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Abstract

Analysis of Overseas Research Trends in Tongue Image-Based Cancer Diagnosis Using
Artificial Intelligence
Kwang Wook Yu!, Seo Yeon Heo!, Hyun Gyu Maeng', Min Gun Lee!, Yong Taek Oh!, Anna Kim?"

!College of Korean Medicine, Woosuk University

KM Data Division, Korea Institute of Oriental Medicine

Abstract

Tongue diagnosis has been a primary tool for disease diagnosis in traditional
medicine. With recent advances in artificial intelligence technology and efforts to
objectify image analysis, this study aims to systematically organize research on
Al-based tongue diagnosis image analysis. By comparing disease groups, applied
technologies, and predictive performance, it seeks to present the international status
of cancer diagnosis research and the clinical applicability for early cancer detection.
This study collected literature from PubMed using the terms ‘Artificial Intelligence’,
‘Neoplasms’, ‘Tongue’, ‘image’, related MeSH terms, and free text. Disease groups
included gastric cancer, oral cancer, lung cancer, and tongue cancer, with machine
learning and deep learning techniques such as CNN, ResNet, U-Net, DBN, and CGTO
employed. This review examines the potential application of artificial intelligence in
tongue-based cancer diagnosis, aiming to suggest the direction for next-generation
radiology and early cancer diagnosis.

Key words

Artificial Intelligence, Tongue Diagnosis, Cancer Detection, Deep Learning, Medical Image
Analysis
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