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Efficacy and stability of 3D ResNet for predicting nodule subtypes in lung adenocarcinoma

LUO Yuan',XU Qi—fei?, LYU Ze—zheng', CAI Na', GUO Li'

(1.Department of Medical Image Processing, School of Medical Technology , Tianjin Medical University , Tianjin 300203, China ;
2 .Department of Imaging, Linyi People’s Hospital , Linyi 276000, China )

Abstract Objective: To investigate the classification performance and model stability of ResNet models for different subtypes of nodules
in lung adenocarcinoma. Methods: The CT image of 364 lung adenocarcinoma nodules collected retrospectively between February 2014
and October 2020 were divided into a training set and an internal test set in a ratio of 7:3,and data of 58 nodules from April 2020 to Novem—
ber 2020 were used as the external test set. The ResNet—based 3D convolutional neural network was trained and tuned in the training set,
and the accuracy and generalization of the model was evaluated using both internal and external test sets. To verify the stability of the model
two new test sets were constructed using random center shifts and masking process in both internal and external test set,and the model
was tested using the new test set. Results: The model obtained an AUC of 0.949 1(95% CI:0.910 8-0.987 4) on the internal test set,and
the AUC values of the model were not statistically different(P=0.425 3 and 0.239 3, respectively ) from those measured on the data sets
with the random center shift and after the masking process. The model AUC in the external test set was 0.959 6(95% CI :0.9012-1.0000).
In the dataset after the random center shift and mask processing used for stability testing,the AUC obtained for the model (0.948 5 and
0.947 3, respectively ) was again not statistically different from it(all P>0.05). Conclusion:ResNet model has excellent ability to
discriminate subtypes of lung adenocarcinoma, and the model has considerable stability.
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Fig1 Structure of the convolutional neural network
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