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[I. Materials and Methods
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2. Image texture feature extraction
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3. Image texture feature selection
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Table 1. AUC value of image texture feature
PET AUC
GLRLM_GLNU 0.79
SHAPE_Compacity only for 3D ROI 0.77
CT AUC
NGLDM_Busyness 0.82
GLZLM_ZLNU 0.78
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Fig. 2. Image texture feature2] ROC curve
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Table 2. N2Xo| o5 9|8 2 &5 EJ}

CT '*F-FDG PET/CT

(n=2) (h = 6)
accuracy AUC accuracy AUC
LR 0.674 0.827 0.683 0.812
LDA 0.702 0.832 0.683 0.798
KNN 0.706 0.833 0.769 0.816
CART 0.843 0.848 0.742 0.722
NB 0.655 0.71 0.684 0.81
SVM 0.637 0.796 0.674 0.804
RF 0.853 0.898 0.816 0.898

IV. Conclusions
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