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Construction of a comprehensive diagnostic workflow for salivary gland tumors
based on the comparison of images and pathology

Takuro, Horikoshi
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We aimed to construct a benign-malignant diagnostic model for salivary gland

tumors using deep learning techniques, specifically convolutional neural networks, and comparing
the results with pathological findings. To facilitate deep learning, tumor regions were manually
extracted by a radiologist from MRI images, including T2-weighted images, dynamic MRI, and
diffusion-weighted images, followed by image preprocessing. By comparing the performance of
individual modality training and combined training using all modalities, we found that the combined
training achieved a higher diagnostic accuracy than training with individual modalities alone. In
fact, the combined training outperformed specialized radiologists in the head and neck region,
achieving a diagnostic accuracy of 87%.
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Accuracy | Sensitivity | Specificity | PPV | NPV
Multimodal (FBZEFiE) 0.87 0.93 0.87 0.88 | 0.93
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