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Advances in radiomics for early diagnosis and precision treatment of lung cancer
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[ Abstract] Lung cancer is a leading cause of cancer-related deaths worldwide, with its high mortality rate
primarily attributed to delayed diagnosis. Radiomics, by extracting abundant quantitative features from medical images,
offers novel possibilities for early diagnosis and precise treatment of lung cancer. This article reviewed the latest
advancements in radiomics for lung cancer management, particularly its integration with artificial intelligence (AI) to
optimize diagnostic processes and personalize treatment strategies. Despite existing challenges, such as non-standardized
image acquisition parameters and limitations in model reproducibility, the incorporation of Al significantly enhanced the
precision and efficiency of image analysis, thereby improving the prediction of disease progression and the formulation of
treatment plans. We emphasized the critical importance of standardizing image acquisition parameters and discussed the

role of Al in advancing the clinical application of radiomics, alongside future research directions.
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Fig.1 Radiomics workflow
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Fig.2 Classification of artificial intelligence main categories of artificial intelligence algorithms include early algorithms, modern algorithms

and their branches, such as decision trees, support vector machines, neural networks, ensemble learning (AdaBoost, GBDT, XGBoost, Random

Forest), as well as clustering, dimensionality reduction, and metric learning. Among them, deep learning branches include convolutional neural

networks (CNN) and recurrent neural networks (RNN)
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