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The rapid progress in artificial intelligence (AI) technologies has made a significant impact on
medical image analysis, particularly in cancer diagnosis. The integration of Al algorithms into
histopathological image analysis holds promise for enhancing precision and efficiency in can-
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Table 1. Summary of studies using artificial intelligence in the head and neck cancer histopathological image analysis

Author Year (Creliets Algorithms Objectives Performance
subtype
Folmsbee, 2018 OSCC  Fully convolutional CNN  Cell type classification 3.26% greater performance
etal® than random learning
Shaban, 2019 OSCC  MobileNet Detecting tumor-infilirating lymphocyte Accuracy 96.31%
et al® abundance for prognostic purpose
ResNet
Halicek, et al.?” 2019 OSCC  Inception V4 Tissue classification AUC 0.916 (SCC test) 0.954
(thyroid cancer test)
Gupta, et al® 2019 OSCC  Self-proposed CNN Cell type classification Accuracy 89.3%
Das, et al.* 2020 OSCC  AlexNet Classification based on pathological Accuracy 97.5%
grading
VGG-16
VGG-19
ResNet-50
Self-proposed CNN
Kather, et al®” 2019 HNSCC VGG-19 Identification of virus drived cancer AUC 0.89 (HPV)
AUC 0.80 (EBV)
Klein, et al.’®” 2021 OPSCC DesneNet (classification)  Detection of HPV associated OPSCC AUC 0.80
U-Net (segmentation)
Chuang, et al.” 2020 NPC ResNeXt Identification of NPC AUC 0.99 (patch level)
AUC 0.9848 (slide level)
Corredor, 2022 OPSCC GAN (generative Discovery of biomarker that HR 2.56
etal? adversarial network) characterizes the spatial interplay
between TILs and surrounding cells
Yang, etal® 2023 HNSCC EfficientNet Immune subtype prediction Accuracy 99.31%
ShuffleNet-V2
ResNet-34

CNN, convolutional neural network; OSCC, oral squamous cell carcinoma; OPSCC, oropharyngeal squamous cell carcinoma;
HNSCC, head and neck squamous cell carcinoma; NPC, nasopharyngeal cancer; HPV, human papilloma virus; AUC, area under
the receiver operating characteristic curve; TIL, tumor-infiltrating lymphocyte; EBV, Epstein Barr virus; HR, hazard ratio
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