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Jiik AUC  WRE  BURE RNRE
SCHR[16] 0.818 - 0.878 0.814
SCHR[17] - 0.821 0.889 0.570
ATk 0933 0.886 0.872 0.905
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FHIERERE, JERIHZIEE | SCRRm Bl 22
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Wi 4% PHbIX 6 RSB AN FIVERES SR, Rl
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Glioma grading prediction based on radiomics and ensemble learning

DAI Hong, FU Randi", JIN Wei
( Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China )

Abstract: Glioma grading before surgery is very critical for the treatment planning and prognosis. In order to
improve the grading accuracy, a non-invasive method for predicting the glioma grades based on radiomics and
ensemble learning is proposed. First, 428 radiomics features are obtained from the region of interest (ROI) with
different sequences. Feature selection is executed using Recursive Feature Elimination (RFE) algorithm, and 6
different machine learning algorithms are used to predict the glioma grade. Then, according to the evaluation
results, three best classifiers, that is, Logistic Regression (LR), Decision Tree (DT) and Multilayer Perceptron
(MLP), are selected as the machine learning algorithm for Glioma grading. Finally, these three classifiers are
used for ensemble classification with a voting mechanism. The performance of hard and soft voting mechanism
is also evaluated. Experimental results show that on the dataset BraTS2019, the hard voting mechanism based
ensemble learning algorithm achieved the best performance, with the AUC value of 0.93340.031, the accuracy of
0.886+0.048, the sensitivity of 0.872+0.077, and the specificity of 0.905+0.105. The presented work not only
increases the interpretability of glioma grading model, but also ameliorates the grading accuracy.

Key words: glioma grading; radiomics; recursive feature elimination; ensemble learning
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