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The application of radiomics in the diagnosis of lung cancer
FANG Sheng-ru, LI Yi-fan,ZHANG Yu-wei,CAl Na, GUO Li

(School of Medical Imaging, Tianjin Medical University, Tianjin 300203, China )
Abstract Objective: To quantitatively extract and optimizeradiomicsfeatures for lung cancer cases and to analyze and discuss lung
cancer cases by machine learning method. Methods:We obtained images of 224 patients from LIDC databaseand 250 patients from
hospital, and 841 radiomicsfeatures were extracted. The features were used to perform dimensionality reduction by the double independent
sample ¢—test, when normality of distribution and Homogeneity variance were calculated. Futhermore, the dimensionality reduction was
performed by the rank sum test. And then, the Pearson correlation coefficient was used for further dimensionality reduction.Finally, machine
learning method was used for classification. Results: In the classifier based on the random forest, the LIDC database showed that ACC=
76.26%, AUC=0.657 1 and the data from the Hospital showed that ACC=76%, AUC=0.866 7. In the classifier based on the support vector
machine, the LIDC database showed that ACC=76.37%, AUC=0.642 9, and the data from the hospital showed that ACC=72%, AUC=0.773 3.
Conclusion: In pulmonary nodules, radiomics can be used to identify benign and malignant nodules. Texture —based computer—aided
diagnosis systems may improve the diagnostic efficacy on pulmonary nodules.
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