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ABSTRACT

Objective To explore the value of machine learning model of multimodal MRI in predicting outcome
of acute stroke after mechanical thrombectomy and compare with the traditional regression
model. Methods Clinical and imaging data of 216 acute stroke patients in Nanjing First Hospital were
retrospectively collected. Multiple logistic regression analysis was used to screen the independent
predictors of stroke outcome and construct the prediction model of stroke outcome. The lesion
features on multimodal MRI were extracted and screened. Support vector machine classifier was used
to construct the prediction model. The performance of two model were compared using statistics
analysis. Results Logistic regression analysis showed that NIHSS score on admission, HIR and complete
recanalization were associated with stroke outcome (P<0.05). ROC showed that the AUC of statistical
regression model for predicting the outcome of acute stroke was 0.775. The AUC of machine learning
model for predicting outcome in the training set was 0.991; and the AUC of machine learning model
for predicting outcome in the test set was 0.950. There was statistical difference between statistical
regression model and machine learning model (Z= 3.146; P<0.001). Conclusion The application of
machine learning algorithm can accurately predict the outcome of acute stroke after mechanical
thrombectomy, which is significantly better than the traditional regression model, and can provide
guidance for the formulation of clinical treatment plan.
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