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Background and Aim: Symptomatic intracranial arterial stenosis (ICAS) is a leading cause of ischemic stroke, and its progression is
associated with an increased risk of stroke recurrence and poor outcomes. Accurate prediction of the risk of progression in ICAS
patients is crucial for timely intervention and management. This study aims to develop and validate logistic regression and deep
learning models to predict the risk of progression in symptomatic ICAS patients and compare their predictive performance.
Methods: A retrospective study was conducted on 266 symptomatic ICAS patients who were followed for at least 3 years. The
dataset was randomly split into a training set (70%) and a validation set (30%). Data preprocessing involved normalization, feature
selection, and class balancing techniques to enhance model performance. Logistic regression, and deep learning models were
developed to predict the risk of ICAS progression. The models were evaluated using accuracy, sensitivity, specificity, precision,
F1-score, and the area under the receiver operating characteristic curve (AUC).

Results: The logistic regression model achieved an AUC of 0.771 (training) and 0.767 (validation; 95% CI: 0.702-0.832). The deep
learning model demonstrated superior performance with an AUC of 0.898 (training) and 0.863 (validation; 95% CI: 0.801-0.925),
showing a statistically significant improvement (p = 0.016, DeLong’s test). Feature importance analysis identified hypertension,
diabetes, stenosis degree, and prior stroke history as the most influential predictors of ICAS progression. These results highlight the
value of early risk stratification to guide timely clinical intervention.

Conclusion: Compared to logistic regression, the deep learning model exhibited significantly improved predictive accuracy for the
risk of progression in symptomatic ICAS patients. The high performance and reliability of the deep learning model highlight its
potential clinical utility in predicting ICAS progression, ultimately aiding in risk stratification and personalized treatment strategies.
Keywords: symptomatic intracranial arterial stenosis, risk of progression, logistic regression, deep learning

Introduction
Symptomatic intracranial arterial stenosis (ICAS) is a major cause of ischemic stroke, accounting for approximately
8-10% of all cases worldwide, and is associated with high rates of recurrence (15-20% annually) and long-term
disability despite standard medical therapy.' It occurs when narrowing of the brain’s blood vessels reduces cerebral
blood flow, leading to neurological impairments. Despite advances in treatment options, including antiplatelet therapy
and surgical interventions, predicting ICAS progression remains a significant challenge. Early identification of patients at
high risk of progression is crucial for optimizing treatment plans and improving clinical outcomes.

Previous attempts to predict ICAS progression have primarily relied on clinical markers and imaging techniques. Common
risk factors such as hypertension, diabetes, and the degree of stenosis have been linked to worse outcomes. Kim et al* analyzed
blood samples from 409 patients and found that platelet-derived growth factors were associated with the progression of
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symptomatic intracranial atherosclerotic stenosis. Imaging techniques like magnetic resonance angiography (MRA) and
computed tomography angiography (CTA) have been used to assess the severity of stenosis. Yu et al® conducted a study using
questionnaires, blood tests, and high-resolution vessel wall magnetic resonance (MR) imaging, and identified carotid artery
plaques as an important predictor of ICAS progression. However, traditional methods such as logistic regression often fail to
capture the complex interactions between multiple risk factors and variables, limiting their predictive power.

In recent years, machine learning (ML) approaches, especially deep learning (DL), have demonstrated superior
capabilities in predicting medical outcomes by analyzing large datasets and identifying complex, nonlinear patterns that
may not be apparent through traditional statistical methods.®® These models have been successfully applied in various
medical fields, including stroke prediction, cardiovascular risk assessment, and neuroimaging-based disease classifica-
tion, often outperforming conventional regression-based approaches. Their ability to integrate multidimensional data,
such as clinical characteristics, laboratory markers, and imaging features, enables more precise risk stratification and
outcome prediction.'®'? However, despite their success in other domains, the application of ML and DL models in
predicting the progression of symptomatic ICAS remains limited. Further research is needed to explore their potential in
improving early detection, risk assessment, and personalized treatment strategies for ICAS patients.

We hypothesize that a deep learning—based prediction model will outperform traditional logistic regression in
accurately identifying patients at high risk of ICAS progression. This study aims to address this gap by developing
and validating predictive models using logistic regression, and deep learning techniques. By analyzing data from 266
symptomatic ICAS patients, we aim to create a tool that can predict the risk of ICAS progression with high accuracy. The
results of this study may provide valuable insights for clinicians to identify high-risk patients early and tailor treatment
plans accordingly, ultimately improving patient management and reducing stroke-related morbidity.

Materials and Methods

Study Design and Data Collection

A retrospective study was conducted on 266 patients diagnosed with symptomatic ICAS between 2019 and 2021 at
Xinxiang Center Hospital and Yangtze River Shipping General Hospital. Of the 266 patients, 162 were enrolled from
Xinxiang Central Hospital and 104 from Yangtze River Shipping General Hospital. The study aimed to develop and
validate logistic regression and deep learning models for predicting the risk of ICAS progression. Clinical and imaging
data were collected from electronic medical records including demographic information medical history hypertension
diabetes smoking status imaging characteristics degree of stenosis hemodynamic parameters and treatment methods
medical therapy or interventional procedures. All data were de-identified to maintain patient confidentiality. Inclusion
criteria included patients diagnosed with symptomatic ICAS confirmed by magnetic resonance angiography MRA or
computed tomography angiography CTA at least one follow-up imaging study to assess ICAS progression and avail-
ability of complete baseline clinical and imaging data. Exclusion criteria included a history of non-atherosclerotic
cerebrovascular disease such as vasculitis or moyamoya disease patients with severe systemic conditions affecting
prognosis such as malignancies or renal failure and those with missing critical follow-up data. This study was approved
by the Institutional Review Board and conducted in accordance with the Declaration of Helsinki.

Outcome Definition and ICAS Progression Assessment
ICAS progression was defined based on follow-up imaging findings and clinical deterioration. Patients were classified
into two groups stable ICAS and progressive ICAS. Stable ICAS was defined as no significant change in arterial stenosis
severity over the follow-up period. Progressive ICAS was defined as a >20% increase in the degree of stenosis on follow-
up imaging, while stable ICAS was defined as <20% change. The percentage of stenosis was calculated using the
Warfarin-Aspirin Symptomatic Intracranial Disease WASID trial methodology by measuring the residual lumen diameter
at the most stenotic segment and comparing it with the estimated normal artery diameter.

Clinical events were also recorded during the follow-up period including ischemic stroke transient ischemic attacks
TIA and any neurological deterioration related to cerebrovascular insufficiency. Patients with progressive stenosis on
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imaging who also exhibited new ischemic symptoms were classified as high-risk progressors. Follow-up imaging was
performed at intervals of 6 months to 1 year depending on clinical severity and treatment strategy.

Data Preprocessing
To optimize model performance and reduce bias extensive data preprocessing was conducted. Continuous variables such
as blood pressure and lipid levels were standardized to ensure uniform feature scaling. Missing values accounting for less
than five percent of the dataset were imputed using the mean for continuous variables and mode for categorical variables.
Feature selection was performed based on univariate logistic regression analysis and expert clinical evaluation to enhance
model interpretability.

The dataset was randomly split into two subsets with a training set consisting of seventy percent of the data for model
development and a validation set of thirty percent for performance evaluation.

Model Development
Three predictive models were developed logistic regression and a deep learning neural network to evaluate the risk of
ICAS progression.

The logistic regression LR model was constructed using selected independent variables with clinical relevance
including age sex hypertension diabetes baseline stenosis degree and prior stroke history. It served as the baseline
model for comparison against more complex machine learning algorithms.

The deep learning DL model was implemented as a fully connected artificial neural network ANN. The input layer
consisted of preprocessed clinical and imaging variables. A total of 18 features were used as model input. The deep
learning model consisted of three hidden layers with 96, 60, and 36 neurons, respectively. Each layer used ReLU
activation and dropout regularization. To reduce overfitting dropout regularization was applied with dropout rates ranging
from 0.2 to 0.5 in different layers. The output layer used a sigmoid activation function to produce probability scores for
ICAS progression. Hyperparameter tuning for the deep learning model was performed using Bayesian optimization to
determine optimal learning rate batch size and dropout rates. The model was trained using an adaptive moment
estimation Adam optimizer with binary cross-entropy as the loss function.

Feature importance analysis was performed using SHapley Additive exPlanations SHAP values to interpret the
contribution of each variable in both traditional and machine learning models. Model training was conducted using
Python’s TensorFlow and Scikit-learn libraries and computational resources were provided through a high-performance
computing cluster.

Model Evaluation

Predictive performance was assessed using multiple metrics including accuracy which measures the proportion of
correctly classified cases sensitivity which evaluates the ability to correctly identify patients with ICAS progression
specificity which determines the ability to correctly classify patients without progression and precision and F1-score
which balance false positives and false negatives. The area under the receiver operating characteristic curve AUC-ROC
was used to measure overall model discrimination.

Data Analysis

Continuous variables were expressed as median with interquartile range IQR and compared using the independent #-test
or Mann—Whitney U-test. Categorical variables were presented as frequencies and percentages and compared using the
chi-square test or Fisher’s exact test.

To identify risk factors associated with ICAS progression univariate logistic regression analysis was performed.
Variables with a P-value less than 0.05 in the univariate analysis were included in a multivariate logistic regression model
using a backward stepwise selection method. The variance inflation factor VIF was calculated to detect multicollinearity
and variables with VIF greater than five were excluded from the final model. To compare model performance receiver
operating characteristic ROC curves were generated and AUC-ROC values were used as the primary performance metric.

International Journal of General Medicine 2025:18 htps: 6457



Ding et al

Delong’s test was conducted to determine whether differences in AUC-ROC values among models were statistically
significant.

All statistical analyses were performed using SPSS version 25.0 IBM Corp Armonk NY USA. Machine learning
models were implemented using Python version 3.8 Python Software Foundation Wilmington DE USA and R software
version 4.1.2 R Foundation for Statistical Computing Vienna Austria was used for additional model evaluation and

visualization.

Results

Baseline Characteristics of the Training, Validation Cohorts

A total of 328 patients diagnosed with intracranial arterial stenosis were initially screened during the study period. Sixty-
two patients were excluded due to the following reasons: history of non-atherosclerotic cerebrovascular disease (n=27),
severe systemic conditions affecting prognosis (n=20), missing follow-up imaging data (n==8), or missing critical clinical
data (n=7). As a result, 266 patients were included in the final analysis. The median follow-up duration was 30 months
(IQR: 24-36 months). A total of 12 patients were excluded due to incomplete follow-up imaging, and 9 were lost to
follow-up, leaving 266 for analysis. Patients were randomly assigned to training and validation cohorts in a 0.7:0.3 ratio,
with 186 patients in the training cohort and 80 in the validation cohort. The inclusion and exclusion process is illustrated
in Figure 1. The distribution of key clinical characteristics was balanced between the two cohorts (p > 0.05 for all
variables). Table 1 presents the baseline demographic, clinical, and imaging characteristics of patients in each cohort.
There were no significant differences in age, sex, degree of stenosis, or treatment approach between the groups,
indicating an appropriate randomization process.

Univariate and Multivariate Logistic Regression Analysis of ICAS Progression in the
Training Cohort

Univariate logistic regression analysis was conducted in the training cohort to assess potential risk factors associated with
ICAS progression. Variables with p < 0.05 in the univariate analysis were included in the multivariate logistic regression
model. The results of the univariate analysis revealed that age, sex, hypertension, diabetes, prior stroke, degree of stenosis,
plaque presence, and vessel wall enhancement were significantly associated with ICAS progression. Specifically, degree of
stenosis (OR = 2.31, 95% CI: 2.05-2.80, p = 0.012) were identified as important univariate predictors. Additionally, prior

Patients diagnosed as intracranial arterial stenosis during
study period (n=328)

1. History of non-atherosclerotic
cerebrovascular disease(n=27)

2. Severe systemic conditions affecting
prognosis (n=20)

3. Missing follow-up data(n=8)

4. Missing critical clinical data, (n=7)

Selected intracranial arterial stenosis (N=266)

Training Validation
Cohort(n=186) Cohort(n=80)
70% : 30%

Figure | Flow chart for inclusion and exclusion of patients with Symptomatic Intracranial Arterial Stenosis.
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Table | Baseline Characteristics of the Training, Validation, and Test Cohorts of HCC Patients (N = 266)

Variable

Training Cohort (n=186)

Validation Cohort (n=80)

P-value

Age (years)

Sex (Male, N (%))
Hypertension (%)
Diabetes (%)

Smoking History (%)
Hyperlipidemia (%)
Prior Stroke (%)

TIA History (%)
Degree of Stenosis (%)

Plaque Presence (%)

Vessel Wall Enhancement (%)
Antiplatelet Therapy (%)
Statin Therapy (%)

Blood Pressure (mmHg)

LDL Cholesterol (mg/dL)
Triglycerides (mg/dL)
Glucose Level (mg/dL)

Prior Ischemic Stroke (%)

Stenosis Location (Anterior/Posterior)

Plaque Composition (Lipid/Fibrous)

Hemodynamic Status (Stable/Unstable)

652+ 73
122 (65.6%)
112 (60.2%)
78 (41.9%)
90 (48.4%)
84 (45.2%)
60 (32.3%)
35 (18.8%)
732+ 102

132 (71.0%)

82 (44.1%)
123 (66.1%)
95 (51.1%)

1332 £ 185
1215 + 302
150.3 + 40.5
1103 + 258
79 (42.5%)

120 (64.5%)/66 (35.5%)

93 (50.0%)/93 (50.0%)

145 (78.0%)/41 (22.0%)

648 £ 7.5
54 (67.5%)

49 (61.3%)

31 (38.8%)

37 (46.3%)

36 (45.0%)

28 (35.0%)

16 (20.0%)

745+ 9.9

52 (65.0%)/28 (35.0%)
55 (68.8%)

40 (50.0%)/40 (50.0%)
35 (43.8%)

54 (67.5%)

38 (47.5%)

132.8 + 19.2

124.1 + 32.4

148.9 + 42.7

112.0 + 28.4

32 (40.0%)

63 (78.8%)/17 (21.3%)

0.451
0.756
0.851
0.695
0.764
0.982
0.655
0.742
0.365
0.920
0.659
1.000
0.986
0.823
0.735
0.845
0.657
0.781
0.673
0.724
0.976

Note: The values in parentheses are percentages unless indicated otherwise.
Abbreviations: TIA, Transient Ischemic Attack; LDL, Low-Density Lipoprotein; ICAS, Intracranial Arterial Stenosis.

logistic regression analyses are presented in Table 2.

stroke (OR = 1.75, 95% CI: 1.42-2.11, p = 0.021) and vessel wall enhancement (OR = 1.89, 95% CI: 1.61-2.33, p = 0.038)
emerged as significant indicators of ICAS progression. The multivariate logistic regression analysis identified degree of
stenosis (OR = 2.12, 95% CI: 1.93-2.50, p = 0.025), plaque presence (OR = 1.95, 95% CI: 1.65-2.40, p = 0.007), and vessel
wall enhancement (OR = 1.72, 95% CI: 1.50-2.18, p = 0.044) as significant independent predictors of ICAS progression. The
multivariate model indicated that patients with higher degrees of stenosis and plaque presence were more likely to experience
progression of ICAS. Other variables, such as smoking history, glucose levels, and blood pressure, were also significant in

univariate analysis but did not remain significant in the multivariate analysis. The full results of univariate and multivariate

Table 2 Multivariate and Univariate Logistic Regression Analysis of ICAS Progression in the Training Cohort

Variables Univariate OR Univariate Multivariate OR Multivariate
(95% CI) P-value (95% ClI) P-value
Age (years) 1.44 (1.28-1.55) 0.322 1.33 (1.13-1.76) 0.453
Sex (Male, %) 2.42 (2.20-2.88) 0.254 1.35 (1.09-1.79) 0.047
Hypertension (%) 2.04 (1.79-2.24) 0.489 2.04 (1.64-2.14) 0.252
Diabetes (%) 1.82 (1.54-2.19) 0.128 1.88 (1.69-2.18) 0.818
Smoking History (%) 1.07 (0.66—1.29) 0.722 2.31 (2.18-2.58) 0216
Hyperlipidemia (%) 1.55 (1.30-1.85) 0.374 1.42 (1.25-1.75) 0.391
Prior Stroke (%) 1.75 (1.42-2.11) 0.021 1.62 (1.48-2.06) 0.038
TIA History (%) 1.92 (1.68-2.35) 0.049 1.77 (1.52-2.19) 0.056
Degree of Stenosis (%) 2.31 (2.05-2.80) 0.012 2.12 (1.93-2.50) 0.025
Stenosis Location (Anterior/Posterior) 1.68 (1.43-2.12) 0.042 1.55 (1.35-1.88) 0.072
Plaque Presence (%) 2.20 (1.90-2.75) 0.003 1.95 (1.65-2.40) 0.007
(Continued)
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Table 2 (Continued).

Variables Univariate OR Univariate Multivariate OR Multivariate
(95% CI) P-value (95% CI) P-value
Plaque Composition (Lipid/Fibrous) 1.48 (1.25-1.78) 0.210 1.32 (1.15-1.59) 0.184
Vessel Wall Enhancement (%) 1.89 (1.61-2.33) 0.038 1.72 (1.50-2.18) 0.044
Antiplatelet Therapy (%) .61 (1.38-1.92) 0.025 1.48 (1.32-1.81) 0.019
Statin Therapy (%) 1.39 (1.12-1.65) 0.192 1.28 (1.05-1.56) 0.227
Blood Pressure (mmHg) 1.45 (1.21-1.71) 0.082 1.32 (1.12-1.55) 0.101
LDL Cholesterol (mg/dL) 1.78 (1.51-2.04) 0.051 1.63 (1.42-1.94) 0.059
Triglycerides (mg/dL) 1.55 (1.28-1.90) 0.048 1.45 (1.22-1.76) 0.062
Glucose Level (mg/dL) 1.90 (1.62-2.30) 0.032 1.72 (1.45-2.10) 0.041
Prior Ischemic Stroke (%) 1.84 (1.52-2.25) 0.027 1.63 (1.38-2.04) 0.033
Hemodynamic Status (Stable/Unstable) 1.42 (1.15-1.78) 0.176 1.25 (1.05-1.58) 0.189

Abbreviations: OR, Odds Ratio; Cl, Confidence Interval; TIA, Transient Ischemic Attack; LDL, Low-Density Lipoprotein; ICAS, Intracranial Arterial
Stenosis.

Comparison of Logistic Regression, Support Vector Machine, and Deep Learning Models
The logistic regression model was constructed using significant predictors identified from multivariate analysis. The
model demonstrated an AUC of 0.771 in the training cohort and 0.767 in the validation cohort (Figure 2).

A total of 18 features were used as input, including demographic, clinical, laboratory, and imaging variables. The deep
learning model was developed using a fully connected neural network architecture designed to analyze complex relationships
between clinical and imaging variables. The model consisted of an input layer integrating preprocessed clinical and imaging
features followed by three hidden layers. The first hidden layer contained 96 neurons with a ReLU activation function and
a dropout layer with a dropout rate of 0.2. The second hidden layer had 60 neurons followed by ReLU activation and another
dropout layer with a dropout rate of 0.2. The third hidden layer comprised 36 neurons with ReLU activation and dropout
regularization. The output layer applied a sigmoid activation function to predict the probability of ICAS progression. The

1.0 4
0.8 -
3
Al
= 0.6 1
=
=
@ 0.4 -
(o)
w
0.2 -
P - Logistics Model-Training Cohort (AUC = 0.771)
0.0 , — Logistics Model-Validation Cohort (AUC = 0.767)
. 1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0

1-Specificity (FPR)

Figure 2 Performance of the Logistics Regression Model for ROC curve.
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Figure 3 Performance of the Deep Learning Model. (A) represents the model architecture diagram, and (B) represents the ROC curve of the model on the training and
validation sets.

model was optimized using the Adam optimizer with an initial learning rate of 0.001. A binary cross-entropy loss function was
used, and early stopping was implemented to prevent overfitting. The architecture of the deep learning model is illustrated in
Figure 3A.

After hyperparameter tuning, the deep learning model achieved an AUC of 0.898 in the training cohort and 0.863 in
the validation cohort (Figure 3B). The deep learning model outperformed logistic regression in both datasets, indicating
superior predictive accuracy.

Performance of Multiple Models

The performance comparison between the logistic regression, and deep learning models is summarized in Table 3. The deep
learning model consistently outperformed both logistic regression across all datasets, demonstrating superior sensitivity,
specificity, and F1-score. In the training cohort, the deep learning model achieved an AUC of 0.898 and an F1-score of 0.865,
whereas the logistic regression model had an AUC of 0.771 and an Fl-score of 0.733. In the validation cohort, the deep
learning model maintained strong predictive performance with an AUC of 0.863 and an F1-score of 0.849, while the logistic
regression model exhibited lower accuracy, achieving an AUC of 0.767 and an F1-score of 0.724. DeLong’s test showed that

Table 3 Evaluation Indicators for Each Model

Metric Logistic Logistic Deep Deep
Regression Regression Learning Learning
(Training) (Validation) (Training) | (Validation)
AUC 0.771 0.767 0.898 0.863
Accuracy 0.759 0.745 0.877 0.855
Sensitivity 0.692 0.688 0.858 0.826
Specificity 0.772 0.769 0.860 0.849
Precision 0.794 0.726 0.852 0.828
Fl-score 0.733 0.724 0.865 0.849
Positive Predictive Value (PPV) | 79.4% 72.6% 85.2% 82.8%

Abbreviations: ROC, receiver operator characteristic; AUC, area under the curve; Cl, confidence interval; PPV,

Positive Predictive Value.
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the AUC of the deep learning model was significantly higher than that of the logistic regression model (p = 0.016). These
results indicate that the deep learning model provides superior predictive capability and may serve as a more effective clinical
tool for assessing the risk of ICAS progression. To enhance clinical relevance, we additionally calculated the positive
predictive value (PPV) for both models. In the validation cohort, the deep learning model achieved a PPV of 82.8%, while
the logistic regression model achieved a PPV of 72.6%, further supporting the superior predictive accuracy and potential
clinical utility of the deep learning approach. As shown in Supplementary Figure 1, the calibration plot demonstrates that the

deep learning model consistently exhibited better agreement between predicted probabilities and observed outcomes across all
probability ranges, indicating superior overall calibration compared to the logistic regression model.

Discussion
The findings of this study demonstrate that deep learning models outperform traditional logistic regression in predicting the
progression of symptomatic intracranial arterial stenosis (ICAS). The superior performance of deep learning is likely
attributed to its ability to identify complex nonlinear relationships among clinical and imaging variables that traditional
statistical methods may not fully capture. Logistic regression, while widely used for risk factor analysis, has limitations in
handling high-dimensional datasets with intricate interactions. Our results align with emerging evidence supporting the
integration of artificial intelligence in vascular disease prediction to enhance risk stratification and clinical decision-making.
Previous studies investigating ICAS progression have primarily focused on conventional statistical models or specific
biomarkers, yielding mixed results. For example, Li et al'* suggested that the dynamic and unstable inflammatory processes
within intracranial arteries are associated with miRNAs (miR-155, miR-27a/b, miR-342-5p, miR-21, miR-124, and miR-223),
which may be involved in the progression of intracranial atherosclerotic plaques. Xie et al' conducted a large-scale study and
found that triglyceride-glucose index is a useful indicator for ICA and severe stenosis. Su et al'> analyzed serum inflammatory
markers and found that elevated C-reactive protein and interleukin-6 levels were associated with an increased risk of ICAS
progression. Additionally, Zhang et al'® performed a cohort study using high-resolution vessel wall imaging and demonstrated
that patients with positive remodeling and lipid-rich necrotic core plaques were more likely to experience disease progression.
However, these studies did not incorporate machine learning techniques to assess overall predictive accuracy. Our study not
only confirmed the significance of hypertension, diabetes, degree of stenosis, and prior ischemic stroke as key risk factors but
also demonstrated that deep learning models significantly outperform logistic regression in predictive accuracy. In our study,
the AUC for the logistic regression model was 0.771, indicating moderate predictive ability, whereas the deep learning model
significantly outperformed it with an AUC of 0.863. Our findings also align with population-based studies such as the Tromso
7 Study,'” which emphasized the role of vascular risk factor burden in long-term cerebrovascular disease progression. Such
studies reinforce the clinical relevance of using predictive models for early risk stratification in high-risk populations.
Currently, no widely established deep learning models have been designed specifically for ICAS progression prediction,
but recent advancements in machine learning have shown great promise in predicting stroke risk and vascular disease
outcomes. Unlike logistic regression, deep neural networks can extract meaningful patterns from complex patient data,
allowing for a more precise classification of high-risk individuals. Several studies have demonstrated the advantages of
machine learning in stroke prediction. For instance, Sun et al'® developed a deep learning model to predict recurrent strokes in
patients with large artery atherosclerosis and found that deep learning significantly improved prediction accuracy compared to
traditional models. Similarly, a study by Zhao et al'® applied machine learning techniques to intracranial atherosclerosis
prognosis and reported that nonlinear models such as deep learning and gradient boosting outperformed conventional
statistical approaches. Our study represents one of the first to apply deep learning specifically to ICAS progression prediction
and validate its performance using a well-structured dataset. The deep learning model’s ability to integrate clinical and
imaging features without requiring explicit feature selection provides a key advantage over traditional methods. The model
architecture was designed to optimize predictive accuracy while minimizing overfitting, utilizing three hidden layers with 96,
60, and 36 neurons respectively, ReLU activation functions, and dropout regularization. The tuning of hyperparameters, such
as learning rate, batch size, and dropout rate, further enhanced the model’s stability and generalizability. The resulting AUC
values of 0.898 in the training cohort and 0.863 in the validation cohort confirm the model’s robust predictive ability. An AUC
of 0.898 indicates a high discriminative ability to distinguish patients at risk of ICAS progression. This level of performance
may support earlier identification of high-risk individuals who could benefit from intensified medical therapy or closer
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imaging follow-up, thus potentially improving long-term outcomes. Unlike prior studies focusing on isolated biomarkers or
imaging features, our deep learning model integrates a multidimensional dataset—including clinical, imaging, and laboratory
variables—allowing for more robust prediction of ICAS progression. This holistic approach enhances predictive performance
beyond traditional regression or single-modality biomarker models.

Feature importance analysis provided further insights into the key predictors of ICAS progression. SHapley Additive
exPlanations (SHAP) values identified hypertension, diabetes, stenosis severity, and prior ischemic stroke as the most
influential variables contributing to model predictions. These findings align with prior research, reinforcing the impor-
tance of these clinical and imaging markers. For example, a study by Tang et al highlighted that patients with severe
stenosis and a history of hypertension had a significantly higher risk of recurrent ischemic events, while another study by
Wang et al emphasized the role of carotid plaques and hemodynamic changes in predicting ICAS progression. Our results
support these findings, suggesting that integrating multiple clinical parameters into an artificial intelligence-based model
provides a more comprehensive risk assessment framework for ICAS patients.

Accurate prediction of ICAS progression has important clinical implications. Patients identified as high-risk could
benefit from more aggressive treatment strategies, including closer monitoring, earlier initiation of intensive medical
therapy such as dual antiplatelet agents and high-dose statins, and consideration for endovascular intervention when
appropriate. Additionally, lifestyle modifications, including blood pressure control and glucose regulation, may play
a key role in slowing disease progression.”’ * The implementation of an artificial intelligence-based ICAS progression
prediction tool in clinical practice could help neurologists and vascular specialists refine patient management, personalize
treatment decisions, and potentially reduce stroke recurrence rates.

This study has several limitations that should be acknowledged. First, the retrospective design may introduce selection
bias, despite the careful curation of data and well-defined inclusion criteria. Additionally, all patients were enrolled from two
centers within a similar geographic region, which may limit the generalizability of the findings. Notably, the absence of an
external validation cohort represents a key limitation. To enhance robustness and clinical applicability, future studies should
employ larger, multicenter prospective cohorts to externally validate the model across diverse populations and healthcare
settings. Second, while we used univariate logistic regression combined with clinical judgment for initial feature selection, this
approach may not capture complex multivariate interactions. In future work, more robust feature selection methods, such as
LASSO regression or recursive feature elimination (RFE), could be employed to improve model stability and reduce
overfitting. Third, the interpretability of deep learning models remains a challenge. Although SHAP (SHapley Additive
exPlanations) analysis was utilized to identify influential predictors, the model still functions as a “black box™ in many aspects,
which may hinder its integration into clinical workflows. To address this, future research should consider incorporating
additional explainable Al (XAI) techniques, such as LIME (Local Interpretable Model-Agnostic Explanations) or attention-
based visualization methods, to enhance transparency, align with clinical reasoning, and foster greater trust among healthcare
professionals.

Conclusion

In conclusion, this study demonstrates the potential of a deep learning—based model to predict long-term progression in
patients with symptomatic intracranial arterial stenosis with high accuracy. The model outperformed traditional logistic
regression and identified key clinical factors associated with disease progression. These findings may assist in early risk
stratification and individualized clinical decision-making. To further establish the clinical utility of this model, future
studies should focus on prospective validation using large, multicenter cohorts across diverse populations. Additionally,
efforts should be made to integrate the model into clinical workflows, ideally through decision support systems that
provide transparent and interpretable outputs to clinicians.
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