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Four genes shared between
rheumatoid arthritis and cervical
cancer are associated with cervical
cancer prognosis

Shugiong Su%¢, BoYang*®, Huixia Liu'¢, Wenyao Yin**?, Shuo Chen* & Ge Du®

Rheumatoid arthritis (RA) and cervical cancer (CC) are major global health challenges, yet the
molecular connections between these two conditions remain poorly understood. To bridge this gap,
our study employs bioinformatics approaches to explore shared genetic pathways and potential
biomarkers. We started by identifying differentially expressed genes in RA and CC and then applied
WGCNA to detect functionally related gene clusters using gene expression data from the GEO
database. Additionally, we constructed protein—protein interaction (PPI) networks and examined
the role of the immune microenvironment. To assess the prognostic relevance of key genes in CC, we
leveraged survival data from TCGA. Our analysis identified 55 key genes common to RA and CC, with
four—CXCL1, CXCL13, ZWINT, and PTTGl—emerging as significant. ROC curve validation confirmed
their diagnostic potential, and a model incorporating these genes was associated with poorer
prognosis in CC. Among them, CXCL1 stood out as especially crucial. Our findings suggest a potential
link between chronic inflammation, immune dysregulation, and chemokine-related pathways in RA
patients, which may contribute to an increased susceptibility to CC.
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Rheumatoid arthritis (RA) is a widespread chronic autoimmune disease, affecting approximately 0.5-1%
of the global population!. This disorder triggers the generation of numerous inflammatory mediators and
autoantibodies, resulting in tissue and organ damage?. The development and exacerbation of inflammation in
RA patients are believed to result from a combination of inherited susceptibilities and particular environmental
factors®. A key driver of RA progression is angiogenesis, which facilitates the infiltration of leukocytes from the
bloodstream into synovial tissues, thereby enhancing inflammation?. Emerging evidence indicates that RA is
linked to a higher risk of overall cancer® and several site-specific malignancies, including lung cancer®, leukemia’
and cervical cancer®.

Cervical cancer (CC) is a significant global health burden, ranking as the third most commonly diagnosed
cancer and the fourth leading cause of cancer-related mortality among women®. Persistent human papillomavirus
(HPV) infection is widely recognized as the main risk factor for CC!°. The oncogenic potential of high-risk
HPV types is primarily driven by the early production of two key oncoproteins, E6 and E7, which hijack host
cellular mechanisms to create a suitable tumor microenvironment (TME)!!. The E6 and E7 oncoproteins
can also modulate the expression of immune mediators in host cells'?, including cytokines and chemokines,
to facilitate the recruitment of immune cells, TME remodeling”, angiogenesis, chronic inflammation'4, and
proliferation of tumor cells'®. Although early administration of the HPV vaccine can prevent CC effectively'®,
it does not eliminate pre-existing HPV infections'”. The clinical management of CC is a significant challenge
due to its asymptomatic onset, delayed diagnosis and poor prognosis'®. Patients with advanced CC still face
limited effective treatment options, with a 5-year survival rate remaining disappointingly low at merely 17%1°.
This underscores the urgent need to identify novel therapeutic targets that could improve patient outcomes and
enhance long-term survival.
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RA is a complex autoimmune disorder characterized by chronic inflammation, the underlying mechanisms
of which remain incompletely understood®. Similarly, chronic inflammation is a hallmark of HPV infection?'.
Prolonged inflammation can contribute to DNA damage, genetic instability and an increased risk of mutations,
while also promoting the survival and expansion of cancer stem cells?2. This pro-inflammatory environment
may create conditions that accelerate the progression of CC in RA patients with HPV infection?®. The association
between RA and cancer has been extensively investigated, with evidence highlighting its significant impact on
the quality of life and survival rates for RA patients*!. Additionally, the present study found that the majority
of RA patients undergo long-term systemic immunosuppressive or corticosteroid therapies?®. While these
treatments effectively manage RA by reducing inflammation and preserving organ function, they may also
increase the risk of cervical dysplasia over time?®. A meta-analysis suggests that individuals with RA on long-
term immunosuppressive therapies are more susceptible to HPV infection and cervical dysplasia®. Moreover,
epidemiological studies consistently show a higher prevalence of CC and cervical intraepithelial neoplasia
in RA patients?’~?°. Recent findings from an inverse variance weighted analysis in a two-sample Mendelian
randomization (MR) study further support a significant causal link between RA and an increased risk of CC*.

Nevertheless, few studies have delved into the molecular mechanisms linking RA and CC through
bioinformatics analysis, and the shared etiology of RA and CC remains obscure. Given the high prevalence of
CC among RA patients, coupled with its insidious onset and poor prognosis, the importance of early detection,
prompt diagnosis, and efficacious treatment can not be overstated. Recent progress in gene microarray
technology has enabled researchers to swiftly evaluate the expression of thousands of genes, deepening our
genetic comprehension of disease pathogenesis. This research employs bioinformatics approaches to identify
common pathways and key genes in RA and CC, aiming to uncover potential mechanisms, biomarkers, and
therapeutic targets. These efforts are intended to enhance RA management and facilitate the early detection and
effective management of CC.

Results

Identification of differentially expressed genes

The GSE1919 dataset within the Gene Expression Omnibus (GEO) database encompassed 8760 genes from 5
RA patients and 5 healthy controls. Within this dataset, 840 genes were identified as differentially expressed
genes (DEGs) associated with RA, with 408 downregulated and 432 upregulated, as illustrated in the heatmap
(Fig. 1a). The GSE77298 dataset included 20,815 genes from 16 RA patients and 7 healthy controls. A total of
1930 genes were recognized as DEGs related to RA, with 819 downregulated and 1111 upregulated, as depicted
in the heatmap (Fig. 1b). Similarly, we identified 1238 DEGs related to CC in the GSE9750 dataset, with 604
downregulated and 634 upregulated, as shown in the heatmap (Fig. 1c). In the GSE7803 dataset, we identified 604
DEGs associated with CC, with 276 downregulated and 328 upregulated, as presented in the heatmap (Fig. 1d).
The 229 common DEGs associated with RA are shown in the Venn diagram (Fig. le) and the 420 common DEGs
related to CC are shown in another Venn diagram (Fig. 1f). Ultimately, the Venn diagram (Fig. 1g) highlights 29
shared genes between RA- and CC-related DEGs.

Co-expression modules in RA and CC

By conducting Weighted Gene Co-expression Network Analysis (WGCNA) on dataset GSE1919, we identified
four gene modules associated with RA development compared to normal samples, each assigned a unique color.
To ensure a biologically meaningful scale-free network, we selected the optimal soft-threshold power { for each
dataset based on the criteria of scale independence (R?>0.85) and mean connectivity approaching zero. The
chosen P values were 6, 4, 7, and 6 for GSE1919, GSE77298, GSE9750, and GSE7803, respectively (Fig. 2a,d,g,j).
Among these modules, we found that the “magenta” module exhibited a strong positive correlation with RA in
the GSE1919 dataset (r=0.83, P=3e-3; Fig. 2b,c). In the GSE77298 dataset, we detected six modules, with the
“darkred” module showing a significant positive association with RA (r=0.71, P =1.4e-4; Fig. 2e,f). Similarly, in
the GSE9750 dataset, the “blue” module exhibited a significant positive correlation with CC (r=0.84, P=6.8e—19;
Fig. 2h,i), while in the GSE7803 dataset, the “lightgreen” module showed a significant positive correlation with
CC (r=0.71, P=2.4e-6; Fig. 2k,1). Therefore, we considered these two RA-related modules as the key target
modules, and the overlapping genes between them were identified as RA-related co-expressed genes (Fig. 2m).
Similarly, we designated the two CC-associated modules as the focal modules, with their shared genes considered
as CC-related co-expressed genes (Fig. 2n). Ultimately, the Venn diagram (Fig. 20) illustrates 27 genes that are
common between the RA- and CC-related co-expressed gene sets.

Combination of DEGs and co-expressed genes from WGCNA

Genes associated with RA and CC were determined by integrating 29 DEGs and 27 co-expressed genes derived
from WGCNA analysis. We then proceeded with 55 genes, among which CXCL1 was the only overlapping gene
(Fig. 3a). CXCL1 was upregulated in both RA and CC (Fig. 3b-e).

Gene Ontology and Kyoto Encyclopedia of genes and genomes analyses

To explore the molecular mechanisms of the 55 genes, we conducted Gene Ontology (GO) and Kyoto
Encyclopedia of genes and genomes (KEGG) enrichment analyses. These analyses identified 246 GO terms,
comprising 216 biological processes (BP), 22 molecular functions (MF), and 8 cellular components (CC). In
terms of BP (Fig. 4a), the genes were predominantly associated with mitotic nuclear division (GO:0140014),
negative regulation of sister chromatid segregation (GO:0033046 and GO:0033048), negative regulation of
mitotic sister chromatid separation (GO:2000816), and regulation of T cell migration (GO:2000404). For MF
(Fig. 4b), the genes were significantly enriched in fibroblast growth factor binding (GO:0017134), chemokine
activity (GO:0008009), growth factor binding (GO:0019838), iron ion binding (GO:0005506), and chemokine
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Fig. 1. RA and CC DEGs analysis. (a) A heatmap of RA DEGs analysis results based on the GSE1919
dataset. (b) A heatmap of RA DEGs analysis results based on the GSE77298 dataset. (¢) A heatmap of CC
DEGs analysis results based on the GSE9750 dataset. (d) A heatmap of CC DEGs analysis results based on
the GSE7803 dataset. (e) Identification of 229 overlapping genes between the DEGs of the two RA datasets.
(f) Identification of 420 overlapping genes between the DEGs of the two CC datasets. (g) Identification of
29 overlapping genes between the DEGs of RA and CC. RA rheumatoid arthritis, CC cervical cancer, DEGs
differentially expressed genes.
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receptor binding (G0:0042379). Regarding CC (Fig. 4c), the genes were mainly linked to the endocytic vesicle
membrane (GO:0030666), endocytic vesicle (GO:0030139), outer kinetochore (GO:0000940), clathrin-coated
endocytic vesicle membrane (GO:0030669), and spindle pole (GO:0000922). KEGG analysis revealed that these
genes were involved in the epithelial cell signaling in Helicobacter pylori infection, the chemokine signaling
pathway, and the cell cycle (Fig. 4d).

Intersection analysis of protein—protein interaction network and univariate COX regression

To delve deeper into the molecular mechanisms, we utilized Cytoscape software along with the STRING database
to construct a protein—protein interaction (PPI) network. The network visualized the interactions among 34 genes
(Fig. 5a), and the bar charts showcased the top 12 genes ranked by node degree in Fig. 5b. Notably, the combined
interaction score for each gene pair exceeded 0.9. Following this, we carried out a univariate COX regression
analysis on the survival data of CC patients derived from The Cancer Genome Atlas (TCGA) datasets to identify
key prognostic factors among the 55 pivotal genes (Fig. 5¢). Subsequently, we conducted an intersection analysis
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«Fig. 2. Identification of co-expression genes of RA and CC using WGCNA. (a) Analysis of network topology
for various soft thresholds (B) in the GSE1919 dataset. The left panel shows the scale-free fit index (scale
independence, y-axis) as a function of the soft threshold power (x-axis); the right panel displays the mean
connectivity (degree, y-axis) as a function of the soft threshold power (x-axis). Figures (d,g,j) are drawn in the
same way. (b) Cluster dendrogram of co-expressed genes in RA based on the GSE1919 dataset. (c) Heatmap
of module-trait relationships in the GSE1919 dataset. (d) Analysis of network topology for various soft
thresholds (B) in the GSE77298 dataset. (e) Cluster dendrogram of co-expressed genes in RA based on the
GSE77298 dataset. (f) Heatmap of module-trait relationships in the GSE77298 dataset. (g) Analysis of network
topology for various soft thresholds (B) in the GSE9750 dataset. (h) Cluster dendrogram of co-expressed genes
in CC based on the GSE9750 dataset. (i) Heatmap of module-trait relationships in the GSE9750 dataset. (j)
Analysis of network topology for various soft thresholds (B) in the GSE7803 dataset. (k) Cluster dendrogram
of co-expressed genes in CC based on the GSE7803 dataset. (1) Heatmap of module-trait relationships in the
GSE7803 dataset. (m) Identification of 568 overlapping genes between co-expression genes of the two RA
datasets. (n) Identification of 578 overlapping genes between co-expression genes of the two CC datasets. (0)
Identification of 27 overlapping genes between co-expression genes of RA and CC. RA rheumatoid arthritis,
CC cervical cancer, WGCNA weighted gene co-expression network analysis.
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Fig. 3. Identification of key genes of RA and CC. (a) Combination of DEGs and co-expressed genes from
WGCNA. (b) The differential expression of CXCL1 in the GSE1919 dataset. (c) The differential expression of
CXCL1 in the GSE77298 dataset. (d) The differential expression of CXCL1 in the GSE9750 dataset. (e) The
differential expression of CXCL1 in the GSE7803 dataset. RA rheumatoid arthritis, CC cervical cancer, DEGs
differentially expressed genes, WGCNA weighted gene co-expression network analysis.
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between the pivotal nodes in the PPI network and the top 17 factors with P<0.10 from the univariate COX
regression. This analysis revealed four common genes—CXCL1, CXCL13, ZWINT and PTTG1—that were
identified in both analyses (Fig. 5d). Consequently, these four genes were identified as core genes.

Receiver operating characteristic curve analysis of core genes

We constructed the receiver operating characteristic (ROC) curves for the core genes to assess their diagnostic
utility. The findings indicated that these markers possessed strong diagnostic value for disease classification.
Both in RA (Fig. 6a) and CC (Fig. 6b), the predictive performance was commendable, with all area under the
curve (AUC) values exceeding 0.70.
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Fig. 4. GO analysis and KEGG analysis of the 55 key genes. (a) Circle plot of BP analysis. (b) Circle plot of CC
analysis. (c) Circle plot of MF analysis. (d) KEGG analysis. GO Gene Ontology, KEGG Kyoto Encyclopedia of
Genes and Genomes, BP biological process, CC cellular component, MF molecular function.

Prognostic model construction of core genes

Subsequently, we conducted a prognostic evaluation of CXCL1, CXCL13, ZWINT and PTTG1 in CC patients,
and developed a predictive model based on these four genes utilizing LASSO Cox regression analysis. The risk
score was calculated using the following formula:

Risk score = (0.168) x CXCL1 + (—0.113) x CXCL13 + (—0.354) x ZWINT + (—0.310) x PTTGL.

The 95% confidence intervals (CI) for the coeflicients of the four genes are as follows: CXCL1: 0.168 (95% CI
0.092 to 0.244), CXCL13:-0.113 (95% CI-0.198 to—0.028), ZWINT: -0.354 (95% CI—0.441 to—0.267) and
PTTG1:-0.310 (95% CI-0.397 to—0.223).

Patients were categorized into high- and low-risk groups based on their risk scores. Figure 7a displays the
distribution of scores, survival status, and expression levels of CXCL1, CXCL13, ZWINT and PTTG1. An
increase in the risk score was associated with a higher mortality risk and shorter overall survival (OS) for CC
patients. Subsequently, we conducted survival analysis. The median OS was 213.6 months for the low-risk group
and 53.9 months for the high-risk group. The high-risk group exhibited poorer OS compared to the low-risk
group (P value=0.0012, HR 2.24, Fig. 7b). Moreover, the AUCs for the 1-, 5-, and 10-year ROC curves were 0.66
(95% CI 0.53-0.79), 0.73 (95% CI 0.63-0.83), and 0.73 (95% CI 0.59-0.87), respectively (Fig. 7c), indicating
moderate to high predictive accuracy.

CIBERSORT analysis of immune cell correlations

Furthermore, we conducted an immune cell correlation analysis using CIBERSORT. The analysis revealed
significant differences in the proportions of 10 out of 22 immune cell types in RA, such as regulatory T cells,
resting NK cells, activated NK cells, macrophages M0, macrophages M1, resting dendritic cells, follicular helper
T cells, plasma cells, activated mast cells and memory B cells (Fig. 8a). In CC, significant differences were
observed in the proportions of 9 out of 22 immune cell types, such as memory B cells, CD8 T cells, resting CD4
memory T cells, resting NK cells, macrophages M0, macrophages M1, resting dendritic cells, activated dendritic
cells and activated mast cells (Fig. 8b). A notable commonality between the two diseases was the increased
proportion of macrophages M0 and M1 and the decreased proportion of resting dendritic cells. In RA, the core
gene expression levels were predominantly linked to the proportions of plasma cells, regulatory T cells and
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Fig. 5. PPI network and univariate COX. (a) Interaction network constructed with the nodes with interaction
confidence value > 0.9. (b) The top 12 genes ordered by the number of nodes. (¢) Univariate COX regression
analysis with the 55 key genes, listing the top significant factors with P value <0.10. (d) Venn plot showing the
common genes shared by leading nodes in PPI and top significant factors in univariate COX. PP protein—
protein interaction.

resting dendritic cells (Fig. 8c). In CC, the core gene expression levels were associated with the proportions of
resting CD4 memory T cells, macrophages M0, macrophages M1 and resting dendritic cells (Fig. 8d). We also
found that in RA, CXCL1 correlated positively with plasma cells and negatively with Tregs and resting dendritic
cells. In CC, CXCL1 showed similar correlations, with a positive link to plasma cells and negative links to resting
dendritic cells and Tregs (though the latter was not statistically significant). Additionally, CXCL1 correlated
positively with activated CD4 memory T cells and M0 and M1 macrophages in CC.

Association between the risk score and tumor immune microenvironment

Additionally, we calculated the StromalScore, InmuneScore and ESTIMATEScore for CC patients in the TCGA
dataset, categorizing them into high- and low-risk groups based on the ESTIMATE algorithm. Consistent with
our earlier findings, the ImmuneScore was considerably lower in the high-risk group compared to the low-risk
group (P value=0.02, Fig. 9a). Moreover, the TumorPurity was higher in the high-risk group than the low-risk
group, and the difference was statistically significant (P value =0.04, Fig. 9b).

CXCL1 is the most important common gene

Using the Gene Expression Profiling Interactive Analysis (GEPIA), Genotype-Tissue Expression (GTEx) and
TCGA datasets of CC, we verified the upregulation of core genes in CC patients, as shown in Fig. 10a. However,
only the high expression of CXCL1 was associated with shorter OS in CC patients (P value=0.033, HR1.70,
Fig. 10b). Since CXCL1 was identified as a significant gene when intersecting the genes of both diseases and has
clear predictive value for the prognosis of CC patients compared to other genes, CXCL1 is considered the most
important common gene in our study.
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Fig. 6. ROC curves of the four common core genes in RA and CC. (a) ROC curves of CXCL1, CXCL13,
ZWINT and PTTGI in the RA datasets, respectively. (b) ROC curves of CXCL1, CXCL13, ZWINT and
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Biological processes associated with CXCL1 and CXCL1-related signaling pathways

After identifying CXCL1 as the paramount shared gene in CC, we explored the mechanisms behind its role
utilizing the GeneMANIA database. We generated the PPI network for CXCL1 and pinpointed related proteins
(Fig. 11a). Subsequently, we conducted GO and KEGG functional enrichment analyses on these genes, revealing
that CXCLI is predominantly linked to the chemokine signaling pathway (GO:0042379), leukocyte chemotaxis
(G0O:0008009), neutrophil chemotaxis (GO:0030674), myeloid leukocyte migration (GO:0097529), and
inflammatory responses (GO:0006954) (Fig. 11b), as well as interactions between viral proteins and cytokines,
the chemokine signaling pathway, and cytokine-cytokine receptor interactions (Fig. 11¢).

Pancancer analysis of CXCL1
To assess the broad significance of CXCL1, we examined its expression levels across various tumor types using
the GEPIA platform (Fig. 12a). Our findings revealed that of 33 cancer types analyzed, 12 including CESC (CC)
exhibited significantly elevated CXCL1 expression. Kaplan-Meier (K-M) survival analysis, comparing the high
CXCL1 expression group (4750 patients) with the low CXCLI expression group (4748 patients), demonstrated
that elevated CXCL1 expression correlated with reduced OS in a pan-cancer context (P value <0.0001, HR 1.80,
Fig. 12b). Furthermore, we investigated the relationship between CXCL1 expression levels and OS in various
types of cancer. The results showed that tumors with red borders indicate a positive correlation between CXCL1

expression and OS, while blue borders indicate a negative correlation (Fig. 12¢).

Analysis of drug responsiveness regarding CXCL1
In the final phase of our research, we investigated the possible correlation between drug responsiveness and
CXCL1 expression by leveraging the CellMiner™ database (https://discover.nci.nih.gov/cellminer/home.do
), an online platform with genomic and pharmacological tools. Significantly, CXCL1 expression exhibited a
predominantly inverse correlation with drug sensitivity, particularly showing a strong negative association
(|cor| >0.4, Spearman’s test) with the sensitivity to EMD-534085, TAK-960, Tamoxifen, Daporinad, and others
(P value<0.01, Fig. 13a). However, CXCL1 showed a positive correlation (cor>0, Spearman’s test) with the
sensitivity to two drugs, (—)-Nutlin-3 and TAS-6417, though the correlation was relatively weak (P value <0.05,

Fig. 13b).

Discussion

RA, marked by synovial inflammation and joint erosion, is a global health issue®!. Chronic inflammation is
central in the progression of RA*. While RA itself is not directly life-threatening, the associated complications
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can significantly affect quality of life and mortality. CC is a common cancer, the third most frequent and a leading
cause of mortality in women®. Although persistent HPV infection is identified as the primary risk factor of CC,
the detailed process of cervical carcinogenesis remains not fully understood®. Recent studies have elucidated
the connection between RA and CC through epidemiological studies?”-?8, MR analyses**** and comprehensive
reviews?>?* with preliminary clinical and foundational research suggesting that RA patients have a higher risk
of developing CC. However, the underlying molecular processes of this connection have not been extensively
explored. To our knowledge, this is one of the first studies to employ a comprehensive bioinformatics approach
to explore potential molecular mechanisms linking RA and CC.

In our research, we explored two gene expression datasets for RA and two for CC. These datasets were
selected due to their frequent citations, recognition and representativeness. We performed differential gene
expression analyses for each RA and CC dataset. The intersection yielded 29 common DEGs. From the WGCNA
analysis, 27 co-expressed genes were obtained. Notably, we identified 55 key genes that are implicated in both
RA and CC. In the GO analysis, these genes were enriched in processes such as cell cycle regulation, cell division
and immune responses. They were also associated with cellular components like the nucleus and cytoplasm,
as well as molecular functions like enzyme and signal molecule activity. These processes are essential for
maintaining cellular homeostasis but may contribute to disease when dysregulated. Furthermore, the KEGG
analysis emphasizes their involvement in pathways like the cell cycle and chemokine signaling. The cell cycle
pathway is central to cancer development, as its dysregulation often leads to uncontrolled cell proliferation
The chemokine signaling pathway is crucial for immune cell migration and inflammation, which contribute to
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Fig. 8. CIBERSORT analysis of immune cell correlations. (a) Comparison of 22 immune cells in samples
with Con and RA. (b) Comparison of 22 immune cells in samples with Con and CC. (c) Spearman correlation
analysis of the four core genes and 22 immune cells in RA. (d) Spearman correlation analysis of the four

core genes and 22 immune cells in CC. RA rheumatoid arthritis, CC cervical cancer. *p <0.05; **p<0.01;

4 <0.001; ¥**p <0.0001.
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chronic inflammatory diseases and tumor progression®. Additionally, enrichment in the pathway “epithelial cell
signaling in Helicobacter pylori infection” suggests a role in host-pathogen interactions. Overall, these findings
indicate that the 55 key genes may be involved in pathways critical for both normal cellular functions and disease
processes, particularly inflammation and cancer.

Subsequently, a PPI network revealed 12 hub genes, and TCGA survival data identified 17 survival-associated
genes, narrowing down to four core genes: CXCL1, CXCL13, ZWINT and PTTG], all of which are upregulated
in both diseases. The diagnostic significance of core genes was validated with ROC curves, and a prognostic
model including these genes showed an evident correlation with poor prognosis of CC. Additionally, using
TCGA and GTEx data, we found that within the CC patient group, four core genes are highly expressed, yet only
CXCL1 shows a significant correlation with patient survival, with elevated levels suggesting a worse prognosis.
These results suggest that these four genes, particularly CXCL1, may serve as novel biomarkers for RA and CC.

Chemokine (C-X-C motif) ligand 1 (CXCL1), a key chemokine, was first recognized for its autocrine
stimulation of melanoma cell growth37. CXCLI, via CXCR2, recruits neutrophils to tumors, contributing to
a pro-oncogenic TME®. Another crucial role of CXCLI is the stimulation of angiogenesis®, influenced by
CXCR2 expression on endothelial cells. CXCL1 may also impact cancer-associated fibroblasts*’, leading to their
senescence and transformation into cells that support tumorigenesis. CXCL1 has been observed with elevated
expression in CC*!. It enhances the proliferation and inhibits apoptosis of CC cells*>**, The effects of CXCL1/
CXCR2 in CC cells were explored through in vitro experiments*>*3. The influence of HPV oncoproteins such as
E6 and E7 in carcinogenesis involves complex pathways that adjust chemokine expression!>*, The CXCL family
is one of the principal chemokine families, and it is established that the abnormal expression of the CXCL family
in cancers and inflammation can act as potential biomarkers, targets and indicators*. Additionally, CXCL1
contributed to chemoresistance and radioresistance’®. Therefore, targeting CXCL1/CXCR2 could improve the
efficacy of current anticancer therapies, especially for doxorubicin?’, paclitaxel’” and oxaliplatin®®. Our analysis
of the PPI network, coupled with GO and KEGG enrichment studies, confirmed CXCLI’s direct connections
to numerous chemokines and receptors, and its critical role in chemokine pathways, leukocyte chemotaxis,
inflammation and cytokine action. Strikingly, CXCL1’s involvement in viral-cytokine interactions may shed
light on the HPV-CC nexus. Additionally, CXCL1’s overexpression in various cancers often signals a graver
prognosis. Chemokine ligand 13 (CXCL13), also known as B-lymphocyte chemoattractant, plays a significant
role in various cellular functions, including migration, invasion, motility, proliferation and apoptosis*’. While
primarily chemotactic to B cells, CXCL13 also influences the migration of macrophages*’. The CXCL13/CXCR5
axis is also involved in the recruitment of suppressive immune cells, which can enhance survival and invasion of
tumors®!. Zeste White 10-interacting kinetochore protein (ZWINT), a centromeric complex component, plays
a role in cell growth and is linked to chromosomal instability in cancer®?. Previously, ZWINT was linked to
the emergence and progression of various malignant tumors®. Western blot analysis confirmed significantly
elevated ZWINT expression in CC cells*. Pituitary tumor-transforming gene 1 (PTTG1) is involved in cell cycle
regulation and cell proliferation. Moreover, the elevated expression of PTTG1 is associated with the disruption
of sister chromatid segregation and the interference with DNA repair mechanisms by causing chromosomal
instability”®>’.

Using the CIBERSORT algorithm, our findings suggest that the four core genes may be associated with an
increase in macrophages M0 and M 1. Macrophages, through pro-inflammatory cytokines and chemokines, create
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Fig. 10. Analysis of core genes in the TCGA and GTEx datasets. (a) The expression differences of core
genes between CC samples and Con samples in the TCGA and GTEx datasets. (b) Analysis of survival time
differences between high and low expression groups of core genes in the TCGA dataset. TCGA The Cancer
Genome Atlas, GTEx genotype-tissue expression, CC cervical cancer, Con control.

a persistent inflammatory environment that can promote tumorigenesis®®. Within the macrophage classification,
MO denotes the resting state, while M1 represents the activated state with significant pro-inflammatory properties
and M2 assumes an anti-inflammatory role®. M1 is closely linked to inflammatory responses and the initiation
and progression of tumors, making them potential targets for anti-tumor therapy®’. We also found that in RA
and CC patients, CXCL1 shows similar correlations with immune cells, potentially promoting inflammatory
responses in both conditions. Furthermore, analysis utilizing the ESTIMATE algorithm revealed that the high-
risk group exhibited a decreased ImmuneScore and an increased TumorPurity, implying that tumors within this
cohort may be classified as cold tumors, which are known to respond poorly to immunotherapy®’. Notably, in
CC patients, the suppressive TME, measured by the expression of associated genes, correlates with a higher risk
and worse prognosis. These observations align with previous research on the four core genes, suggesting their
potential role in the pathogenesis of RA and CC. However, further functional studies are needed to establish
causality.

Our findings suggest a potential link between chronic inflammation, immune dysregulation, and chemokine-
related pathways in RA patients, which may contribute to an increased susceptibility to CC. During the long-term
management of RA, patients need to be vigilant about the risk of developing CC. However, there are no specific
guidelines recommending tailored screening programs for RA patients®>%. To identify cervical abnormalities
early and enhance the prognosis of CC, female RA patients should be considered for HPV vaccination® and
regularly screened for CC®. Addressing chronic inflammation in RA and CC treatments may mitigate CC risk
in RA patients, especially those with HPV?.

Targeted therapy plays a crucial role in the treatment of advanced cervical cancer, with an increasing number
of therapeutic targets being identified®. Our research indicates that CXCL1 is a promising therapeutic target in
CC, representing our first discovery in this area. However, CXCL1 correlates inversely with the responsiveness
to a range of drugs and positively only with (—)-Nutlin-3 and TAS6417 temporarily. This indicates that effective
drugs targeting CXCL1 require further exploration.
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In conclusion, this research suggests that 55 pivotal genes potentially play a role in the mechanisms underlying
the co-occurrence of RA and CC. Four diagnostic markers not only modulate immune cells but are also potential
therapeutic targets for RA with comorbid CC. CXCL1 and chemokine-related pathways may play a significant
role in RA and CC, warranting further investigation to elucidate their precise mechanisms and therapeutic
potential.

However, the study has some limitations. Initially, we do not possess case data from individuals who suffer
from both RA and CC, which limits validation capabilities. More critically, since all data originate from publicly
accessible databases, our findings require further validation from future experimental and clinical research.
Additionally, a major limitation of this study arises from potential confounding factors related to patient
heterogeneity. Gene expression profiles in RA and CC patients may be influenced by clinical variables such
as disease severity, comorbidities and therapeutic interventions. To address this, future investigations should
prioritize stratified analyses to clarify the effects of distinct health states on transcriptional signatures. Moreover,
further exploration of the molecular pathways and their significance is still needed, and we will continue to work
in this area.

Methods

Data download and processing

We retrieved two gene expression profiling datasets for RA (GSE1919 and GSE77298) and two for CC (GSE9750
and GSE7803) from the GEO repository (https://www.ncbi.nlm.nih.gov/geo/). Detailed dataset information is
accessible through the GEO database link. We also extracted gene mutation, clinical, and transcriptome data for
CC patients from the TCGA repository (https://portal.gdc.cancer.gov/). We performed background correction
and normalization on all raw datasets, converting probe identifiers to their corresponding gene symbols for
further examination. All data processing and analytical work were carried out in RStudio (version 2024.09.0)
(https://www.rstudio.com/). The GSE1919 dataset (GPL91 platform) encompasses transcriptional profiles of
synovial tissues from 5 RA patients and 5 healthy controls. The RA dataset GSE77298 (GPL570 platform) includes
23 synovial fluid samples derived from 16 RA patients and 7 healthy controls. The GSE9750 dataset (GPL96
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Fig. 12. Generalization value of CXCL1 across cancer. (a) Comparison of CXCL1 mRNA expression between
cancer and paracancerous tissues across cancers. (b) The association between CXCL1 expression and OS in
the pan-cancer cohort. (¢) Associations between CXCL1 expression and OS across human cancers. OS overall
survival, CESC cervical squamous cell carcinoma and endocervical adenocarcinoma.

platform) is composed of 42 tumor samples and 24 samples of normal cervical epithelium. The GSE7803 dataset
(GPL96 platform) contains 10 normal cervical epithelium samples and 24 invasive squamous cell carcinomas of
the cervix samples. We categorized the samples into RA groups, CC groups, and normal control (Con) groups
based on their origins. A streamlined process of our study is illustrated in Fig. 14.

Analysis of DEGs

We employed the limma package (version 3.60.6) in R for normalizing and correcting all microarray-based gene
expression profiling data and for gene name annotation. To confirm accuracy and counteract batch effects, the
two RA gene expression datasets (GSE1919 and GSE77298), which included 12 healthy control samples and
21 RA samples, were analyzed separately to identify DEGs. The overlapping genes from these datasets were
considered as the DEGs for RA. The same preprocessing was applied to the two CC gene expression datasets
(GSE9750 and GSE7803). A threshold of |log2FC| >1.0 and P value <0.05 was used to detect DEGs in RA or
CC patients. The threshold was chosen to balance sensitivity and specificity, allowing for the identification of
biologically significant genes while minimizing false positives. The common DEGs between RA and CC were
identified by intersecting the DEGs from both diseases.

Construction of co-expressed gene modules

Based on the DEGs identified in RA and CC, we proceeded to conduct WGCNA to uncover genes that are co-
expressed in the transcriptome and common to both diseases. Utilizing the WGCNA package (version 1.73) in R,
we established unsigned co-expression networks. The process commenced with hierarchical clustering analysis
of the samples through the flashClust program in R to identify and exclude outliers. A “soft” thresholding power
(B) determined by the “pickSoftThreshold” algorithm in WGCNA was applied to create a scale-free network in
accordance with the scale-free topology criterion. A dynamic tree-cutting method was then used to generate a
topological overlap matrix (TOM) based on the adjacency matrix to detect gene modules. We calculated gene
significance (GS) and module membership (MM) to link modules with clinical features. Finally, we constructed
the eigengene network. Two RA gene expression profiling datasets and two CC gene expression profiling datasets
were analyzed respectively. Taking into account the number of genes and the degree of correlation, we finally
selected the target gene modules. The intersection genes obtained from the two RA datasets were taken as the
co-expressed genes of RA. For the CC datasets, the same analytical method was applied. The intersection of co-
expressed genes between RA and CC was determined to identify common co-expressed genes for both diseases.
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Fig. 13. Drug sensitivity analysis of CXCL1. (a) Negative associations. (b) Positive associations.

Finally, the genes associated with RA and CC were identified by combining DEGs and co-expressed genes

from WGCNA.

Functional enrichment analysis of core genes

The main goals of this study were to discover the mechanisms behind the co-occurrence of RA and CC and to
elucidate the molecular mechanisms behind the key disease genes. We utilized GO (https://geneontology.org
/) and KEGG®~% (https://www.kegg.jp/) pathway enrichment analyses to pinpoint distinctive biological and

Scientific Reports|  (2025) 15:15884

| https://doi.org/10.1038/s41598-025-01177-x

nature portfolio



https://geneontology.org/
https://geneontology.org/
https://www.kegg.jp/
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Two rheumatoid arthritis datasets(n= 33) and two cervical
cancer datasets(n =100) from the GEO databases
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Fig. 14. The simplified research workflow.

functional properties. Carried out with the clusterProfiler package (version 4.12.6) in R, significance was set at
a P value of <0.05.

PPI network construction and univariate COX regression

In our study, the STRING database (https://string-db.org/) was utilized to construct a PPI network for key genes
in RA with comorbid CC. For building the network, the settings were as follows: organism, Homo sapiens,
combined score threshold, 0.4. The “ClueGO” and “MCODE” plugins in Cytoscape (version 3.10.1) (https://cyt
oscape.org/) were used to build PPI networks, identifying protein relationships that may be crucial for screening
core genes with significant roles. Additionally, we performed univariate COX regression analysis for CC using
survival data from TCGA, selecting genes with P values <0.10 as significant. Genes screened in PPI networks
were intersected with those identified from univariate COX regression to determine the core genes in RA with
comorbid CC.

Prognostic modeling
The sensitivity and accuracy of the core genes were validated using ROC curves with the pROC package
(version 1.18.5). The SVA package (version 3.54.0) was applied to correct for batch effects. Core genes linked
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to CC prognosis were determined, and a risk score was formulated for each participant based on the regression
coeflicients of the genes within the signature and their respective expression levels. The formula for the risk score
is presented below:

Risk score = expression level of Gene 1 x 1+ expression level of Gene 2 x (32
+ expression level of Gene 3 X (33 + --- + expression level of Gene n x fn.

The 95% CI for the coeflicients were estimated using the bootstrap method. Patients were divided into high-risk
and low-risk cohorts based on the median risk score, followed by K-M analysis for OS and subsequent log-rank
testing. In this process, we utilized the ggrisk package (version 1.3) and the survminer package (version 0.5.0).
The predictive accuracy of this prognostic model was assessed using time-dependent ROC analysis. The time-
dependent ROC curve was plotted using the survivalROC function from the survivalROC package (version
1.0.3.1).

Assessment of the immune landscape

To investigate the immune environment of RA and CC, CIBERSORT and ESTIMATE algorithms were
implemented using the CIBERSORT package (version 0.1.0) and the estimate package (version 1.0.13),
respectively. CIBERSORT, a deconvolution algorithm, was used to calculate the proportions of 22 immune
cell types in each RA or CC patient and normal control, with the total fractions summed for each sample.
The reference gene set for the CIBERSORT algorithm is LM22 (22 immune cell types and 547 genes), using
raw expression values that are internally linearly normalized. The SVA package (version 3.54.0) was applied
to correct for batch effects in this process. ESTIMATE, a method for determining the fractions of stromal and
immune cells based on gene expression signatures in tumor samples, was applied to evaluate TME of each
CC patient in the TCGA database, including StromalScore, ImmuneScore, EstimateScore, and TumorPurity.
The reference gene set for the ESTIMATE algorithm is the immune/stromal gene set (141 genes each), with
data being pre-normalized (TPM). We compared StromalScore, InmuneScore, EstimateScore and TumorPurity
across high-risk and low-risk cohorts.

Further analysis of CXCL1

Since the commonality between DEGs and co-expressed genes from WGCNA analysis yielded only one gene,
CXCL1, which is among the core genes and significantly associated with OS in CC after validation in the GEPIA2
(http://gepia2.cancer-pku.cn/), we proceeded to conduct further analysis on CXCLI.

Biological mechanisms linked to CXCL1 and pathways related to CXCL1 signaling

After pinpointing CXCL1 as the paramount gene in CC, we delved into the mechanisms underlying CXCL1’s role
utilizing the GeneMANIA database (http://genemania.org/), an interactive online tool designed for identifying
proteins correlated with particular genes and gene ensembles. We mapped the PPI network for CXCL1 and
uncovered associated proteins. Following this, we conducted GO and KEGG®~% enrichment analyses on the
identified genes.

Pancancer analysis of CXCL1

The pancancer expression and survival analysis of CXCL1 was conducted using the GEPIA. We utilized TISIDB
to analyze the relationships between CXCLI1 expression and OS in pancancer, generating K-M curves using
TCGA cohort data.

Statistical analysis
All analytical procedures and graphical representations were carried out using R software (version 4.4.1) (https
://cran.r-project.org/). Data organization was primarily carried out using the tidyverse package (version 2.0.0),
and result visualization was partly accomplished with the ggplot2 package (version 3.5.1). Unless otherwise
specified, the threshold for significance was established at a=0.05, with a P value less than 0.05 deemed
statistically significant.

Data availability
This study utilized publicly available datasets accessible from the following sources: the GEO database (https://w
ww.ncbi.nlm.nih.gov/geo/) and the TCGA database (https://portal.gdc.cancer.gov/).
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