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[ Abstract] Objective To explore the role of automatic MRI image segmentation technology based on deep learning in the pre-
diction of placenta accreta spectrum (PAS) disorders. Methods Late pregnancy placental MRI images from January 2016 to May
2022 in Sichuan Provincial People’s Hospital were collected. The training set included 760 images of 58 patients with PAS and 596 im-
ages of 41 patients without PAS. The test set included 232 images of 18 patients with PAS and 161 images of 11 patients without PAS.
After the training, the diagnostic results were compared with those of attending physicians and residents at the department of imaging.
Results The sensitivity of the Nasnet neural network in the binary classification model was 100% for predicting the occurrence of
PAS. The specificity of the model was 90.9% . The accuracy was 96.5% and AUC was 0.986. In predicting the occurrence of PAS,
the sensitivity of the residents group was 72.0% , the specificity was 63.6% and the accuracy was 68.9% . The sensitivity of the atten-
ding physicians group was 88.8% , the specificity was 81.8% and the accuracy was 86.2% . There was significant difference when
comparing the accuracy between the resident group and the classification model (P<0.05). Thus, the accuracy of the binary classifica-
tion model to predict PAS was much better than that of the resident group. However, there was no significant difference in sensitivity
and specificity between the resident group and the binary classification model (P> 0.05). There was no significant difference in the
prediction effect between the attending physician group and the binary classification model (P> 0.05). Moreover, Kappa value was
0.776, suggesting a great agreement between the two methods. Conclusions  Conclusion Automatic MRI image segmentation based on
deep learning technology is feasible in predicting PAS.

[Key words]  Placental accreta spectrum disorders; Deep learning; Magnetic resonance imaging; Artificial intelligence;
Risk prediction
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