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Abstract
Objective
Rheumatoid arthritis (RA) and systemic lupus erythematosus (SLE) are two systemic autoimmune diseases with
significant comorbidity, and the shared molecular mechanisms remain unclear.

Methods
This study integrates four transcriptomic datasets (GSE17755, GSE110169, GSE93272, GSE110174), combining
differential expression gene (DEG) screening, protein-protein interaction (PPI) network analysis, machine learning
(LASSO and random forest), and single-sample gene set enrichment analysis (ssGSEA) to systematically analyse the
comorbidity mechanisms of RA and SLE.

Results
It was found that RA and SLE share immune regulatory genes such as IFIT3, TNFSF13B, and ZCCHC2, which are
significantly upregulated in both diseases and have high diagnostic efficacy. Functional analysis shows that IFIT3 is
associated with type I interferon and cGAS-STING pathways, TNFSF13B (BAFF) is associated with B cell activation
and TLR signalling pathways, and ZCCHC?2 is associated with cell cycle regulation and neurodegenerative diseases.
Immune cell analysis indicates that in RA, macrophages are positively correlated with TNFSF13B, while in SLE,
plasmacytoid dendritic cells (pDCs) are negatively correlated with IFIT3, suggesting disease-specific differences
in the immune microenvironment.

Conclusion
This study elucidates the molecular mechanisms of RA and SLE comorbidity, identifies cross-disease biomarkers
and their interactions with immune cells and drugs, providing theoretical basis for precision diagnosis and treatment.
The study limitations include data heterogeneity and the lack of Rhupus patient samples, which need to be validated
through functional experiments and multicentre cohorts in the future.
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Introduction

Rheumatoid arthritis (RA) is a systemic
autoimmune disease characterised by
chronic synovitis and joint destruction,
with a global prevalence of approxi-
mately 0.5-1%, and a female-to-male
incidence ratio of 2-3:1 (1-3). Its patho-
genesis involves genetics, environment
(such as smoking) and abnormal ac-
tivation of the immune system, espe-
cially the release of pro-inflammatory
cytokines (such as TNF-o and IL-6)
mediated by T cells, B cells and mac-
rophages, leading to synovial hyper-
plasia and bone erosion (4-6). Despite
the identification of multiple risk loci
through genome-wide association stud-
ies (GWAS), such as HLA-DRBI, the
molecular mechanisms of rheumatoid
arthritis (RA) are still not fully elucidat-
ed (7). In recent years, bioinformatics
analysis has revealed the key roles of
immune-related genes (such as STAT3
and the JAK-STAT pathway) and im-
mune cell infiltration (such as Thl17
cells) in the progression of RA through
the mining of transcriptomic data (5, 8,
9).

SLE is a systemic autoimmune disease
characterised by multi-organ involve-
ment (such as skin, kidneys, and cardio-
vascular system) and the formation of
autoantibodies, with a prevalence of ap-
proximately 20—150 cases per 100,000
people, and a female predominance of
up to 90% (3, 10, 11). Its pathogenesis
is closely related to the deposition of
immune complexes (such as anti-dsD-
NA antibodies), over-activation of type
I interferon signalling pathways, and B
cell dysfunction (10, 12, 13). Genetic
studies show that SLE is associated
with polymorphisms in genes such as
IRAK1 and STAT4, but the comorbid-
ity mechanisms with other autoimmune
diseases (such as RA) still need to be
further explored (7, 11). Transcriptomic
analysis indicates that interferon stimu-
lated genes (ISGs) and Toll-like recep-
tor (TLR) pathways are significantly
upregulated in peripheral blood mono-
nuclear cells (PBMCs) of SLE patients,
suggesting an aberrant innate immune
response in the disease (12, 14).

RA and SLE co-morbidity mechanism:
clinical and epidemiological studies
have shown that RA and SLE can co-

occur (such as in Rhupus syndrome),
with some patients exhibiting features
of both diseases (15, 16). Rhupus syn-
drome is a rare autoimmune disease
that combines features of RA and SLE.
Its clinical manifestations include: 1.
symmetric erosive polyarthritis (simi-
lar to RA), often accompanied by joint
deformities and morning stiffness; 2.
skin manifestations (such as photosen-
sitive rashes, hair loss), haematological
abnormalities (such as pancytopenia),
pleuritis, and renal involvement (with
an incidence of about 10%, lower than
the 25% seen in typical SLE) (17, 18).

Genetic evidence shows that both
share some risk loci (such as the HLA
region) and immune pathways (such
as the JAK-STAT and TLR signalling
pathways) (7, 13). Additionally, bioin-
formatics analysis revealed that comor-
bidity between RA and SLE may be
associated with similarities in common
differentially expressed genes (such as
CXCL10, IFI44L) and immune micro-
environment (such as neutrophil infil-
tration) (13, 14, 19). However, system-
atic studies of these shared molecular
mechanisms are still insufficient, es-
pecially those based on transcriptomic
data across diseases.

This study aims to identify key genes,
pathways, and immune cell infiltra-
tion patterns shared by RA and SLE by
integrating bulk RNA-seq data from
both conditions using bioinformatics
methods. We hypothesise that RA and
SLE share transcriptional regulatory
networks and immunological dysregu-
lation mechanisms, which may provide
new insights for diagnostic biomark-
ers or therapeutic targets for these dis-
eases. By systematically comparing the
molecular characteristics of the two
diseases, this study will fill gaps in the
understanding of comorbidity mecha-
nisms and provide theoretical support
for precision medicine strategies.

The aim of this study is to explore the
possible shared molecular mechanisms
between RA and SLE by integrating
transcriptomic data analysis, machine
learning model construction, and mul-
tiple bioinformatics and experimental
validation methods. Figure 1 details the
entire research process from raw data
set processing, identification of DEGs,
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Fig. 1. The framework of multi-omics integrated analysis was used to analyse the key genes of SLE and RA. In this study, we identified key genes common
to SLE and RA through integrated multiomics analysis. Firstly, differential genes were screened based on GSE110169 (SLE) and GSE17755 (RA) datasets
to obtain candidate genes. Through functional enrichment analysis, protein interaction network and machine learning screening, key genes were finally
identified, and finally gene expression was verified by qPCR experiment.

screening of key genes, diagnostic effi-
cacy assessment, and subsequent func-
tional analysis, drug prediction, and
experimental validation. The core goal
of the study is to identify key genes
of diagnostic value shared by RA and
SLE, and further reveal their potential
functions and molecular roles in disease
development (Fig. 1).

Materials and methods

Acquisition and preprocessing

of microarray data

The expression datasets for RA
and SLE, GSEI17755, GSEI110169,
GSE93272, and GSE110174, were
downloaded from NCBI GEO (http://
www.ncbi.nlm.nih.gov/geo/, access
time: 2025/05/01). Among them,
GSE17755 and GSE110169 were used
as the training set, while GSE93272 and
GSE110174 were used as the test set.
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Subsequently, the datasets were pre-
processed using the R package limma
to obtain differentially expressed genes.
After setting the parameters adj.p-value
<0.05 and llogFCl =1.5 to limit the data,
data visualisation was performed us-
ing the R package ggplot2. Then, the R
package VennDiagram (1.7.3) was used
to obtain the intersection of DEGs be-
tween RA and SLE.

For the training set GSE17755 and
GSE110169, gene expression profil-
ing was conducted on peripheral blood
cells from patients with autoimmune
diseases. GSE177755 includes 112 pa-
tients with RA, 22 patients with SLE,
6 patients with polyarticular juvenile
idiopathic arthritis (polyJIA), 51 pa-
tients with systemic juvenile idiopathic
arthritis (sJIA), 8 healthy children, and
45 healthy adults. In this study, 112
RA patients were included as the dis-

ease group and 59 healthy individu-
als as the control group. For the train-
ing set GSE110169, it includes 82
SLE patients, 84 RA patients, and 77
healthy controls. In this study, 82 SLE
patients were included as the disease
group and 77 healthy individuals as the
control group. For the validation set
GSE93272, it includes 43 samples from
healthy controls and 233 RA samples;
the validation set GSE110174 includes
10 samples from healthy controls and
144 SLE samples, used for expression
profiling validation.

Screening and enrichment

analysis of overlapping genes

between RA and SLE

To further identify overlapping genes
between RA and SLE, the intersec-
tion of upregulated and downregulated
genes in RA and SLE was combined
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to obtain the overlapping genes. These
overlapping genes were further used
for enrichment analysis. Then, we per-
formed gene ontology (GO) annotation
and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment
analysis using R language. The GO
analysis included cellular component,
biological process, and molecular func-
tion. A protein-protein interaction (PPI)
network of these overlapping genes
was constructed using the STRING
online tool (confidence >0.4) (https://
string-db.org/cgi/input.pl, access time:
2025/05/01).

Construction of machine

learning models

In GSE17755, LASSO analysis was
conducted on candidate genes using the
R package glmnet (4.1-8) with 10-fold
cross-validation to select the optimal
lambda (A) value for gene selection.
Random forest analysis was then per-
formed on the candidate genes using
the R package randomForest (4.7-1.2)
with 10-fold cross-validation to further
screen the genes. Finally, the R pack-
age VennDiagram (1.7.3) was used to
find the intersection of genes selected
by both algorithms, which were desig-
nated as key genes 1. In GSE110169,
the same algorithms were applied to
obtain key genes 2. Ultimately, the in-
tersection of key genes 1 and key genes
2 was determined using the R package
VennDiagram (1.7.3) and defined as po-
tential biomarkers.

LASSO achieves feature sparsity
through L1 regularisation, effectively
screening key variables in high-dimen-
sional data (such as clinical features or
genetic markers), while random forests
handle non-linear relationships through
ensemble decision trees and assess fea-
ture importance. Some studies suggest
that this combination “combines the ad-
vantages of LASSO regression and en-
semble strategies”, both improving the
stability of variable selection through
LASSO and utilising random forests to
capture complex interactions (20-22).
Ding et al. proposed the Collabora-
tive Regularisation Linear Regression
framework, combining the LASSO
penalty term with ensemble methods to
maintain feature sparsity while improv-
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ing prediction accuracy (23). Ouyang et
al. further verified that by pre-screening
features with LASSO and then inputting
them into models such as random for-
est, the accuracy of prognostic predic-
tion can be significantly improved (24).
The combination is widely used for dis-
ease risk prediction (such as diabetes,
cancer) and biomarker discovery, both
of which adopt 10-fold cross-validation
for hyperparameter optimisation and
model evaluation. Its advantage lies in
balancing computational efficiency and
data utilisation (25).

ROC analysis

To evaluate the discriminative power
of the key genes obtained in the previ-
ous step for patient samples and control
samples, ROC curve analysis was per-
formed on the key genes in the train-
ing and validation sets of RA and SLE
using the R package pROC (1.18.5)
to calculate the Area Under the Curve
(AUCQC) values.

Level of expression analysis

To investigate the expression levels of
the potential biomarkers obtained in
RA and SLE patient samples and con-
trol samples, the Wilcoxon rank-sum
test was used to analyse the expres-
sion levels of the potential biomarkers
(p<0.05).

Nomogram construction

Nomogram diagram, which is based on
multi-factor regression analysis, inte-
grates multiple prediction indexes, and
then draws them on the same plane ac-
cording to a certain scale by using line
segments with scales, so as to express
the relationship between variables in
the prediction model. The basic prin-
ciple is to assign a score to each value
level of each influencing factor accord-
ing to the contribution degree of each
influencing factor to the outcome vari-
able (the size of regression coefficient)
in the model, and then add up all scores
to obtain the total score. Finally, the pre-
dictive value of the individual outcome
event is calculated through the function
transformation relationship between the
total score and the occurrence probabil-
ity of the outcome event. The nomo-
gram transforms complex regression

equations into visual graphs, making
the results of predictive models more
readable and convenient for patient as-
sessment. Because of its intuitionistic
and easy-to-understand characteristics,
nomogram has gradually gained more
and more attention and application in
medical research and clinical practice.
The genes with ROC >0.7 and consist-
ent expression trends in RA and SLE
patient samples and control samples
were determined as final biomarkers.
A nomogram was constructed for bio-
markers using the R package rms (6.8-
1). Each biomarker corresponds to a
score. The total score of each biomarker
corresponds to the total score. The risk
of disease was predicted according
to the total score. The higher the total
score, the higher the risk of disease.

Chromosome mapping

and GeneMANIA analysis
Chromosomal localisation of genes
is of great significance to the study of
gene structure, function and interaction.
In order to explore the chromosomal lo-
calisation of biomarkers, the R package
RCircos (1.2.2) was used to visualise
their chromosomal localisation.

Gene set enrichment analysis

In this study, in order to explore the
functional enrichment of markers,
Spearman correlation between bio-
markers and all other genes was cal-
culated by R package psych (2.4.6.26)
in all samples of training set, and
ranked from large to small accord-
ing to correlation coefficient, and then
GSEA enrichment analysis was per-
formed by R package clusterProfiler
(4.15.0.003). The reference gene set
was c2.all.v2024.1.Hs.symbols.gmt of
MSigDB database (https://www.gsea-
msigdb.org/gsea/msigdb, access time:
2025/05/05), and the screening thresh-
old was p<0.05 and | NESI>1.

Immune cell infiltration

In order to explore the correlation be-
tween biomarkers and immune cells
in RA and SLE, and to understand the
composition of immune cells, we used
single sample gene enrichment analysis
(ssGSEA) to analyse immune infiltra-
tion correlation analysis. The R pack-
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Fig. 2. Expression spectrum characteristics of GSE17755 and GSE110169.
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the GSE110169 data set, the red part is the SLE group and the blue part is the Control group; D: The volcano map of the GSE110169 data set, select the top
10 genes to display (the threshold value is adj.p-value <0.05&loglFCI=1.5; E: Intersection of upregulated genes in GSE17755 and GSE110169 data sets; F:
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age GSVA (1.53.28) was used to calcu-
late enrichment scores for disease and
normal samples in 28 immune cells.

Analysis of the association

between biomarkers and diseases

In order to find other diseases that may
be associated with biomarkers, the Dis-
GeNet database (http://www.disgenet.
org/, access time: 2025/05/09) was
used to screen for diseases associated
with biomarkers, ker-disease relation-
ships were examined by NetworkAn-
alyst (https://www.networkanalyst.ca/,
access time: 2025/05/11), ker-associ-
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ated diseases and their complications
were revealed based on the DiGeNET
database, and finally ker-disease co-ex-
pression networks were visualised with
R package enrichplot (1.20.0).

RT-QPCR experimental validation

Peripheral blood mononuclear cell
(PBMC) samples were collected
from clinically confirmed RA pa-
tients (n=30), SLE patients (n=30) and
healthy controls (n=30). All samples
were collected from active patients, ap-
proved by the hospital ethics commit-
tee and signed informed consent form.

AACt method was used to calculate the
relative expression, and GAPDH was
used as internal reference gene. Differ-
ences between groups were analysed by
ANOVA and Tukey’s post-hoc test with
p<0.05 and Cohen’s d>0.5.

RA patients (n=30), SLE patients
(n=30), and healthy controls (n=30)
showed no significant differences in
age (mean+SD: RA 43.2+11.8 years,
SLE 41.5+10.3 years, control 44.1+£9.7
years, ANOVA p=0.62) and gender
distribution (female percentage: RA
83.3%, SLE 86.7%, control 80.0%,
Chi-square test p=0.78). All patients
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A: Algorithm coefficient distribution diagram of LASSO machine learning in GSE17755;
B: 10-fold cross validation diagram of LASSO machine learning in GSE17755; C: histo-
gram of top 15 genes ranked by importance obtained by random forest machine learning in
GSE17755; D: algorithm coefficient distribution diagram of LASSO machine learning in
GSE110169; E: 10-fold cross validation diagram of LASSO machine learning in GSE110169;
F: Histogram of the top 15 genes in importance ranking obtained by random forest machine
learning in GSE110169; G: Intersection genes obtained by two algorithms in two datasets;
H: ROC diagnostic curve diagram of IFIT3 gene in GSE17755; I: ROC diagnostic curve
diagram of TNFSF13B gene in GSE17755; J: ROC diagnostic curve diagram of ZCCHC2
gene in GSE17755; K: ROC diagnostic curve diagram of IFIT3 gene in GSE110169; L: ROC
diagnostic curve of TNFSF13B gene in GSE110169; M: ROC diagnostic curve of ZCCHC2
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were in the active phase (RA: DAS28-
CRP=3.2; SLE: SLEDAI=6), receiving
standard treatment protocols (hormone/
immunosuppressant use rate >80%).

Statistical analysis

- Differentially DEG analysis

DEG analysis was performed using the
limma package (3.56.2) of the R lan-
guage. The original expression matrix
is first transformed log2 (PKM+1). Lin-
ear models were then constructed for
each dataset (GSE110169, GSE17755,
GSE93272). Apply empirical Bayesian
adjustment through the eBayes function
and output the results using the topT-
able function. The adj.p-value column
of the topTable function output repre-
sents the p-value corrected for multiple
tests (FDR) by the Benjamini-Hochberg
(BH) method. We set adj.p-value <0.05
and llog2 FC| Genes >1.5 were defined
as differentially expressed genes with
statistical significance.

- ROC curve evaluation

To evaluate the diagnostic value of
key genes (IFIT3, TNFSF13B, etc.) in
distinguishing patients from controls,
we separately plotted receiver operat-
ing characteristic (ROC) curves for
each gene in two independent datasets
(GSE110169 and GSE17755) and cal-
culated the following indicators: area
under the curve (AUC): calculated us-
ing the pROC package, reflecting the
overall discriminative ability of the
gene; 95% confidence interval (CI):
generated based on 1000 times of boot-
strap sampling; significance test: for
each gene’s AUC, a one-sample test
is performed against a random classi-
fier (AUC=0.5) using the two-tailed
Z-test (roc.test function); multiple test
correction: the Benjamini-Hochberg
(BH) method is used to control the false
discovery rate (FDR), and corrected p-
values (g-values) <0.05 are considered
significant.

- Immune cell correlation analysis

To explore the potential association
between IFIT3, TNFSF13B, and ZC-
CHC?2 genes and the infiltration scores
of 28 immune cells, we calculated the
Spearman rank correlation coefficient.
This analysis was performed using the
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corr.test function from the psych R
language package, and all calculated
p-values were subjected to multiple
testing correction using the Benjamini-
Hochberg (BH) method via the adjust
= fdr parameter. Only results with cor-
relation coefficients and adjusted p-val-
ues <0.05 are reported.

- RT-qPCR experiment

To validate the expression differences
of IFIT3, TNFSFI13B, and ZCCHC2
genes in RA patients versus healthy con-
trols and SLE patients versus healthy
controls, we conducted RT-qPCR ex-
periments. A total of 6 main compari-
sons were made. For each comparison,
we used the Wilcoxon rank-sum test to
evaluate the relative expression levels
of the genes. To control for the multiple
testing effects of these 6 comparisons,
we applied the Benjamini-Hochberg
(BH) method for FDR correction to all
p-values. Adjusted p-values <0.05 were
considered statistically significant.

Results

Explore DEGs between RA

and SLE patient samples and

control samples

Based on RA training set (GSE17755)
and SLE training set (GSE110169),
strict screening criteria (adj.p-value
<0.05, log2FCl =1.5) identify disease-
specific differentially expressed genes.
A total of 449 significant DEGs (353
up-regulated and 96 down-regulated)
were identified in the RA cohort, with
PIGL and ACTG1 as the most signifi-
cant up-regulated and down-regulated
genes, respectively (Fig. 2A-B). 878
DEGs were identified in the SLE cohort
(478 up-regulated and 400 down-regu-
lated), with IFI6 and SLC4A10 show-
ing the most significant expression dif-
ferences (Fig. 2C-D). Cross analysis
revealed significant overlap in immune
regulatory genes between RA and SLE:
the intersection of up-regulated genes
contained 24 key genes, and the inter-
section of down-regulated genes con-
tained 4 genes (Fig. 2E-F). GO/KEGG
enrichment analysis revealed that these
shared genes are mainly involved in
innate immune response and haemat-
opoietic cell differentiation pathways,
among which TNFSF13B, as a core

regulator of B cell activation, is sig-
nificantly upregulated in both diseases
(Fig. 2G-H). PPI network constructed
based on STRING database shows that
the pivot genes IFIT3 and TNFSF13B
may serve as molecular hubs for RA
and SLE co-disease (Fig. 2I).

Identifying candidate pivot

genes and ROC evaluation by

machine learning

To screen candidate genes for nomo-
gram construction and diagnostic value
assessment, LASSO regression and RF
machine learning algorithms were ap-
plied (Fig. 3A-F). In RA training set
GSE17755, we selected the intersec-
tion of 19 genes identified by LASSO
regression algorithm and the first 15
genes obtained by random forest al-
gorithm as candidate biomarkers for
RA. In SLE training set GSE110169,
we took the intersection of 22 genes
determined by LASSO regression al-
gorithm and the first 15 genes obtained
by random forest algorithm as can-
didate biomarkers for SLE, and ob-
tained the intersection of four genes,
totaling 7 genes, for subsequent veri-
fication (Fig. 3G). Meanwhile, ROC
evaluation showed that AUC of IFIT3,
TNFSF13B and ZCCHC2 were 0.750
(95%CI 0.669-0.822), 0.932 (95% CI
0.880-0.974) and 0.881 (95%CI 0.809-
0.941) in RA (Fig. 3H-J). In SLE, AUC
of IFIT3, TNFSFI13B and ZCCHC2
were  0.914(95%CI  0.864-0.960),
0.859 (95% CI 0.789-0.910) and 0.788
(95%CI1 0.716-0.856) (Fig. 3K-M).

Further screening and

nomogram evaluation of

candidate genes

To investigate the expression of the 7
potential biomarkers in RA and SLE
patient samples and control samples,
Wilcoxon rank sum test was used for
RA and SLE training set and valida-
tion set (GSE17755, GSE110169,
GSE93272, and GSE110174) were ana-
lysed (p<0.05), and genes significantly
different and with consistent expression
trends in both datasets were defined as
biomarkers (IFIT3, TNFSF13B, ZC-
CHC2) (Fig. 4A-D).

The nomogram was constructed based
on three candidate central genes and
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ROC curves were established to assess
the diagnostic specificity and sensitiv-
ity of these three gene sets and nomo-
grams (Fig. 4E, H, I, L). We calculated
AUC and 95% CI for each item. The re-
sults were as follows: RA (AUC 0.991,
95% CI 0.982-1.000), SLE (AUC
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0.932, 95% CI 0.891-0.973) (Fig. 4H,
L). These three genes have high diag-
nostic value for RA and SLE, and the
nomogram constructed also has high
diagnostic value (Fig. 4E, I).

In order to evaluate the prediction per-
formance of nomogram models, cali-

bration curves are often used to visually
show the relationship between predicted
probability values and true probability
values. In RA, calibration curves were
plotted using the rms package, p=0.221,
indicating that the nomogram had better
prediction accuracy; in SLE, p=0.203,
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Fig. 5. Immune infiltration analysis.

A: Heatmap of expression of 28 immune cells in GSE17755; B: Bar chart of expression of 28 immune cells in GSE17755; C: Correlation analysis of dif-
ferentially expressed immune cells in GSE17755; D: Correlation analysis of ZCCHC2, TNFSF13B, and IFIT3 with differentially expressed immune cells in
GSE17755; E: Heatmap of expression of 28 immune cells in GSE110169; F: Bar chart of expression of 28 immune cells in GSE110169;

G: Correlation analysis of differentially expressed immune cells in GSE110169; H: Correlation analysis of ZCCHC2, TNFSF13B, and IFIT3 with differen-
tially expressed immune cells in GSE110169.

indicating that the nomogram had better  the characteristics of immune cell com-  In the analysis of immune cell subpop-
prediction accuracy (Fig. 4F, J). position and its correlation with key ulation difference, the non-parametric
Decision curve (DCA) analysis was  biomarkers in RA and SLE. Firstly, Mann-Whitney U-test (significance
used to assess the clinical utility of the  single-sample gene set enrichment anal-  threshold p<0.05) was used to com-
linear nomogram, and the R package ysis (ssSGSEA) algorithm was used to  pare the immune infiltration scores of
rmda was used to draw the decision calculate the infiltration score of 28 im-  the training set between groups, and
curve. It can be seen from the figure that  mune cell subsets by R software pack- the immune cell subpopulations with
the model curve has a certain distance  age GSVA (1.53.28), and the pheatmap  significant differences were screened
from the two extreme curves and has  (1.0.12) package was used to construct  out. Spearman rank correlation analysis
a good prediction effect. Meanwhile, the immune cell abundance pheatmap  was performed on the differential cells
the net benefit rate of the nomogram is  of control group and disease group (Fig. by R software package psych (2.4.6.26)
higher than that of other key genes, in-  5A, E). The visualisation results showed  (threshold setting: Irl> 0.3 and p< 0.05),
dicating that the prediction effect of the  that RA and SLE patients showed unique  an immune cell interaction network was

model is the best (Fig. 4G, K). immune cell distribution patterns, sug-  constructed (Fig. 5B, C, F, G).

gesting that autoimmune diseases may  Spearman correlation analysis further
Immune cell infiltration analysis trigger systemic immune microenviron-  revealed the functional relationship
This study systematically investigated  ment remodelling. between biomarkers (ZCCHC2, TNFS-

Clinical and Experimental Rheumatology 2026 965



Exploring RA-SLE comorbidity by transcriptomics / M. Shen & C. You

Rarked List

Running Envehment Seors

Ranked List

E3 i )
Rank inOrdered Dataset

BAFF poiymorphism< &

Term Name
= oty Twrason
— Spicecme

~~_
\;ﬂfﬁ

LI T TUTLIT

Running Enrichment Score

Ranked List

£ D
Rarkin Crdered Dotaset

Tem Name

Running Enrichment Score

oo

T L AL (L
i L A
[ - 1 T TN

T T T e

Ranked List

Drug-Gene Intaraction Network

e

Oifactory Transduction

Running Enrichmant Score

Ranked List

Running Enrichment Score

Ranked List

B3 W
Rankin Orered Dalasel

Fig. 6. Characteristic analysis of IFIT3, TNFSF13B and ZCCHC2.

A: Distribution map of chromosome positions of IFIT3, TNFSF13B and ZCCHC2; B: Histogram of
IFIT3, TNFSF13B and ZCCHC2 with disease; C: Network diagram of IFIT3, TNFSF13B and ZC-
CHC2 with drug; D: Functional map of IFIT3, TNFSF13B and ZCCHC?2 genes analysed by GeneMA-
NIA website; E: GSEA enrichment analysis of IFIT3 in GSE17755; F: GSEA enrichment analysis of
TNFSF13B in GSE17755; G: GSEA enrichment analysis of ZCCHC2 in GSE17755; H: GSEA enrich-
ment analysis of IFIT3 in GSE110169; I: GSEA enrichment analysis of TNFSF13B in GSE110169; J:
GSEA enrichment analysis of ZCCHC2 in GSE110169.

F13B, IFIT3) and differential immune
cells (Fig. 5D, H). Notably, the proin-
flammatory factor TNFSF13B was sig-
nificantly positively correlated with the
degree of macrophage infiltration in RA
patients, while the interferon-inducible
gene IFIT3 was strongly negatively
correlated with plasmacytoid dendrit-
ic cells in SLE patients (Fig. 5D, H).
These findings suggest that different
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biomarkers may be involved in disease
development through specific regula-
tion of specific immune cell subsets.

Characterisation of

IFIT3, TNFSF13B and ZCCHC2
Chromosomal localisation of genes is of
great significance to the study of gene
structure, function and interaction. In or-
der to explore the chromosomal localisa-

tion of biomarkers, RCircos (1.2.2) was
used to visualise their chromosomal lo-
calisation. IFIT3 gene is clearly mapped
on chromosome 10, TNFSF13B gene on
chromosome 13, and ZCCHC2 gene on
chromosome 13 (Fig. 6A).

Network analysis based on the Dis-
GeNET database revealed that TNFS-
F13B as a core biomarker was associ-
ated with Chronic graft-versus-host

Clinical and Experimental Rheumatology 2026
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disease, Polyclonal hypergammaglobu-
laemia, Warm autoimmune haemolytic
anaemia and autoimmune neuropathy,
and IFIT3 was associated with Chronic
graft-versus-host disease, suggesting its
pivotal role in multisystem diseases and
potential for cross-disease therapeutic
targeting (Fig. 6B).

In order to explore drugs that may target
biomarkers, the Drug-Gene Interaction
Database was used to predict potential
drugs or compounds associated with
biomarkers, and ggplot2 was used for
visualisation. Here, IFIT3, TNFSF13B
and ZCCHC2 were used as a set to find
common targets for drug enrichment
analysis, so the top two drugs with the
highest enrichment scores were for-
maldehyde and tetratoxin (Fig. 6C).
GeneMANIA includes the functions of
IFIT3 and TNFSF 13B, IFIT3 is related
to response to type I interferon, cellu-
lar response to type I interferon and re-
sponse to virus, TNFSF 13B is related
to cellular response to tumour necrosis
factor (Fig. 6D).

In order to explore the functional as-
sociation of biomarkers (IFIT3, TNFS-
F13B, ZCCHC2) in RA and SLE, we
calculated the co-expression profiles of
biomarkers and other genes by Spear-
man correlation analysis based on tran-
scriptome data of training set samples,
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and then performed gene set enrich-
ment analysis (GSEA) after sorting ac-
cording to correlation coefficients. The
results showed that these genes were
significantly enriched in pathways as-
sociated with immune regulation and
inflammation (Fig. 6E-J).

In RA dataset (GSE17755), high ex-
pression of IFIT3 was positively cor-
related with olfactory transduction
pathway, suggesting that IFIT3 may be
involved in sensory neuron-mediated
inflammatory signalling (Fig. 6E). In
SLE dataset GSE110169, IFIT3 is en-
riched in the cytoplasmic DNA sens-
ing pathway and RIG-I like receptor
signalling pathway, suggesting that it
activates the type I interferon response
by recognising viral nucleic acids. In
addition, IFIT3 was also significantly
enriched in the Complement and Co-
agulation Cascades in the SLE dataset
(GSE110169), further supporting its
central role in innate immunity (Fig.
6H).

TNFSF13B is associated with olfactory
transduction pathway in RA and SLE,
suggesting that TNFSF13B may be
involved in sensory neuron-mediated
inflammatory signal transduction (Fig.
6F, I). ZCCHC2 is significantly associ-
ated with progesterone mediated oocyte
maturation and Huntington’s disease

pathways in RA, suggesting that it may
be involved in the intersection of cell
cycle regulation and neurodegeneration
(Fig. 6G).In SLE, ZCCHC?2 is enriched
in olfactory transduction pathway, sug-
gesting that ZCCHC2 may be involved
in sensory neuron-mediated inflamma-
tory signal transduction (Fig. 6J).

RT-QPCR experimental

verification

In an inter-group comparison of gene
expression levels, mRNA expression of
IFIT3, TNFSF13B and ZCCHC2 was
significantly higher in both RA and SLE
groups than in healthy controls (Fig.
7A-F). Specifically, IFIT3 was signifi-
cantly upregulated in both RA and SLE
groups, and the expression level of SLE
group was significantly higher than
RA group (Fig. 7A, D); TNFSF13B
was also significantly upregulated in
RA and SLE groups (Fig. 7B, E); and
ZCCHC2 was significantly upregu-
lated in RA and SLE groups (Fig. 7C,
F). These results suggest that although
the three genes are synergistically ab-
normal in both diseases, their up-regu-
lation is more significant in SLE, and
TNFSF13B and IFIT3 may have more
prominent pathological significance in
SLE, while the difference in ZCCHC2
may be regulated by other factors.
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Discussion

By integrating transcriptome data and
machine learning screening, this study
systematically revealed the potential
co-disease association between RA
and SLE in molecular mechanism and
verified the expression characteristics
of key genes (IFIT3, TNFSF13B, ZC-
CHC2) and their clinical significance.
These findings not only provide new
insights into understanding the simi-
larities and differences between RA and
SLE, but also lay the foundation for de-
veloping diagnostic markers and thera-
peutic targets across diseases.

Molecular mechanisms

of shared genes and disease
similarities and differences

The co-upregulation of IFIT3, TNFS-
F13B and ZCCHC2 in RA and SLE sug-
gests that these two diseases may drive
pathological processes through partially
shared molecular pathways such as in-
nate immune response and B cell acti-
vation. In SLE, IFIT3 acts as an inter-
feron-inducible protein and is closely
related to the type I interferon signalling
pathway. IFIT3 was found to be signifi-
cantly upregulated in peripheral blood
mononuclear cells (PBMCs) of SLE
patients and strongly correlated with
anti-dsDNA antibody titres, suggesting
that IFIT3 is involved in autoantibody
formation through interferon pathway
(26, 27). TFIT3 also promotes IFNa
production through cGAS-STING path-
way, exacerbating immune dysregula-
tion in SLE (27). In RA, IFIT3 expres-
sion is moderately correlated with CRP
levels and may be indirectly involved in
synovial inflammation via Toll-like re-
ceptor (TLR) signalling pathways (26,
28). The TLR4/NF-xB pathway is acti-
vated in RA and promotes the release of
inflammatory factors such as IL-6 and
IL-17, and IFIT3 may affect the patho-
logical process of RA by regulating this
pathway (29, 30).

TNFESF13B encodes B cell activating
factor (BAFF), which is highly ex-
pressed in RA and SLE. BAFF plays a
central role in both diseases by promot-
ing B cell activation and autoantibody
production (31). Activation of TLR
signalling pathways, such as TLR9Y, in-
duces BAFF expression, further driving
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B cell-mediated autoimmune responses
(32,33).

Current research does not directly sup-
port a functional role for ZCCHC2 in
RA and SLE, but the expression changes
of other members of the ZCCHC family
(such as ZCCHC6/ZCCHCI11) in SLE
suggest that the family may be involved
in immune regulation (11,34-36). Fur-
ther investigation should focus on
whether ZCCHC?2 affects the pathologi-
cal process of RA or SLE through simi-
lar mechanisms (such as RNA modifica-
tion, inflammatory signalling pathway).

Clinical significance and

diagnostic value of gene expression
TNFSF13B as a core regulatory factor
of B cell activation, its high AUC value
in the diagnosis of RA and SLE may be
related to HLA gene association analy-
sis. Some studies have pointed out that
HLA-DQAT1, DQBI1 and other HLA-
II alleles are associated with SLE and
RA. Genes with high predictive perfor-
mance have been screened by machine
learning models, suggesting that HLA
genes may affect disease progression
through B cell activation pathway (37).
More significant differences in IFIT3
expression in SLE may be associated
with activation of interferon signalling
pathway, and some studies have point-
ed out that gene set enrichment analysis
shows that IFIT3 gene is significantly
enriched in interferon signalling path-
way and correlated with disease activity
(38, 39). Deng et al. screened interfer-
on-related genes (IF144, IFIT3) through
machine learning, and their AUC val-
ues reached 0.753 in SLE, verifying the
central role of interferon signal in SLE
(40). The intergroup differences in ZC-
CHC?2 are not significant, which may
reflect its indirect regulation by disease-
specific regulatory networks. Studies
have identified zinc finger protein genes
associated with RA phenotypes through
LASSO regression and random forest
algorithms, and validated a nomogram
model to assess their diagnostic value

1.

Correlation between immune

cell infiltration and gene function
Immunocyte infiltration analysis further
revealed differences in immune micro-

environment between RA and SLE.
Macrophage activation in RA synovial
microenvironment is a key driver of in-
flammation persistence. Tian et al. not-
ed that macrophages significantly infil-
trate the synovium of RA patients and
exacerbate synovial destruction by re-
leasing pro-inflammatory factors such
as TNF-a, IL-1 (42). Pabon-Porras et
al. further emphasised that the innate
immune system (including macrophag-
es) not only initiates an early inflamma-
tory response in RA, but also maintains
disease progression through continued
activation (43). Although TNFSF13B
is not directly related to macrophage
infiltration in RA, the proinflammatory
mechanism of macrophage activation is
consistent with the functional direction
of TNFSF13B, which may indirectly
affect the inflammatory microenviron-
ment by regulating the interaction be-
tween macrophages and other immune
cells.

IFIT3 promotes the production of type
I interferon (IFN) and other proinflam-
matory cytokines by enhancing the
activity of cGAS/STING signalling
pathway. Experiments have shown that
knocking down IFIT3 significantly re-
duces virus-induced IFNf expression,
while overexpression of IFIT3 enhanc-
es this process. IFIT3 directly interacts
with STING and TANK binding kinase
1 (TBK1) to further activate down-
stream signals, thereby exacerbating in-
flammatory responses in SLE patients’
monocytes (44). This mechanism is
considered an important molecular ba-
sis for the onset of SLE, although there
is no direct evidence in current studies
proving that IFIT3 functions through
the immune microenvironment in SLE.
As an interferon-induced gene, IFIT3
may inhibit the secretion of IFN-a by
pDCs through a negative feedback
mechanism, which is consistent with
the dysregulation of the interferon path-
way observed in SLE.

Limitations and future directions

Despite this study revealing potential
comorbidity mechanisms between RA
and SLE through multi-omics analysis
and machine learning methods, limita-
tions still exist. First, the heterogeneity
of public datasets (such as differences
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in sample sources and definitions of
disease activity) may affect the gener-
alisability of the results, a point that has
been widely discussed in multi-omics
studies of rheumatology (45). Secondly,
the lack of direct comparisons of Rhu-
pus syndrome (RA-SLE overlap syn-
drome) limits the in-depth exploration
of comorbidity-specific mechanisms,
which have already shown their impor-
tance in clinical settings (46).

Future research can be advanced in the
following directions:

1. Functional verification, through cell
experiments or animal models to explore
the regulation of IFIT3 on interferon
signals and the influence of TNFSF13B
on B cell differentiation, the mechanism
is closely related to Th17/Treg balance;
2. Environmental-gene interaction, anal-
ysis of halogenated compounds such as
dichloromethane and ZCCHC?2; The re-
lationship between expression, explore
the role of epigenetic modification in
disease;

3. Clinical transformation, expand the
cohort size and combine protein detec-
tion to optimise the prediction model,
as shown in the RA/SLE co-treatment
strategy;

4. Research on the mechanism of co-
disease, including Rhupus patient sam-
ples to clarify the regulatory network
differences between shared genes and
specific genes, Such studies have pre-
liminarily revealed its unique molecu-
lar characteristics;

5. Due to the characteristics of explora-
tory research, this study did not conduct
a priori power analysis, which may af-
fect the interpretation of negative results
and suggests that these findings be fur-
ther validated through multicentre large
sample studies in the future.

Conclusion

This study elucidates the molecular
mechanisms of RA/SLE comorbidity,
identifies cross-disease biomarkers and
their interactions with immune cells
and drugs, providing theoretical basis
for precision diagnosis and treatment.
The study limitations include data
heterogeneity and the lack of Rhupus
patient samples, which need to be vali-
dated through functional experiments
and multicentre cohorts in the future.
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