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Molecular mechanisms underlying the co-
pathogenesis of abdominal aortic aneurysm
and rheumatoid arthritis: evidence based
on bioinformatics analysis and clinical data
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Abstract

Background The incidence of abdominal aortic aneurysm (AAA) has been reported to be associated with
rheumatoid arthritis (RA). This research aimed to analyze the co-pathogenesis of AAA and RA through bioinformatics
and clinical data.

Methods Microarray and single-cell RNA sequencing (scRNA-seq) datasets for AAA and RA were obtained from

the Gene Expression Omnibus (GEO). Differentially expressed genes (DEGs) were identified using R software (v4.2.2),
followed by enrichment analyses. Hub genes were identified via the STRING database and Cytoscape software
(v3.10.1). An immune cell infiltration analysis was conducted to identify key immune cell types associated with AAA
and RA. Hub genes and key immune cell types were further validated using scRNA-seq datasets. NetworkAnalyst and
the Drug Signature Database (DSigDB) were employed to explore the associations of hub genes with related diseases,
miRNAs, transcription factors (TFs), drugs, and drug targets. Additionally, peripheral blood samples from 629 clinical
patients were collected to validate the results of the immune cell infiltration analysis.

Results The AAA and RA dataset revealed 61 common DEGs, including 20 upregulated and 41 downregulated genes.
Three hub genes were screened from the common DEGs, and ITK was validated as hub gene in both AAA and RA
datasets. Immune infiltration analysis revealed significant upregulation of monocytes in both AAA and RA, positively
correlated with ITK expression. This was validated by scRNA-seq datasets confirming elevated [TK levels in monocytes.
A total of eighteen related diseases, ten target miRNAs, eight TFs, and the top ten drugs and drug targets associated
with [TK were identified. Analysis of clinical data revealed that monocyte levels were significantly elevated in patients
with AAA and RA.

Conclusions Our study suggests that [TK may serve as a potential biomarker involved in the co-pathogenesis of AAA
and RA. Moreover, monocytes appear to play an important role in this process. The regulatory network constructed
for ITK may offer preliminary insights for future research.
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Introduction

Abdominal aortic aneurysm (AAA) is a dilated arte-
rial disease caused by decreased elasticity and abnormal
dilatation of the abdominal aortic wall, and the main
risk factors for AAA include male sex, smoking, old age,
hypertension, and hypercholesterolemia [1]. The preva-
lence of AAA has increased progressively in the last two
decades with the aging of the population, with an overall
change from 1.3% to 8.9%, and the mortality rate due to
ruptured AAA ranges between 65% and 85% [2]. Current
research suggests that the pathogenesis of AAA is asso-
ciated with inflammation, immune cell infiltration, cyto-
kine activation, and tissue plasminogen activator [3, 4].

Rheumatoid arthritis (RA) is an inflammatory disease
of the joints caused by dysfunction of the immune sys-
tem that potentially leads to cardiovascular diseases and
lung tissue damage [5]. The global incidence of this dis-
ease ranges from 0.5% to 1% [5]. The pathogenesis of RA
is complex and is currently speculated to be associated
with immune regulatory factors, autoantibodies, and
immune cell infiltration, including rheumatoid factor,
human leukocyte antigen, and anti-citrullinated protein
antibody [6]. In the blood of RA patients, antibodies can
form immune complexes within the joint cavity, which
can activate immune cells through different pathways,
prompting increased secretion of chemokines and cyto-
kines, causing an enhanced immune response, and ulti-
mately leading to the destruction of the joint cavity [7, 8].

Vascular involvement has been recognized as a major
contributor to increased mortality in RA patients,
accounting for nearly 40% of deaths [9]. Studies have
shown that the incidence of AAA in RA patients is sig-
nificantly higher than in the general population, which
may be related to elevated pro-inflammatory cytokines
and increased oxidative stress leading to endothelial cell
injury [10, 11]. Moreover, existing research suggests that
RA and AAA may share certain pathogenic mechanisms
[12]. However, systematic investigations into the shared
genes and immune cells underlying their comorbidity
remain scarce, and the mechanisms of pathogenesis are
still unclear.

In this context, we downloaded RA and AAA tran-
scriptomic datasets as well as single-cell RNA-seq
(scRNA-seq) data from the GEO database and employed
bioinformatics approaches to identify hub genes and
relevant immune cell populations involved in the co-
pathogenesis of AAA and RA. We further screened for
miRNAs and transcription factors (TFs) associated with
these hub genes and related diseases, while also exploring

potential therapeutic drugs and targets. The flowchart of
the research is shown in Fig. 1.

Methods

GEO data acquisition

Six microarray datasets and three scRNA-seq data-
sets human gene datasets were obtained from the
Gene Expression Omnibus database (GEO, http://w
ww.ncbi.nlm.nih.gov/geo). All datasets were derived
from human tissue samples. The microarray datasets
included three AAA datasets (GSE47472, GSE57691,
and GSE232911) and three RA datasets (GSE97779,
GSE1919, and GSE55457). The GSE47472 and GSE97779
datasets were used as test datasets for analyzing the dif-
ferentially expressed genes (DEGs), while the GSE57691,
GSE232911, GSE1919, and GSE55457 datasets were used
as validation datasets for the verification of the analy-
sis results. The scRNA-seq datasets included one AAA
dataset (GSE166676) and two RA datasets (GSE200815
and GSE246416). The two RA scRNA-seq datasets, both
based on the same sequencing platform (GPL24676),
were merged for subsequent analysis.

Preprocessing and analysis of scRNA-Seq data

We used the Read10X function to import the raw data
and performed scRNA-seq data analysis on AAA and
RA patients, as well as healthy controls, using the Seurat
package (v5.0). During quality control, cells with more
than 10% mitochondrial gene content were excluded.
The data were then normalized using the Normalize-
Data function. Using the FindVariableFeatures function,
the top 2,000 highly variable genes were identified in
each sample for downstream analysis. Principal compo-
nent analysis was performed using the RunPCA func-
tion, and the top 50 principal components were used to
construct a shared nearest neighbor graph. Cell cluster-
ing was carried out using the FindNeighbors and Find-
Clusters functions. Cell type annotation was performed
using the SingleR R package (V2.2.0) based on known
marker genes, and dimensionality reduction and visual-
ization were conducted using the RunUMAP function.
To explore the expression distribution of key genes across
different cell types, we examined the expression levels of
candidate hub genes across the identified clusters. Violin
plots were generated using the VInPlot function to visual-
ize their distribution across immune cell types. Addition-
ally, DEGs in cell populations with high ITK expression
were subjected to enrichment analyses using the cluster-
Profiler R package (V4.0.5). The main enrichment results
were visualized using bar plots and bubble plots.
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Fig. 1 The flowchart of the study procedure

Clinical data acquisition

This study was approved by the Ethics Committee of
the First Affiliated Hospital and the Fourth Affiliated
Hospital of Guangxi Medical University. A total of 625
participants were enrolled from these two hospitals
between December 2021 and December 2023, includ-
ing 216 patients with AAA, 200 patients with RA, and
213 healthy individuals. The inclusion criteria for AAA
patients were: (1) age over 18 years; (2) a maximum
abdominal aortic diameter greater than 5 cm confirmed
by computed tomography. Patients with infectious AAA
or pseudoaneurysm were excluded. The inclusion criteria
for RA patients were: (1) age over 18 years; (2) fulfillment
of the 2010 diagnostic criteria established by the Ameri-
can College of Rheumatology or the European League
Against Rheumatism, with exclusion of individuals with

v

other autoimmune or infectious diseases. Healthy con-
trols were recruited from individuals undergoing rou-
tine outpatient physical examinations. Peripheral venous
blood (5-10 mL) was collected from all participants
using ethylenediaminetetraacetic acid anticoagulant
tubes under sterile conditions and processed within 2 h
of collection. Whole blood samples were analyzed using
an automated hematology analyzer.

Identification of DEGs

All the datasets were first normalized using the nor-
malizeBetweenArrays function from the limma pack-
age (v3.52) in R software (v4.2.2), and DEGs were then
screened from the AAA dataset GSE47472 and the RA
dataset GSE97779 using the same R package [13]. The
common DEGs between AAA and RA patients were
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subsequently identified via the Venn R package (v1.12)
[14]. DEGs were screened with |logFC| >0.585 (at least
1.5-fold change in gene expression) and an adjusted
p-value < 0.05 [15].

Functional enrichment analysis of DEGs

The DEGs identified from the AAA and RA datasets were
subjected to Gene Ontology (GO) and Kyoto Encyclope-
dia of Genes and Genomes (KEGG) enrichment analysis
using the clusterProfiler package (v4.6.2), implemented in
R software (v4.2.2) [16, 17]. Gene annotation and iden-
tifier conversion were performed using the org.Hs.eg.db
package (v3.16.0). Visualization of enrichment results
was performed using the enrichplot (v1.18.4) and ggplot2
(v3.4.2) packages. In addition, the common DEGs identi-
fied in both AAA and RA datasets were subjected to GO,
KEGG, and Disease Ontology (DO) enrichment analy-
ses using the clusterProfiler (v4.6.2) and DOSE (v3.26.1)
packages [18]. A p-value of < 0.05 was defined as the
threshold of significance.

Identification of hub genes

The common DEGs from the AAA and RA datasets
were imported into the STRING database (https://cn.st
ring-db.org). Protein-protein interaction networks were
constructed for common DEGs by defining the mini-
mum interaction score as 0.400, using active interaction
sources including Textmining, Experiments, Databases,
and Co-expression. Next, the network, consisting of 61
nodes and 12 edges, was imported into Cytoscape soft-
ware (v3.10.1), and three different algorithms of Cyto-
Hubba20, including Closeness, Clustering Coefficient,
and Maximal Clique Centrality, were applied to screen
out the hub genes [19, 20].

Validation of the hub genes

The identified hub genes were validated using the AAA
datasets GSE57691 and GSE232911 and the RA datasets
GSE1919 and GSE55457. A p-value of < 0.05 was defined
as the threshold of significance. In addition, to evaluate
the ability of these hub genes to predict disease accuracy,
receiver operating characteristic curve (ROC) curves
were plotted for the above four datasets by using the
pROC package(v1.18.0) in R software (v4.2.2) [21].

Identification of key immune cells and correlation with
genes

The immune cell composition involved in the co-patho-
genesis of AAA and RA was determined using CIBER-
SORT (https://cibersort.stanford.edu/). In addition, we
screened key immune infiltrating cells and evaluated
their correlation with the hub genes. Visualization plots
were generated using R software (v4.2.2), considering an
adjusted p-value <0.05 as the threshold of significance.
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ldentification of diseases, miRNAs, and TFs associated with
the hub genes

The hub genes were imported into NetworkAnalyst (ver-
sion 3.0, https://www.networkanalyst.ca/) and evaluated
for their association with various diseases, miRNAs, and
TFs. NetworkAnalyst is a comprehensive database for
genetic analysis.

Identification of potential drugs
The hub genes were imported into the Enrichr database (
https://maayanlab.cloud/Enrichr/), and the Drug Signatu
re Database (DSigDB, http://tanlab.ucdenver.edu/DSigD
B) was used to identify potential drugs and drug targets
associated with the hub genes.

Validation of key immune cells

By collecting Immune cells in the blood from AAA
patients, RA patients, and healthy individuals, the differ-
ences in immune cells in the blood of AAA patients and
healthy individuals and RA patients and healthy individu-
als were analyzed, and the key immune cells were veri-
fied, with a p-value <0.05 as the threshold of significance.

Statistical analysis

Continuous variables were first tested for normality
using the Shapiro—Wilk test. Normally distributed data
were expressed as mean t standard deviation and com-
pared using Student’s t-test. Non-normally distributed
data were expressed as median and compared using the
Mann—Whitney U test. Categorical variables were com-
pared using the chi-square (x*) test or Fisher’s exact test,
as appropriate. All statistical analyses were performed
using SPSS (v27.0). A two-sided p-value<0.05 was con-
sidered statistically significant.

Results

Identification of DEGs

The GSE47472 dataset for AAA contained data from 14
experimental group samples and 8 control group sam-
ples, comprising 351 upregulated and 577 downregulated
DEGs. The RA dataset GSE97779 contained data from 9
experimental group samples and 5 control group samples
and included 2175 upregulated and 2308 downregulated
DEGs. After the data from the two datasets were com-
bined, 61 common DEGs were identified, including 20
upregulated genes and 41 downregulated genes (Fig. 2).
The distribution of 1ogFC for common DEGs in the AAA
and RA datasets is shown in Fig. S1.

Enrichment analysis of DEGs

The DEGs identified from the GSE47472 dataset and the
GSE97779 dataset were subjected to separate GO and
KEGG enrichment analyses. Subsequently, GO, KEGG,
and DO enrichment analyses were conducted for the
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Fig. 2 Identification of DEGs. A 351 upregulated and 577 downregulated genes between AAA patients and healthy individuals. B 2175 upregulated and
2308 downregulated genes between RA patients and healthy individuals. C Twenty common upregulated DEGs between AAA and RA patients were
identified by a Venn diagram. D Forty-one common downregulated DEGs between AAA and RA patients were identified by a Venn diagram

common DEGs identified between the two datasets. GO
enrichment analysis of the AAA dataset revealed the fol-
lowing biological processes (BPs) in the top three ranks:
metabolic processes involving the negative regulation of
small molecules, retinal cone cell development, and reti-
nal cone cell differentiation. In addition, the three high-
est ranked cellular components (CCs) were revealed and
were as follows: acrosomal vesicle, U2-type precatalytic
spliceosome, and precatalytic spliceosome. The three
highest ranked molecular functions (MFs) were protein
transporter activity, protein transmembrane transporter
activity, and nonmembrane spanning protein tyrosine
kinase activity. KEGG enrichment analysis of this data-
set revealed the following as the top three pathways:
cholesterol metabolism, cardiac muscle contraction, and
steroid hormone biosynthesis (Fig. 3A, B). GO enrich-
ment analysis of the RA dataset revealed the following as

the top three BPs: leukocyte cell-cell adhesion, positive
regulation of cytokine production, and myeloid leukocyte
activation. In addition, the top three CCs were identi-
fied as follows: the cytoplasmic vesicle lumen, secretory
granule lumen, and vesicle lumen. The top three MFs
identified were immune receptor activity, cytokine recep-
tor activity, and phosphatidylinositol 3-kinase regula-
tor activity. KEGG enrichment analysis of this dataset
revealed the following as the top three pathways: osteo-
clast differentiation, lysosome, and efferocytosis (Fig. 3C,
D). GO enrichment analysis of the common DEGs
revealed the following BPs as the top three terms: regu-
lation of bone resorption, regulation of bone remodel-
ing, and tissue homeostasis. In addition, the following
were revealed as the top three CCs: the transcription
elongation factor complex, histone deacetylase complex,
and spindle microtubule. The three identified MFs were
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nonmembrane spanning protein tyrosine kinase activity,
NAD + binding, and long-chain fatty acid binding. KEGG
enrichment analysis of the common DEGs revealed the
following three pathways: Fc gamma R-mediated phago-
cytosis, circadian entrainment, and amoebiasis. DO
enrichment analysis of the common DEGs revealed the
following three diseases associated with these common
DEGs: vaginal disease, vaginitis, and bacterial vaginosis
(Fig. 3E, F, G).

Identification of candidate hub genes

A protein-protein interaction network of 61 common
DEGs was constructed using the STRING database.
Next, the CytoHubba algorithm was applied, and four
genes were selected based on the results (Fig. 4A, B, C).
By taking the intersection and constructing a Venn dia-
gram, three candidate hub genes were identified, namely,
ITK, CSK, and HCK (Fig. 4D). The expression of all three
hub genes elevated in both the AAA and RA test cohorts.

CSK

ITK

CSK
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Validation of the hub genes

The three candidate hub genes identified in the above
steps were validated using the GSE57691 and GSE232911
datasets for AAA and the GSE1919 and GSE55457 data-
sets for RA. The results revealed that only ITK was con-
sistently upregulated across all four datasets (Fig. 5). The
ROC curves of the ITK showed that the AUC was >0.7 in
all four validation datasets, suggesting that the ITK can
be considered a potential marker for predicting these two
diseases (Fig. S2).

Identification of correlations between hub genes and
immune-infiltrating cells

The CIBERSORT algorithm was applied to analyze
the differences in the proportions of 22 immune cells
between the AAA and RA cohorts, and the results were
visualized using a bar graph (Fig. 6A, B). Violin plots
were also generated for the results, and according to
these plots, an increase in monocytes was indicated in
both datasets, which suggested that monocytes were sig-
nificantly correlated with both AAA and RA (Fig. 6C, D).
Therefore, the correlation between ITK and monocytes

HCK
D ClusteringCoefficient
1
Closeness Mcc

Fig. 4 |dentification of candidate hub genes. A Closeness algorithm. B Clustering coefficient algorithm. € MCC algorithm. D The 3 common candidate

hub genes screened out based on the Venn diagram
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Fig. 6 Different immune cell types in the AAA and RA datasets. A-B Immune cell distribution visualized as a bar plot in AAA and RA datasets. C-D) Im-
mune cell distribution visualized as a violin plot in AAA and RA datasets. * represents P < 0.05, ** represents P<0.01, *** represents P< 0.001

was analyzed, and the results showed a significant posi- To further explore the functional features of ITK-
tive correlation between ITK and monocytes, indicating  high expressing cell populations, we performed GO and
that upregulation of ITK can cause increased immune KEGG pathway enrichment analyses on their DEGs. GO
infiltration of monocytes (Fig. 7A, B). A lollipop plot was  enrichment in AAA revealed significant involvement in
subsequently generated, which further confirmed the cytoplasmic translation, ribosome biogenesis, and pro-

correlation between ITK and monocytes (Fig. 7C, D). tein—RNA complex assembly, as well as immune-related
processes such as monocyte migration, chemotaxis, and
Hub genes and immune cells identified by scRNA-seq regulation of inflammatory responses (Fig. S3A, B). In

We performed scRNA-seq analyses on datasets from RA, differentially expressed genes were mainly enriched
patients with AAA (4 samples and 2 controls) and RA (4 in biological processes related to post-transcriptional
samples and 5 controls) using Seurat. Based on specific  regulation, protein synthesis, and cell adhesion (Fig.
marker genes and uniform manifold approximation and  S3C, D). KEGG pathway analysis showed that the top
projection (UMAP) dimensionality reduction, we suc- three significantly enriched pathways in AAA were T cell
cessfully annotated a total of 11 major cell types, includ-  receptor signaling pathway, monocyte migration, and
ing monocytes (Fig. 8A, B). Subsequent analysis revealed  human T-cell leukemia virus 1 infection. In RA, the top
that compared to controls, CD4 naive T cell, monocyte, enriched pathways were coronavirus disease-COVID-19,
naive B cells, and NK cell clusters were significantly = monocyte migration, and herpes simplex virus 1 infec-
expanded in the AAA group (Fig. 8C). In the RA sam- tion. Importantly, “monocyte migration” was among the
ples, fibroblast, monocyte, and neutrophils clusters were  top pathways in both AAA and RA.

all significantly expanded (Fig. 8D). Notably, monocyte

cluster expansion was observed in both AAA and RA. Identification of diseases, miRNAs, and TFs associated with
We then assessed the expression patterns of three candi-  the hub genes

date hub genes (ITK, HCK, and CSK) across annotated  The ITK gene was imported into NetworkAnalyst, and
cell clusters. The results showed that ITK was markedly a network was constructed for the interactions of ITK
upregulated in monocyte clusters of both AAA and RA  with different miRNAs, TFs, and diseases. The analysis
samples compared with controls (Fig. 8E, F). revealed eighteen diseases, ten miRNAs, and eight TFs
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Fig. 7 Correlation between ITK and monocyte counts. A-B Correlation plot between ITK and monocyte counts in the AAA and RA datasets. C-D Lollipop

plot between ITK and monocyte counts in the AAA and RA datasets

related to ITK. Notably, the eighteen diseases associated
with ITK included autoimmune diseases (Fig. S4A).

Evaluation of potential drugs

The ITK gene was imported into the Enrichr database,
and the drugs and drug targets associated with the hub
genes were screened from the DSigDB. The top 10 drugs
and targets related to the ITK were then selected accord-
ing to the p-value ranking as potential drugs and targets
suitable for use in treating ITK-related diseases (Fig.
S4B).

Clinical data analysis
The clinical data of AAA patients, RA patients, and
healthy individuals, including sex, age, platelet count,

erythrocyte count, hemoglobin level, and immune
cell counts, were collected. The results are listed in
Tables S1, S2 and S3. Sex, age, hemoglobin level, mono-
cyte level, and lymphocyte level were significantly dif-
ferent between AAA patients and healthy individuals
(Table S1). On the other hand, sex, platelet count, and
the levels of basophils, eosinophils, monocytes, lympho-
cytes, neutrophils, and leukocytes differed significantly
(p<0.05) between RA patients and healthy individuals
(Table S2). Subsequent univariate and multivariate binary
logistic regression analyses of these significantly different
immune cells revealed that monocyte counts were corre-
lated with both AAA and RA (Table S3, S4).
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Fig. 8 A-B UMAP visualization of the AAA and RA scRNA-seq datasets. C-D Cellular composition in AAA, RA, and their respective control groups. E-F Ex-
pression of hub genes across different cell types in AAA and RA. * represents P< 0.05, ** represents P< 0.01, *** represents P<0.001

Discussion study, we obtained transcriptomic data for both AAA and
Previous studies have shown that RA might accelerate RA from the GEO database and performed integrated
atherosclerosis, leading to arterial wall inflammation and  bioinformatics analyses to identify hub genes and pat-
an increased incidence of AAA [10, 22, 23]. However, the  terns of immune cell infiltration. Our results suggest that
underlying mechanisms remain to be elucidated. In this  both ITK and monocytes may play important roles in the
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common pathogenic mechanisms underlying AAA and
RA. Furthermore, we constructed a regulatory network
for ITK, incorporating associated diseases, miRNAs,
transcription factors, and potential drugs and drug tar-
gets, which may offer useful insights for future research.

ITK is a non-receptor tyrosine kinase predominantly
expressed in T cells [24]. It has been reported to regulate
the expression of pro-inflammatory cytokines by modu-
lating the T-cell receptor, which plays a significant role
in the inflammatory process [25, 26]. Moreover, studies
have shown that ITK regulates the balance between pro-
inflammatory T helper cells and anti-inflammatory regu-
latory T cells through Ca* signaling, thereby promoting
the development of inflammation [27]. An increasing
number of studies indicate that ITK signaling plays an
important role in tumor development, autoimmune dis-
eases, allergic diseases, and infectious diseases [28, 29].
In recent years, ITK inhibitors have been used for treat-
ing the above diseases, and promising outcomes have
been achieved [25, 30]. Monocytes are well recognized
to play key roles in various immune and inflammatory
responses. However, research exploring the correlation
between ITK and monocytes is currently limited. Nota-
bly, Sanjay Varikuti found that injection of ITK inhibitors
in mice infected with leishmaniasis reduced monocyte
infiltration in these mice, suggesting a potential correla-
tion between ITK and monocytes during the inflamma-
tory response [31].

It has been shown that the development of AAA is
associated with autoimmunity and inflammation [32].
Although ITK has been demonstrated to contribute to
autoimmune diseases through the regulation of signaling
pathways within immune cells in various diseases, such
as multiple sclerosis, inflammatory bowel disease, and
systemic lupus erythematosus, its role in AAA remains
poorly understood and has not been investigated [25, 33—
35]. In recent years, research exploring the association
between ITK and autoimmune diseases has progressed
significantly, and the study of the association between
ITK and the pathogenesis of AAA is expected to con-
stitute a prospective direction for this field of research.
Recently, a study on Kawasaki disease suggested that ITK
may regulate the expression of CD14* monocytes, impli-
cating a potential role in vascular inflammation [36].
Evidence suggests that monocytes are involved in the
development of AAA and play an active role in vascular
inflammation and vascular remodeling [37]. Our scRNA-
seq analysis of AAA revealed that ITK-high expressing
cell populations were significantly enriched in the T cell
receptor signaling pathway and other inflammation-
related pathways, suggesting that ITK-mediated inflam-
matory responses may play a contributory role in the
pathogenesis of AAA. In separate murine studies, Marie
Vandestienne and Safa Mellak observed that monocytes,
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under the influence of angiotensin II-mediated upregu-
lation of CD62L and chemokines, infiltrate the mouse
aortic wall, where these cells promote inflammatory
responses, thereby contributing to the development and
exacerbation of AAA in the mouse [38, 39]. Moreover,
studies conducted with both AAA patients and healthy
individuals revealed increased activation, endothelial
adhesion, and migration of monocytes in AAA patients
and a correlation between monocyte behavior and AAA
diameter [40].

RA is the most common autoimmune disease [41]. ITK
signaling is reported to negatively regulate Treg cells and
positively regulate Th17 cells, resulting in an increase in
pro-inflammatory Th17 cells and thereby contributing to
the onset of RA [28, 42]. In this context, ITK has been
shown to promote the generation of pro-inflammatory
T helper cells and exacerbate inflammation in RA via the
Akt-mTOR signaling pathway [43]. Ye et al. reported that
inhibiting ITK could reduce the production of pathogenic
Th17 cells while increasing the number of Treg cells,
potentially ameliorating the symptoms of arthritis in
patients [44]. Currently, various ITK inhibitors are used
in the clinical treatment of AA patients, with promising
results [25, 45]. The inflammatory factors involved in RA
are produced mainly by monocytes. The inflammatory
factors TNFa, IL-6, and IL-1 promote the polarization of
Th17 cells via CD4 + T cells, leading to endothelial cell
activation, an inflammatory response, and cartilage dam-
age, which contribute to the development of RA [46—48].
In addition, circulating monocytes that transform into
osteoclasts may directly cause bone destruction within
the joint cavity [48]. Consistent with previous studies,
our results suggest that ITK and monocytes are actively
involved in the development of RA. Consistent with pre-
vious studies, our enrichment analysis also indicated that
ITK may contribute to the development of RA by acti-
vating inflammation-related immune cell populations,
including pathways such as T cell receptor signaling and
monocyte migration.

We found that the miRNAs, diseases, and transcrip-
tion factors associated with ITK are mostly related to
inflammatory processes. For instance, miR-155-5p and
miR-21-3p are well-known regulators of inflammatory
responses [49, 50]. Diseases such as autoimmune dis-
orders, aphthous stomatitis, and lymphoproliferative
syndromes are also linked to chronic inflammation [51,
52]. In addition, TFs like STAT6, RUNX1, and FLI1 play
critical roles in inflammatory signaling pathways [53, 54].
Although these findings provide valuable hypotheses for
the regulatory mechanisms and potential therapeutic
targets of ITK, it should be emphasized that these con-
clusions are based on correlation analysis and require
further experimental validation, such as using CRISPR/
Cas9-generated ITK-knockout cells to establish genetic
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models, ITK 3'UTR luciferase assays for miRNA-ITK
targeting validation, Co-immunoprecipitation to confirm
ITK-transcription factor interactions, and disease-rele-
vant immune phenotyping in T cell-specific ITK condi-
tional knockout mice.

This study has several limitations. First, due to data
limitations, the analysis was restricted to patients with
either AAA or RA, without concurrent evaluation of
data from patients diagnosed with both conditions. Sec-
ond, the common DEGs selected in this study are based
on consistent regulatory directions, which may overlook
genes that exhibit opposite directions in the two diseases
but still hold biological significance. Additionally, the
validation step focused only on key immune cells associ-
ated with the diseases, while no experimental validation
was performed for the identified hub genes. Future stud-
ies should conduct fundamental research to explore the
relationship between ITK and both AAA and RA.

Conclusions

Our findings suggest that ITK may participate in the
shared pathogenesis of AAA and RA, with monocytes
contributing significantly to the inflammatory processes
in both diseases. Accordingly, we constructed a prelimi-
nary regulatory network centered on ITK and identi-
fied related miRNAs, diseases, TFs, and potential drugs
and drug targets, which may provide potential value for
future research.
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