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Fig.4 Model establishment and selection process
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Tab. 3 Performance evaluation of different models
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SVM 0.81 0.79 0.61 0.65
RF 0.63 0.71 0.34 0.59
KNN 0.59 0.70 0.30 0.59
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Prediction of soft tissue sarcoma metastasis by PET-CT image texture features

Shen Junli, Yu Kun

(School of Computer and Information Engineering, Henan Normal University, Xinxiang 453007, China)

Abstract: This paper proposes an auxiliary diagnostic method for soft tissue sarcoma metastasis prediction. This method
extracts 105 features which include 24 features of the Gray Level Co-occurrence Matrix(GLCM)and other 81 grayscale features
by analyzing the texture features of FDG-PET and CT diagnostic images. Machine learning algorithms such as Support Vector
Machine(SVM) , K-Nearest Neighbor(KNN)and Random Forest(RF)are used to build prediction models, and their parameters
are optimized by grid search method. Finally. the models are evaluated by the leave-one-out cross-validation method. By evalua-
ting the performance of each model, support vector machine can be selected as the final prediction model, and the average accu-
racy of 80% is obtained. In addition, the sensitivity and specificity of this model reached 81% and 79 % respectively, indicating
that the predicted results of this model have certain reliability, which can be used to aid diagnosis of STS and improve patient
outcomes through better adaptive treatment.

Keywords: soft tissue sarcoma; texture feature; machine learning; metastatic prediction

[REHK FRER BEdf]



