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Improved ConvNeXt model for identifying lung adenocarcinoma in
CT images under small-sample conditions

YANG Junjie, CHEN Zhaoxue®
(Institute of Medical Imaging Technology, School of Health Science and Engineering,
Uniwversity of Shanghai [or Science and Technology, Shanghai 200093, China)

[Abstract] Objective To observe the value of improved ConvNeXt model for identifying lung adenocarcinoma in CT
images under small-sample conditions. Methods A total of 1 000 high-resolution CT images were obtained from publicly
available LungCancer4 Types dataset and divided into training set (n=613), test set (n=315) and validation set (n=72).
Based on ConvNeXt model, hybrid attention Transformer (HAT) module and SCConv convolution module were embedded
to construct an improved ConvNeXt model. The performance of the obtained model for identifying lung adenocarcinoma in
CT images was evaluated using accuracy, precision, recall, F1 score and area under the curve (AUC) of receiver operating
characteristic curve, which were all compared with those of Googl.eNet. EfficientNet, DenseNet and AlexNet models. The
impact of introducing SCConv and HAT modules on model performance through ablation experiments was observed. Results

The accuracy, precision, recall, F1 score and AUC of improved ConvNeXt model for identifying lung adenocarcinoma in
test set was 95.91%, 95.78%, 96.93%, 0.964 and 0.975, respectively, all superior to the those of GoogleNet,
EfficientNet, DenseNet and AlexNet models. The baseline ConvNeXt model exhibited relatively lower accuracy, precision,
recall and F1 score, the introduction of SCConv module significantly increasd model recall, and the introduction of HAT
module significantly improved accuracy. The improved ConvNeXt model had the best overall performance. Conclusion
Improved ConvNeXt model could effectively identify lung adenocarcinoma in CT images under small-sample conditions.
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