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Effects of MRI sequence and attention gates,residual networks on U-Net brain tumor segmentation model
ZHANG Ju,ZHU Wen-zhen, ZHANG Shun, et al. Department of Radiology, Tongji Hospital, Tongji
Medical College, Huazhong University of Science and Technology, Wuhan 430030, China

[Abstract] Objective: To investigate the impact of MRI sequence selection and attention gates,
residual networks on the accuracy of the U-Net brain tumor segmentation model. Methods: A total of
1251 brain tumor cases from the BraTS 2021 dataset were used, excluding cases lacking tumor image
features after cropping. The cases were divided into training, validation,and test groups in a ratio of 7:
2:1. Seven different sequence combinations (including T, WI, T, WI, T, FLAIR,and T, contrast-en-
hanced) were used to train the U-Net model. The Friedman test and pairwise comparison (significance
values were adjusted by the Bonferroni correction) were used to compare the Dice coefficients of the
test set. The baseline U-Net,attention U-Net,residual U-Net,and attention-residual U-Net were com-
pared using four-channel images in the same way. Results; The Dice coefficients of the 3-channel group
without T,-enhancement sequence were significantly lower than those of the other groups when seg-
menting the Gd-enhancing tumor and tumor core. When segmenting the whole tumor, the Dice coeffi-
cients of the 2-channel group without T, and T, FLAIR were significantly lower than those of the oth-
er groups. The Dice coefficients of the 3-channel group without T, FLAIR were significantly lower
than those of the other remaining groups,while the 4-channel group and the 3-channel group without
T, were significantly higher than the other groups. There was no significant difference between the
other groups. There were significant differences among the four U-Net models only when segmenting

the whole tumor. There was no significant difference in the corrected pairwise comparisons. Conclu-
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sion : The impact of MRI sequences on the segmentation performance of the U-Net model may be relat-

ed to the annotation protocol and the feature information contained in the sequence. In this study, the

exclusion of the T, sequence alone did not have a significant impact on the U-Net model. Compared to

attention gates,residual networks may have improved the segmentation accuracy of the U-Net model.
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