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Using machine learning to predict
the rupture risk of multiple
intracranial aneurysms

Jungiang Feng!, Chunyi Wang®, Yu Wang* and He Liu'?*

!Department of Neurosurgery, Beijing Chaoyang Hospital, Capital Medical University, Beijing, China,
2Beijing Institute for Brain Disorders, Capital Medical University, Beijing, China

Objective: This study aims to develop a machine learning-based risk prediction
model (RPM) for the rupture of multiple intracranial aneurysms (MIAs), addressing
a critical gap in current clinical tools such as the PHASES score, which are
not specifically designed for MIAs. By analyzing detailed morphological and
anatomical parameters, our model provides a tailored approach to rupture risk
assessment in MIAs, offering potential improvements over existing methods.

Methods: To address dataset imbalance, we conducted five-fold cross-
validation. External validation was not feasible due to data limitations, but
we rigorously evaluated model performance using metrics such as accuracy
(ACQC), true positive rate (TPR), true negative rate (TNR), F1 score, and area under
the receiver operating characteristic curve (AUC).

Results: Ninety-one patients with 222 aneurysms were recruited, with a rupture
rate of 20.3%. The model demonstrated preferable predication performance
in unruptured aneurysms (TNR: 0.837) but showed limitations in predicting
ruptured aneurysms (TPR: 0.644). Error analysis revealed that the model's lower
TPR may be attributed to the small sample size and dataset imbalance. Overall,
the model achieved an accuracy of 0.797 and an AUC of 0.843.

Conclusion: Our model provides a novel approach to predicting rupture risk
in MIAs, complementing existing tools like the PHASES score. However, its
clinical applicability is currently limited by suboptimal performance for ruptured
aneurysms, which is more suited for identifying MIAs after rupture rather than
predicting future rupture risk, and the lack of external validation. Future studies
with larger, prospective cohorts are needed to validate and refine the model.
This work highlights the potential of machine learning to enhance rupture risk
assessment in MIAs, offering a foundation for more personalized treatment
strategies.

Significance: Multiple intracranial aneurysms have distinct mechanisms of
formation, progression, and rupture. The widely used PHASES score does not
incorporate morphological parameters of aneurysms and is not specifically
designed for patients with multiple aneurysms. Therefore, we constructed a risk
prediction model for the rupture of MIAs by machine learning algorithms.
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multiple intra cranial aneurysms, machine learning, risk factors, subarachnoid
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1 Introduction

Multiple intracranial aneurysms (MIAs) refer to the
simultaneous presence of two or more intracranial aneurysms
(IAs), accounting for approximately 26-30% of all IAs (1, 2). Their
rupture risk and treatment strategies are challenging issues in the
field of neurosurgery. Rupture of IAs can lead to severe
subarachnoid hemorrhage (SAH) with high rates of disability and
mortality, representing 5% of all strokes (3-5). Furthermore, the
rate of SAH in MIAs is higher than that in single aneurysms (6).
Additionally, the rate of surgical complications for MIAs is
significantly higher than that for single aneurysms (7). Besides,
surgical intervention, such as craniotomy and clipping surgery,
imposes risks; thus, not all unruptured MIAs need treatment.
Based on these reasons, a careful assessment of the risks and
benefits is necessary before surgery (8). Predicting high-risk MIAs
and identifying the arteries responsible for SAH can help
clinicians make timely treatment decisions and prevent
catastrophic outcomes. The PHASES score developed a risk
prediction chart to estimate the 5-year rupture risk of unruptured
intracranial aneurysms based on the status of specific risk factors.
The PHASES score is of significant importance and widely used
for risk assessment of unruptured aneurysms. However,
morphological parameters of the aneurysms were not included in
PHASES score and this score did not specifically focus on MIAs
(2). To clarify the correlation between MIAs and the rupture risk,
we analyzed data from patients with MIAs in our medical center,
including those with or without SAH. This study aimed to explore
the relationship between the rupture of MIAs and their anatomical
structure and morphological characteristics.

In the past few years, machine learning has been increasingly used
by researchers (9, 10). It utilizes clinical data to learn the patterns and
structure of a dataset. Some of the previous studies have explored the
feasibility of machine learning in cerebral aneurysms (11). In this
study, we applied machine learning to construct a risk prediction
model (RPM) for the rupture risk of MIAs, to provide a more
individualized risk assessment. Then, we validated the accuracy of the
model, thereby developing more scientific and precise treatment plans
for patients to improve their prognosis and quality of life.

2 Materials and methods
2.1 Patients and data collection

From October 2012 to November 2022, we retrospectively
included 91 patients with MIAs admitted to the Department of
Neurosurgery at Beijing Chaoyang Hospital, Capital Medical
University. All patients underwent digital subtraction angiography
(DSA), performed by experienced neurointerventionists, for
confirmation. To ensure consistency, all measurements were
performed by at least two trained physicians (with 3 and 8 years
of experience, respectively) and using professional measuring
tools. Among them, there were 61 female patients (67.0%) with a
mean age of 59.2 + 12.0 years. Data were collected on age, sex,
aneurysm anatomical parameters, aneurysm site, shape, and
rupture status.
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2.2 Confirmation of ruptured aneurysms

In this study, the diagnosis of SAH was supposed through clinical
presentation and head CT. A 64-slice multidetector GE revolution
frontier CT scanner (GE Healthcare, Waukesha, Wisconsin, USA) was
used for all patients with suspected SAH. Patients diagnosed with
SAH underwent CT angiography (CTA) for three-dimensional
reconstruction to confirm the presence of IAs and determine the size
and location of the aneurysm. If the presence of aneurysms was
suspected in CTA and more information was needed to guide
treatment, DSA was performed to clarify the anatomical characteristics
of the aneurysm. Patients with initial negative DSA underwent a
second DSA examination 1 week later. Aneurysms were measured
using two-dimensional images obtained from the Philips FD20
workstation. We used “quantitative automatic calibration” and
electronic calipers. The maximum values of anatomical data were
measured from at least four projections. We determined the ruptured
aneurysms based on the SAH location, combined with the size and
shape of the aneurysm.

2.3 Inclusion and exclusion criteria

Inclusion criteria were as follows: (1) confirmed IAs based on
CTA or DSA, with a minimum of 2 aneurysms; (2) confirmation of
SAH by head CT or lumbar puncture; and (3) complete clinical data.

Exclusion criteria were as follows: (1) patients without CTA or
DSA results; (2) traumatic, infectious, or dissecting aneurysms; (3)
presence of other cerebrovascular diseases that may interfere with the
results, such as moyamoya disease, vasculitis, etc.; and (4) incomplete
clinical data or poor image quality.

2.4 Characteristics and parameters of
aneurysm

Morphological characteristics of aneurysms mainly refer to
regular or irregular shapes (with protrusions, blebs, or multilobulated
appearance) (12).

Aneurysmal parameters included maximum diameter, height,
neck width, parent artery diameter, aspect ratio (AR), neck-to-parent
artery diameter (NPR), and size ratio (SR), which were standardized
to minimize variability. The maximum diameter (L) was the longest
distance from the midpoint of the aneurysm neck to the aneurysm
dome. The height (H) was the maximum vertical distance from the
dome to the plane of the neck. The neck width (D) was the average
diameter where the aneurysm joined the parent artery. The parent
artery diameter (Dm) was the average diameter of the parent artery
and its branches. The average diameter of each branch vessel (Dv) was
calculated as the average diameter at the proximal neck (D1) and 1.5
times the diameter D2 at a distance of D1 from the neck. AR is the
H/D ratio. NPR is the D/Dm ratio. SR is the L/Dm ratio (13). All
measurements were performed by at least two independent and
experienced neurointerventionists, and discrepancies were resolved
through consensus.

MIAs are mainly distributed in the anterior circulation of the
internal carotid artery system and the vertebrobasilar artery system.
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The anterior circulation of the internal carotid artery system includes
the internal carotid artery (ICA), ophthalmic artery, anterior choroidal
artery, posterior communicating artery (PcomA), middle cerebral
artery (MCA), anterior cerebral artery (ACA), and anterior
communicating artery (AcomA). The vertebrobasilar artery system in
the posterior circulation includes the basilar artery (BA), posterior
cerebral artery (PCA), vertebral artery (VA), etc.

Bifurcation-type aneurysms are defined as aneurysms located at
parent artery bifurcations in the circle of Willis that originate from
more than one parent vessel (ICA terminus, MCA bifurcation,
AcomaA, and apex of the BA). Aneurysms originating from only one
parent vessel are defined as sidewall aneurysms (14, 15).

Mirror aneurysms refer to aneurysms that symmetrically exist on
both sides of the same location in the cranium (16).

Tandem aneurysms refer to two or more aneurysms in adjacent
positions on the same parent artery (17).

2.5 Model construction and performance
evaluation

Given the relatively small sample size in this study and the
advantages of the Categorical Features and Gradient Boosting
(CatBoost) algorithm in directly handling categorical features,
resistance to overfitting, and automated and efficient modeling, this
research employed the CatBoost algorithm on the Python platform to
Additionally, the
hyperparameter optimizer was utilized, with hyperparameter tuning

construct a predictive model. Optuna
accomplished through the Bayesian optimization algorithm using
TPE (Tree-structured Parzen Estimator) (18).

To measure the performance of the model, we calculated accuracy
(ACC), true positive rate (TPR), true negative rate (TNR), and the
Fl-score and Matthew’s correlation coefficient (MCC). In the
following formulas, TP, FP, TN, and FN represent the number of true

positive, false positive, true negative, and false negative samples,

respectively.
ACC = TP+TN
TN +FP+FN+TP
TRP=— TP
FP+FN
TNR:TiN
TN + FP
F1 score:L
TPx2+FP+FN
MCC = TPxTN — FPx FN

J(TP+FP)(TP+FN)(TN +FP)(TN + EN)

Moreover, the area under receiver operating characteristic (ROC)
curve (AUC) and precision-recall curve (PRC) were used to evaluate
the overall predictive performance of the model. The selection of
performance metrics was guided by their clinical applicability in
optimizing aneurysm rupture detection. We prioritized the F1 score
and AUC as primary evaluation criteria, with particular emphasis on
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their respective capacities to address critical clinical requirements. The
F1 score’s harmonic balance between precision (positive predictive
value) and recall (sensitivity) directly addresses the dual clinical
imperative of minimizing missed ruptures while reducing unnecessary
interventions triggered by false positives. This dual consideration is
particularly crucial given the catastrophic consequences of undetected
ruptures and the iatrogenic risks associated with invasive procedures
for false-positive cases. In contrast, the AUC provides a threshold-
agnostic evaluation of the model’s discriminative capacity across the
entire spectrum of diagnostic decision points. This characteristic
makes it particularly valuable for assessing the model’s robustness in
clinical scenarios where optimal classification thresholds may vary
depending on patient-specific factors or evolving clinical protocols.
Additionally, we utilized a class weighting strategy to address the
scarcity of positive samples and imbalance between positive and
negative samples, and L2 regularization to mitigate the issue
of multicollinearity.

2.6 Model interpretation

We used a game-theoretic approach named Shapely additive
explanations (SHAPE) to explore how the features affect the output of
the RPM (19, 20). SHAPE connects optimal credit allocation to local
explanations using the classic Shapley values (SHAP values). These
values use the ‘Shapley interaction index’ from the game theory to
capture local interaction effects from game theory and their
extensions. The SHAP value breaks a prediction value into
contributions from each feature. It measures the effect of a feature on
a single prediction value compared to the baseline prediction (19). In
our case, the positive SHAP value made more positive prediction
results, while negative SHAP values made more negative prediction
results. A positive effect means that the model prefers these feature
values in predicting the rupture risk of MIAs. The application of SHAP
summary plots and SHAP dependence plots enhances our capacity to
effectively interpret and visualize feature impact.

2.7 Statistical analysis

All statistical analyses were performed using IBM SPSS Statistics
for Windows, version 26 (IBM Corp., Armonk, New York, USA).
Continuous variables are presented as mean + SD, and categorical
variables are presented as percentages. Student’s t-test and Mann-
Whitney U test were used to compare continuous variables, and the
chi-square test was used to compare categorical variables. Variance
inflation factor (VIF) was used to assess multicollinearity among the
risk factors. Additionally, logistic regression analyses were performed
to determine the predictors of IA rupture in patients with MIAs.
p-values below 0.05 were considered statistically significant.

3 Results
3.1 Summary of clinical characteristics

Opverall, data from 91 patients and 222 aneurysms were analyzed.
There were 61 females (67.0%) and 30 males (33.0%). Their age ranged
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from 21 to 87 years with a median age of 59.2 + 12.0 years. Sixty
patients (65.9%) had a history of hypertension, 42 patients (46.1%)
experienced SAH, and 49 patients (53.8%) did not experience rupture.
Detailed data on the characteristics of patients and aneurysms are
shown in Table 1. Additionally, patients were divided into ruptured
(n = 42) and unruptured (n = 49) groups based on the presence of
aneurysmal SAH. There were no significant differences (p > 0.05) in
sex, age, history of hypertension, and number of aneurysms between
the two groups.

3.2 Anatomical characteristics of MIAs

The median number of aneurysms in each patient was 2.0 (2.0,
3.0), ranging from 2 to 6 aneurysms per patient. Specifically, there
were 62 patients (68.1%) with 2 aneurysms, 20 patients (20.0%) with
3 aneurysms, eight patients (8.8%) with 4 aneurysms, and 1 patient
(1.1%) with 6 aneurysms (Table 2).

Among patients who experienced SAH, there were 45 responsible
aneurysms. The ruptured aneurysms had a maximum diameter of 4.86
(3.48, 6.83) mm, a height of 4.00 (2.75, 6.26) mm, a neck width of 3.00
(2.15, 4.03) mm, an AR of 1.35 (1.00, 1.64), an NPR of 1.15 (0.78,
1.54), an SR of 1.33 (0.96, 2.46), and a parent artery diameter of 2.76
(2.05, 3.58) mm. In total, 35 (77.8%) ruptured aneurysms were
irregular. As for the largest aneurysms, the maximum diameter was
5.00 (3.90, 7.35) mm, the height was 4.30 (3.00, 6.92) mm, the neck
width was 3.19 (2.50, 4.09) mm, the AR was 1.35 (1.00, 1.53), the NPR
was 1.17 (0.81, 1.83), the SR was 1.31 (1.04, 2.42), and the parent
artery diameter was 3.20 (2.18, 3.73) mm. There were 26 irregular
aneurysms (61.9%) (Table 3). Besides, unruptured aneurysms in these
patients had a maximum diameter of 4.58 (1.73, 7.43) mm, a height of
3.82 (1.46, 6.81) mm, a neck width of 3.16 (0.94, 5.38) mm, an AR of
1.30 (0.62, 1.98), an NPR of 1.08 (0.46, 1.70), an SR of 1.34 (0.44, 2.24),
and a parent artery diameter of 3.17 (1.92, 4.42) mm. Eight (14.5%)
unruptured aneurysms were irregular (Table 4).

Among the 49 patients with 122 aneurysms who did not experience
SAH, the maximum diameter of the largest aneurysm was 7.50 (4.75,
9.00) mm, its height was 5.90 (3.47, 7.90) mm, its neck width was 4.30
(3.13,5.65) mm, its AR was 1.24 (0.95, 1.67), its NPR was 1.05 (0.82, 1.65),
its SR was 1.56 (1.00, 2.20), and its parent artery diameter was 3.59 (3.04,

10.3389/fneur.2025.1539341

3.3 Location of MIAs

The locations of aneurysms are summarized in Table 4. Among
the 45 ruptured aneurysms, 29 (64.4%) were located at parent artery
bifurcations, including 9 located at AcomA (31.0%) and 7 located at
PcomA (24.1%). Of them, 42 (93.3%) originated from the anterior
circulation, and 3 (6.67%) originated from the posterior circulation
(Table 5).

TABLE 2 Number of aneurysms.

2 62 (68.1%)
3 20 (20.0%)
4 8 (8.8%)
6 1(1.1%)

TABLE 3 Comparison of aneurysmal parameters.

Aneurysmal
parameters

Ruptured
aneurysms

Largest one Largest one

of ruptured of

aneurysms | unruptured
aneurysms

Maximum

4.86 (3.48,6.83) 5.00 (3.90, 7.35) 7.50 (4.75, 9.00)

diameter (mm)

Height (mm) 4.00 (2.75,626) | 4.30(3.00,6.92)  5.90 (3.47,7.90)
Neck width (mm) | 3.00 (2.15,4.03) | 3.19(2.50,4.09) = 4.30 (3.13,5.65)
AR 1.35(1.00,1.64) | 1.35(1.00,1.53) = 1.24(0.95,1.67)
NPR 1.15(0.78,1.54) | 1.17(0.81,1.83) = 1.05(0.82, 1.65)
SR 1.33(0.96,2.46) | 131(1.04,242) | 1.56(1.00,2.20)

Parent artery

2.76 (2.05, 3.58) 3.20(2.18,3.73) 3.59 (3.04, 4.50)

diameter (mm)

TABLE 4 Comparison of ruptured and unruptured aneurysm in SAH
patients.

4.50) mm. There were 14 irregular aneurysms (28.6%) (Table 3). Parameter SpeC!ﬁC Ruptured Unruptured
category metric aneurysms aneurysms
TABLE 1 Patient and aneurysm characteristics. Maximum
. diameter 4.86 (3.48, 6.83) 4.58 (1.73,7.43)
Patient and aneurysm Number (%) (mm)
characteristics
Height (mm) 4.00 (2.75, 6.26) 3.82(1.46, 6.81)
Patient number 91
Neck width
Aneurysm number 222 3.00 (2.15, 4.03) 3.16 (0.94, 5.38)
Aneurysmal (mm)
Sex (female/male) 61/30 (67.0%/31.0%)
parameters AR 1.35 (1.00, 1.64) 1.30 (0.62, 1.98)
Median age (y) + SD 59.2£12.0
NPR 1.15(0.78, 1.54) 1.08 (0.46, 1.70)
History of hypertension 60 (65.9%)
SR 1.33 (0.96, 2.46) 1.34 (0.44, 2.24)
History of SAH 42 (46.1%)
Parent artery
Aneurysm size (mm) 494£3.13 diameter 2.76 (2.05, 3.58) 3.17 (1.92, 4.42)
Morphology (mm)
Regular 153 (68.9%) Regular 10 (22.2%) 47 (85.5%)
Morphology
Irregular 69 (31.1%) Irregular 35(77.8%) 8 (14.5%)
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Out of 42 unruptured aneurysms with the largest sizes, 12 (24.5%)
were located at parent artery bifurcation, 45 (91.8%) originated from
the anterior circulation, and 4 (8.16%) originated from the posterior
circulation (Table 5).

3.4 Special types of MIAs

Mirror aneurysms consisted of 26 pairs (52 aneurysms), among
which 9 aneurysms (17.3%) were ruptured. Among the ruptured ones,
6 (66.7%) were on the right side and 3 (33.3%) were on the left side.
There was no statistically significant difference (p > 0.05) between the
two sides.

Tandem aneurysms included 32 sets (70 aneurysms), among
which 8 (11.4%) aneurysms were ruptured. Among them, 6 aneurysms
were located at the distal end (75.0%), and 2 were located at the
proximal end (25.0%) and no significant difference (p > 0.05) was
observed in rupture risk between the two groups.

3.5 Comparison of aneurysm
characteristics between the ruptured and
unruptured groups

Statistically significant differences (p < 0.05) were found in several
characteristics of aneurysms between the ruptured and unruptured
groups. For instance, the number of aneurysms in the AcomA and
ICA, aneurysms located at parent artery bifurcations, and irregularly
shaped aneurysms, maximum diameter, height, neck width, and
parent artery diameter were significantly different between the two
groups. There were no significant differences in other variables
between the two groups. Besides, to assess multicollinearity, which
might affect the reliability of regression coefficients in our model,
we calculated VIFs of maximum diameter, AR and parent artery
diameter and the results were 1.289, 1.267 and 1.050, respectively. The
results demonstrate that there is no obvious multicollinearity.

3.6 Predicting the rupture risk of MIAs
using the RPM

In this section, we showcase the application of the RPM for
predicting the rupture risk of MIAs. Five-fold cross-validation

TABLE 5 Location distribution of aneurysms.

10.3389/fneur.2025.1539341

experiments were applied to the MIAs datasets and showed that our
model had a satisfactory accuracy, with an ACC of 0.797. The model
performed well in the prediction of unruptured MIAs, with a TNR of
0.837, but performed relatively weakly in the prediction of ruptured
MIAs, with a TPR of 0.644, indicating suboptimal performance for
this critical class. For example, misclassified ruptured aneurysms
tended to have smaller maximum diameters and lower AR values
compared to correctly classified cases. Besides, the model had an F1
score, MCC, AUC, and PRC of 0.567, 0.445, 0.843, and 0.562,
respectively (Table 6).

Figure 1 depicts the SHAP summary plot of RPM trained using
the MIAs data from patients admitted to our hospital from October
2012 to November 2022. It ranked 13 features closely related to the
rupture of MIAs. According to this SHAP summary plot, morphology,
AR, bifurcation, SR, and height were important features dramatically
affecting the prediction ability of the model (Figure 1). Besides,
we detected some features that were highly associated with each other.
For instance, the interaction of AR and SR was especially obvious, and
these two features positively contributed to model prediction
(Figure 2).

Altogether, these results indicated that incorporating an ensemble
learning algorithm confers flexibility for predicting the rupture risk of
MIAs (Table 7).

4 Discussion

In this study, we collected data on patients with MIAs with or
without SAH to identify the risk factors of aneurysm rupture and
demonstrates the potential of machine learning to improve rupture
risk prediction in MIAs. Compared to the PHASES score, our RPM
offers a more tailored approach to MIAs, leveraging detailed
morphological and anatomical parameters. However, the model’s
lower TPR for ruptured aneurysms highlights the need for
further refinement.

Univariate analysis indicated that there were significant differences
between ruptured and unruptured aneurysms in terms of being
located in the AcomA and ICA, suggesting a potential association with
rupture risk. Detmer et al. (22) suggested that aneurysms originating
from MCA and PcomA are at a higher risk of rupture; whereas Silva
et al. (21) reported a higher risk of rupture among aneurysms

TABLE 6 Comparison of location characteristics.

Classification Location = Ruptured

aneurysms

Largest one
of unruptured

feature type

Classification Location Number (%) aneurysms
category ICA 23 (51.1%) 36 (73.5%)
ICA 107 (48.2%) MCA 6 (13.3%) 6 (12.2%)
MCA 32 (14.4%) PcomA 0(0.0%) 0(0.0%)
Anatomical
PcomA 30 (13.5%) Posterior
Anatomical location location 3(6.7%) 4(8.2%)
Posterior circulation 24 (10.8%) circulation
AcomA 21 (9.5%) AcomA 10 (22.2%) 2 (4.1%)
ACA 8 (3.6%) ACA 3(6.7%) 1 (2.0%)
Relationship with the Bifurcation 77 (34.7%) Relationship with Bifurcation 29 (64.4%) 12 (28.6%)
parent artery Sidewall 145 (65.3%) the parent artery Sidewall 16 (35.6%) 30 (71.4%)
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Location
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Tandemaneurysms
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T Low

0.5

1.0

25 —20 -15 -1.0 -05 0.0
SHAP value (impact on model output)

FIGURE 1
Summary plot of the SHAP values. This figure is a set of beeswarm plots, where each dot corresponds to a sample in the study. The dot's position on

the x-axis shows the effect of each feature on the model's prediction for that person. When multiple dots land at the same x position, they pile up to

show density. The y-axis shows the 13 risk factors associated with MIA rupture.
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FIGURE 2
Dependence plot of the interaction of AR and SR. In the above figure, a clear interaction effect is visible between AR and SR, which means that
increasing in AR and SR can contribute to the possibility of MIA rupture.
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TABLE 7 Relevant parameters to evaluate model performance.

Parameter Number

ACC 0.797
TPR 0.644
TNR 0.837
MCC 0.445
F1 score 0.567
AUC 0.843
PRC 0.562

originating from the cavernous segment of the ICA, AcomA, and
PcomA. In which location aneurysms are more susceptible to rupture
is still unclear, but many studies suggested that aneurysms in the
AcomA and PcomA may be at a higher risk of rupture (7, 23, 24). This
finding aligns with the general conclusion of this study. In addition,
the majority of ruptured aneurysms (64.4%) were located at parent
artery bifurcations, particularly in the AcomA (31.0%), PcomA
(24.1%), and the apex of BA (6.9%). Other studies have also confirmed
that aneurysms located at parent artery bifurcations are at a higher
risk of rupture (25, 26). Aneurysms at parent artery bifurcations and
sidewalls have different hemodynamic characteristics, which may
increase their risk of rupture. Recently, Shimizu et al. (27) found a
potential relationship between bifurcation angles and aneurysm
growth (28).

Furthermore, in our dataset, the rupture risk of irregular aneurysms
was markedly higher than regular aneurysms. Both univariate analysis
and logistic regression analysis confirmed that irregular shape can
be considered an important risk factor for the rupture of MIAs. Recent
studies have demonstrated the association between irregular shape and
aneurysm rupture risk (24, 29). Additionally, in the study sample, the
average maximum diameter of irregular aneurysms was larger than
regular aneurysms. A retrospective study by Qi et al. (30) suggested that
the rupture risk of irregular aneurysms is likely related to the size of
aneurysms. Using computational fluid dynamics simulations, Cebral
etal. (29) found that localized high wall shear stress (WSS) caused by
abnormal blood flow can lead to focal wall damage and facilitate the
formation of irregular aneurysms.

Our logistic regression analysis revealed a significant difference in
AR between ruptured and unruptured aneurysms, with a median AR
of 1.35 (1.00, 1.64) for ruptured aneurysms and 1.24 (0.95, 1.67) for
unruptured aneurysms. A larger AR may be a risk factor for the
rupture of MIAs and AR is regarded as a valid and useful clinical
measure to predict aneurysm rupture (31). Backes et al. (14) found
that AR more than 1.3 is associated with the risk of aneurysm rupture
independent of aneurysm size and location. Additionally, studies
showed that high aspect ratio values can lead to lower WSS, and low
WSS can induce a chain of atherosclerotic changes and inflammatory
reactions, which drive the remodeling of aneurysm wall, aneurysm
growth, and rupture (32, 33). Therefore, clinicians should pay
attention to unruptured aneurysms with higher AR values. Figure 2
illustrates a clear interaction of AR and SR. They had a combined
effect on the prediction model. AR provides a relationship between
aneurysm size and aneurysm neck width, while SR indicates the ratio
of aneurysm body length to the average diameter of the parent artery
(13). Farnoush et al. (34) investigated the relationship between these
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two morphological parameters and their potential to explain the
evolution of bifurcation-type cerebral aneurysms. Their results
showed that AR and SR can provide useful information regarding the
growth of bifurcation aneurysms, which is related to the hemodynamic
parameter of energy loss. Moreover, the SHAP summary plot depicted
that the morphology, AR, bifurcation, SR, and height of MIAs can
markedly affect the prediction ability of the model (Figure 1).
Statistical analyses demonstrated that irregular morphology, being
located in the arterial bifurcation, and larger AR are risk factors for
aneurysmal rupture. Neurosurgeons should pay attention to these
features when choosing surgical or conservative treatments for MIAs.

The PHASES score developed a risk prediction chart to estimate
the 5-year rupture risk of unruptured intracranial aneurysms based on
the status of specific risk factors. In contrast, this study utilized
retrospective data to develop a model that assists clinicians in
identifying the ruptured aneurysm among patients with multiple
intracranial aneurysms. This study targets patients with multiple
intracranial aneurysms, including those with or without ruptured
aneurysms, whereas the PHASES score is specifically designed for
patients with unruptured intracranial aneurysms. The model presented
in this article incorporates risk factors such as morphology, AR,
bifurcation, SR, and height. The PHASES score includes factors such as
Population, Hypertension, Age, Size of aneurysm, Earlier SAH from
another aneurysm, and Site of aneurysm (35). Besides, the presence of
multiple coexisting aneurysms may cumulatively increase the risk of
SAH (36). The PHASES score can calculate the rupture risk of the
largest aneurysm in MIAs. Currently, there is no specific rupture risk
assessment model tailored for patients with MIAs. To develop the
PHASES score, 8,382 cases with IAs were reviewed, but our study
included a relatively small number of patients (35). Our model relies
on computers due to its complexity. In contrast, the PHASES score
requires only a rating scale with six parameters. Only participants from
North America and Europe other than Finland, Japan, and Finland
were included to develop the PHASES score, and Chinese patients were
not included. Our study, unlike the former ones, collected and analyzed
data from Chinese patients, which can increase the generalizability of
the results to Chinese people. Possibly due to the limited sample size,
this study did not find significant differences in sex, age, or
hypertension between the ruptured and unruptured aneurysm groups.
Due to the constraints of a limited sample size and the single-center
nature of the study, no significant differences were observed in sex, age,
or hypertension between the ruptured and unruptured aneurysm
groups in this research. Additionally, factors such as Population and
Earlier subarachnoid hemorrhage were not included in this study. On
the other hand, an external validation study conducted by Feng et al.
on the PHASES score for predicting the rupture of MIAs showed that
this scoring system had a lower prediction ability for the rupture of
MIAs, with an AUC of 0.57 for the largest IA (37). Our model had an
AUC of 0.843, suggesting a relatively greater accuracy. Five-fold cross-
validation experiments revealed that our model had satisfactory
prediction ability with a fine accuracy of 0.797. Nevertheless, the model
could not satisfactorily predict the ruptured aneurysms (TPR = 0.644),
which might be related to the small sample size. The performance of
any diagnostic method or system relies on the balance between its
sensitivity and false-positive rate. Additionally, the lack of external
validation, which is essential to confirm the model’s robustness, limits
the generalizability of our findings.
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This study included both unruptured and ruptured aneurysms,
which imposes certain limitations on the assessment of rupture risk
for unruptured aneurysms. The morphological changes in aneurysms
after rupture may significantly impact the reliability of the data.
Utilizing retrospective data from ruptured aneurysms could affect the
accuracy of our assessment of rupture risk in unruptured intracranial
aneurysms (38, 39). In clinical practice, it is indeed challenging to
capture the state of an aneurysm prior to its rupture. Consequently,
this model may be more applicable in clinical scenarios aimed at
identifying the responsible aneurysm in patients with multiple
aneurysms who have experienced subarachnoid hemorrhage.

5 Limitations

In this article, the model’s performance in distinguishing
ruptured aneurysms is inferior to that for unruptured aneurysms.
This may be attributed to several factors. The mechanisms underlying
aneurysm rupture remain unclear, and the model only incorporates
two-dimensional morphological parameters related to rupture,
excluding three-dimensional morphological parameters and other
risk factors that may be more closely associated with aneurysm
rupture. Second, the rupture of an aneurysm can change its size and
shape, potentially increasing other morphological parameters and
neck diameter (38, 39). However, our data were based on post-
rupture DSA, and pre-rupture imaging data were missing. Therefore,
accurate measurement of aneurysm structure is not feasible, which
may affect the results. Thirdly, the absence of external validation
limits the generalizability of the model. Future studies should include
external validation to confirm the model’s performance. Additionally,
this study is based on limited single-center data, which may also
contribute to this limitation. Incorporating more risk factors and
conducting multicenter studies will be the focus of our next phase of
research. More importantly, this model does not aim to replace the
decision and clinical experience of neurosurgeons but helps them
optimize treatment decisions, reduce unnecessary surgical
interventions, lower surgical risks, and improve treatment outcomes.

6 Conclusion

Based on our results, irregularly shaped aneurysms, aneurysms
located at parent artery bifurcations, and aneurysms with a larger AR
are at a higher risk of rupture. Moreover, our RPM represents a
significant step forward in rupture risk prediction for MIAs, offering
a more tailored approach than existing tools like the PHASES score.
However, its clinical applicability is currently limited by suboptimal
performance for ruptured aneurysms and the lack of external
validation. Future studies should focus on larger, prospective cohorts
and external validation to refine the model and enhance its
clinical utility.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary material.

Frontiers in Neurology

10.3389/fneur.2025.1539341

Ethics statement

The studies involving humans were approved by the Ethics Review
Board of Beijing Chaoyang Hospital, Capital Medical University. The
studies were conducted in accordance with the local legislation and
institutional requirements. Written informed consent from the
patients/participants or patients/participants’ legal guardian/next of
kin was not required to participate in this study in accordance with
the national legislation and the institutional requirements.

Author contributions
JE: Conceptualization, Investigation, Methodology, Writing - original
draft. CW: Data curation, Formal analysis, Writing — original draft. YW:

Data curation, Investigation, Writing — review & editing. HL: Writing -
review & editing, Project administration, Supervision.

Funding

The author(s) declare that no financial support was received for
the research and/or publication of this article.

Acknowledgments

The authors would like to express their gratitude to EditSprings
(https://www.editsprings.cn) for the expertlinguistic services provided.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Generative Al statement

The authors declare that no Gen Al was used in the creation of
this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fneur.2025.1539341/
full#supplementary-material

frontiersin.org


https://doi.org/10.3389/fneur.2025.1539341
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://www.editsprings.cn
https://www.frontiersin.org/articles/10.3389/fneur.2025.1539341/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fneur.2025.1539341/full#supplementary-material

Feng et al.

References

1. Bhogal P, AlMatter M, Hellstern V, Ganslandt O, Bizner H, Henkes H, et al.
Difference in aneurysm characteristics between ruptured and unruptured aneurysms in
patients with multiple intracranial aneurysms. Surg Neurol Int. (2018) 9:dd. doi:
10.4103/sni.sni_339_17

2. Bijlenga P, Gondar R, Schilling S, Morel S, Hirsch S, Cuony J, et al. PHASES score
for the management of intracranial aneurysm: a cross-sectional population-based
retrospective study. Stroke. (2017) 48:2105-12. doi: 10.1161/STROKEAHA.117.017391

3. Lawton MT, Vates GE. Subarachnoid hemorrhage. N Engl ] Med. (2017) 377:257-66.
doi: 10.1056/NEJMcp1605827

4. Etminan N, Rinkel GJ. Unruptured intracranial aneurysms: development, rupture
and preventive management. Nat Rev Neurol. (2016) 12:699-713. doi:
10.1038/nrneurol.2016.150

5. Feigin VL, Lawes CM, Bennett DA, Barker-Collo SL, Parag V. Worldwide stroke
incidence and early case fatality reported in 56 population-based studies: a systematic
review. Lancet Neurol. (2009) 8:355-69. doi: 10.1016/S1474-4422(09)70025-0

6. Yasui N, Suzuki A, Nishimura H, Suzuki K, Abe T. Long-term follow-up study of
unruptured intracranial aneurysms. Neurosurgery. (1997) 40:1155-60. doi:
10.1097/00006123-199706000-00007

7. Kaminogo M, Yonekura M, Shibata S. Incidence and outcome of multiple
intracranial aneurysms in a defined population. Stroke. (2003) 34:16-21. doi:
10.1161/01.5tr.0000046763.48330.Ad

8. Thompson BG, Brown RD Jr, Amin-Hanjani S, Broderick JP, Cockroft KM,
Connolly ES, et al. Guidelines for the management of patients with unruptured
intracranial aneurysms: a guideline for healthcare professionals from the American
Heart Association/American Stroke Association. Stroke. (2015) 46:2368-400. doi:
10.1161/STR.0000000000000070

9. Kourou K, Exarchos TP, Exarchos KP, Karamouzis MV, Fotiadis DI. Machine
learning applications in cancer prognosis and prediction. Comput Struct Biotechnol J.
(2015) 13:8-17. doi: 10.1016/j.csbj.2014.11.005

10. Swanson K, Wu E, Zhang A, Alizadeh AA, Zou J. From patterns to patients:
advances in clinical machine learning for cancer diagnosis, prognosis, and treatment.
Cell. (2023) 186:1772-91. doi: 10.1016/j.cell.2023.01.035

11. Flanders AE. Machine learning detection of intracranial aneurysms-will it play in
Peoria? Radiology. (2019) 290:195-7. doi: 10.1148/radiol.2018182225

12. Zhu W, Li WQ, Tian ZB, Zhang Y, Wang K, Zhang Y, et al. Stability assessment of
intracranial aneurysms using machine learning based on clinical and morphological
features. Transl Stroke Res. (2020) 11:1287-95. doi: 10.1007/s12975-020-00811-2

13. Dhar S, Tremmel M, Mocco J, Kim M, Yamamoto J, Siddiqui AH, et al. Morphology
parameters for intracranial aneurysm rupture risk assessment. Neurosurgery. (2008)
63:185-97. doi: 10.1227/01.Neu.0000316847.64140.81

14. Backes D, Vergouwen MD, Velthuis BK, van der Schaaf IC, Bor AS, Algra A, et al.
Difference in aneurysm characteristics between ruptured and unruptured aneurysms in
patients with multiple intracranial aneurysms. Stroke. (2014) 45:1299-303. doi:
10.1161/STROKEAHA.113.004421

15. Baharoglu MI, Lauric A, Gao BL, Malek AM. Identification of a dichotomy in
morphological predictors of rupture status between sidewall- and bifurcation-type
intracranial aneurysms. ] Neurosurg. (2012) 116:871-81. doi: 10.3171/2011.11.JNS11311

16. Fan J, Wang Y, Liu ], Jing L, Wang C, Li C, et al. Morphological-hemodynamic
characteristics of intracranial bifurcation Mirror aneurysms. World Neurosurg. (2015)
84:114-20. doi: 10.1016/j.wneu.2015.02.038

17. Feng X, Tong X, Peng F, Wang K, Niu H, Qi P, et al. The minimum distance may
affect perioperative complications and completed occlusions of endovascular treatment
for tandem intracranial aneurysms: a multi-institutional retrospective study. Cerebrovasc
Dis. (2020) 49:609-18. doi: 10.1159/000510749

18. Akiba T, Sano S, Yanase T, Ohta T, Koyama M. Optuna: A next-generation
Hyperparameter optimization framework. Assoc. Comput. Machinery. (2019)
22:2623-31. doi: 10.1145/3292500.3330701

19. Lundberg SM, Erion G, Chen H, DeGrave A, Prutkin JM, Nair B, et al. From local
explanations to global understanding with explainable AI for trees. Nat Mach Int. (2020)
2:56-67. doi: 10.1038/s42256-019-0138-9

20. Lundberg SM, Erion GG, Lee SI. Consistent individualized feature attribution for
tree ensembles. Statistics. (2018) 1082:127. doi: 10.48550/arXiv.1802.03888

Frontiers in Neurology

09

10.3389/fneur.2025.1539341

21.Silva MA, Patel ], Kavouridis V, Gallerani T, Beers A, Chang K, et al. Machine
learning models can detect aneurysm rupture and identify clinical features
associated with rupture. World Neurosurg. (2019) 131:e46-51. doi:
10.1016/j.wneu.2019.06.231

22. Detmer FJ, Chung BJ, Jimenez C, Hamzei-Sichani E, Kallmes D, Putman C, et al.
Associations of hemodynamics, morphology, and patient characteristics with aneurysm
rupture stratified by aneurysm location. Neuroradiology. (2019) 61:275-84. doi:
10.1007/s00234-018-2135-9

23. Weir B, Disney L, Karrison T. Sizes of ruptured and unruptured aneurysms in
relation to their sites and the ages of patients. J Neurosurg. (2002) 96:64-70. doi:
10.3171/jns.2002.96.1.0064

24. Morita A, Kirino T, Hashi K. The natural course of unruptured cerebral aneurysms
in a Japanese cohort. N Engl ] Med. (2012) 366:2474-82. doi: 10.1056/nejmoal113260

25.Liu Q, Jiang P, Jiang Y, Li S, Ge H, Jin H, et al. Bifurcation configuration is an
independent risk factor for aneurysm rupture irrespective of location. Front Neurol.
(2019) 10:844. doi: 10.3389/fneur.2019.00844

26. Alfano JM, Kolega J, Natarajan SK, Xiang J, Paluch RA, Levy EI, et al. Intracranial
aneurysms occur more frequently at bifurcation sites that typically experience higher
hemodynamic stresses. Neurosurgery. (2013) 73:497-505. doi:
10.1227/NEU.0000000000000016

27. Shimizu K, Kataoka H, Imai H, Miyata T, Okada A, Sakai N, et al. The bifurcation
angle is associated with the progression of saccular aneurysms. Sci Rep. (2022) 12:7409.
doi: 10.1038/s41598-022-11160-5

28. Hassan T, Timofeev EV, Saito T, Shimizu H, Ezura M, Matsumoto Y, et al. A
proposed parent vessel geometry-based categorization of saccular intracranial
aneurysms: computational flow dynamics analysis of the risk factors for lesion rupture.
J Neurosurg. (2005) 103:662-80. doi: 10.3171/jns.2005.103.4.0662

29. Cebral JR, Sheridan M, Putman CM. Hemodynamics and bleb formation in
intracranial aneurysms. AJNR Am ] Neuroradiol. (2010) 31:304-10. doi:
10.3174/ajnr.A1819

30.Qi P, Feng X, Lu J, Wang ], Hu S, Wang D. Morphological irregularity of
Unruptured intracranial aneurysms is more related with aneurysm size rather than
cerebrovascular atherosclerosis: a case-control study. Clin Interv Aging. (2021)
16:665-74. doi: 10.2147/CIA.S301326

31. Koopman I, Greving JP, Van der Schaaf IC, Zwan A, Rinkel GJ, Vergouwen MD.
Aneurysm characteristics and risk of rebleeding after subarachnoid haemorrhage. Eur
Stroke J. (2019) 4:153-9. doi: 10.1177/2396987318803502

32.Jing L, Fan J, Wang Y, Li H, Wang S, Yang X, et al. Morphologic and hemodynamic
analysis in the patients with multiple intracranial aneurysms: ruptured versus
Unruptured. PLoS One. (2015) 10:¢0132494. doi: 10.1371/journal.pone.0132494

33.Lee UY, Kwak HS. Analysis of morphological-hemodynamic risk factors for
aneurysm rupture including a newly introduced total volume ratio. ] Pers Med. (2021)
11:744. doi: 10.3390/jpm11080744

34. Farnoush A, Avolio A, Qian Y. A growth model of saccular aneurysms based on
hemodynamic and morphologic discriminant parameters for risk of rupture. J Clin
Neurosci. (2014) 21:1514-9. doi: 10.1016/j.jocn.2013.12.021

35. Greving JP, Wermer M]J, Brown RD Jr, Morita A, Juvela S, Yonekura M, et al.
Development of the PHASES score for prediction of risk of rupture of intracranial
aneurysms: a pooled analysis of six prospective cohort studies. Lancet Neurol. (2014)
13:59-66. doi: 10.1016/S1474-4422(13)70263-1

36. Feng X, Tong X, Peng E Niu H, Qi P, Lu J, et al. Additive effect of coexisting
aneurysms increases subarachnoid hemorrhage risk in patients with multiple
aneurysms. Stroke. (2021) 52:2418-21. doi: 10.1161/STROKEAHA.120.032500

37.Feng X, Tong X, Chen J, Peng E Niu H, Xia J, et al. External validation of the
PHASES score in patients with multiple intracranial aneurysms. J Stroke Cerebrovasc
Dis. (2021) 30:105643. doi: 10.1016/j.jstrokecerebrovasdis.2021.105643

38. Skodvin, TOJohnsen LH, Gjertsen O, Isaksen JG, Sorteberg A. Cerebral aneurysm
morphology before and after rupture: nationwide case series of 29 aneurysms. Stroke.
(2017) 48:880-6. doi: 10.1161/STROKEAHA.116.015288

39. Cebral JR, Hendrickson S, Putman CM. Hemodynamics in a lethal basilar artery
aneurysm just before its rupture. Am ] Neuroradiol. (2009) 30:95-8. doi:
10.3174/ajnr.A1312

frontiersin.org


https://doi.org/10.3389/fneur.2025.1539341
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://doi.org/10.4103/sni.sni_339_17
https://doi.org/10.1161/STROKEAHA.117.017391
https://doi.org/10.1056/NEJMcp1605827
https://doi.org/10.1038/nrneurol.2016.150
https://doi.org/10.1016/S1474-4422(09)70025-0
https://doi.org/10.1097/00006123-199706000-00007
https://doi.org/10.1161/01.Str.0000046763.48330.Ad
https://doi.org/10.1161/STR.0000000000000070
https://doi.org/10.1016/j.csbj.2014.11.005
https://doi.org/10.1016/j.cell.2023.01.035
https://doi.org/10.1148/radiol.2018182225
https://doi.org/10.1007/s12975-020-00811-2
https://doi.org/10.1227/01.Neu.0000316847.64140.81
https://doi.org/10.1161/STROKEAHA.113.004421
https://doi.org/10.3171/2011.11.JNS11311
https://doi.org/10.1016/j.wneu.2015.02.038
https://doi.org/10.1159/000510749
https://doi.org/10.1145/3292500.3330701
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.48550/arXiv.1802.03888
https://doi.org/10.1016/j.wneu.2019.06.231
https://doi.org/10.1007/s00234-018-2135-9
https://doi.org/10.3171/jns.2002.96.1.0064
https://doi.org/10.1056/nejmoa1113260
https://doi.org/10.3389/fneur.2019.00844
https://doi.org/10.1227/NEU.0000000000000016
https://doi.org/10.1038/s41598-022-11160-5
https://doi.org/10.3171/jns.2005.103.4.0662
https://doi.org/10.3174/ajnr.A1819
https://doi.org/10.2147/CIA.S301326
https://doi.org/10.1177/2396987318803502
https://doi.org/10.1371/journal.pone.0132494
https://doi.org/10.3390/jpm11080744
https://doi.org/10.1016/j.jocn.2013.12.021
https://doi.org/10.1016/S1474-4422(13)70263-1
https://doi.org/10.1161/STROKEAHA.120.032500
https://doi.org/10.1016/j.jstrokecerebrovasdis.2021.105643
https://doi.org/10.1161/STROKEAHA.116.015288
https://doi.org/10.3174/ajnr.A1312

	Using machine learning to predict the rupture risk of multiple intracranial aneurysms
	1 Introduction
	2 Materials and methods
	2.1 Patients and data collection
	2.2 Confirmation of ruptured aneurysms
	2.3 Inclusion and exclusion criteria
	2.4 Characteristics and parameters of aneurysm
	2.5 Model construction and performance evaluation
	2.6 Model interpretation
	2.7 Statistical analysis

	3 Results
	3.1 Summary of clinical characteristics
	3.2 Anatomical characteristics of MIAs
	3.3 Location of MIAs
	3.4 Special types of MIAs
	3.5 Comparison of aneurysm characteristics between the ruptured and unruptured groups
	3.6 Predicting the rupture risk of MIAs using the RPM

	4 Discussion
	5 Limitations
	6 Conclusion

	References

