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[ Abstract] Objective To develop a deep learning-based segmentation model MT-UNet to automati-
cally segment bone metastases and benign bone lesions in bone scintigraphy with SPECT/CT. Methods A
total of 93 patients (48 males and 45 females, age 28—84 years) who underwent bone SPECT/CT in the
Department of Nuclear Medicine, General Hospital of Northern Theater Command from June 2023 to Decem-
ber 2023 were enrolled retrospectively in this study, with a total of 184 bone lesions (94 benign lesions and
90 metastatic tumors ). The MT-UNet was employed to segment bone lesions in SPECT, CT and SPECT/CT
images respectively. Comparative analysis with 8 segmentation models was performed. The training set and
validation set were divided by using 5-fold cross-validation and transfer learning was introduced to further
enhance the robustness of the model. An additional cohort of 22 patients ( 15 males and 7 females, age 37—
87 years) who received bone SPECT/CT in the Department of Nuclear Medicine,, General Hospital of North-
ern Theater Command from April 2023 to May 2023 were included, comprising 40 bone lesions (22 benign
lesions and 18 metastatic tumors) as the test set of MT-UNet. Segmentation performance of different models
was assessed using accuracy, sensitivity, specificity, AUC, intersection over union and Dice similarity coef-
ficient (DSC). Delong test was used to compare the segmentation efficacy among different models in the test
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set. Results In the validation set, MT-UNet demonstrated DSC of 0.940, 0.962, and 0.963 for SPECT,
CT, and SPECT/CT bone lesion segmentation, respectively, which were outperformed other models. Follow-
ing transfer learning implementation, the SPECT/CT model’s DSC was improved to 0.984. In the test set,
MT-UNet maintained comparable segmentation performance to the validation set, with significant AUC
differences among the three models ( Z values: from —15.42 to =9.27, all P<0.01). Compared with conven-
tional image interpretation, MT-UNet-based segmentation reduced physician interpretation time from 164 min
to 102 min. Conclusion MT-UNet has shown good performance in automatic segmentation of bone metasta-
ses and benign bone lesions, and is expected to become an important part of SPECT/CT image intelligent
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diagnosis system for bone metastases.
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