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Abstract
Rupture of intracranial aneurysm (IA) has a very high mortality and disability rate, so it is very important
to explore the mechanism of IA formation and to �nd potential drug therapy targets. In�ammatory
responses have now been shown to play an important role in the formation and development of IA. The
diagnosis, therapeutic target and prognostic marker research of various diseases through machine
learning has superior performance, but it has not been reported in IA. In this study, we searched for the
core in�ammatory genes in the formation of IA through the GEO database, and identi�ed the interaction
relationship of these genes and the core regulated gene (TLR4) through the string database. The results
of enrichment analysis indicated that our obtained in�ammatory genes were associated with
in�ammatory response, immune response and vascular disease. Then, three key genes (CLEC7A, RTP4,
SOX11) were found by two machine learning algorithms. The ROC curve results showed that key genes
had high clinical value. In addition, by analyzing the correlation between key genes and immune cell
in�ltration, we found that in�ammatory cells positively correlated with the expression of key genes play
an important role in the formation and development of IA. This study is the �rst time to �nd the key genes
of IA formation by machine learning method. The hub genes obtained in this study can provide new ideas
for the formation and molecular mechanism of IA in the future, and provide a new direction for the non-
surgical treatment of IA.

1| Introduction
Intracranial aneurysms (IA) arise from cerebral arteries and are characterized by localized dilation of
cerebral arteries. Saccular aneurysms are the most common. Studies have shown that rupture of IA leads
to subarachnoid hemorrhage (SAH) mortality in excess of 25%.(1) To prevent aneurysm rupture, surgical
clipping or endovascular wrapping is offered to patients with unruptured aneurysms.(2) Signi�cant
technological advancements and improvements have been made in these invasive treatments. However,
the rate of adverse outcomes due to clipping and coiling of unruptured aneurysms cannot be ignored.(3)
Therefore, exploring the mechanism of intracranial aneurysm and �nding potential therapeutic targets
may be a promising alternative for patients with unruptured aneurysms.

IA is pathologically characterized by loss of arterial wall integrity caused by endothelial dysfunction,
intimal hyperplasia, disruption of the extracellular matrix (ECM), and in�ammatory responses.(4)
In�ammation has a strong role in promoting, and many studies have shown that in�ammatory response
plays an important role in the destruction of arterial wall integrity.(5) In�ammatory chemokines released
by the local in�ammatory response lead to the in�ltration of macrophages in the aneurysm wall.
Macrophages express and release MMPs, which destroy the ECM of the arterial wall, which in turn leads
to the recruitment of other in�ammatory cells, which exacerbate the degeneration and weakening of the
arterial wall, and ultimately lead to the formation and growth of aneurysms.(6, 7) Therefore, some studies
have been conducted to inhibit the development of IA and reduce the risk of IA rupture by inhibiting the
local in�ammatory response of aneurysms.(8) Wen et al found that taking aspirin can delay the growth
of intracranial aneurysms.(9) The study by Terceño et al. showed that taking acetylsalicylic acid can
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reduce the risk of IA rupture.(10) However, the inhibition of aneurysm growth by inhibiting arterial
in�ammation has not achieved satisfactory results. On the one hand, this is due to the shortage of drugs
currently used to suppress in�ammation. Another aspect is due to the lack of therapeutic targets.

Medicine is one of the early applications of arti�cial intelligence (AI), which is gradually changing the way
many diseases are diagnosed and treated.(11) Machine learning is an important part of arti�cial
intelligence that uses algorithms to identify patterns of expression in datasets. At present, machine
learning has been used in the diagnosis of various diseases, the research of therapeutic targets and
prognostic markers. However, there is no research report using machine learning to �nd the key genes and
potential therapeutic targets of intracranial aneurysm. Therefore, this study combined bioinformatics and
machine learning to discover potential in�ammatory genes associated with intracranial aneurysm
formation. In this study, we analyzed the in�ammatory DEGs of intracranial aneurysm samples and
super�cial temporal artery samples, and obtained 4 core genes by machine learning method. Further
research identi�ed a relationship between these genes and in�ammatory cells. This may help to explain
the mechanism of aneurysm formation and the search for therapeutic targets.

2 | Materials And Methods

2.1 | Gene Expression Dataset
mRNA expression pro�ling datasets GSE54083 and GSE75436 were downloaded from the Gene
Expression Comprehensive Database (GEO, https://www.ncbi.nlm.nih.gov/geo/). There are 13 intracranial
aneurysm samples and 10 super�cial temporal artery samples in the GSE54083 dataset. There are 15
intracranial aneurysm samples and 15 super�cial temporal artery samples in the GSE75436 dataset.
After merging the 2 datasets, batch effects were eliminated using the limma and sva packages in R
software.

2.2 | Identi�cation of Differentially Expressed In�ammatory
Genes
1251 in�ammatory genes were downloaded from the Gene Set Enrichment Analysis (GSEA)
database(http://www.gsea-msigdb.org/gsea/index.jsp)( Supplementary Material 1). Gene difference
analysis was performed using the "limma" package on the R language. False discovery rate (FDR) < 0.05
and log2 fold change (log2FC)|≥1 were set as cutoff values for screening DEGs. The intersection of
DEGs and in�ammatory genes was considered as a group of signi�cantly differentially expressed
in�ammatory genes.

2.3 | Enrichment Analysis
Using clusterPro�ler, org.Hs.eg.db, DOSE, enrichplot and ggplot2 software packages in R language, Gene
Ontology(GO), Kyoto Encyclopedia of Genes and Genomes(KEGG) and Disease ontology (DO) enrichment
analysesenrichment analysis was performed on 74 in�ammatory DEGs.(12, 13) Take p value and q value 
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< 0.05 as statistical signi�cance test. The Hallmark and C7 gene set v6.2 collections were downloaded
from the Molecular Signatures database, and used as the target set for GSEA using the gsea-4.1.2
software downloaded from the Broad Institute.(14)

2.4 | Protein–Protein Interaction (PPI) Network Analysis
A PPI network with a con�dence level of 0.4 was established from STRING database (http://string-
db.org/). The results were then imported into Cytoscape 3.8.1 to build the network model. Using
Cytoscape's cytoHubba plug-in, the top 30 DEGs with high connectivity in the gene expression network
were selected as hub genes according to the degree algorithm

2.5 | Identi�cation of Hub In�ammatory DEGs in IA
Two machine learning algorithms were used to screen hub genes for the formation of IA. The Least
Absolute Shrinkage and Selection Operator (LASSO) is a regression analysis algorithm that uses
regularization to improve prediction accuracy. The LASSO regression algorithm was performed using the
"glmnet" package in R to identify hub genes for the formation e of IA. Support Vector Machine (SVM) is a
supervised machine learning technique widely used for classi�cation and regression. To avoid over�tting,
the RFE algorithm was used to select the best genes from the metadata cohort.(15) Therefore, to identify
the gene set with the highest discriminative power, Support Vector Machine Recursive Feature Elimination
(SVM-RFE) is applied to select suitable features. The hub genes screened by the two machine learning
algorithms at the same time use the venn package of R to obtain the same hub genes. Then principal
component analysis (PCA) based on hub genes was performed using the "ggplot2" package, and three-
dimensional PCA plots were drawn. In addition, receiver operating characteristic (ROC) curves were
constructed and AUC values were calculated to estimate the accuracy of hub genes.

2.6 | The Analysis of Immune Cell In�ltration
To quantify the proportion of immune cells in the samples, we assessed the in�ltrating immune cells of
each sample using the CIBERSORT algorithm.(16) The proportion of in�ltrating immune cells was
visualized in R software using the "ggplot2" package and the "pheatmap" package. Correlation heatmaps
were created by the 'corrplot' package to visualize the correlation of in�ltrating immune cells. Differences
in immune cell in�ltration between samples are shown in violin plots using the "vioplot" package.

2.7 | Correlation Analysis Between Hub Genes and
In�ltrating Immune Cells
The association of the identi�ed hub genes with the level of in�ltrating immune cells was explored using
Spearman rank correlation analysis in R software. The resulting associations were visualized using the
"ggplot2" package.

3 | Result
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3.1 | Identi�cation of differentially expressed In�ammatory
genes
Differential analysis of gene mRNA levels in IA (n = 28) and super�cial temporal arteries (n = 25) in the
GEO cohort was analyzed. The obtained differential genes were crossed with in�ammatory genes, and
�nally 74 differentially expressed in�ammatory genes were obtained [FDR < 0.05, |log2-fold change
(FC)|>1] (Fig. 1A)( Supplementary Material 2).

3.2 | Construction of PPI Network Diagram and Hub Gene
Screening
To �gure out how overlapping genes interact, we uploaded their information into the STRING database to
construct a PPI network. This network contains 57 nodes with 348 edges (Fig. 1B). The results of the PPI
network showed that there was a complex relationship between these genes. Bar graphs for the top 30
genes in the PPI network are presented in Fig. 1C. We then used the most connected gene, TLR4, as a hub
gene for subsequent analyses.

3.3 | Functional, Pathway and GSEA Enrichment Analysis of
In�ammatory Genes
To explore the potential functional features of differentially expressed in�ammatory genes, we performed
GO enrichment analysis, KEGG enrichment analysis, DO enrichment analysis and GSEA enrichment
analysis. (Fig. 2A-C). The results of biological process (BP) in GO enrichment analysis indicated that
these genes were mainly involved in regulation of in�ammatory response, positive regulation of cytokine
production, leukocyte migration, activation of immune response, and leukocyte mediated immunity. The
results of cellular component (CC) in GO enrichment analysis indicated that these genes were mainly
involved in collagen-containing extracellular matrix, blood microparticle, low-density lipoprotein particle,
and plasma lipoprotein particle. The results of molecular function (MF) in GO enrichment analysis
showed that these genes were mainly involved in receptor ligand activity, signaling receptor activator
activity, cytokine activity, and immune receptor activity. The results of GO enrichment analysis showed
that these genes mainly caused the formation of aneurysm through in�ammatory cells and in�ammatory
factors, and lipid metabolism was also involved. The results of KEGG enrichment analysis showed that
these genes were mainly related to PI3K-Akt signaling pathway, Cytokine-cytokine receptor interaction,
Lipid and atherosclerosis, Toll-like receptor signaling pathway. The results of DO enrichment analysis
showed that diseases rich in DEGs were mainly associated with vascular diseases or in�ammatory
diseases such as cerebrovascular disease, atherosclerosis, arteriosclerotic, cardiovascular disease,
coronary artery disease, arteriosclerosis, systemic lupus erythematosus. GSEA enrichment analysis
showed that regulation of immune system process, immune effector process, leukocyte mediated
immunity, etc. were mainly active in intracranial aneurysm samples (Fig. 2D).
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3.4 | Identi�cation of hub genes based on machine learning
algorithm
To identify hub genes for IA formation, we used two different machine learning algorithms to screen for
DEGs of in�ammation. In this study, 16 key DEGs were identi�ed using the LASSO algorithm (Fig. 3A).
Furthermore, based on the SVM-RFE algorithm, 4 DEGs were identi�ed as biomarkers (Fig. 3B). Then, we
obtained three key genes including RTP4, CLEC7A, SOX11 by taking the intersection of the genes
obtained by these two algorithms (Fig. 3C). Then we added the gene with the most linked nodes in the
PPI network, TLR4, as a hub gene in the following analysis. The results of key gene differential analysis
showed that the expression levels of RTP4, CLEC7A, SOX11 and TLR4 in IA were higher than those in the
control group (Fig. 3D). The results of PCA analysis showed that the identi�ed hub genes could
effectively distinguish IA samples from control samples (Fig. 3E). Receiver operating characteristic (ROC)
curves were constructed and AUC values were calculated to assess the predictive value of the model in
the study study sample. The results showed that the AUCs of RTP4, CLEC7A, SOX11, and TLR4 were
0.954, 0.990, 0.903, and 0.884, respectively (Fig. 4A-D), indicating that the identi�ed hub genes had good
validation performance.

3.5 | Immune Cell In�ltration
We investigated the composition of immune cells in IA tissue versus super�cial temporal artery tissue
(Fig. 5A). The proportions of T cells regulatory (Tregs) (P < 0.001), Mast cells resting (P = 0.011) and
Neutrophils (P = 0.017) in IA tissue were signi�cantly lower than those in super�cial temporal artery
tissue. However, the proportion of Monocytes (P < 0.001) in AMI tissue was signi�cantly higher than that
in super�cial temporal artery tissue (Fig. 5B). Correlation analysis showed that T cells CD4 naïve had the
strongest positive correlation (r = 0.59) with Neutrophils (r = 0.59), and B cells memory and B cells naive
had the strongest negative correlation (r = 0.57) (Fig. 5C).

3.6 | Correlation analysis between CLEC7A, RTP4, SOX11,
TLR4 and in�ltrating immune cells
By analyzing the correlation between hub genes and in�ltrating immune cells, we found that CLEC7A was
signi�cantly related to Monocytes (r = 0.49, P < 0.001), Plasma cells (r = 0.34, P = 0.012), T cells gamma
delta (r = 0.3, P = 0.023), Mast cells resting (r=-0.27, P = 0.043), and T cells regulatory (Tregs) (r=-0.57, P < 
0.001) were signi�cantly correlated (Fig. 6A). RTP4 and Monocytes (r = 0.4, P = 0.002), B cells memory
(r=-0.27, P = 0.048), Neutrophils (r=-0.36, P = 0.006), T cells regulatory (Tregs) (r=-0.51, P < 0.001) were
signi�cantly correlated (Fig. 6B). SOX11 was signi�cantly associated with Monocytes (r = 0.36, P = 0.007),
B cells memory (r=-0.3, P = 0.026), T cells regulatory (Tregs) (r=-0.47, P < 0.001) (Fig. 6C). TLR4 and
Monocytes (r = 0.3, 0.027), T cells gamma delta (r = 0.29, P = 0.031), Mast cells activated (r = 0.27, P = 
0.048), Mast cells resting (r=-0.27, P = 0.044), T cells regulatory (Tregs) (r= -0.52, P < 0.001) were
signi�cantly correlated (Fig. 6D).
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4 | Discussion
Although the early diagnosis and treatment of IA has been greatly improved, surgical treatment is still the
only treatment for IA(17). Surgical risks and postoperative complications are still major problems in the
treatment of IA. Therefore, exploring the formation and development mechanism of IA and �nding
potential drug therapy targets is expected to become a new therapeutic direction for IA(3). In�ammation
and immune cell in�ltration as important mechanisms for the growth and expansion of IA have been
con�rmed by many studies(4, 18–20). At present, although there are studies targeting in�ammatory
genes to treat IA, the results are not satisfactory(10). Therefore, this study will use bioinformatics
combined with machine learning to �nd the core genes of in�ammatory aneurysm formation, explore the
potential mechanism of IA formation and discover IA in�ammatory therapeutic targets, and provide a
new direction for non-surgical treatment of IA.

We downloaded 2 datasets from the GEO database, and obtained a total of 74 differentially expressed
in�ammatory genes, including 58 up-regulated genes and 16 down-regulated genes, through differential
analysis and intersection with in�ammatory genes. We constructed a PPI network of these genes from
the STRING database. Through the analysis of the PPI network, we found that there are complex
regulatory relationships among these differentially expressed genes, and TLR4, as the core gene of the
PPI network, has regulatory relationships with most of the genes in the network. At present, many studies
have found that TLR4 plays an important role in the formation, expansion and rupture of IA. Kazuha
Mitsui et al found that the TLR4 pathway promotes the development of intracranial aneurysm rupture by
accelerating aneurysm wall in�ammation, and TLR4 inhibition signi�cantly reduced the rupture rate and
proin�ammatory cytokine levels of aneurysm rupture(21). Liang Liu et al. also found that TLR4 is
associated with susceptibility to IA(22). Subsequently, we performed functional enrichment analysis on
DEGs of in�ammation. Results of BP and MF in GO enrichment analysis These genes were associated
with in�ammatory response, expression of in�ammatory factors and regulation of in�ammatory cells.
The results of the MF analysis were mainly related to lipid metabolism. The study of Zhao et al. showed
that in�ammation-dependent hyperlipidemia is one of the mechanisms of aneurysm formation(23). The
results of KEGG enrichment analysis were also related to in�ammatory pathways and lipid metabolism
pathways. Li et al. show that SRPK1 gene silencing increases vascular smooth muscle cell proliferation
and vascular remodeling in IA through the PI3 K/Akt signaling pathway, which helps inhibit progression in
arteries(24). By analyzing ruptured IA, Korostynski et al. found that Cytokine-cytokine receptor interaction
is an important mechanism of IA rupture(25). The results of DO enrichment analysis indicated that the
in�ammatory DEGs obtained by our analysis were associated with vascular disease. Subsequently, we
performed GSEA enrichment analysis, which showed that these genes were associated with in�ammatory
responses, immune regulation, and regulation of immune cells. The above analysis con�rmed the
accuracy of our results. It also demonstrated the important role of in�ammatory response and immune
cell in�ltration in the formation, development and rupture of IA. Therefore, it is expected to be a safe and
effective treatment for IA by regulating the expression of in�ammatory genes and local immune cell
in�ltration. Identifying the core genes in the formation of IA through bioinformatics and machine learning,
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and clarifying the correlation between the expression of core genes and immune cells, is helpful for the
non-surgical treatment of IA.

Based on two machine learning algorithms, 3 core genes were identi�ed. Due to the important regulatory
role of TLR4 in the PPI network, we also included it as a core gene in subsequent analyses. RTP4 encodes
a protein associated with cell surface opioid receptor expression. No research on RTP4 in IA has been
found so far. Of note is the important role of RTP4 in the immune response. For example, RTP4 can
induce the body's immune response to malaria, reduce the virus titer in the brain of infected mice, and
alleviate the neurological symptoms of the mice(26). Furthermore, RTP4 is required for antigen-dependent
immunoediting of cancer cells using CRISPR screens(27). Therefore, we judged that RTP4 may play an
important role in the formation of IA. However, further in vivo and in vitro experiments are still needed to
prove it. CLEC7A, also known as dectin-1, is involved in various pathophysiological processes including
infection, allergy, regulation of in�ammation, cancer and other diseases(28). Studies have shown that
Dectin-1 plays an important role in the immune regulation of the central system and can promote
tolerance, anti-in�ammatory and neuroprotective responses(29). Dectin-1 Regulating Macrophage
Polarization and Neutrophil In�ltration in Myocardial Ischemia-Reperfusion Injury(30). Interestingly, the
two types of immune cells mentioned above con�rm important in�ammatory cells in the formation and
progression of intracranial aneurysms(31, 32).SOX11, a member of the SRY box (SOX) family, emerges
as an important transcriptional regulator that controls cell fate and differentiation as a whole(33). It is
also involved in regulating the in�ammatory response in the body. The study by Feng et al found that the
decrease of SOX11 expression can alleviate the in�ammatory response in spinal cord injury(34).

Types of immune cell in�ltration in IA and super�cial temporal artery samples were assessed using
CIBERSOTR. It was found that various immune cell subtypes were closely related to the important
biological processes of IA. T cells regulatory (Tregs), Mast cells resting, decreased in�ltration of
Neutrophils and increased in�ltration of Monocytes were found to be related to the formation and
development of IA. In addition, through correlation analysis of CLEC7A, RTP4, SOX11, TLR4 and immune
cells, it was found that CLEC7A, RTP4, SOX11 and TLR4 were all associated with T cells regulatory
(Tregs) and Monocytes. Our �ndings were also con�rmed in other studies. T cells regulatory (Tregs) can
signi�cantly reduce the incidence and severity of IA, but it is often present at low levels or insu�cient
activity in IA tissues T cells regulatory (Tregs) can signi�cantly reduce the incidence and severity of IA,
but it is often present at low levels or insu�cient activity in IA tissues(35, 36). Sun et al. found that
increasing the number of T cells regulatory (Tregs) is bene�cial to improve the remodeling of IA
cases(37). During homeostasis and in�ammation, circulating monocytes can in�ltrate the vasculature,
where they develop into macrophages and regulate immune responses(20). Subsequently, the
polarization of macrophages regulates the formation and progression of intracranial aneurysms by
releasing cytokines and modulating the in�ammatory response of other immune cells, as well as
releasing different cytokines to regulate the process of extracellular matrix remodeling. Increased
phagocytic in�ltration is responsible for the formation and progression of IA(38). Zhang et al. found that
monocytes promote a higher in�ammatory state in IA by causing a loss of balance of CD4(+) T cell
subsets(39).
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However, the limitations of this study should also be acknowledged. First of all, our data are obtained
from public datasets, and the reproducibility needs to be further veri�ed. Secondly, the sample size of this
study may still be insu�cient, and the key genes and immune cell in�ltration of IA cannot be well
identi�ed. In addition, some of the in�ammatory hub genes we identi�ed have not been studied in IA and
need further experimental veri�cation..

Conclusion
Based on machine learning methods, we found that RTP4, CLEC7A, SOX11, and TLR4 may be the
in�ammatory hub genes of IA formation. Immune cell in�ltration in IA patients was measured in detail. In
addition, the correlation between RTP4, CLEC7A, SOX11, TLR4 and immune cells may play an important
role in IA. These hub genes and immune cells may be potential targets for non-surgical treatment of IA
patients.
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Figures

Figure 1

(A) Heatmap of differentially expressed in�ammatory genes between IA and STA(super�cial temporal
arteries). (B) PPI network of in�ammatory DEGs. (C) The top 30 in�ammatory DEGs in the PPI network
and their counts.
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Figure 2

Enrichment analysis of DEGs (A) Gene ontology enrichment analysis. (B) KEGG enrichment analysis. (C)
Disease ontology enrichment analysis. (D) Enrichment analyses via gene set enrichment analysis.
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Figure 3

Identi�cation of hub genes for IA based on machine learning algorithms. (A) hub genes by LASSO
algorithm. (B) hub genes by SVM‐RFE algorithm. (C) Venn plot of the overlapping genes identi�ed by the
LASSO algorithm and SVM‐RFE algorithm. (D) the expression of hub genes between IA and
STA(super�cial temporal arteries). (E) PCA plot of AF and IA and STA.

 

Figure 4

Evaluation of the diagnostic effectiveness of the four hub genes. (A-D) ROC curve of CLEC7A, RTP4,
SOX11 and TLR4

Figure 5

Evaluation and visualization of immune cells in�ltration in IA and STA(super�cial temporal arteries). (A)
The proportion of in�ltrating immune cells in
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IA and STA. (B) The difference of 22 subpopulations of immune cells between IA and STA. (C) Correlation
heatmap shows the correlation between 22 immune cell subpopulations.

Figure 6

Correlation between CLEC7A (A), RTP4 (B), SOX11 (C), TLR (D), and in�ltrating immune cells in acute
myocardial infarction.
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