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Intelligent auxiliary model based on Swin-Transformer for
diagnosing fetal ocular malformations
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[Abstract] Objective To observe the value of intelligent auxiliary model based on Swin-Transformer for diagnosing fetal
eye malformations. Methods A total of 1 282 ophthalmic ultrasound images of fetuses with ocular malformations
confirmed by prenatal screening and 526 ophthalmic ultrasound images of normal fetuses were retrospectively collected and
divided into training set, validation set and test set in a ratio of 8 ¢ 1 ¢ 1. An intelligent auxiliary diagnosis model was built
based on Swin-Transformer, and its efficiency for diagnosing fetal eye malformations was compared with that of MobileNet-
V2, ResNet-50, VGG-16 and Vision-Transformer models. Results Intelligent auxiliary diagnosis model based on Swin-
Transformer achieved a sensitivity of 88.31% ., specificity of 97.37%, area under the receiver operating characteristic
(ROC) curve of 0. 990, precision of 87.31% and F1 score of 87. 71% for diagnosing fetal ocular malformations in test set,
all superior to those of the other 4 mainstream models. Swin-Transformer model exhibited a high degree of focus in all
anomaly diagnosis heat maps, with clear clustering shown by confusion matrix analysis. ROC curve showed that Swin-
Transformer model had the best performance in simultaneously diagnosing each anomaly, its t-SNE feature distribution
clustering boundary was clear, and the performance was stable. Conclusion Intelligent auxiliary model based on Swin-
Transformer exhibited high accuracy and stability for diagnosing fetal eye malformations. promising to provide crucial
technical support for the auxiliary diagnosis of fetal ocular malformations.
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