Supplementary Table 10). VAMP2 was positively correlated with
resting mast cells (cor = 0.33, P < 0.001) and negatively correlated
-0.37, P < 0.001)

with activated CD4 memory T cells (cor

(Figure 6G, Supplementary Table 10).

3.7 Functional analysis of biomarkers

Co-expression networks of biomarkers and other genes were
mainly involved in physical interactions, co-expression, predicted,
co-localization, genetic, interactions pathways, and shared protein
domains (Figure 7A). The functional similarity scores between
S100A8, PIM2, VAMP2, and other biomarkers were greater than
0.4, indicating high functional similarity (Figure 7B). The 3 TFs
were targeted biomarkers, including USF1, SP1, and NR1H4
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(Figure 7C). The 121 miRNAs and 6 IncRNAs were obtained
from the database; VAMP2 targeted more miRNAs and
IncRNAs (Figure 7D).

3.8 Binding energy analysis of biomarkers
and drugs

The 5 drugs were predicted by the database, including
methotrexate, adefovir, furosemide, azathioprine, and cefmetazole
(Figure 8A). ABCC4 interacted with all drugs (Figure 8B). ABCC4
had the strongest binding energy with methotrexate (Figure 8C).
The binding energy of ABCC4 and methotrexate was -6.80 kcal/
mol, the binding energy of SI00A8 and methotrexate was -6.60
kcal/mol, and the binding energy of ABCC4 and azathioprine was
-6.50 kcal/mol (Figures 8D-F).

3.9 RT-gPCR results

The expression levels of S100A8, PIM2, and ISG20 in RA
samples were significantly higher than those in the control
samples (P < 0.05). Although the expression level of ABCC4 in
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FIGURE 4

The GSEA of the biomarkers. The top 5 GSEA-enriched pathways of ABCC4 (A), ISG20 (B), PIM2 (C), SI00A8 (D), and VAMP2 (E).

RA samples was higher than that in the control samples, the
difference was not significant. Similarly, the expression of VAMP2
in RA samples was lower than that in the control samples, but the
result was also not significant (Figure 9). Compared with the
bioinformatics analysis results, the expression of biomarkers in in
vitro experiments was consistent with the results, which increased
the reliability of bioinformatics analysis results.

4 Discussion

RA is a chronic inflammatory disease with multiple
comorbidities, characterized by synovial hyperplasia, often leading
to irreversible joint erosion and disability (37). Telomere length
shortening has been observed in various diseases, including RA.
Studies have reported premature telomere shortening in
lymphocytes and hematopoietic stem cells of RA patients
compared to healthy controls, which may be associated with
immunosenescence (38). Other research has detected shorter
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telomere lengths and increased oxidative stress in peripheral
blood cells of RA patients (39). However, the relationship
between telomeres and the development of RA is not fully
understood. Studying telomeres may lead to new insights into the
pathophysiology of RA and provide ideas for RA treatment.

In this study, we conducted differential gene analysis on
transcriptome data from RA patients and control samples,
identifying a total of 5,924 DEGs, including 2,060 upregulated
and 3,864 downregulated genes. By intersecting the DEGs with
TRGs, we obtained 538 candidate genes. Through PPI network
analysis, GO enrichment analysis, and KEGG pathway enrichment
analysis, we deeply explored the biological functions and related
pathways of these candidate genes. Subsequently, using machine
learning methods, we selected 11 core genes related to RA and
finally identified five biomarkers (ABCC4, S100A8, VAMP2, PIM2,
and ISG20) through expression verification and ROC analysis. The
nomogram constructed based on these biomarkers showed high
accuracy and clinical benefit in predicting RA. GSEA revealed that
most biomarkers were enriched in pathways related to allograft
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Subcellular localization analysis of ABCC4 (A), ISG20 (B), PIM2 (C), SI00A8 (D), and VAMP2 (E). Chromosomal localization analysis of biomarkers (F).

rejection and the cell cycle. Additionally, transcription factor
regulatory network and molecular regulatory network analyses
were conducted to understand the regulatory relationships among
biomarkers. Subcellular and chromosomal localization analyses
revealed that ABCC4 was localized to the plasma membrane,
ISG20 to mitochondria, PIM2 and S100A8 to the cytoplasm, and
VAMP2 to the nucleus. Immune infiltration analysis identified nine
differentially abundant immune cell types, with most biomarkers
significantly correlated with CD4 memory T cells. Functional
analyses utilizing GeneMANIA, Friends, and molecular regulatory
networks provided further insights into the roles of the biomarkers.
Finally, drug prediction identified five drugs interacting with the
biomarkers. Binding energy analysis revealed strong binding affinity
between ABCC4, S100A8, and ISG20 with methotrexate. The
results of the in vitro experiment were consistent with those of
the bioinformatics analyses, thereby validating the reliability of the
bioinformatics analysis results. Compared to the control samples,
the expression levels of S100A8, PIM2, and ISG20 were significantly
elevated in RA samples, while no significant differences were
observed in the expression levels of ABCC4 and VAMP2, which
may be attributed to inter-sample heterogeneity.

S100A8, also known as a subunit of calprotectin, is a member of
the S100 protein family and is expressed in the cytoplasm and
nucleus of various cells, predominantly localized in the cytoplasm
(40). S100A8 is involved in regulating cell cycle progression and
differentiation, and it plays a key role in innate immune activation.
Elevated levels of calprotectin have been observed in the synovial
fluid, plasma, and serum of patients with RA (41). Recent studies
indicate that calprotectin can serve as a biomarker for RA,
correlating more effectively with active inflammatory disease than
traditional acute phase reactants (42). SI00A8 proteins were
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significantly elevated during persistent inflammation, suggesting
their potential as biomarkers of disease activity. Inhibition of
S100A8 has been shown to ameliorate severe inflammation (43),
indicating that the S1I00A8 protein may be a viable therapeutic
target for RA patients. In addition, SI00A8 was found to promote
oxidative stress by regulating neutrophil chemotaxis and activation,
leading to telomere damage in hepatocytes, which accelerated the
progression of liver disease and the formation of hepatocellular
carcinoma (44). Therefore, we hypothesize that the mechanism of
action between S100A8 and telomere damage may similarly affect
the onset and progression of RA.

ISG20 was an RNA exonuclease that belongs to the yeast RNA
exonuclease 4 homolog subfamily. It may affect telomere repair and
maintenance by regulating RNA degradation and the stability of
gene expression. Through its exonuclease activity, ISG20 can
degrade viral RNA, thereby inhibiting viral proliferation (45). It
plays a significant role in the antiviral innate immune response of
host cells (46). In addition, studies have shown that the expression
of ISG20 in synovial macrophages of RA patients is significantly
higher than that in the control group (47), which is consistent with
the findings of this study. Therefore, ISG20 is expected to serve as a
potential biomarker and therapeutic target for RA.

ABCC4, an ATP-binding cassette (ABC) transporter, is
primarily responsible for ATP binding and hydrolysis, as well as
substrate recognition and transport (48). It plays a crucial role in
maintaining intracellular and extracellular balances of drugs and
chemicals, participating in multidrug resistance and detoxification
processes, and is capable of transporting organic anions and other
molecules (49). Inhibition of ABCC4 suppresses the extracellular
transport of cAMP and enhances intracellular PKA activity,
downstream gene expression, and glucocorticoid-induced anti-
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Immune cell abundance histogram of 22 immune cells in the RA and control samples (A). Box plot of differences in immune cell infiltration between
RA and control samples (B). Correlation between ABCC4 (C), ISG20 (D), PIM2 (E), SI00A8 (F), VAMP2 (G), and differential immune cells in RA. *P <

0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; ns, no significance.

inflammatory responses (50). Hence, future research efforts can be
focused on identifying drug targets capable of inhibiting ABCC4
expression, aiming to enhance the efficacy of anti-inflammatory

drugs in the treatment of RA.

VAMP2, also known as synaptobrevin2, is the prototypical v-
SNARE. The v-SNARE consists of a family of proteins known as
VAMPs, which were located on the surface of SVs at nerve
terminals. Notable homologous VAMP isoforms include VAMPI,
VAMP2, VAMP3, VAMP4, VAMP7, and VAMPS8 (51). VAMP2
has a well-characterized and conserved role in synaptic function,
primarily involved in the assembly of effective SNARE complexes,
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a**-dependent exocytosis of synaptic vesicles, and rapid
endocytosis at hippocampal synapses (51). VAMP2 is a core
component of the SNARE complex. Strong immunoreactivity of

VAMP2 has been observed in vesicular glutamate transporter-

10

immunoreactive reticulated nerve endings (52). Although there is
currently no direct evidence linking VAMP2 to RA, considering
that RA patients often suffer from neuropathy and pain symptoms,
the immunoreactivity of VAMP2 at nerve endings and its critical
role in synaptic vesicle trafficking suggest a possible association with
the neuropathological mechanisms of RA. Specifically, VAMP2
may indirectly contribute to pain perception and inflammatory
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responses in RA by influencing signal transduction and immune
reactions at nerve endings. Therefore, exploring the specific
mechanism of VAMP2’s role in RA neuropathy and investigating
its potential as a therapeutic target is of great significance.

PIM2, a proto-oncogene belonging to the serine/threonine
kinase family, was implicated in various intracellular signaling
processes that influence cell growth and division, promoting cell
survival and proliferation (53). This function potentially contributes
to preventing premature telomere damage, thereby playing a crucial
role in maintaining telomere stability. PIM2 also affects the
expression of IL-6, a cytokine central to the pathogenesis of RA.
The overexpression of PIM2 has been shown to enhance IL-1B- and
TNEF-a-induced IL-6 expression (54). In summary, these genes were
directly or indirectly related to inflammatory responses, cell
proliferation, and immune regulation in RA; thus, they were
promising as biomarkers and therapeutic targets for RA.

Most biomarkers were found to be enriched in the contexts of
allograft rejection and the cell cycle. Kimura et al. were the first to
propose the significant role of allograft inflammatory factor-1 (AIF-
1) in the development and progression of RA (55). The expression
of AIF-1 was significantly elevated in infiltrating mononuclear cells
and synovial fibroblasts from RA patients (56). AIF-1 induced the
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proliferation of cultured synovial cells, and the production of IL-6
by synovial fibroblasts and blood monocytes increased following
AIF-1 stimulation (55). Research indicates that AIF-1, functioning
as a cytokine, demonstrates early and sustained expression in
chronically rejected allogeneic heart grafts while remaining
unexpressed in both the heart graft and the host heart. AIF-1
may serve as a predictor for allograft rejection and is associated with
a lower risk of rejection (57, 58). It is widely accepted that the
overproliferation and decreased apoptosis of fibroblast-like
synoviocytes can contribute to synovial hyperplasia. Studies have
shown that inhibiting G1/S cell cycle progression can suppress the
proliferation of fibroblast-like synoviocytes in adjuvant-induced
arthritis (59, 60). This suggests that biomarkers, by modulating
pathways such as allograft rejection and the cell cycle, may provide
new paradigms for the treatment of RA. Therefore, further research
is warranted to elucidate the specific mechanisms through which
biomarkers regulate RA via pathways involving allograft rejection
and the cell cycle.

Multiple immune cells infiltrate the local joint microenvironment,
collaborating to promote the progression of RA. The results of
immune infiltration identified nine differentially expressed immune
cell types between RA patients and control subjects. Correlation
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analysis revealed that most biomarkers were significantly associated
with activated CD4 memory T cells. T cells were key pathogenic
drivers of RA autoantibody production and were essential for
synoviocyte proliferation, neoangiogenesis, and the erosion of
cartilage and bone (61). Memory CD4 T cells were particularly
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important in the context of autoimmune diseases due to their long-
lived nature, effective response to antigens, and unique capacity to
mediate recurrent autoimmune responses (62). Genetic risk loci
associated with RA were preferentially mapped to enhancers and
promoters that were active in CD4 T cell subsets (63). Aberrant
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¢

The expression levels of SI00A8 (A), PIM2 (B), ISG20 (C), ABCC4 (D), and VAMP2 (E) in RA and control samples by RT-gqPCR. *P < 0.05; ns, no significance.

activation of memory CD4 T cells plays a crucial role in the initiation
and perpetuation of RA. Activated memory CD4 T cells migrating
between the bloodstream and synovium express cytokines and
activation markers that contribute to tissue damage in RA (64).
Therefore, exploring the changes in the immune microenvironment
of RA, especially the abnormal activation and infiltration of memory
CD4 T cells, is of great significance for untangling the pathophysiology
of RA, identifying new therapeutic targets, and developing treatment
strategies based on immunomodulation.

Methotrexate interacts with biomarkers and exhibits the
strongest binding energy. It inhibits several key enzymes involved
in the synthesis pathways of folate, methionine, adenosine, and de
novo nucleotides. As an antifolate drug, it possesses antiproliferative
and anti-inflammatory effects (47). Methotrexate has been
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established as an effective and fast-acting disease-modifying
antirheumatic drug, widely utilized in the treatment of RA.
S100A8, ABCC4, and ISG20 had strong drug interactions with
methotrexate. S100A8 is secreted locally by phagocytes at
inflammatory sites, where it exerts numerous autocrine and
paracrine pro-inflammatory effects on both phagocytes and
endothelium. S100A8, a calcium-binding protein expressed by
neutrophils, is a component of calprotectin. It may play an
important role in assessing the therapeutic efficacy of
methotrexate and disease activity, and it is more closely related to
the therapeutic response to methotrexate (65). Furthermore,
methotrexate, which targets S100A8, when combined with fluid
resuscitation, significantly reduces the transcription level of SI00A8
and inflammatory cytokine content in blood, organ damage, and
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mortality in severely burned mice (66). ABCC4, recognized as the
first mammalian nucleotide exporter among ABC transporters,
confers cellular resistance to nucleoside analog antiretroviral
drugs (48). ABC transporters play a crucial role in the efflux of
methotrexate from cells, with approximately 80-90% of the
administered methotrexate dose being excreted through urine
within 48 hours, primarily via the ABCC4 transporter during the
first 8-12 hours (67). Although there is currently no direct research
available on the relationship between ISG20 and methotrexate,
future studies can further explore this connection, providing more
insights for the treatment of RA. Azathioprine, a prodrug of 6-
mercaptopurine, is utilized for the treatment of inflammatory
diseases such as RA, systemic lupus erythematosus, and
inflammatory bowel disease. Research indicates that in the
management of patients with severe ANCA-associated vasculitis,
azathioprine exerts an immunosuppressive effect during induction
of remission, thereby lowering S100A8 and subsequently reducing
the risk of recurrence for patients (68). Therefore, we believe that
these biomarkers have the potential to become new targets for RA
treatment, providing new directions for the development of more
effective RA therapeutics.

This study successfully identified biomarkers of TRGs
associated with RA through transcriptome data analysis and
machine learning algorithms and constructed a predictive model
based on these biomarkers. These biomarkers exhibited excellent
performance in the diagnosis of RA and were closely related to key
pathways such as allograft rejection and cell cycle. Moreover,
molecular docking experiments demonstrated strong binding
affinities between ABCC4, S100A8, ISG20, and methotrexate, as
well as other drugs, suggesting that these biomarkers could be
potential targets for the treatment of RA.

However, there were limitations in this study. For instance, the
research findings heavily rely on data quality, algorithm accuracy,
and assumptions made during analysis, which may lead to data
noise, false positives, and false negatives. Additionally, due to the
complexity of the algorithms, the interpretability of the study may
be somewhat limited. Given the complexity and diversity of
biological systems, this study may not have fully untangled the
actual biological processes. In bioinformatics analyses, ABCC4
interacted with methotrexate, adefovir, furosemide, azathioprine,
and cefmetazole, suggesting its potential as a new therapeutic target
for RA. However, in RT-qPCR experiments, although the
expression level of ABCC4 in RA samples was higher than that in
control samples, the difference was not significant. This may be due
to the high heterogeneity of RA patients, coupled with the small
sample size in this study, which did not cover different subgroups of
RA patients, resulting in the masking of gene expression differences.
Therefore, future research should further explore the specific roles
of these biomarkers in the pathophysiology of RA. The diagnostic
and prognostic value of the target can be verified through cellular
experiments, animal models, and techniques such as gene knockout
and overexpression. Its potential as a therapeutic target can be
further evaluated in larger clinical trials. Moreover, an in-depth
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investigation into the relationship between telomere length and key
phenotypes of RA will provide crucial insights for the development
of novel therapeutic strategies. Observing changes in telomerase
activity through the in vitro cultivation of fibroblast-like
synoviocytes from RA patients may offer further support for
research in this field.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material. Further inquiries can be
directed to the corresponding author/s.

Ethics statement

The studies involving humans were approved by Institutional
Review Board of Sichuan Provincial People’s Hospital, University of
Electronic Science and Technology of China. The studies were
conducted in accordance with the local legislation and
institutional requirements. The participants provided their written
informed consent to participate in this study.

Author contributions

LF: Data curation, Formal analysis, Investigation, Methodology,
Validation, Visualization, Writing - original draft, Writing - review
& editing. KB: Methodology, Resources, Software, Validation,
Visualization, Writing - original draft, Writing - review
& editing. LH: Data curation, Investigation, Methodology,
Visualization, Writing - original draft, Writing - review &
editing. HW: Conceptualization, Data curation, Formal analysis,
Project administration, Supervision, Writing - original draft,
Writing - review & editing. WZ: Conceptualization, Project
administration, Supervision, Writing — original draft, Writing -
review & editing.

Funding
The author(s) declare that financial support was received for
the research and/or publication of this article. This research was

funded by Natural Science Foundation of Sichuan Province
(2025 ZNSFSC0660)

Conflict of interest

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

frontiersin.org


https://doi.org/10.3389/fimmu.2025.1585895
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Feng et al.

Generative Al statement

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

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the

References

1. Ferreira-Silva M, Faria-Silva C, Viana Baptista P, Fernandes E, Ramos Fernandes
A, Corvo ML. Liposomal nanosystems in rheumatoid arthritis. Pharmaceutics. (2021)
13:454. doi: 10.3390/pharmaceutics13040454

2. Almutairi KB, Nossent JC, Preen DB, Keen HI, Inderjeeth CA. The prevalence of
rheumatoid arthritis: a systematic review of population-based studies. /] Rheumatol.
(2021) 48:669-76. doi: 10.3899/jrheum.200367

3. Chen]J, QiJ, Chen C, ChenJ, Liu L, Gao R, et al. Tocilizumab-conjugated polymer
nanoparticles for NIR-II photoacoustic-imaging-guided therapy of rheumatoid
arthritis. Adv Mater. (2020) 32:¢2003399. doi: 10.1002/adma.202003399

4. Mousavi M]J, Karami J, Aslani S, Tahmasebi MN, Vaziri AS, Jamshidi A, et al.
Transformation of fibroblast-like synoviocytes in rheumatoid arthritis; from a friend to
foe. Auto Immun Highlights. (2021) 12:3. doi: 10.1186/s13317-020-00145-x

5. Won P, Kim Y, Jung H, Rim YA, Sohn DH, Robinson WH, et al. Pathogenic role
of circulating citrullinated antigens and anti-cyclic monoclonal citrullinated peptide
antibodies in rheumatoid arthritis. Front Immunol. (2021) 12:692242. doi: 10.3389/
fimmu.2021.692242

6. Agemura T, Hasegawa T, Yari S, Kikuta J, Ishii M. Arthritis-associated
osteoclastogenic macrophages (AtoMs) participate in pathological bone erosion in
rheumatoid arthritis. Immunol Med. (2021) 45:22-6. doi: 10.1080/
25785826.2021.1944547

7. Zhao Z, He S, Yu X, Lai X, Tang S, Mariya MEA, et al. Analysis and experimental
validation of rheumatoid arthritis innate immunity gene CYFIP2 and pan-cancer.
Front Immunol. (2022) 13:954848. doi: 10.3389/fimmu.2022.954848

8. Zhang KX, Ip CK, Chung SK, Lei KK, Zhang YQ, Liu L, et al. Drug-resistance in
rheumatoid arthritis: the role of p53 gene mutations, ABC family transporters and
personal factors. Curr Opin Pharmacol. (2020) 54:59-71. doi: 10.1016/
j.coph.2020.08.002

9. Zhang R, Jin Y, Chang C, Xu L, Bian Y, Shen Y, et al. RNA-seq and network
analysis reveal unique chemokine activity signatures in the synovial tissue of patients
with rheumatoid arthritis. Front Med. (2022) 9:799440. doi: 10.3389/fmed.2022.799440

10. Douglas ME. How to write an ending: Telomere replication as a multistep
process. DNA repair. (2024) 144:103774. doi: 10.1016/j.dnarep.2024.103774

11. Smith EM, Pendlebury DF, Nandakumar J. Structural biology of telomeres and
telomerase. Cell Mol Life Sci. (2019) 77:61-79. doi: 10.1007/s00018-019-03369-x

12. Natalini JG, England BR, Baker JF, Chen Q, Singh N, Mahajan TD, et al.
Associations between shortened telomeres and rheumatoid arthritis-associated
interstitial lung disease among U.S. Veterans. Respir Med. (2022) 201:106943.
doi: 10.1016/j.rmed.2022.106943

13. Demanelis K, Jasmine F, Chen LS, Chernoff M, Tong L, Delgado D, et al.
Determinants of telomere length across human tissues. Science. (2020) 369:eaaz6876.
doi: 10.1126/science.aaz6876

14. Shao L. DNA damage response signals transduce stress from rheumatoid
arthritis risk factors into T cell dysfunction. Front Immunol. (2018) 9:3055.
doi: 10.3389/fimmu.2018.03055

15. Wei D, Jiang Y, Cheng ], Wang H, Sha K, Zhao J. Assessing the association of
leukocyte telomere length with ankylosing spondylitis and rheumatoid arthritis: A
bidirectional Mendelian randomization study. Front Immunol. (2023) 14:1023991.
doi: 10.3389/fimmu.2023.1023991

16. Wen C, Mao Y, Ye D, He Z, Wu DJH, Huang H, et al. Association of telomere
length with risk of rheumatoid arthritis: a meta-analysis and Mendelian randomization.
Rheumatology. (2020) 59:940-7. doi: 10.1093/rheumatology/kez524

Frontiers in Immunology

15

10.3389/fimmu.2025.1585895

reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fimmu.2025.
1585895/full#supplementary-material

SUPPLEMENTARY FIGURE 1
ROC curves of the candidate biomarkers in GSE89408 (A) and GSE55235 (B).

17. Wu Y, Pei Y, Yang Z, Li Lou X, Cui W. Accelerated telomere shortening
independent of LRRK2 variants in Chinese patients with Parkinson’s disease. Aging.
(2020) 12:20483-92. doi: 10.18632/aging.v12i20

18. Li S-C, Jia Z-K, Yang J-J, Ning X-H. Telomere-related gene risk model for
prognosis and drug treatment efficiency prediction in kidney cancer. Front Immunol.
(2022) 13:975057. doi: 10.3389/fimmu.2022.975057

19. Love MI, Huber W, Anders S. Moderated estimation of fold change and
dispersion for RNA-seq data with DESeq2. Genome Biol. (2014) 15:550.
doi: 10.1186/s13059-014-0550-8

20. Gustavsson EK, Zhang D, Reynolds RH, Garcia-Ruiz S, Ryten M. ggtranscript:
an R package for the visualization and interpretation of transcript isoforms
usingggplot2. Bioinformatics. (2022) 38:3844-6. doi: 10.1093/bioinformatics/btac409

21. Gu Z, Hibschmann D, Alkan C. Make interactive complex heatmaps in R.
Bioinformatics. (2022) 38:1460-2. doi: 10.1093/bioinformatics/btab806

22. Mao W, Ding J, Li Y, Huang R, Wang B. Inhibition of cell survival and invasion
by Tanshinone ITA via FTHI: A key therapeutic target and biomarker in head and neck
squamous cell carcinoma. Exp Ther Med. (2022) 24:521. doi: 10.3892/etm.2022.11449

23. Wu T, Hu E, Xu S, Chen M, Guo P, Dai Z, et al. clusterProfiler 4.0: A universal
enrichment tool for interpreting omics data. Innovation. (2021) 2:100141. doi: 10.1016/
jxinn.2021.100141

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

25. Lu X, Luo M, Wang M, Zhou Z, Xu J, Li Z, et al. High carriage and possible
hidden spread of multidrug-resistant Salmonella among asymptomatic workers in
Yulin, China. Nat Commun. (2024) 15:10238. doi: 10.1038/s41467-024-54405-9

26. Yang L, Pan X, Zhang Y, Zhao D, Wang L, Yuan G, et al. Bioinformatics analysis
to screen for genes related to myocardial infarction. Front Genet. (2022) 13:990888.
doi: 10.3389/fgene.2022.990888

27. Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, et al. pROC: an
open-source package for R and S+ to analyze and compare ROC curves. BMC Bioinf.
(2011) 12:77. doi: 10.1186/1471-2105-12-77

28. Xu J, Yang T, Wu F, Chen T, Wang A, Hou S. A nomogram for predicting
prognosis of patients with cervical cerclage. Heliyon. (2023) 9:¢21147. doi: 10.1016/
j-heliyon.2023.e21147

29. Kerr KF, Brown MD, Zhu K, Janes H. Assessing the clinical impact of risk
prediction models with decision curves: guidance for correct interpretation and
appropriate use. J Clin Oncol. (2016) 34:2534-40. doi: 10.1200/JC0O.2015.65.5654

30. Robles-Jimenez LE, Aranda-Aguirre E, Castelan-Ortega OA, Shettino-Bermudez
BS, Ortiz-Salinas R, Miranda M, et al. Worldwide traceability of antibiotic residues
from livestock in wastewater and soil: a systematic review. Animals. (2021) 12:60.
doi: 10.3390/ani12010060

31. Wang L, Wang D, Yang L, Zeng X, Zhang Q, Liu G, et al. Cuproptosis related
genes associated with Jabl shapes tumor microenvironment and pharmacological
profile in nasopharyngeal carcinoma. Front Immunol. (2022) 13:989286. doi: 10.3389/
fimmu.2022.989286

32. Zhang H, Meltzer P, Davis S. RCircos: an R package for Circos 2D track plots.
BMC Bioinf. (2013) 14:244. doi: 10.1186/1471-2105-14-244

33. Jiang H, Zhang X, Wu Y, Zhang B, Wei J, Li ], et al. Bioinformatics identification
and validation of biomarkers and infiltrating immune cells in endometriosis. Front
Immunol. (2022) 13:944683. doi: 10.3389/fimmu.2022.944683

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2025.1585895/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2025.1585895/full#supplementary-material
https://doi.org/10.3390/pharmaceutics13040454
https://doi.org/10.3899/jrheum.200367
https://doi.org/10.1002/adma.202003399
https://doi.org/10.1186/s13317-020-00145-x
https://doi.org/10.3389/fimmu.2021.692242
https://doi.org/10.3389/fimmu.2021.692242
https://doi.org/10.1080/25785826.2021.1944547
https://doi.org/10.1080/25785826.2021.1944547
https://doi.org/10.3389/fimmu.2022.954848
https://doi.org/10.1016/j.coph.2020.08.002
https://doi.org/10.1016/j.coph.2020.08.002
https://doi.org/10.3389/fmed.2022.799440
https://doi.org/10.1016/j.dnarep.2024.103774
https://doi.org/10.1007/s00018-019-03369-x
https://doi.org/10.1016/j.rmed.2022.106943
https://doi.org/10.1126/science.aaz6876
https://doi.org/10.3389/fimmu.2018.03055
https://doi.org/10.3389/fimmu.2023.1023991
https://doi.org/10.1093/rheumatology/kez524
https://doi.org/10.18632/aging.v12i20
https://doi.org/10.3389/fimmu.2022.975057
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1093/bioinformatics/btac409
https://doi.org/10.1093/bioinformatics/btab806
https://doi.org/10.3892/etm.2022.11449
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1038/s41467-024-54405-9
https://doi.org/10.3389/fgene.2022.990888
https://doi.org/10.1186/1471-2105-12-77
https://doi.org/10.1016/j.heliyon.2023.e21147
https://doi.org/10.1016/j.heliyon.2023.e21147
https://doi.org/10.1200/JCO.2015.65.5654
https://doi.org/10.3390/ani12010060
https://doi.org/10.3389/fimmu.2022.989286
https://doi.org/10.3389/fimmu.2022.989286
https://doi.org/10.1186/1471-2105-14-244
https://doi.org/10.3389/fimmu.2022.944683
https://doi.org/10.3389/fimmu.2025.1585895
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Feng et al.

34. Hu Y, Yu Y, Dong H, Jiang W. Identifying C1QB, ITGAM, and ITGB2 as
potential diagnostic candidate genes for diabetic nephropathy using bioinformatics
analysis. Peer]. (2023) 11:e15437. doi: 10.7717/peerj.15437

35. Lee CY, Bu LX, DeBenedetti A, Williams BJ, Rennie PS, Jia WW. Transcriptional
and translational dual-regulated oncolytic herpes simplex virus type 1 for targeting
prostate tumors. Mol Ther. (2010) 18:929-35. doi: 10.1038/mt.2010.26

36. Eberhardt J, Santos-Martins D, Tillack AF, Forli S. AutoDock Vina 1.2.0: new
docking methods, expanded force field, and python bindings. ] Chem Inf Model. (2021)
61:3891-8. doi: 10.1021/acs.jcim.1c00203

37. Xue G, Jiang H, Song Z, Zhao Y, Gao W, Lv B, et al. Dual targeting biomimetic
carrier-free nanosystems for photo-chemotherapy of rheumatoid arthritis via
macrophage apoptosis and re-polarization. Adv Sci. (2025) 12:¢2406877.
doi: 10.1002/advs.202406877

38. GaoY, Cai W, Zhou Y, Li Y, Cheng J, Wei F. Immunosenescence of T cells: a key
player in rheumatoid arthritis. Inflammation Res. (2022) 71:1449-62. doi: 10.1007/
s00011-022-01649-0

39. Gamal RM, Hammam N, Zakary MM, Abdelaziz MM, Razek MRA, Mohamed
MSE, et al. Telomere dysfunction-related serological markers and oxidative stress
markers in rheumatoid arthritis patients: correlation with diseases activity. Clin
Rheumatol. (2018) 37:3239-46. doi: 10.1007/s10067-018-4318-5

40. Choudhury K, Khadanga A, Purty RS. Computational inhibition of S100A8
(calgranulin A) as a potential non-invasive biomarker for rheumatoid arthritis. In Silico
Pharmacol. (2024) 12:25. doi: 10.1007/s40203-024-00204-5

41. Baillet A, Trocmé C, Berthier S, Arlotto M, Grange L, Chenau J, et al. Synovial
fluid proteomic fingerprint: S100A8, SI00A9 and S100A12 proteins discriminate
rheumatoid arthritis from other inflammatory joint diseases. Rheumatology. (2010)
49:671-82. doi: 10.1093/rheumatology/kep452

42. Frade-Sosa B, Ponce A, Inciarte-Mundo J, Morla R, Ruiz-Esquide V, Macias L,
et al. Plasma calprotectin as a biomarker of ultrasound synovitis in rheumatoid arthritis
patients receiving IL-6 antagonists or JAK inhibitors. Ther Adv Musculoskelet Dis.
(2022) 14:1-11. doi: 10.1177/1759720X221114105

43. Simard JC, Cesaro A, Chapeton-Montes J, Tardif M, Antoine F, Girard D, et al.
S100A8 and S100A9 induce cytokine expression and regulate the NLRP3
inflammasome via ROS-dependent activation of NF-xB(1.). PloS One. (2013) 8:
€72138. doi: 10.1371/journal.pone.0072138

44. Wilson CL, Jurk D, Fullard N, Banks P, Page A, Luli S, et al. NFxBI is a
suppressor of neutrophil-driven hepatocellular carcinoma. Nat Commun. (2015)
6:6818. doi: 10.1038/ncomms7818

45. Xu 'Y, Han J, Fan Z, Liang S. Transcriptomics explores potential mechanisms for
the development of Primary Sjogren’s syndrome to diffuse large B-cell lymphoma in B
cells. BMC Immunol. (2024) 25:53. doi: 10.1186/s12865-024-00646-8

46. Degols G, Eldin P, Mechti N. ISG20, an actor of the innate immune response.
Biochimie. (2007) 89:831-5. doi: 10.1016/j.biochi.2007.03.006

47. Li Q, Liu W, Wang J. Dissecting the imbalance of synovial macrophages in
rheumatoid arthritis. Altern Ther Health Med. (2023) 29:434-9.

48. Ranjit S, Wang Y, Zhu J, Cheepala SB, Schuetz EG, Cho WJ, et al. ABCC4
impacts megakaryopoiesis and protects megakaryocytes against 6-mercaptopurine
induced cytotoxicity. Drug Resist Updat. (2024) 72:101017. doi: 10.1016/
j.drup.2023.101017

49. Marcantoni E, Allen N, Cambria MR, Dann R, Cammer M, Lhakhang T, et al.
Platelet transcriptome profiling in HIV and ATP-binding cassette subfamily C member
4 (ABCC4) as a mediator of platelet activity. JACC Basic Transl Sci. (2018) 3:9-22.
doi: 10.1016/j,jacbts.2017.10.005

50. Huff RD, Rider CF, Yan D, Newton R, Giembycz MA, Carlsten C, et al
Inhibition of ABCC4 potentiates combination beta agonist and glucocorticoid
responses in human airway epithelial cells. J Allergy Clin Immunol. (2018) 141:1127-
1130.e1125. doi: 10.1016/j.jaci.2017.10.011

51. Yan C, Jiang ], Yang Y, Geng X, Dong W. The function of VAMP2 in mediating
membrane fusion: An overview. Front Mol Neurosci. (2022) 15:948160. doi: 10.3389/
fnmol.2022.948160

Frontiers in Immunology

16

10.3389/fimmu.2025.1585895

52. Hirakawa M, Yokoyama T, Abdali SS, Yamamoto Y, Saino T.
Immunohistochemical localization of proteins involved in exocytosis of glutamate
from P2X3 purinoceptor-expressing subserosal afferent nerve endings in the rat gastric
antrum. Acta Histochem. (2024) 126:152170. doi: 10.1016/j.acthis.2024.152170

53. Assirelli E, Ciaffi ], Scorcu V, Naldi S, Brusi V, Mancarella L, et al. PIM kinases as
potential biomarkers and therapeutic targets in inflammatory arthritides. Int ] Mol Sci.
(2024) 25:3123. doi: 10.3390/ijms25063123

54. Yang J, Li X, Hanidu A, Htut TM, Sellati R, Wang L, et al. Proviral integration
site 2 is required for interleukin-6 expression induced by interleukin-1, tumour necrosis
factor-o: and lipopolysaccharide. Immunology. (2010) 131:174-82. doi: 10.1111/j.1365-
2567.2010.03286.x

55. Kimura M, Kawahito Y, Obayashi H, Ohta M, Hara H, Adachi T, et al. A critical
role for allograft inflammatory factor-1 in the pathogenesis of rheumatoid arthritis.
J Immunol. (2007) 178:3316-22. doi: 10.4049/jimmunol.178.5.3316

56. Piotrowska K, Stuczanowska-Glabowska S, Kurzawski M, Dziedziejko V,
Kopytko P, Paczkowska E, et al. Over-expression of allograft inflammatory factor-1
(AIF-1) in patients with rheumatoid arthritis. Biomolecules. (2020) 10:1064.
doi: 10.3390/biom10071064

57. Vu D, Tellez-Corrales E, Shah T, Hutchinson I, Min DI. Influence of
Cyclooxygenase-2 (COX-2) gene promoter-1195 and allograft inflammatory factor-1
(AIF-1) polymorphisms on allograft outcome in Hispanic kidney transplant recipients.
Hum Immunol. (2013) 74:1386-91. doi: 10.1016/j.humimm.2013.06.017

58. Sikora M, Kope¢ B, Piotrowska K, Pawlik A. Role of allograft inflammatory
factor-1 in pathogenesis of diseases. Immunol Lett. (2020) 218:1-4. doi: 10.1016/
j.imlet.2019.12.002

59. Lim DS, Bae YS. Metastatic lymph node 51 and fibroblast-like synoviocyte
hyperproliferation in rheumatoid arthritis pathogenesis. Rheumatol Int. (2011) 31:843-7.
doi: 10.1007/s00296-011-1818-x

60. Gong Y, Huang T, Yu Q, Liu B, Wang J, Wang Z, et al. Sorafenib suppresses
proliferation rate of fibroblast-like synoviocytes through the arrest of cell cycle in
experimental adjuvant arthritis. ] Pharm Pharmacol. (2021) 73:32-9. doi: 10.1093/jpp/
rgaa053

61. Weyand CM, Goronzy JJ. The immunology of rheumatoid arthritis.
Nat Immunol. (2021) 22:10-8. doi: 10.1038/541590-020-00816-x

62. Gray JI, Al-Khabouri S, Morton F, Clambey ET, Gapin L, Matsuda JL, et al.
Tolerance induction in memory CD4 T cells is partial and reversible. Immunology.
(2020) 162:68-83. doi: 10.1111/imm.v162.1

63. Nagafuchi Y, Shoda H, Sumitomo S, Nakachi S, Kato R, Tsuchida Y, et al.
Immunophenotyping of rheumatoid arthritis reveals a linkage between HLA-DRBI
genotype, CXCR4 expression on memory CD4+ T cells and disease activity. Sci Rep.
(2016) 6:29338. doi: 10.1038/srep29338

64. Teng X, Mou D-C, Li H-F, Jiao L, Wu S-S, Pi J-K, et al. SIGIRR deficiency
contributes to CD4 T cell abnormalities by facilitating the IL1/C/EBPB/TNF-o.
signaling axis in rheumatoid arthritis. Mol Med. (2022) 28:135. doi: 10.1186/s10020-
022-00563-9

65. Nielsen UB, Bruhn LV, Ellingsen T, Stengaard-Pedersen K, Nete Hornung N.
Calprotectin in patients with chronic rheumatoid arthritis correlates with disease
activity and responsiveness to methotrexate. Scand J Clin Lab Inv. (2018) 78:62-7.
doi: 10.1080/00365513.2017.1413591

66. Xiang Y, Pan BH, Zhang J, Chen JQ, Fang H, Wang Q, et al. Suppression of
overactivated immunity in the early stage is the key to improve the prognosis in severe
burns. Front Immunol. (2024) 15:1455899. doi: 10.3389/fimmu.2024.1455899

67. Pinheiro Torres R, Pimentel Dos Santos F, Branco J. AB0014 methotrexate-
implications of pharmacogenetics in the treatment of patients with rheumatoid
arthritis. Ann Rheum Dis. (2021) 80:1041-2. doi: 10.1136/annrheumdis-2021-
eular.3749

68. Romand X, Courtier A, Nguyen M, Paclet M, Gaudin P, Guillevin L, et al.
OP0031 an increase in serum calprotectin level in ANCA-associated vasculitides during
maintenance therapy is associated with more relapse and accelerated renal function
decline. Ann Rheum Dis. (2020) 79:22. doi: 10.1136/annrheumdis-2020-eular.4083

frontiersin.org


https://doi.org/10.7717/peerj.15437
https://doi.org/10.1038/mt.2010.26
https://doi.org/10.1021/acs.jcim.1c00203
https://doi.org/10.1002/advs.202406877
https://doi.org/10.1007/s00011-022-01649-0
https://doi.org/10.1007/s00011-022-01649-0
https://doi.org/10.1007/s10067-018-4318-5
https://doi.org/10.1007/s40203-024-00204-5
https://doi.org/10.1093/rheumatology/kep452
https://doi.org/10.1177/1759720X221114105
https://doi.org/10.1371/journal.pone.0072138
https://doi.org/10.1038/ncomms7818
https://doi.org/10.1186/s12865-024-00646-8
https://doi.org/10.1016/j.biochi.2007.03.006
https://doi.org/10.1016/j.drup.2023.101017
https://doi.org/10.1016/j.drup.2023.101017
https://doi.org/10.1016/j.jacbts.2017.10.005
https://doi.org/10.1016/j.jaci.2017.10.011
https://doi.org/10.3389/fnmol.2022.948160
https://doi.org/10.3389/fnmol.2022.948160
https://doi.org/10.1016/j.acthis.2024.152170
https://doi.org/10.3390/ijms25063123
https://doi.org/10.1111/j.1365-2567.2010.03286.x
https://doi.org/10.1111/j.1365-2567.2010.03286.x
https://doi.org/10.4049/jimmunol.178.5.3316
https://doi.org/10.3390/biom10071064
https://doi.org/10.1016/j.humimm.2013.06.017
https://doi.org/10.1016/j.imlet.2019.12.002
https://doi.org/10.1016/j.imlet.2019.12.002
https://doi.org/10.1007/s00296-011-1818-x
https://doi.org/10.1093/jpp/rgaa053
https://doi.org/10.1093/jpp/rgaa053
https://doi.org/10.1038/s41590-020-00816-x
https://doi.org/10.1111/imm.v162.1
https://doi.org/10.1038/srep29338
https://doi.org/10.1186/s10020-022-00563-9
https://doi.org/10.1186/s10020-022-00563-9
https://doi.org/10.1080/00365513.2017.1413591
https://doi.org/10.3389/fimmu.2024.1455899
https://doi.org/10.1136/annrheumdis-2021-eular.3749
https://doi.org/10.1136/annrheumdis-2021-eular.3749
https://doi.org/10.1136/annrheumdis-2020-eular.4083
https://doi.org/10.3389/fimmu.2025.1585895
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Transcriptomic insights into the mechanism of action of telomere-related biomarkers in rheumatoid arthritis
	1 Introduction
	2 Materials and methods
	2.1 Data collection
	2.2 Identification of differentially expressed genes
	2.3 Identification and function of candidate genes
	2.4 Gene interaction at the protein level
	2.5 Machine learning
	2.6 Receiver Operating Characteristic (ROC) analysis and gene expression level verification
	2.7 Construction of nomogram
	2.8 Gene Set Enrichment Analysis
	2.9 Subcellular and chromosome localization analyses
	2.10 Immune infiltration analysis
	2.11 GeneMANIA and Friends analysis
	2.12 Construction of molecular regulatory network
	2.13 Drug prediction and molecular docking
	2.14 Clinical sample validation
	2.15 Statistical analysis

	3 Results
	3.1 Functional analysis of candidate genes
	3.2 Identification of biomarkers
	3.3 Nomogram model analysis for RA
	3.4 Enrichment pathway of biomarkers
	3.5 Distribution of biomarkers in subcells and chromosomes
	3.6 Immune cell analysis
	3.7 Functional analysis of biomarkers
	3.8 Binding energy analysis of biomarkers and drugs
	3.9 RT-qPCR results

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


