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A feasibility study of modified Transformer model for intelligent generation of
ultrasound report on breast nodules

WANG Yi,ZHOU Xinyi, XU Liming, DENG Dan, RAN Haitao
Department of Ultrasound , the Second Affiliated Hospital of Chongqging Medical University , Chongqing 400010, China

ABSTRACT Objective To employ a modified Transformer model for intelligent generation of ultrasound reports on
breast nodules, and to preliminarily explore the feasibility.Methods The ultrasound images of 832 patients with breast nodules
(1284 nodules in total) were collected to construct the BND dataset. A modified Transformer model was introduced to
intelligence analyze the BND dataset and generate the corresponding text report , which was compared with the Ensemble Model ,
SSD and R-FCN models, respectively. Moreover, the LGK dataset was introduced to compare the modified model with TieNet,
Kerp, VTI, RNCM models, respectively. The performance of the models was evaluated by BLEU score. Results  In the BND
dataset, the BLEU-1, BLEU-2, BLEU-3 and BLEU—4 scores of the modified model were 0.547, 0.474, 0.352 and 0.282,
respectively, which were higher than those in Ensemble Model, SSD and R—FCN models. In the LGK dataset, the BLEU-1,
BLEU-2, BLEU-3 and BLEU-4 scores of the modified model were 0.579, 0.391, 0.288 and 0.152, respectively.
Conclusion The modified Transformer model exhibits the ability to quickly identify breast nodules and generate standard reports
independently. Compared with Ensemble Model, SSD and R—FCN models, it achieves a higher BLEU score. Furthermore, the
modified model demonstrates exceptional performance on the LGK dataset,indicating it has strong text generalization capability.
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