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Application and evaluation of Vision-LSTM model in diagnostic ultrasound
imaging of Thyroid Imaging Reporting and Data System
Category 4b thyroid nodules

ZHANG Xinru, LI Yang, SUN Meng, NIE Wei, MA Zhe
(Department of Medical Ultrasound, The First Affiliated Hospital of Shandong First Medical University
& Shandong Provincial Qianfoshan Hospital, Jinan 250014, Shandong, China)

Abstract: Objective To evaluate the diagnostic accuracy and clinical utility of a Vision-LSTM-based artificial intelli-
gence ( AI) model in classifying Thyroid Imaging Reporting and Data System Category 4b ( TI-RADS 4b) thyroid nodules
on ultrasound. Methods  This study utilized ultrasound imaging data from 401 TI-RADS 4b thyroid nodules. A
Vision-LSTM model was developed and validated. The Al's diagnostic performance was compared against that of junior
and senior physicians using key metrics, including the area under the curve (AUC) and the precision-recall curve( PRC).
Results On an independent validation set, the Vision-LSTM model achieved an AUC of 0.88 and an accuracy of 89.4%,
significantly outperforming junior physicians (AUC: 0.624) and performing on par with senior physicians ( AUC: 0.787).
The model demonstrated a high capability for identifying complex sonographic features and delivering consistent diagnostic
outcomes.The Al model was able to accurately identify the complex features in ultrasound images, and consistently
produced consistent diagnostic results, demonstrating a high degree of accuracy and reliability. Conclusion The Vision-
LSTM-based Al model significantly improves the diagnostic efficiency and accuracy for TI-RADS 4b thyroid nodules,
showing great potential as an effective tool to support clinical decision-making and reduce physician workload.
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Table 1 Baseline characteristics and statistical comparisons of patients with thyroid nodules in TI-RADS category 4b
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PE5/n( %) 4.29 0.038
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W EANIEEER/n(%) 119(63.3) 131(61.5)
RHREANHEER/n(%) 151(80.3) 164(77.0)
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Figure 4 Confusion matrix for Vision LSTM model of training group ( A) and validation group (B)
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Figure 5 ROC curves of Vision LSTM model of training group (A) and validation group (B)
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