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Semi-supervised skin cancer diagnosis based on
self-feedback threshold learning

HAN Shuo', YUAN Weicheng', DU Zeyu’
(1. College of Basic Medicine, Hebei Medical University, Shijiazhuang 050017, China;
2. School of Health Science, University of Manchester, Manchester M139PL, UK)

Abstract: To address the challenges associated with the need for a large amount of annotated data in
supervised skin cancer diagnosis models, such as the high cost, time consumption, and fatigue experienced
by medical experts during annotation, this study proposes a semi-supervised skin cancer diagnosis method
based on Self-Feedback Threshold Learning (SFTL). Building upon the ResNet network pre-trained with
labeled data, a global and local class pseudo — label self — feedback threshold learning mechanism is
introduced to dynamically select unlabeled samples with ResNet prediction probabilities exceeding the self-
feedback threshold. Unsupervised threshold learning loss and classification cross-entropy loss are
incorporated for model training, thereby deeply mining the diagnostic information from unlabeled data
when labeled samples are scarce and significantly reducing the misdiagnosis rate in unlabeled skin lesion
images. Experimental validation was conducted using the publicly available HAMI10000 skin lesion
dataset, achieving an accuracy of 0. 8229 and an F1 score of 0. 7651 with only 50% of the data labeled. The
results demonstrate that the proposed SFTL model effectively addresses the skin cancer diagnosis task in

semi-supervised scenarios and outperforms other compared methods in terms of classification performance.
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Fig. 1 Semi-supervised algorithm framework based on SFTL model
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Tab.1 Experimental results of SFTL with different labeled data scales

PRICHEA SR HIZTES Kappa %1 F1 # I 4 15
500 0.752 8 0.624 1 0.7319 0.752 8 0.7311

1 000 0.788 9 0.707 8 0.780 7 0.788 9 0.782 8

1 500 0.792°9 0.726 7 0.787 6 0.792°9 0.787 9

2 000 0.8117 0.751 4 0.805 0 0.805 0 0.802 7

2 500 0.8229 0.7651 0.819 3 0.8229 0.817 5

5 000 0.855 4 0.813 6 0.8518 0.8518 0.8510

®2 FSFTIL ERATHLER

Tab. 2 Experimental results without SFTL module

PRiCHE A RS Kappa & 41 F150% # I i 0
500 0.747 8 0.641 0 0.641 0 0.747 8 0.747 8
1 000 0.788 7 0.712 4 0.7813 0.788 7 0.788 7
1500 0.794 1 0.794 1 0.787 7 0.787 7 0.783 8
2 000 0.813 7 0.783 8 0.809 3 0.813 7 0. 806 7

2 500 0.820 3 0.760 5 0.8151 0.815 1 0.812 0
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Fig.2 Performance comparison between SFTL model with other state-of-the-art models
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Fig.3 ROC curve of each category in Fig. 4 ¢-SNE visualization in this model
SFTL model under 500 annotated samples under 2 500 annotated samples
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Fig. 5 Ablation results of SFTL under different equilibrium parameters
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