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Deep learning models for automatically differentiating endometrial
polyps and submucosal fibroids in conventional ultrasound
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[Abstract] Objective To explore the value of deep learning (DL) models for automatically differentiating endometrial
polyps and submucosal fibroids in conventional ultrasound. Methods A total of 1 291 individuals who underwent
transvaginal ultrasound examination were retrospectively enrolled and randomly divided into training set (n=1 166,
including 572 cases of endometrial polyps, 215 cases of submucosal uterine fibroids and 379 normal controls) and validation
set (n=125, including 59 cases of endometrial polyps, 23 cases of submucosal uterine fibroids and 43 normal controls) at
the ratio of 9 ¢ 1. Based on conventional ultrasonic images, 8 convolutional neural networks, including DenseNet-121,
DenseNet-201, EfficientNet-BO, VGG-16, MobileNetV2, ResNet-18, ResNet-34 and Inception-v3 were used to construct
DL models for automatic identification of endometrial polyps, submucosal uterine fibroids and normal uterus, and the
classification performance of each DL model in validation set was evaluated. Results The mean precision, recall and F1
scores of 8 models for differentiating endometrial polyps, submucous fibroids and normal uterus were all 73.00%—
86.00% , among which the mean precision (85.22%), recall (80.69%) and F1 score (82.46%) of Inception-v3 model
were all relative higher. Gradient-weighted class activation mapping analysis showed that the regions of interest identified of
Inception-v3 model during feature extraction highly overlapped with the key regions of interest in clinical diagnosis. The
visualization results of t-distributed stochastic neighbor embedding indicated that Inception-v3 model had a strong feature
representation ability in three-classification task and best overall classification performance. Conclusion DI models could
be utilized to differentiate endometrial polyps and submucosal fibroids in conventional ultrasound, among which Inception-
v3 model demonstrated the best performance.
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