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Abstract

This study aims to construct a machine learning model based on simulated data to predict the risk of
recanalization after interventional embolization in patients with brain arteriovenous malformations
(AVMs). The study references 10 to 20 recently published relevant literature to construct a multi-di-
mensional simulated dataset covering patient basic information, lesion characteristics, vascular ar-
chitecture features, clinical history, and treatment information. Five machine learning models—Lo-
gistic Regression, Random Forest, XGBoost, LightGBM, and Balanced Random Forest—were used for
training and comparison, while SHAP, heatmaps, and other methods were employed for feature anal-
ysis and visualization. The results indicate that a study based on machine learning algorithms demon-
strates that the XGBoost model excels in the performance evaluation of classification problems, with
an AUC value of 0.98 and an F1 score of 0.81, outperforming other models. This study confirms that
machine learning models constructed based on simulated data can effectively identify high-risk fac-
tors for recanalization after AVM embolization, providing a reliable auxiliary predictive tool for per-
sonalized clinical treatment decision-making.
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Figure 1. Top 20 feature importance of the XGBoost model
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Table 1. Baseline characteristics of the simulated AVM patient dataset (n = 5000)
= 1 AVM B EBIREEAHFHE( = 5000)

B 5000 4
e 453+14.3 %
5 2820 141 (56.4%)
5
e 2180 1§1(43.6%)
SFIAR 10.8 £143 ¥
/IM<10 cmd) 2839 141/(56.8%)
PSRN F1(10~30 cmd) 2057 4l(41.1%)
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2% 2253 141](45.1%)
SM 4> 53 A 3% 1212 141)(24.2%)
4 % 207 151(4.1%)
5% 16 (0.3%)
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Figure 2. Bar chart of model performance comparison
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Figure 3. Comparison chart of cross-validation AUC results
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Table 2. Detailed performance comparison of different machine learning models on the test set
< 2. FENNZES IRB NN E _ERIMEREXTELiEE

R RAERAE TG 1 AUC MME MHE ARZE FLE PEHEHE AP
XGBoost Original 0.98 0.93 0.75 0.88 081 0.91 0.92
LightGBM ClassWeight 098 0.93 0.74 0.86 0.79 0.90 0.91

RandomForest ClassWeight 0.97 092 0.70 0.8 0.77 0.89 0.86
BalancedRandomForest RandomOverSample  0.97  0.92 0.68 0.88 0.77 0.90 0.86
LogisticRegression RandomOverSample  0.96  0.89 0.59 0.92 0.72 0.90 0.83
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T (XGBoost)f*) ROC ik, H AUC N 0.98, HHIE & TBENL > 2431 AUC 1A .
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