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Construction of intracranial aneurysm diagnostic model based on GooglL.eNet
algorithm of convolutional neural network
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[Abstract] Objective To explore the application effect of GooglLeNet algorithm based on convolutional neural network (CNN)
in automatic classification and diagnosis of intracranial aneurysms. Methods This study retrospectively collected computed tomography
angiography images of 234 patients with intracranial aneurysms and normal controls from January 2020 to January 2023 as research sub-
jects. A convolutional neural network model based on the Googl.eNet algorithm was constructed using the PyTorch framework. The
model parameters were initialized and optimized using the He initialization method and the Adam optimizer. Cross—entropy was used as
the loss function, and batch normalization and dropout techniques were employed for model training and to prevent overfitting. Results
The intracranial aneurysm diagnostic model based on the Googl.eNet algorithm in this study achieved high accuracy and low loss func-
tion value on the test set. The ROC curve showed that the AUC of the training set was 0.891 and the test set was 0.851, which proved
that the model had a good application prospect in the diagnosis of intracranial aneurysms. Conclusion The GoogleNet algorithm based
on convolutional neural network could be effectively applied to the diagnosis of intracranial aneurysms with high accuracy and low loss
function value , which provided reference for the early diagnosis and treatment of intracranial aneurysms.

[Key words] Deep learning; Convolutional neural network ; Intracranial aneurysms; Diagnostic model; Artificial intelligence
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