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ABSTRACT
Intracranial aneurysms, with an annual incidence of 2%–3%, reflect a rare disease associated with significant mortality and
morbidity risks when ruptured. Early detection, risk stratification of high-risk subgroups, and prediction of patient outcomes
are important to treatment. Radiomics is an emerging field using the quantification of medical imaging to identify parameters
beyond traditional radiology interpretation that may offer diagnostic or prognostic significance. The general radiomic workflow
involves image normalization and segmentation, feature extraction, feature selection or dimensional reduction, training of a
predictive model, and validation of the said model. Artificial intelligence (AI) techniques have shown increasing interest in
applications toward vascular pathologies, with some commercially successful software including AiDoc, RapidAI, and Viz.AI,
as well as the more recent Viz Aneurysm. We performed a systematic review of 684 articles and identified 84 articles exploring
the applications of radiomics and AI in aneurysm treatment. Most studies were published between 2018 and 2024, with over half
of articles in 2022 and 2023. Studies included categories such as aneurysm diagnosis (25.0%), rupture risk prediction (50.0%),
growth rate prediction (4.8%), hemodynamic assessment (2.4%), clinical outcome prediction (11.9%), and occlusion or stenosis
assessment (6.0%). Studies utilized molecular data (2.4%), radiologic data alone (51.2%), clinical data alone (28.6%), and combined
radiologic and clinical data (17.9%). These results demonstrate the current status of this emerging and exciting field. An increased
pace of innovation in this space is likely with the expansion of clinical applications of radiomics and AI in multiple vascular
pathologies.

1 Introduction

Intracranial aneurysms (IAs) pose a severe health threat,
particularly during rupture, leading to subarachnoid
hemorrhage. The annual incidence of unruptured aneurysms in
the general populace is estimated between 2% and 3.2%, while IA
ruptures account for nearly 5% of all strokes [1, 2]. The formation
of IAs is influenced by multiple factors, including age, smoking,

and genetics [3]. Additionally, features such as irregular shape,
aspect ratio, size, bottleneck factor, height-to-width ratio, and
neck width may increase the likelihood of rupture [4, 5]. The
rupture of IAs is a devastating event, carrying an estimated
12% prehospital mortality, 33% mortality within 48 h, and 50%
mortality within 1 month [6]. Furthermore, at least half of
those who survive are likely to experience severe disabilities,
underscoring the critical need for effective rupture prediction [6].
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Radiomics is a growing field that systematically quantifies basic
and higher-order features from medical images, which can
be used to predict clinical outcomes [7]. While the practice of
radiomics is varied, it generally involves image normalization,
segmentation, and processing, followed by feature extraction,
selection, or dimensionality reduction [8]. Moreover, extracted
features can be analyzed using various statistical and machine
learning (ML) models to predict a wide variety of clinical
outcomes. Artificial intelligence (AI), including supervised and
nonsupervised ML methods, as well as deep learning, has been
applied toward the interpretation of increasingly complex sets of
radiographic, clinical, and genomic data to better predict clinical
outcomes.

The development and clinical implementation of AI in detecting
aneurysm growth, progression, and eventual rupture may
reduce patient mortality and long-term disability. We performed
a systematic review evaluating the role of experimental AI
algorithms, particularly radiomics, in the clinical management
of IA. Particular attention was paid to predicting the rupture risk
and aneurysm growth rate of IAs. By identifying key radiomics
features and deep learning models that have shown high
diagnostic and prognostic value, we hope to guide future clinical
decision-making. Additionally, we aim to identify current gaps
in the literature to facilitate future research in this area.

2 Methods

2.1 Data Collection

A literature search of PubMed was conducted using the
following search terms: (deep learning) OR (machine learning)
OR (radiomics) OR (convolutional neural network) OR
(radiogenomics) OR (imaging genomics) AND (cerebral
aneurysm or aneurysm). References from these articles were
also reviewed to identify potentially relevant studies. This
search returned 684 articles that were input into Rayyan AI
software (Cambridge MA, https://www.rayyan.ai/) for the initial
screening of titles and abstracts.

Initial screening was conducted by two independent reviewers
(C.R. and M.A.). Any discrepancies were resolved by a third
reviewer (M.O.). All three reviewers contributed to data
extraction. Studies were excluded if they (1) were not specific to
IAs, (2) evaluated detection without additional segmentation,
feature extraction, other analysis, or outcome prediction, (3) did
not assess rupture risk or growth rate, or (4) did not evaluate the
use of radiomics. Additionally, review articles were excluded. The
84 included studies comprised English-only articles published
between 2018 and June 2024 [9–93]. This systematic review was
conducted in accordance with Preferred Reporting Items for
Systematic reviews and Meta-Analyses guidelines. This review
was registered with PROSPERO (CRD42024506886).

Full-text articles were reviewed to extract the author’s year,
sample size, pathology type, deep learning techniques, imaging
modalities, and radiomics target (Tables 1–3). We categorized
studies into two distinct groups: diagnosis and prediction.
Diagnostic studies used radiomics to detect and diagnose
IAs through advanced methods that could provide additional

diagnostic insights, while prediction studies used radiomics to
predict either rupture risk or growth rate.

3 Results

3.1 Literature Search

A comprehensive literature search yielded 684 initial articles,
of which 422 were excluded due to an irrelevant pathology
focus, 77 did not meet the inclusion criteria, and 48 focused on
detection methods without further analysis of rupture risk or
growth rate. Additionally, 34 review articles and 17 studies that did
not specifically apply radiomics orML techniques were excluded.
After these exclusions, 84 articles remained (Figure 1).

3.2 Study Characteristics

Studies in this systematic review were published between 2018
and 2024, with a significant increase in publications after 2021,
reflecting a recent surge in research interest. Notably, the years
2022 and 2023 alone accounted for over half of the reviewed stud-
ies, comprising 25.0% and 26.2%, respectively, of the total studies.
This trend suggests a growing recognition of MLs’ potential in
enhancing the understanding and management of IAs.

We categorized the study outcomes into the following: diagnosis
(25.0%), rupture risk prediction (50.0%), growth rate prediction
(4.8%), hemodynamic assessment (2.4%), clinical outcomepredic-
tion (11.9%), and occlusion or stenosis assessment (6.0%) (Table 4).
We also categorized the studies based on the data analyzed:
molecular data (2.4%), radiologic data alone (51.2%), clinical data
alone (28.6%), and combined radiologic and clinical data (17.9%).
This breakdown reveals that while many studies relied solely on
radiologic data, an increasing number have begun incorporating
clinical data to provide a more comprehensive risk assessment.

3.3 Imaging Modalities

Multiple imaging modalities evaluating aneurysms were stud-
ied. Digital subtraction angiography (DSA) was the most fre-
quently used technique (31.0%), followed by CT angiogra-
phy (CTA) (19.0%). Additional imaging modalities included
3-dimensional rotational angiography (3DRA; 9.5%), magnetic
resonance angiography (4.8%), and high-resolutionMRI (2.4%). A
total of 20.2% of studies utilized a combination of these imaging
techniques, while 13.1% of studies did not report specific imaging
modalities used (Table 5).

4 Discussion

4.1 Overview of Pathologies, Techniques,
Interventions, and Treatment Approaches

Aneurysm rupture was the most common outcome investigated,
reflecting the critical need to identify patients at high risk
and reduce morbidity. Additionally, several studies focused on
aneurysm growth, which is another key factor in determining
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TABLE 1 Studies evaluating molecular and clinical–radiographic radiomic analyses in intracranial aneurysm treatment.

Author Sample size Techniques
Imaging
used Study findings

Molecular studies
Maimaiti et al. [9] 21 UIA, 21

RIA, 16
normal

ML to assess DNA methylation Unspecified Correlation between DNA
methylation and IA

Zhong et al. [10] 43 IA Gene expression Unspecified Differentiating RIA vs. UIA
Clinical–radiological combined studies
Jiang et al. [43] 112 IA SVM, random forest, GLM 3DRA, DSA Adding velocity informatics from

aneurysmal velocity data can
improve overall characterization of

RIA
Xie et al. [40] 106 IA CNN CTA Feature extraction
Liu et al. [46] 420 IA ML predictive model DSA Flatness was the most important

morphological determinant in
predicting aneurysm stability

Yuan et al. [47] Unspecified Convolutional attention U-Net MRA Segmentation
Zhu et al. [48] 668 IA Radiomics–morphological

model for classification
CTA Classifying RIA

Liang et al. [49] 281 IA API-derived radiomics DSA Assessing treatment outcomes after
embolization

Tong et al. [52] 254 IA Morphology-based radiomics DSA Nomogram could predict rupture
risk

Ou et al. [54] 122 IA Radiomics CTA Predict rupture risk
Jadhav et al. [62] 81 IA ML model DSA RF classifier found to be the most

effective outcome predictor
Kong et al. [63] 118 IA Radiomics nomogram model TOF-MRA,

DSA
Combined radiomics nomogram
model outperformed both the

clinical model and the radiomics
model alone

Lv et al. [65] 65 IA ML predictive model DSA ML models are effective in
predicting wall enhancement in IA

Chen et al. [66] 807 patients ML and regression DSA, CTA Hemodynamic factors improved
rupture risk prediction; ML methods

did not outperform LR
Ye et al. [80] 293 IA Radiomics model DSA, CTA Combining radiomics with clinical

factors can improve rupture risk
prediction

Ma et al. [81] 64 IA Radiomics DSA Potential use of radiomics in
identifying after flow-diversion RIAs

Li et al. [89] 576 IA Radiomics CTA Clinical–radscore model, combining
radiomics features with clinical and

inflammatory data predicting
rupture

Veeturi et al. [93] 104 IA Radiomics-based predictive
nomogram

HR-MRI Radscore-based nomogram,
integrated radiomics and

demographic data
Abbreviations: 3DRA, three-dimensional rotational angiography;API, angiographic parametric imaging; CNN, convolutional neural network; CTA,CT angiogram;
DNA, deoxynucleic acid; DSA, digital subtraction angiogram; GLM, general linear model; HR, high-resolution; IA, intracranial aneurysm; LR, logistic regression;
ML, machine learning; RF, random forest; RIA, ruptured intracranial aneurysm; SVM, support vector machine; TOF-MRA, time-of-flight MR angiogram; UIA,
unruptured intracranial aneurysm.
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TABLE 2 Studies evaluating radiological radiomic analyses in intracranial aneurysm treatment.

Author Sample size Techniques
Imaging
used Study findings

Radiological studies
An et al. [30] 125 IA Multidimensional

feature selection and
construction

DSA Combined models improved
rupture risk assessment

Alwalid et al.
[34]

393 IA Radiomics model Rad
score

CTA Prediction of aneurysm rupture

Lin et al. [37] 322 IA Multiple ML models Unspecified Multiple models predict rupture;
aspect ratio was the leading

predictor
Yang et al. [38] 576 IA Radiomics, ML models Unspecified Predict RIA
Lin et al. [41] 425 IA ML models DSA Predict recurrence after

endovascular treatment, GBDT
model showed best performance

Zhu et al. [56] 1897 IA ML models DSA Undulation index, height–width
ratio, and irregularity were most

predictive of rupture
Lu et al. [57] 1029 IA DL models Unspecified Prediction model performed

better compared with classic
clinical scale-based predictions

Paliwal et al. [60] 84 IA ML models DSA Prediction of outcome after flow
diversion; incorporated

morphological, hemodynamic,
and FD-device parameters;
predicted 6-month occlusion
outcome with 90% accuracy

Jin et al. [64] 354 IA DNN models 2D DSA Detecting and segmenting
aneurysms

Feng et al. [67] 363 RIA, 535 UIA 3D CNN CTA 13 key features predicted rupture
Li et al. [68] 227 patients, 254 IA Radiomics CTA Integrated models are slightly

better than a single model
Liu et al. [71] 403 MCA aneurysms Nomogram CTA Nomogram generated for

prediction of MCA rupture risk
Zeng et al. [72] 1237 IA training, 229 IA

validation
CNN, DLM, and LR CTA LRM outperformed the DLM for

predicting aneurysm stability
Cao et al. [73] 1246 IA DL 3DRA Structural relationship between

the aneurysm and its parent vessel
was key for predicting rupture

Irfan et al. [74] 400 IA StrokeNet 2D DSA,
3DRA

Automated segmentation and
rupture risk prediction, computed
geometrical features, Fourier
descriptors, and blood flow

patterns
Shiraz et al. [75] 190 IA DNN DSA API and DNN can predict IA

occlusion
Veeturi et al. [76] 15 IA SVM DSA Elevated WSS may contribute to

wall thinning
Hadad et al. [77] 2265 IA ML models 3DRA, CTA,

MRA
Trained on cross-sectional data,
identified aneurysms at risk of

focal growth

(Continues)
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TABLE 2 (Continued)

Author Sample size Techniques
Imaging
used Study findings

Jin et al. [78] 52 IA Radiomics DSA Elongation was identified as an
independent predictor of ISS

Tong et al. [79] 660 IA ML-based cluster
analysis, LR models

DSA, CTA Cluster and morphological factors
predicted rupture

Guedon et al.
[86]

146 IA Predictive score DSA DIANES score is a predictive tool
for occlusion after flow-diverter

stent
Wisniewski et al.
[88]

80 IA API and DNN DSA Combination of multiple API
parameters predicted treatment

outcomes
Turhon et al.
[92]

807 training, 200
internal validation, 108
external validation

ML model, LR model CTA Hemodynamic parameters
improved prediction risk for UIAs

Liu et al. [97] 54 UIA, 540 RIA Feed-forward ANN CTA Predicting risk of ACoA
aneurysms

Ahn et al. [61] 457 UIA ResNet50, CNN models DSA Diagnostic performance of
multiview ResNet50 was better
than other CNNs for predicting

rupture risk
Abbreviations: 3DRA, three-dimensional rotational angiography; ACoA, anterior communicating artery; ANN, artificial neural network; API, angiographic
parametric imaging; CNN, convolutional neural network; CTA, CT angiogram;DIANES sore, IA diameter, indication, parent artery diameter ratio, neck ratio, side-
branch artery, and sex; DL, deep learning; DLM, dynamic linearmodel; DNN, deep neural network; DSA, digital subtraction angiogram; FD, flow diversion; GBDT,
gradient-boost decision tree; IA, intracranial aneurysm; ISS, in-stent stenosis; LR, logistic regression; LRM, large reconstruction model; MCA, middle cerebral
artery; ML, machine learning; MRA, magnetic resonance angiogram; RIA, ruptured intracranial aneurysm; SVM, support vector machine; UIA, unruptured
intracranial aneurysm; WSS, wall shear stress.

TABLE 3 Studies evaluating primarily clinical outcomes in radiomic studies on intracranial aneurysm treatment.

Author
Sample
size Techniques

Imaging
used Study findings

Clinical studies
Mu et al. [53] 112 IA ML models 3DRA Prediction of IA rupture risk
Ludwig et al.
[55]

353 IA Radiomics 3DRA Radiomics elongation and flatness
features were the best performers

of rupture status
Wu et al. [58] 1508 IA Cascade detection and

classification models
CTA Developed feasible pipeline for

clinical use to assist radiologists in
aneurysm detection and

classification of RIA vs. UIA
Li et al. [59] 1325 IA ML model Unspecified Hemorrhagic stroke history and

gender predicted single ACoA
rupture

Tian et al. [69] 443 IA ML models DSA Distal aneurysm location, size,
and treatment modality predicted

treatment complications
Zador et al.
[82]

226 IA Multivariate and
Bayesian network

CTA, DSA Combining LR and Bayesian
networks showed that WFNS
grade and age were the most

influential predictors of outcome
Abbreviations: 3DRA, three-dimensional rotational angiography; ACoA, anterior communicating artery; CTA, CT angiogram; DSA, digital subtraction angiogram;
IA, intracranial aneurysm; LR, logistic regression; ML, machine learning; RIA, ruptured intracranial aneurysm; UIA, unruptured intracranial aneurysm; WFNS,
World Federation of Neurosurgical Societies.
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FIGURE 1 Flowchart of studies screened, included, and excluded (Preferred Reporting Items for Systematic reviews andMeta-Analyses diagram).
AI, artificial intelligence; n, number of papers.

TABLE 4 Primary objectives in radiomics and other artificial intel-
ligence techniques.

Objective
Number of
studies (%)

Rupture risk prediction 42 (50.0%)
Diagnosis 21 (25.0%)
Clinical outcome prediction 10 (11.9%)
Occlusion or stenosis assessment 5 (6.0%)
Growth rate prediction 4 (4.8%)
Hemodynamic assessment 2 (2.4%)

rupture risk over time. Techniques employed to assess these
pathologies varied but generally included quantitative imaging
approaches to extract data from structural and morphological
features in aneurysm imaging.

The studies also secondarily explored a range of treatment
interventions and treatment-related assessments. Some studies
evaluated the impact of endovascular treatments, such as coil
embolization and flow-diverting stents, on radiomic features,
allowing researchers to explore how treatment-induced changes

TABLE 5 Distribution of imaging modalities utilized.

Imaging
modality

# of studies utilizing
modality (%)

DSA 26 (31.0%)
Combination 17 (20.2%)
CTA 16 (19.0%)
Unspecified 11 (13.1)
3DRA 8 (9.5%)
MRA 4 (4.8%)
HR-MRI 2 (2.4%)

Abbreviations: 3DRA, three-dimensional rotational angiography; CTA, CT
angiogram; DSA, digital subtraction angiogram; HR-MRI, high-resolution
magnetic resonance imaging; MRA, magnetic resonance angiogram.

in aneurysm morphology and structure may affect future risk
assessments. This examination of treatment-related imaging
provides valuable insights into postintervention monitoring and
the potential for radiomics to assess treatment efficacy. Other
studies examined clinical outcomes, including patient prognosis
following treatment or observed over a specified follow-up period.
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4.2 Analytical AI Models

Various analytic models evaluated in aneurysms included con-
volutional neural networks (CNNs), support vector machines
(SVMs), logistic regression (LR), and random forests (RFs).
Advanced ML models, such as Light Gradient Boosting Machine
(LGBM) and eXtreme Gradient Boosting (XGBoost), were
employed in several studies.

4.3 Genomics Analysis of Aneurysm Outcomes

Several studies aimed to incorporate molecular features of
aneurysms into clinical decision-making. Maimaiti et al. utilized
multiomics and epigenome-wide association studies to analyze
correlations between deoxyribonucleic acid (DNA) methylation
and IA predisposition [9]. The study included 21 unruptured IAs,
21 ruptured IAs, and 16 normal intracranial artery samples.Analy-
sis of different DNAmethylation-related genes (MRGs) identified
19 genes, including Mdb3 and Zbtb38, which exhibited high
endothelial cell and fibroblast expression. A total of 100MLmod-
els were developed utilizing a training set cohort and two external
validation cohorts to analyze these MRGs and their capability of
constructing a predictive model for aneurysm rupture. Analysis
used integrated ML, expression quantitative trait loci, methyla-
tion quantitative trait loci, Mendelian regression, and summary-
data-based Mendelian randomization. The receiver operating
characteristic curve and decision curve analysis were used to
assessmodel performance, showing good discrimination between
cohorts. Of the 100models developed, 14 models achieved perfect
performance accuracy (1.00), demonstrating a high correlation of
these genomic models with both unruptured and ruptured IAs.

Another study evaluated differential gene expression in IA
treatment using a sample population of 43 IAs subdivided into
two datasets to identify specific Hub genes (spermine syn-
thase, macrophage receptor with collagenous structure, zymogen
granule protein 16B, and LIM and calponin homology domains
1) [10]. Subgroup I consisted of a higher rupture risk, while
subgroup II contained 70% unruptured aneurysms. A predictive
model was developed based on these Hub genes, using LGBM
(area under the curve [AUC]: 0.92; precision–recall [PR]: 0.888),
XGBoost (AUC: 0.983; PR: 0.984), andLRalgorithms (AUC: 0.942;
PR: 0.92). This predictive model was validated using data from
one of the selected datasets andwas found to have good diagnostic
performance in differentiating unruptured and ruptured IAs.
Additionally, monocytic lineage was found to be a significant fac-
tor in intracranial rupture (p< 0.05), with an abundance ofmono-
cytes and neutrophils found in ruptured IAs compared to unrup-
tured. Additionally, all Hub genes were found to be significantly
associated with monocytic lineage. These findings are consistent
with previous literature highlighting the increased expression of
monocyte chemoattractant protein-1 in IA rupture [94, 95].

4.4 Prediction of Rupture Risk

A study utilizing CNN sought to predict the rupture risk of IAs,
focusing on hemodynamic parameters such as wall shear stress
(WSS), wall strain (WS), and a combination of WSS and WS [12].
These parameters were initially calculated using fluid-structure

interactions and computational fluid dynamics, which were then
employed to train and test a CNN. The model trained using WSS
had an AUC value of 0.716 (sensitivity: 0.5, specificity: 0.79); the
model trained using WS had an AUC value of 0.741 (sensitivity:
0.74, specificity: 0.71); and themodel utilizing combinedWSS/WS
images had an AUC value of 0.883 (sensitivity: 0.81, specificity
0.82), representing a more effective tool for predicting rupture
risk in IAs.

Li and colleagues devised a multiscale 3D CNN using CTA,
termed TransIAR net, to better predict rupture risk than manual
measurements [15]. This model was able to extract the struc-
tural patterns of the aneurysm and its surrounding structures,
resulting in a 10%–15% improvement in the accuracy of rup-
ture status prediction. Accuracy measurements were measured
through a comparison of clinical diagnosis between neuroradi-
ologists, TransIAR, and TransIAR with added auxiliary features
(TransIARAF). The accuracy for the two trained neuroradiologists
was 82.90 and 87.80, while TransIAR and TransIARAF showed
accuracies of 89.02 and 91.46, respectively. The AUC for the
neuroradiologists was 73.20 and 76.80, while for TransIAR and
TransIARAF, it was 92.15 and 92.09, respectively. Additionally,
the diagnosis times for the two neuroradiologists were 57 and
62 min, while for TransIAR and TransIARAF, the algorithm
could be completed in 3.46 and 3.47 s, respectively. This ML
method was found to be significantly more accurate and efficient
than human-based predictions within the test datasets of this
study. Nevertheless, important limitations to consider include
the significant amount of time spent by neuroradiologists in
performing precise measurements. Additionally, due to reliance
on human input, there is a significant amount of variation and
uncertainty within the data.

Hu et al. focused on the detection of aneurysms and the analysis
of rupture risk using DSA [39]. A total of 263 aneurysms were
analyzed using a Bayesian optimization filter for aneurysm
detection, focusing on variations in blood flow and morphology.
Additionally, they were able to extract intensity, texture, and
hemodynamic features from the detected aneurysms to differ-
entiate between ruptured (n = 125) and unruptured (n = 138)
aneurysms. The classification of this model yielded accuracy,
sensitivity, specificity, and AUC values of 96.1%, 94.4%, 97.5%,
and 0.982, respectively, indicating a reliablemethod for aneurysm
detection and rupture prediction.

A study conducted by Niemann et al. proposed a semantic graph
segmentation and centerline extraction to improve the analysis
of aneurysm rupture risk [13]. A deep learning-based model
was developed for mesh segmentation, generating a detailed
abstract graphical representation, aiming to improve aneurysm
classification, rupture prediction, and hemodynamic evaluation.
They found that vessels in close proximity to ruptured aneurysms
exhibited higher average torsion and curvature compared to
vessels near unruptured aneurysms. The test accuracy of the
mesh segmentation reached 83.3% for the classification of
the rupture state; however, there were different segmentation
components that were analyzed. Segmentation accuracy for
vessels, aneurysms, inlets, and bifurcations was 74.8%, 71.4%,
69.8%, and 37.0%, respectively. This model proved to be useful for
morphologic and hemodynamic parameter extraction; however,
the database used for mesh classification is relatively small
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and must therefore be validated using a more robust study
sample.

4.5 Evaluating the Impact of Therapies

Another study looked at the use of deep learning to predict
hemodynamics before and after flow-diversion stent placement
in IAs [36]. A deep learning network employed a flexible point
cloud format representing the geometry and flow distribution
of aneurysms before and after stent placement. This method
avoided the need for complex computational fluid dynamics cal-
culations. The authors showed comparability to computational
fluid dynamics with significantly reduced computational time by
a factor of 1800. The limitations of this study include a lack of
data on real patients, as well as limited application due to only
analyzing sidewall aneurysms.

An integrated model using computational fluid dynamics and a
combination of deep learning and ML algorithms was developed
to classify ruptured (n = 39) and unruptured (n = 109) aneurysms
[25]. The ML models comprised RF, k-nearest neighbor (KNN),
XGBoost, SVM, and LGBM. To extract hemodynamic cloud
features, a Pointnet deep learning algorithm was applied. The
classification accuracy of RF, KNN, XGBoost, SVM, and Light-
GBM was 0.824, 0.759, 0.839, 0.860, and 0.829, respectively. With
consideration of hemodynamic cloud features, the SVM model
outperformed the other models, with accuracy and AUC values
of 0.926 and 0.969, respectively.

In addition to rupture risk prediction, one study looked into
treatment outcome prediction using an automated ML-based
model (AutoML) [22]. Patients who were endovascularly treated
were considered to have successful treatment if complete occlu-
sion of the aneurysm was observed at follow-up. Three models
were developed including a statistical prediction model using
multivariate LR, a manual model, and an AutoML model. These
models were compared based on their area under the precision–
recall curve (AUPRC) and area under the receiver operating
characteristic curve (AUROC) values. The AUPRC and AUROC
values for the statistical model were 0.432 and 0.745, respectively.
The manual model showed AUPRC and AUROC values of 0.545
and 0.781, respectively. The AutoML model outperformed the
other two models, with AUPRC and AUROC values of 0.632 and
0.832, respectively. These findings support the feasibility of using
AutoML to predict treatment outcomes for patients with IAs,
which is consistent with current literature on ML-based models.

The use of 3DRA was employed by Lauric et al., who sought
to identify an efficient, operator-independent methodology for
rupture status classification compared to conventional radiomics.
A total of 135 sidewall (32 ruptured) and 216 bifurcation (90 rup-
tured) aneurysms were analyzed from 3DRA images [29]. Find-
ings suggest that enhanced radiomics utilizing neck orientation
and parent vessel estimation is an efficient operator-independent
method for classifying both sidewall and bifurcation aneurysm
rupture risk. These findings are consistent with another study
done by Cao et al., who developed a point cloud-based deep
learning model that could effectively capture the morphological
aspects and spatial contour of aneurysms, enhanced by parent
vessel utilization [73].

4.6 Predicting Clinical Outcomes

Another interesting study done by Peng et al. used ML predictive
models to assess postoperative neurological function by using
preoperative CTA imaging data to predict postembolization
Hunt–Hess scores [45]. Three distinct approaches were used,
including a radiomics model, a deep learning model, and
a combined deep learning–radiomics model. The AUC and
Matthews correlation coefficient (MCC) values for the radiomic
model were 0.935 and 0.793, respectively. The AUC and MCC
values for the deep learning model were 0.959 and 0.815,
respectively. The AUC and MCC values for the combined model
were 0.968 and 0.820, respectively. These values indicate that the
fusion-based model exhibited the highest predictive performance
compared to the other two models. However, this was a single-
center study with a relatively small sample size, limiting the
robustness and applicability of the findings of this study.

4.7 Aneurysm Detection

Another study focused on image segmentation using a self-
supervised, pretrained deep learning model to learn deep embed-
dings of aneurysm morphology from 947 unlabeled radiographic
images [16]. This model was trained with 120 labeled cases of
known rupture status integrated with clinical information to
further improve rupture prediction. An assistive diagnosis system
was also developed and tested with five neurosurgeons. This
model reached an AUC value of 0.823 prior to clinical data inte-
gration, which was then improved to AUC = 0.853. Additionally,
this assistive diagnosis system significantly improved the perfor-
mance accuracy of neurosurgeons, with an improved AUC from
0.877 to 0.945 (p= 0.037), indicating strong diagnostic utility. This
finding emphasizes the potential impact of assistive technologies
in aiding clinicians in clinical evaluation and decision-making to
enhance patient outcomes.

Podgorsak et al. utilized angiographic parametric imaging and
DSA in combination with CNN to automatically identify and
segment saccular aneurysms from surrounding vasculature [20].
They retrospectively collected 350 angiographic images of IAs
that were input to a CNN tasked with semantic segmentation.
This model was assessed for accuracy using the Dice simi-
larity coefficient (DSC) and Jaccard index (JI) for both the
aneurysms and their surrounding vasculature. The mean JI for
the aneurysms and vasculature was 0.823 (95% confidence inter-
val [CI]: 0.783–0.863) and 0.737 (95%CI: 0.682–0.792), respectively.
The mean DSC was 0.903 (95% CI: 0.867–0.937) and 0.849 (95%
CI: 0.811–0.887), respectively. The mean AUROC was 0.791 (95%
CI: 0.740–0.817) and 0.715 (95% CI: 0.678–0.733), respectively. The
findings of this study were comparable to manually contoured
masks, suggesting that this method is noninferior to previous
studies’ findings.

4.8 Combined Clinical and Radiologic Data

Combined clinical and radiomics data are an effective approach
to the management and treatment of IAs, enhancing diag-
nostic accuracy, improving risk stratification, and providing a
comprehensive view of patients’ conditions. One study by Ye
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FIGURE 2 Overview of strategies for radiomics and machine learning in aneurysm treatment. Various steps of using radiomics or machine
learning in the clinical management of aneurysm treatment are shown. Inputting and normalization of clinical and radiographic data are first essential.
Radiographic data must be representative of the eventual testing group the model will be applied toward. Radiographic data require automated,
semiautomated, or manual segmentation for model training. Feature extraction and generation of a predictive model are performed with both internal
testing of a model’s consistency (e.g., hyperparameter tuning, model performance evaluation) and external testing. Lastly, integration of a model into
clinical workflow is crucial to encourage adoption by clinicians. CTA, computed tomography angiography; DSA, digital subtraction angiography; MRA,
magnetic resonance angiography.

et al. looked at predictive models to accurately identify small
aneurysms (<5 mm) with a low risk of rupture, based on clinical
risk factors and radiomics signatures [80]. They developed a
combined clinical–radiomics model (AUC = 0.85) constructed
by nomogram analysis, which was found to outperform both
the conventional radiomics model (AUC = 0.75) and the clinical
model (AUC = 0.74), demonstrating the effectiveness of com-
bining both clinical and radiomics data for predicting rupture
status and facilitating effective clinical decision-making. This
study, however, was a single-center study with a relatively small
study population. Additionally, these findings were not validated
using an external validation cohort, limiting the robustness and
generalizability of these findings.

Another study focused on the classification of rupture risk
for small IAs (<5 mm) and derived and validated an ML-
based prediction model by combining clinical, morphological,
and hemodynamic information [21]. This model looked at 504
consecutive patients, with only small aneurysms detected on
CTA and invasive cerebral angiography, which were split into a
training group (81%) and an internal validation group (19%). ML
models included SVM, RF, LR, and multilayer perceptron. The
SVM outperformed the other model, with AUC values of 0.88 and
0.91 in the training and internal validation datasets, respectively,
indicating the generalizability of these findings. Additionally,
the best predictors of aneurysm rupture included hemodynamic
parameters, stable flow patterns, concentrated inflow streams, a
small (<50%) flow-impingement zone, and oscillatory shear index
coefficient of variation.

A pilot study using an ML-based approach for predicting
aneurysm wall enhancement evaluated hemodynamic and mor-
phological parameters along with clinical risk factors [65]. The

PHASES score, a risk assessment tool for predicting aneurysm
rupture, estimates risk through a multifactorial approach com-
bining clinical and anatomical features [96]. Lv et al. [65]
employed nineMLmodels thatwere applied to 65 aneurysm cases
with various predictor variables. The model based on gradient
boosting had anAUC value of 0.98, performing the best compared
to the other models. The generalized linear model (AUC = 0.80)
was the second-best-performing model. The dominant predictor
for wall enhancement was size ratio, closely followed by the
PHASES score and mean WSS.

Another model that combined clinical and radiomics models to
predict the outcome of aneurysm treatment developed an ML
model to predict residual flow based on over 100 clinical and
imaging features, focused on predicting outcomes of wide-neck
bifurcation aneurysms treatedwith an intrasaccular embolization
device, Woven EndoBridge (WEB) [62]. This neural network
segmentation algorithm was found to have a 90% overlap with
conventional manual contouring in 2D and an 83% overlap in 3D,
proving accurate in classifying complete versus partial occlusion
outcomes after WEB implantation with an accuracy of 75.31%.

4.9 Limitations and Future Direction

The findings of our study indicate a promising outlook for the
future use of radiomics in aneurysm research. At present, there
are only a few commercially available radiomics andML imaging
tools in clinical settings (e.g., Viz Aneurysm, AiDoc, RapidAI).
Two of the most popular software, Viz Aneurysm and RapidAI,
aim to improve the detection and measurement of unruptured
aneurysms in conjunction with radiology interpretation. Our
investigation indicated a variety of experimental methods for
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radiomic feature extraction and ML application, often with
internal validation via single-center datasets. We identified a
general trend toward enhanced computational analysis and
applications over time. Weaknesses of these algorithms include
the potential for false positives and the need to improve accuracy
given the high risk of intracerebral aneurysms. Potential solutions
include standardizing research methodologies across studies,
utilizing multicenter data to address image variability and
disease heterogeneity, and validating models using independent
external data. For algorithms to be genuinely dependable in
clinical situations, prospective studies are essential.

5 Conclusions

Radiomics plays a key role in the diagnosis, management,
treatment, and outcome prediction of IAs (Figure 2). By analyzing
morphologic and hemodynamic features and integrating these
data with clinical risk factors, radiomics enhances the ability
to identify aneurysms, analyze their structural characteristics,
and predict their behavior. This comprehensive strategy allows
clinicians to improve risk stratification and implement tailored
treatment strategies through a multimodal approach, thereby
enhancing outcomes and guiding clinical decision-making.
Additionally, incorporating radiomic features with clinical data
shows significant promise, as supported by current research. The
integration of radiomics into routine IA treatment will refine
decision-making processes and optimize surgical interventions
for patients with this complex pathology.
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