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Abstract: Integrated genomic and transcriptomic analyses were employed to
identify novel molecular targets and elucidate underlying mechanisms in the
progression from unruptured to ruptured intracranial aneurysms (IAs). The
study integrated differentially expressed genes identified through GWAS-based
SNP screening and transcriptomic analysis of three independent datasets
(GSE13353, GSE26969, GSE75436). Protein-protein interaction network
construction and functional enrichment analysis of overlapping genes revealed
two key interactions: ITGAX-JAM3 and KLHL28-TOGARAMI1, with ITGAX
and MAGI2 emerging as consensus genes across all datasets. Machine
learning-based prioritisation via LASSO regression with L1 penalty selected
optimal characteristic genes, validated through ROC curve analysis
(AUC > 0.85). These findings demonstrate that ITGAX, JAM3, KLHL2S,
TOGARAMI1, and MAGI2 represent promising molecular targets worthy of
further investigation in the context of hypertension-driven mechano-immune
crosstalk during IA rupture progression, providing new insights for both
mechanistic studies and clinical management strategies.
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1 Introduction

Intracranial aneurysms (IAs) are pathological expansions of the cerebral arterial wall that
pose a serious concern in neurosurgery, primarily because of their risk of rupture and the
possibility of resulting subarachnoid hemorrhage (SAH) (Etminan and Rinkel, 2016).
Improvements in the quality and availability of neuroimaging techniques have led to an
increase in the worldwide detection frequency of 1As, which is now estimated at roughly
6.1 per 100,000 person-years (Etminan et al., 2019). Understanding the mechanisms
underlying unruptured intracranial aneurysm (UIA) formation and rupture is essential for
reducing societal and familial burdens. The formation of IAs is a multifactorial and
gradual process, driven by hemodynamic forces (Kassam et al., 2004) and predisposing
conditions including hypertension, dyslipidemia, atherosclerosis, and smoking (Frosen
etal., 2013, 2012; Etminan et al., 2014), and genetic predisposition (Bor et al., 2014).

The inherent fragility of cerebral arteries — characterised by the absence of an external
elastic lamina and sparse medial smooth muscle — predisposes these vessels to
pathological dilation. A key pathological step in IA formation involves the breakdown or
loss of integrity of the internal elastic lamina, especially in regions of arterial branching
(Bor et al., 2008). Hypertension exacerbates this vulnerability through two synergistic
pathways:

1 direct mechanical stress from elevated blood pressure weakens the aneurysm wall,
with transient spikes (such as during straining, caffeine overconsumption, or intense
exercise) inducing irreversible microstructural damage at bifurcation sites (Vlak
etal., 2011)

2 Systemic high blood pressure stimulates the tissue renin-angiotensin system, which
in turn promotes inflammatory responses and structural changes in the vessel wall
(Muller et al., 2004).

While hypertension is recognised as a high-risk driver of IA rupture, its precise molecular
contributions remain incompletely defined. This study focuses on the transition from UIA
to ruptured IA, leveraging transcriptomic profiling and LASSO regression with L1
regularisation to identify stage-specific biomarkers. We report the first identification of
ITGAX, JAM3, KLHL28, TOGARAMI, and MAGI2 as potential mediators of IA
rupture. These findings lay a molecular foundation for exploring hypertension-driven
mechano-immune crosstalk and developing dual-action therapeutic strategies that
integrate antihypertensive and anti-inflammatory properties.
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2 Materials and methods

2.1 Construction of flowchart

The study workflow is illustrated in Figure 1. Summary statistics for UIA
(ebi-a-GCST90018816) and TA (ebi-a-GCST90018815) were retrieved from the IEU
Open GWAS Project (https://gwas.mrcieu.ac.uk/). Differentially expressed single
nucleotide polymorphisms (SNPs) were identified and matched with the DbSNP database
to generate the ‘Diff Snp Genes’ dataset. Three GEO datasets (GSE13353, GSE26969,
and GSE75436 all from https://www.ncbi.nlm.nih.gov/gds/) were analysed, comprising
55 samples (29 cases vs. 26 controls). Differential expression analysis was performed
using R software (version 4.4.0) to identify distinct differential expressed genes (DEGs)
for each dataset. The ‘Diff Snp Genes’ dataset was intersected with DEGs from the
three GEO datasets, resulting in 31 hub genes. Further intersection across all four datasets
revealed two shared genes. Functional enrichment analyses (gene ontology [GO], Kyoto
Encyclopedia of genes and genomes [KEGG]) and protein-protein interaction (PPI)
network construction were conducted on hub genes. TF-miRNA coregulatory interactions
were mapped for core genes with significant PPI connections and shared genes. Least
absolute shrinkage and selection operator (LASSO) regression was employed to develop
a predictive model for UIA-to-IA progression using the identified genes. Model
performance was evaluated by using receiver operating characteristic (ROC) curves. As
all datasets were sourced from publicly available repositories, no additional ethical
approval was required.

2.2 Data processing and differentially expressed gene screening

Differentially expressed SNPs were firstly identified using the ‘dplyr’ package and
annotated against the DbSNP database to generate the ‘Diff Snp Genes’ dataset.
Subsequently, gene expression profiles from the GSE13353, GSE26969, and GSE75436
datasets performed log2 transformation. Differential gene expression analysis was
performed through using the ‘limma’ and ‘hgul33plus2.db’ packages, resulting in three
distinct DEGs datasets. Statistically significant DEGs (p-values <0.05) were defined by
thresholds of the [logFC| > (mean (abs (logFC)) + 2*sd (abs (logFC))). In addition,
chromosomal density distributions of differentially expressed SNPs were visualised using
the ‘CMplot’ package, represented as SNP density plots and circular Manhattan plots.
DEGs were visualised in the form of heatmaps and volcanos through the ‘pheatmap’ and
‘ggplot2’ packages.

2.3 Hub genes and shared genes identification

The genes subjected to downstream analyses were categorised into two parts: hub genes
and shared genes.

e Hub genes identification: the ‘Diff Snp Genes’ dataset was sequentially intersected
with DEGs from the GSE13353, GSE26969, and GSE75436 datasets, generating
three differentially overlapping gene sets. These gene sets were subsequently
performed to a union operation with deduplication.
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e Shared genes identification: shared genes were defined as the common intersection
across all four datasets: ‘Diff Snp Genes’ and DEGs from the three GEO datasets
(GSE13353, GSE26969, GSE75436). The overlap relationships among the four
datasets were finally visualised by using Venn diagram
(https://www .bioinformatics.com.cn/).

Figure 1 The flowchart of present study
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2.4 Functional annotation and construction of genes interaction network

To further clarify the functional enrichment role of these hub genes, we performed GO
enrichment and KEGG pathway analyses using the ‘clusterProfiler’ package. Adjusted
p-values < 0.05 were considered statistically significant. GO analysis results were
visualised as bubble plots through the ‘dotplot’ function, while KEGG pathways analysis
results were represented as bar plots using ‘barplot’ function. In addition, hub genes were
employed to construct a PPI network (confidence level > 0.4) by using the STRING
database (version 12.0, https://string-db.org) (Huang et al., 2024). Genes with significant
interactions were retained for downstream analyses. In addition, to reveal the potential
regulators of UIA-to-IA progression, these interactional genes and shared genes were
amalgamated and employed to build a construction of TF-miRNA coregulatory network,
performing by using the Reg-Network database within the Network Analyst platform
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(v3.0, https://www.networkanalyst.ca/NetworkAnalyst). finally, this network was
visualised by Cytoscape (v3.10.2).

2.5 LASSO regression predictive modelling

LASSO regression, a regularisation method derived from linear regression, was
employed to analyse high-dimensional genomic data. Features included the identified hub
genes, interactional genes, and shared genes at present study. Data standardisation and
model construction were performed using the ‘caret’, ‘glmnet’, and ‘pROC’ packages.
Under fixed reproducibility conditions (set.seed = 56), a 10-fold cross-validation
framework (nfolds = 10) was applied to optimise the regularisation parameter (). A total
of 55 samples (29 1A cases vs. 26 controls) were randomly divided into training and test
sets at a 50:50 ratio. ROC curves were applied to quantify the predictive ability of distinct
gene sets in distinguishing UIA-to-IA progression. Predictive outcomes from the three
gene subsets (hub genes, core genes [interactional genes + shared genes], and shared
genes) were visualised to assess their predictive power.

2.6 Statistical analysis
All statistical analyses and visualisations were performed using R version 4.4.0.

Figure 2 The SNPs within the [A rupture progression, (a) the SNP density plots showed the
chromosomal regions enriched with SNPs implicated in IA rupture,
(b) circular Manhattan plots showed the number of SNPs in IA rupture (see online
version for colours)
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3 Results

3.1 Identification of all four differentially expressed gene sets

Four distinct differential gene datasets were established in this study: ‘Diff Snp Genes,’
‘GSE13353 DEGs,” ‘GSE26969 DEGs,” and ‘GSE75436 DEGs.” The ‘Diff Snp Genes’
dataset was derived from comparative analysis of the UIA and IA GWAS statistical
results, identifying 202 SNPs associated with TA rupture. Chromosomal distribution of
these SNPs was visualised using SNP density plots [Figure 2(a)]. Subsequently,
annotation from the DbSNP database mapped these SNPs to 75 genes, with circular
Manbhattan plots illustrating ‘core genes’ identified in downstream analyses [Figure 2(b)].

Figure 3 Visualisation results of differential analyses within IA rupture progression,
(a) the heatmap of differentially expressed genes for GSE13353, (b) GSE26969,
(c) GSE75436, (d) GSE13353, (e¢) GSE26969, (f) the volcano of differentially
expressed genes for GSE75436 (see online version for colours)

) I’!I
B R

=,

er
N Cae
| Camtrat
a

i
i
g

|

I i ‘
b= (-
‘T F .
| fo—

| [

= o ]

TR A
i
L
—

e .
[

-

~logl0 P-value

N

S
log2 fold change

(d)




Hypertension-driven mechano-immune crosstalk related novel genes 7

Figure 3 Visualisation results of differential analyses within IA rupture progression,
(a) the heatmap of differentially expressed genes for GSE13353, (b) GSE26969,
(c) GSE75436, (d) GSE13353, (¢) GSE26969, (f) the volcano of differentially
expressed genes for GSE75436 (continued) (see online version for colours)
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Differential expression analysis revealed 4,006, 1,208, and 2,344 genes in the GSE13353,
GSE26969, and GSE75436 datasets, respectively. Clustering analysis and expression
abundance of DEGs across all three GEO datasets were displayed in corresponding
heatmaps [Figures 3(a)-3(c)], while volcano plots were employed to visualise these
differentially expressed genes (DEGs) [Figures 3(d)-3(f)].

3.2 Identification of hub genes and shared genes

Overlaps among the four datasets were visualised by using Venn diagrams (Figure 3).
Specifically, a total of 15, 10, and 14 hub genes overlapping with the ‘Diff Snp Genes’
dataset were identified in the GSE13353, GSE26969, and GSE75436 datasets,
respectively. After deduplication, 31 unique hub genes were retained. Furthermore, two
genes (ITGAX and MAGI2) were defined as the shared intersection across all four
datasets, including ‘Diff Snp Genes’ and DEGs from the three GEO datasets
(GSE13353, GSE26969, GSE75436) (Figure 4).

3.3 Enrichment analyses for hub genes

To further elucidate the biological functions of the identified hub genes, we performed
GO and KEGG enrichment analyses. GO enrichment and KEGG pathway analyses were
performed on the 31 hub genes. The top three enriched biological processes (BP) were
plasma membrane bounded cell projection organisation, cell projection organisation, and
small GTPase-mediated signal transduction. For cellular components (CC), the most
enrichments were plasma membrane bounded cell projection, cell projection, and plasma
membrane region. The top three enriched molecular functions (MF) were GTPase
regulator activity, nucleoside-triphosphatase regulator activity, and hexosyltransferase
activity [Figure 5(a)]. Regulation of actin cytoskeleton emerged as the top KEGG
pathway [Figure 5(b)]. However, none of these enrichment results showed statistical
significance.
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Figure 5 Enrichment analyses for 31 hub genes, (a) the GO enrichment analysis on 31 hub genes.
(b) the KEGG pathway enrichment analysis on 31 hub genes (see online version
for colours)
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3.4 Construction of genes-TF-miRNA interaction network

Meanwhile, PPI network among the 31 hub genes were explored by using STRING
(v12.0). Two interactional gene pairs, ITGAX-JAM3 and KLHL28-TOGARAMI, were
identified after applying a confidence threshold = 0.4 [Figure 6(a)]. By integrating these
interactional genes with the two shared genes (ITGAX, MAGI2), a refined ‘core genes’
dataset comprising five genes (ITGAX, JAM3, KLHL28, TOGARAMI1, MAGI2) was
established. To further reveal regulatory mechanisms among core genes, transcription
factors (TFs), and miRNAs, a gene-TF-miRNA coregulatory interaction network was
constructed through network analyst (v 3.0). This network included 12 nodes and 16
edges [Figure 6(b)].
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Figure 6 Screening and refinement of ‘core genes’ and the gene-TF-miRNA coregulatory
interaction network, (a) the PPI network of 31 hub genes, (b) TF-miRNA coregulatory
interaction network on ‘core genes’ (see online version for colours)
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3.5 Predictive model for IA rupture progression

Clinical data from 55 patients (29 cases and 26 controls) were pooled from three GEO
datasets. The training set included 15 cases and 13 controls, with the remaining samples
allocated to the testing set. We selected the 31 hub genes, 5 core genes, and 2 shared
genes as features to plot the relevance of binomial deviance curves against log(}), further
identifying the optimal A value for the LASSO regression model through 10-fold
cross-validation [Figure 7(A1-A3)]. Hub genes model: The optimal A was 0.04, having
five non-zero coefficients (value): ITGAX (0.70), MAGI2 (-1.74), ARSB (0.39),
SLC17A1 (0.80), and MACROD?2 (-0.56). Core genes model: The optimal A was 2.87 x
1E-04, identifying five non-zero coefficients (value): ITGAX (0.79), MAGI2 (-1.60),
KLHL28 (0.57), TOGARAMI1 (-1.75), and JAM3 (0.93). Shared genes model: The
optimal lambda A was 0.09, with two non-zero coefficients (value): ITGAX (0.26) and
MAGI2 (-1.83) [Figure 7(B1-B3)]. In addition, ROC curve analysis revealed area under
the curve (AUC) values of 0.72, 0.89, and 0.93 for the hub, core, and shared genes
models, respectively [Figure 7 (C1—C3)]. These findings suggest a potential role of core
genes, particularly the shared genes, in predicting IA rupture.

4 Discussion

The ruptured IA may result in subarachnoid bleeding, vasospasm of cerebral arteries, and
various neurological impairments (Wahood et al., 2022; Mualem et al., 2022). However,
the pathological mechanisms underlying IA rupture remain incompletely understood. We
integrated multidimensional bioinformatics data — including genome-wide association
study (GWAS) datasets and transcriptomic profiles — to identify overlapping genes across
multiple datasets at present study. Through enrichment analysis, gene-TF-miRNA
interaction networks, LASSO regression-based predictive modelling, and ROC curve
evaluation, we aimed to theoretically identify novel molecular targets implicated in IA
rupture. Among 31 hub genes identified, the interactions between ITGAX-JAM3 and
KLHL28-TOGARAMI1 were highlighted. Notably, ITGAX and MAGI2, as overlapping
genes across multiple datasets, demonstrated robust predictive performance for IA
rupture.

ITGAX, also known as CDllc, forms part of the integrin oXp2 complex and
facilitates intercellular communication during inflammatory processes, including the
adhesion and migration of monocytes (Hou et al., 2025). Although a direct association
between ITGAX and IA rupture has not been established, abnormal expression of this
gene is known to participate in the angiogenesis observed in tumours (Oliveira et al.,
2010; et al., 2019) and abdominal aortic aneurysm progression (Okuno et al., 2020),
suggesting a plausible role in IA pathogenesis. Bioinformatics analyses further support
ITGAX as a candidate gene for IA rupture (Chen et al., 2024; Zhang et al., 2023). JAM3
(JAM-C), a protein belonging to the junctional adhesion molecule family, is essential for
maintaining endothelial barrier function and controlling the movement of leukocytes
across the endothelium, thereby contributing to vascular stability and the regulation of
inflammation (Chavakis et al., 2004; Aurrand-Lions et al., 2005; Lamagna et al.,
2005;0rlova et al., 2006; Coxon et al., 1996). Zimmerli et al. (2009) experimentally
validated the interaction between ITGAX and JAM3. Collectively, both genes are
implicated in immune regulation and cell adhesion. Current evidence supports their
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potential synergistic interaction in exacerbating inflammatory responses and vascular
wall remodelling during IA rupture, thereby influencing disease progression. However,
these findings warrant further functional validation to elucidate their mechanistic
contributions.

KLHL28 (Kelch-like family member 28), a member of the Kelch family, was first
identified in this study to exhibit differential expression during IA rupture. While
KLHL28 has not been explicitly studied in the context of IAs, related proteins in the
Kelch family (e.g.,, KLHL2, KLHL3) influence vascular tone and blood pressure via
ubiquitination, hinting at a possible function for KLHL28 (Zeniya et al., 2015; Yoshida
et al., 2018; Abdel Khalek et al., 2019). Long-standing hypertension increases the
vulnerability of vascular tissues at branching points, lowering rupture thresholds
(Claassen and Park, 2022). There is no substantial evidence to explain how the KLHL28
affects IA rupture, but we cannot rule out the possibility that KLHL28 may also affect [A
rupture by participating in ubiquitination and affecting blood pressure homeostasis.
TOGARAMI has primarily been investigated in relation to ciliopathic disorders. For
example, Latour et al. (2020) identified TOGARAMI as a gene responsible for Joubert
syndrome and associated with failures in neural tube closure, often leading to
encephaloceles stemming from cranial mesodermal defects (Wang et al., 2025). Notably,
chronic hypertension appears to critically exacerbate both encephalocele and
cerebrovascular wall protrusion (e.g., IA formation). Theoretical extrapolation suggests
that the interplay between KLHL28 and TOGARAMI may be closely linked to
hypertension-driven vascular pathology. However, their functional relationship and
disease relevance demand comprehensive investigations, including molecular validation
and in vivo studies. MAGI2 (membrane-associated guanylate kinase, WW, and PDZ
domain-containing 2) remains understudied in IA research. However, its antisense
transcript MAGI2-AS3 exhibits strong expression correlation with MAGI2.
Recent findings indicate that the long non-coding RNA MAGI2-AS3 may modulate
MAGI2 function via cis-acting mechanisms, including epigenetic alterations (Xu et al.,
2021). Given the critical role of endothelial barrier dysfunction in I[A rupture,
dysregulation of MAGI2-dependent cell-cell signalling pathways may contribute to
vascular destabilisation.

5 Limitations

This study has several limitations that should be considered when interpreting the
findings. First, the mechanistic insights for the novel candidate genes proposed (e.g.,
KLHL28, TOGARAM]1) are primarily derived from bioinformatic inferences and indirect
evidence. Future work will include functional validation of these targets in hypertensive
animal models, as well as analysis of the correlation between the expression of these
genes and blood pressure levels in clinical cohorts. Second, the predictive performance of
our genomic model, although robust in our internal cohort, requires further evaluation.
The absence of external validation in an independent dataset, constrained by the limited
public availability of suitable RNA-seq data, affects the assessment of its generalisability.
It is also important to emphasise that the primary goal of this model was not immediate
clinical prediction, but rather to prioritise the most promising candidate genes from a
large set for further biological experimentation — thereby helping to focus subsequent
research efforts efficiently. Finally, these limitations underscore the challenge of
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investigating novel targets with limited prior functional annotation and research
resources. Our immediate priority is to secure dedicated funding to enable functional
validation in hypertensive animal models and correlation studies in clinical cohorts, a
critical imperative for advancing these discoveries toward therapeutic applications.

6 Conclusions

This study reveals novel molecular interactions and potential regulatory mechanisms
underlying IA rupture, highlighting their association with inflammatory responses and
hypertension-related vascular remodelling. These findings lay a molecular foundation for
exploring hypertension-driven mechano-immune crosstalk and developing dual-action
therapeutic strategies that integrate antihypertensive and anti-inflammatory properties.
While bioinformatics and machine learning approaches predicted the therapeutic
potential of these targets (ITGAX, JAM3, KLHL28, TOGARAMI1, and MAGI2), the
lack of direct experimental evidence, which is attributable to the unprecedented nature of
these associations, signposts critical directions for future research, particularly in
functional validation and mechanistic exploration.
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