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Featured Application: To prevent subarachnoid hemorrhage (SAH), aneurysms should be appro-
priately treated at the right time by predictively monitoring the rupture risks of intracranial an-
eurysms using the proposed radiomics approach with non-invasive follow-up magnetic reso-
nance angiography (MRA).  

Abstract: This is the first preliminary study to develop prediction models for aneurysm rupture risk 
using radiomics analysis based on follow-up magnetic resonance angiography (MRA) images. We 
selected 103 follow-up images from 18 unruptured aneurysm (UA) cases and 10 follow-up images 
from 10 ruptured aneurysm (RA) cases to build the prediction models. A total of 486 image features 
were calculated, including 54 original features and 432 wavelet-based features, within each aneu-
rysm region in the MRA images for the texture patterns. We randomly divided the 103 UA data into 
50 training and 53 testing data and separated the 10 RA data into 1 test and 9 training data to be 
increased to 54 using a synthetic minority oversampling technique. We selected 11 image features 
associated with UAs and RAs from 486 image features using the least absolute shrinkage and the 
selection operator logistic regression and input them into a support vector machine to build the 
rupture prediction models. An imbalanced adjustment training and test strategy was developed. 
The area under the receiver operating characteristic curve, accuracy, sensitivity, and specificity were 
0.971, 0.948, 0.700, and 0.953, respectively. This prediction model with non-invasive MRA images 
could predict aneurysm rupture risk for SAH prevention. 

Keywords: intracranial aneurysms; rupture risk; prediction model; radiomics; magnetic resonance 
angiography 

1. Introduction
The rupture of intracranial aneurysms causes a subarachnoid hemorrhage (SAH), 

which occurs in 85% of patients with aneurysms [1]. According to a large Japanese cohort 
study (6697 aneurysms) [2], the average age of aneurysm patients is 63 in Japan, and the 
risk factors for aneurysm ruptures were age (≥70), female sex, hypertension, size (≥7 mm), 
and location. Approximately 50% of patients die of first bleeding after an SAH, and the 
other half die of rebleeding or a cerebral vasospasm [3]. Preventive treatments for unrup-
tured aneurysms (UAs) such as surgery (surgical clipping) and endovascular treatment 
(coil embolization) should be performed at the right time; however, there are risks of post-
operative sequelae in approximately 1.9–12% of patients [3]. Therefore, it should be care-

Citation: Yamanouchi, M.; Arimura, 

H.; Kodama, T.; Urakami, A. Predic-

tion of Intracranial Aneurysm Rup-

ture Risk Using Non-Invasive Radi-

omics Analysis Based on Follow-Up 

Magnetic Resonance Angiography 

Images: A Preliminary Study. Appl. 

Sci. 2022, 12, 8615. https://

doi.org/10.3390/app12178615 

Academic Editors: Atsushi Teramoto 

and Tomoko Tateyama 

Received: 23 July 2022 

Accepted: 24 August 2022 

Published: 28 August 2022 

Publisher’s Note: MDPI stays neu-

tral with regard to jurisdictional 

claims in published maps and institu-

tional affiliations. 

Copyright: © 2022 by the authors. Li-

censee MDPI, Basel, Switzerland. 

This article is an open access article 

distributed under the terms and con-

ditions of the Creative Commons At-

tribution (CC BY) license (https://cre-

ativecommons.org/licenses/by/4.0/). 



Appl. Sci. 2022, 12, 8615 2 of 11 
 

 

fully decided whether to treat or to monitor UAs [4] by predicting rupture risks. Further-
more, the monitoring approaches should be non-invasive because of their sustainability. 
If the aneurysm rupture risk can be non-invasively predicted, then preventive treatments 
can be carried out for high-risk patients, but unnecessary treatments can be avoided for 
low-risk patients.  

Magnetic resonance angiography (MRA) can non-invasively detect and monitor un-
ruptured intracranial aneurysms (mean detection rate: 96%) for follow-up purposes with-
out the use of a contrast agent or exposure of patients to radiation [5]. On the contrary, 
computed tomography angiography (CTA) requires a contrast agent and X-rays, but it 
can be utilized for detecting and monitoring unruptured intracranial aneurysms. MRA 
using a high magnetic field 3.0 Tesla MRI device has 99.3% sensitivity and 96.9% specific-
ity for aneurysm detection [6], and there is no significant difference in the sensitivity and 
specificity between MRA and CTA [7]. Therefore, the prediction or monitoring of an an-
eurysm rupture risk based on non-invasive MRA is more appropriate. Moreover, compu-
tational prediction approaches should be developed in quantitative ways to mitigate in-
tra- and inter-observer variability [8]. 

In recent years, radiomics studies have been performed to predict aneurysm rupture 
risk using CTA and digital subtraction angiography (DSA) [9–17]. Liu et al. evaluated the 
feasibility of applying machine learning to predict aneurysm stability with morphological 
features derived from radiomics based on DSA [9]. Ludwig et al. assessed the performance 
of radiomics-derived morphological features in predicting aneurysm rupture status using 
DSA [10]. Alwalid et al. developed a CTA-based radiomics approach for the classification 
of intracranial aneurysm ruptures [11]. Zhu et al. aimed to determine robust radiomic fea-
tures associated with middle cerebral artery (MCA) aneurysm ruptures and evaluate the 
additional value of combining morphological and radiomic features in the classification 
of ruptured MCA aneurysms [12]. Tong et al. developed and validated a morphology-
based radiomic signature nomogram to assess the risk of aneurysm ruptures [13]. Ou et 
al. evaluated the radiomic differences between ruptured and unruptured aneurysms and 
explored their potential use in predicting aneurysm ruptures with CTA [14] and devel-
oped deep learning models with a limited amount of labeled data for predicting the rup-
ture risk of untreated aneurysms [15]. Lauric et al. attempted to explore a strategy to en-
hance radiomics performance and facilitate its adoption for aneurysm risk stratification 
[16]. An et al. investigated a novel semiautomatic prediction model for the rupture risk 
prediction of intracranial aneurysms with DSA [17]. However, to the best of our 
knowledge, there have been no reports of non-invasive MRA-based prediction of aneu-
rysm rupture risk using radiomic analysis for follow-up MRA images prior to ruptures.  

According to prospective cohort studies on the risk of intracranial aneurysm ruptures 
in Japan [18], 83% of patients with unruptured intracranial aneurysms were untreated, 
and an SAH occurred in merely 2% of patients during follow-up. Therefore, the dataset 
used in this study was imbalanced, which is similar to the percentages of the general Jap-
anese population. The purpose of this preliminary study was to explore a radiomics pre-
diction model for aneurysm rupture risk based on an imbalanced dataset of follow-up 
MRA images. An imbalanced adjustment training and test strategy was developed for this 
purpose.  

2. Materials and Methods 
The overall workflow of the proposed model for predicting the degree of intracranial 

aneurysm rupture is shown in Figure 1. Aneurysm contours of ruptured aneurysm (RA) 
and UA cases were delineated as regions of interest (ROI) on MRA images. We derived 
486 image features from histogram and texture analyses (Section 2.2) within the ROI, se-
lected three image features associated with UA and RA based on combinations of 11 fea-
tures chosen using least absolute shrinkage and selection operator (LASSO) logistic re-
gression [19] (Section 2.3), and input them into an SVM [19] to build prediction models for 
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the degree of rupture. Finally, we evaluated rupture prediction models using a receiver 
operating characteristic (ROC) analysis based on a leave-one-out cross-validation test.  

 
Figure 1. An overall workflow of a proposed model for prediction of degree of intracranial aneu-
rysm rupture. 

2.1. Patient Data 
This retrospective study was performed with ethical approval from the Institutional 

Review Board of Kokura Memorial Hospital. We chose 113 follow-up MRA images prior 
to rupture, including 103 images of 18 UA cases and 10 images of RA cases, from 28 pa-
tients (35–92 years, median: 63 years) who underwent MRA for intracranial aneurysms 
examination. Patient characteristics are shown in Table 1. We selected mainly MCA aneu-
rysms for the following two reasons based on a large Japanese cohort study (6697 aneu-
rysms) [2]: (1) since the MCA is the most frequent location (36.2%) of intracranial aneu-
rysms, it would not be difficult to collect them; (2) because MCA aneurysms relatively 
tend not to rupture, we can easily aggregate their follow-up images. The MRI images were 
acquired on a 3.0T scanner (SIGNA EXCITE HDxt 3.0T, GE Healthcare, Chicago, IL, USA). 
Parameters for the three-dimensional (3D) time-of-flight (TOF) MRA were set as follows: 
spoiled gradient–echo sequence with TR/TE/FA, 23 msec/3.4 msec/20°; FOV/Matrix, 200 × 
229 mm/224 × 224; slice thickness/slice overlap, 1.2 mm/50%; ASSET factor, 2; actual band-
width, 31 kHz. Anisotropic MRA images and ROI were transformed into isotropic images 
with an isovoxel size of 0.5 × 0.5 × 0.5 mm3, using cubic and shape-based interpolations 
[20], respectively. A neurosurgeon delineated the contours of the aneurysms as ROI for 
this study on the MRA images using the 3D slicer of open-source software [21]. The ROI 
of the aneurysms were employed to calculate radiomic image features on the MRA im-
ages. The aneurysm diameters ranged from 2 mm to 12 mm (median, 4.43 mm). 
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Table 1. Patient characteristics. 

Characteristics Total of Patient Cohort 
No. of patients 28 
No. of ruptured cases 10 
No. of unruptured cases 18 
Follow-up MRA images 
No. of images 113 
No. of images for ruptured cases 10 
No. of images for unruptured cases 103 
Gender 
Male 9 
Female 19 
Age (year) 35–92 (median: 63) 
Aneurysm diameter (mm)  2–12 (median: 4.43) 
Site of intracranial aneurysm 
Middle cerebral artery (MCA) 103 
Internal carotid–posterior communicating artery (IC-PC) 5 
Basilar artery (BA) 3 
Anterior communicating artery (A-com) 2 

2.2. Calculation of Radiomics Image Features 
We calculated 486 image features, including 54 original image features and 432 wave-

let-based features, within the ROI in the MRA images for the texture patterns. The original 
MRA images were requantized to 8 bits based on a look-up table between 0 and 255 and 
between minimum and maximum values within the aneurysm regions. As shown in Table 
S1, the 54 original radiomics features consisted of 14 histograms and 40 texture features. 
The 40 texture features were calculated from the gray-level co-occurrence matrix (GLCM), 
gray-level run-length matrix (GLRLM), gray-level size-zone matrix (GLSZM), and neigh-
borhood gray-tone difference matrix (NGTDM). We derived 432 wavelet-based radiomics 
features from the same 54 features as the original features in each of the eight wavelet 
decomposition images. Wavelet decompositions were performed by applying either a 
low-pass filter (scaling function, L) or a high-pass filter (wavelet function, H) in the x, y, 
or z directions. The eight wavelet decomposition filters consisted of a combination of three 
filters using either a low-pass filter or high-pass filter in each direction.  

2.3. Selection of Radiomic Features Using LASSO Logistic Regression 
To avoid the risk of overfitting the prediction model, the significant radiomic features 

among the 486 image features were reduced to a number of image features using LASSO 
logistic regression [22]. LASSO logistic regression is an analytical method that reduces the 
estimator by setting the sum of the absolute values of the regression coefficients in the 
regularization term. As a result, LASSO logistic regression allows us to simultaneously 
perform both variable selection and regularization, improving the accuracy and interpret-
ability of our predictions. The 486 radiomic features were narrowed down to 11 features 
using the LASSO logistic regression. This was because the maximum number of selected 
features, n, could be estimated using the number of training cases, N, using the following 
formula: n < N/r, where r is the events per variable [23], i.e., the number of training cases 
per feature in this study, as 5–10 [24]. In this study, because the number of training cases 
was 104 including UA and RA images (see Section 2.4), r, and the number of selected fea-
tures were selected as 9 and 11, respectively. Finally, we selected three image features 
from the 11 features based on combinations of the top 1st–4th coefficients of the LASSO 
to avoid overfitting problems (Figure 3). 



Appl. Sci. 2022, 12, 8615 5 of 11 
 

 

2.4. Building and Evaluating Rupture Prediction Models Based on Imbalance  
Adjustment Strategy 

The number of UA and RA images employed in this study was imbalanced (103 and 
10, respectively). Therefore, the synthetic minority oversampling technique (SMOTE) [25] 
was employed to balance the data between the RA and UA and prevent overfitting of the 
predictive model. Figure 2 shows an imbalance adjustment strategy with a leave-one-out 
cross-validation (LOOCV) test for rupture prediction models. The minority RA cases were 
oversampled by taking real RA cases and producing synthetic RA cases along the line 
segments accompanying any/all of the k minority RA’s nearest neighbors. We randomly 
divided UA images into 50 and 53 images for the training and test sets, respectively. A 
case was selected as the test case from 10 patients with an RA. The remaining 9 RA cases 
were multiplied five times to 54 cases (45 synthetic cases + 9 original RA cases) for the 
training of the models. Ten sets, including 54 RA cases and 50 UA cases (total: 104 cases), 
were created for the training of 10 SVM models, which predict the degree of rupture in 
the same way. The 10 SVM models were applied to 10 test datasets with 1 RA case and 53 
UA cases. The outputs of the 10 SVMs for the 10 RA cases were employed for the ROC 
analysis. On the other hand, the outputs of SVMs for each UA case were averaged, and 
the mean output of the SVMs was used for the ROC analysis when the same case was 
included in different test datasets.  

 
Figure 2. Building and evaluation of a rupture prediction model based on imbalance adjustment 
strategy. 

The calculation times for the training and testing of the prediction model were 
around 8 hours and 2 hours, respectively, on a computer with a Core i7 2.93GHz central 
processing unit and 16 GB of memory. The prediction models were evaluated according 
to their AUCs, accuracy, sensitivity, and specificity. The AUC was obtained from the area 
under the ROC curve, which was a plot of sensitivity against (1—specificity), by changing 
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the threshold values to SVM outputs. All calculations, except for the LASSO, were per-
formed using the MATLAB-based Radiomics tools package (MATLAB 2019a, Math-
Works, Natick, MA, USA). The R open-source software was used to calculate the LASSO. 

3. Results 
Table 2 shows the image features selected by the LASSO regression and their coeffi-

cients. All abbreviations are explained in Table S1. Eleven image features were selected 
using the LASSO regression from the 484 image features. Of these, two were texture fea-
tures, and nine were histogram features. The image features with the highest LASSO re-
gression coefficients were Energy.1 with a coefficient of 1.383, followed by LLH Variance.1 
with a coefficient of 0.438 and LLH ZP with a coefficient of 0.239.  

Table 2. Eleven radiomic features with their coefficients selected by LASSO. All abbreviations are 
explained in Table S1. 

Radiomic Feature Coefficient of LASSO 
Energy.1 (texture/GLCM)  1.383 
LLH Variance.1 (texture/GLCM) 0.438 
LLH ZP (texture/GLSZM) 0.239 
LLL MAD (histogram) 0.189 
HLL ZP (texture/GLSZM) 0.107 
LLH Variance (histogram) 0.0659 
Uniformity (histogram) 0.0485 
LLH Autocorrelation (texture/GLCM) 0.0311 
LLH GLV (texture/GLRLM) 0.0260 
HHH ZP (texture/GLSZM) 0.0153 
LLH Contrast (texture/GLCM) 0.000211 
“Energy.1” is the energy for a texture analysis, but “Energy” is that for a histogram. “Variance.1” is 
the variance for a texture analysis, but “Variance” is that for a histogram. 

Figure 3 shows AUCs, accuracies, sensitivities, and specificities of 10 models with 
combinations of features selected by LASSO. The upper and lower bars show the results 
of the training and test models, respectively, for each combination of image features. The 
details are shown in Table S2. The combination of the top first, second, and third coeffi-
cients [Energy.1 (texture/GLCM) + LLH Variance.1 (texture/GLCM) + LLH ZP (tex-
ture/GLSZM)] reached a highest AUC of 0.971, an accuracy of 0.948, a sensitivity of 0.700, 
and a specificity of 0.953. 
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Figure 3. AUCs, accuracies, sensitivities, and specificities of 10 models with combinations of features 
selected by the top 1st–4th coefficients of LASSO. 

Figure 4 depicts the scattered plots between the two features selected from the four 
image features for the RA and UA training cases. The image features for the RA and UA 
cases appear to have different distributions, where some of the RA or UA cases could be 
discriminated, but others overlapped.  

 
Figure 4. Scattered plots of image features selected by LASSO for RA and UA training cases: (a) 1st 
and 2nd features; (b) 3rd and 4th features. 

Figure 5 shows MRA images of the RA and UA cases. The intensities (mean: 240) 
around the aneurysm centers for this RA case are lower than that (mean: 456) of aneurysm 
surfaces shown in Figure 5a, whereas the UA case has higher intensities (mean: 655) 
around centers shown in Figure 5b. 
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Figure 5. MRA images of intracranial aneurysms: (a) an RA case; (b) a UA case. 

4. Discussion 
We investigated the radiomic features of MRA images associated with the rupture of 

intracranial aneurysms. Eleven radiomic image features associated with ruptured intra-
cranial aneurysms were selected using LASSO, as shown in Table 2. The 11 features in-
cluded eight texture features: Energy.1 (GLCM), LLH Variance.1 (GLCM), LLH ZP 
(GLSZM), HLL ZP (GLSZM), LLH Autocorrelation (GLCM), LLH GLV (GLRLM), HHH 
ZP (GLSZM), and LLH Contrast (GLCM) (GLCM:4, GLRLM:1, GLSZM:3); and three his-
togram features: LLL MAD, LLH variance, and uniformity. These basically assessed the 
voxel-value heterogeneity in the ROI, such as aneurysms, but from different theories. Fi-
nally, we chose a combination of three features, Energy.1 (texture/GLCM), LLH Vari-
ance.1 (texture/GLCM), and LLH ZP (texture/GLSZM), to achieve the highest AUC of 
0.971, accuracy of 0.948, sensitivity of 0.700, and specificity of 0.953. 

Energy.1 (GLCM) is a measure of squared-voxel-value-wise intensity patterns in an 
ROI based on the GLCM, which represents the number (or frequency) of co-occurrences 
for combinations of two gray levels occurring in neighboring voxels in a specific direction. 
Variance.1 (GLCM) is a measure of squared-voxel-value-wise variation patterns in the 
ROI based on the GLCM. The zone percentage (ZP) (GLSZM) is a measure of area-wise 
variation patterns based on GLSZM, which represents the same voxel-value areas, that is, 
the number of connected voxels with the same voxel values. The ZP measures the fraction 
of the number of realized zones and the maximum number of potential zones [26]. There-
fore, because voxel values within an ROI have a more spatially coarse heterogeneity, the 
ZP features could be larger. MAD (histogram) is a measure of the deviation values of all 
intensity values minus the mean value obtained from the histogram of an ROI. The Vari-
ance (histogram) used is that obtained from the histogram of an ROI. 

Because RA cases may have turbulent flow around the aneurysm centers [27,28], the 
intensities around the centers could be lower than that of aneurysm surfaces in MRA im-
ages [29,30] as shown in Figure 5a. This phenomenon could result in a relatively higher 
Energy.1 (GLCM) and LLH ZP LLH; however, some UA cases overlapped with the RA 
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cases, as shown in Figure 4. Variance.1 (GLCM) and LLL MAD (histogram) showed higher 
values for some UA cases, as shown in Figure 4, because the UA cases may have higher 
intensities around centers in MRA images as shown in Figure 5b.  

There are several reports on the prediction of aneurysm ruptures using radiomics of 
CTA and DSA, mainly concerning morphological features [9–17]; however, to the best of 
our knowledge, no study has been conducted on MRA, and, therefore, our study appears 
to be the first. Their AUCs ranged from 0.738 to 0.860 in the validation tests, whereas that 
in our study was 0.977. 

This study had four limitations. First, we included a small number of UA and RA 
cases, especially the number of RA cases. Thus, the specificity was high (0.983), but the 
sensitivity was low (0.700). Therefore, the number of cases should be increased, collecting 
cases from different institutions to avoid false-negative cases so that the UA and RA cases 
can have almost the same, and enough, numbers. When collecting them, we should con-
sider various locations (for example, anterior cerebral arteries, posterior cerebral arteries, 
and posterior communicating artery) and various sizes from <5 mm to >20 mm, which 
show different hazard ratios to rupture risks [18]. In addition, we should compare the 
results with and without using the SMOTE to investigate its impact on the final result. 
Second, a feature selection and machine learning methods were employed in this study. 
Many feature selections and machine learning approaches should be attempted to in-
crease the number of options for installing the proposed approach in different institutions, 
depending on their clinical policy [19]. Third, we focused on the intensity heterogeneity 
in intracranial aneurysms using histogram and texture features but did not employ mor-
phological features because manual contours of aneurysms may cause intra- and inter-
observer variabilities [8], which reduces feature reliability. The development or use of au-
tomated segmentation approaches [31] is necessary for the use of the morphological fea-
tures, which may increase the performance of the proposed approach. Fourth, a neuro-
surgeon delineated aneurysm contours on the MRA images. Therefore, the contours 
should be verified by different neurosurgeons or neuroradiologists in the next study. 

5. Conclusions 
We performed the first preliminary study to develop prediction models for aneurysm 

rupture risks using radiomics analysis based on follow-up MRA images. We found sig-
nificant radiomic features which were associated with the prediction of aneurysm rup-
ture. The AUC, accuracy, sensitivity, and specificity of the prediction model were 0.971, 
0.948, 0.700, and 0.953, respectively. By overcoming the limitations mentioned above, we 
can develop a more robust radiomics analysis system with higher AUC, accuracy, sensi-
tivity, and specificity. This radiomics analysis system could be utilized to predict aneu-
rysm rupture risks for SAH prevention during follow-up MRA examinations.  

Supplementary Materials: The following supporting information can be downloaded at: 
www.mdpi.com/article/10.3390/app12178615/s1. Table S1. Radiomic features used in the calcula-
tion. Table S2. AUCs, sensitivity, specificity, and accuracy of a proposed rupture prediction model 
from training and test images with top combinations of LASSO ranking 
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