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Application of radiomics and deep learning in predicting tumor regression grade of locally

advanced rectal cancer
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Abstract: Objective To integrate radiomic features with deep learning for predicting tumor regression grade (TRG) scores of
locally advanced rectal cancer, and evaluate its efficacy in assessing cancer treatment responses. Methods The CT images
were processed using the ITK-SNAP software, followed by redundant feature removal through Spearman correlation analysis
and feature dimensionality reduction using Lasso regression. Then, an improved ResNet50 model was employed for feature
extraction to enhance the network's focus on key tumor information. This model was further combined with a support vector
machine (SVM) for TRG score prediction. The performance of different feature selection methods and model architectures
was evaluated with multi-parameter assessments. Results In the comparative experiment, the proposed method exhibited the
optimal performance in specificity (0.82), sensitivity (0.78), accuracy (0.80), and AUC (0.84), significantly outperforming
the other comparative methods. Especially in terms of the accuracy and stability of TRG score prediction, the advantages of
combining deep learning-based feature extraction and Lasso-based feature selection were highlighted, which significantly
improves the accuracy of tumor response assessment. Conclusion The integration of radiomic features and deep learning
model, coupled with feature selection through Spearman correlation analysis and Lasso dimensionality reduction, and the
utilization of the improved ResNet50 combined with SVM, can effectively enhance the predictive performance for TRG
scores of locally advanced rectal cancer. This approach enables the accurate prediction of treatment responses, holds
significant clinical application value, and provides robust support for individualized treatment decision-making.
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Figure 1 Improved ResNet50 network architecture
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Figure 3 The A—value curve of Lasso algorithm for feature selection
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Figure 4 Comparison results of AUC indicators of different methods in comparative experiments
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