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Abstract Gastrointestinal stromal tumors (GIST) are the most common mesenchymal tumors of the gastrointestinal
tract with non-directional differentiation, varying malignancy potential and deficient specificity. Therefore, it is a more
concerned issue to diagnosis benign or malignant of GIST. However, it is relatively difficult to use pathological biopsy
and CT imaging to study solid tumors heterogeneity. This paper proposed a noninvasive method based on a large num-
ber of quantitative radiomics features extracted from CT images and SVM classifier to discriminate benign or malignant
of GIST. 120 patients with GISTs were enrolled in this retrospective study. Firstly, four non-texture features (shape
features) and forty-three texture features were extracted from the tumour region of CT images of each patiant. For the
initial feature set, ReliefF and forward selection were executed sequentially to feature selection. Then, SVM classifier
was trained by the optimal feature subset for benign or malignant discrimination of GIST. 14 texture features were se-
lected for the optimal feature subset from the original feature set. The AUC, accuracy, sensitivity and specificity of the
model were 0.9949,0.9277.,0. 9537 and 0. 9018 in the training set.and 0. 8524,0. 8313,0. 8197 and 0. 8420 in the test
set. The model established by the radiomics method provides a noninvasive detection method for predicting the benign or
malignant of GIST,and this mothed maybe as an auxiliary diagnosis tool to improve the accuracy efficiently for malig-
nant and benign discrimination of GIST.
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Fig. 1 Flowchart of data selection
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Table 1 Classification performance of classifiers based on different

feature selection algorithms

ReliefF+FS 0.8524 0.8313 0.8197 0.8420 14
Mutinffs+FS 0.8072 0.7462 0.7050 0.7885 6
Ecfs+FS 0.9120 0.7448 0.6458 0.8440 8
Fisher+FS 0.8349 0.7757 0.7072 0.8436 13
LO+FS 0.7369 0.6878 0.5881 0.7876 15
SVM-RFE+FS 0.8009 0.7176 0.6463 0.7902 15
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Table 2 Extraction parameters of 14 features in optimal feature

subset and their correlation with GIST categories

g R g1 B

e ww R+ % mxa AR
GLRLM /LRE 0.5 1 mm Equal 16 —0.5101
GLRLM /RP 0.5 2 mm Lloyd 32 —0.4964
GLCM/SumAverage 2 2mm Lloyd 32 —0.4843
GLRLM /RP 0.5 in-pR  Lloyd 8 —~0.5014
GLSZM/ZSV 2 4 mm Lloyd 8 —0.3977
GLRLM /RP 1.5 3mm Equal 64 —0.2283
GLRLM /SRE 1 1 mm Equal 16 —0.5058

GLRLM /LRE 2 5mm Lloyd 64 0.0094
Global/Kurtosis 1 in-pR Equal 32 —0.1542
Global/Skewness 0.5 3mm Lloyd 8 —0.3980
GLRLM /RLN 0.5 2mm Equal 16 —0.1136
NGTDM /Strength 1 1 mm Equal 16 —0.1930
GLCM/ Variance 2 3mm Equal 64 0.1119
GLCM/Homogeneity 2 in-pR Lloyd 8 —0.2394
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