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[ Abstract ]| Objective  To establish an artificial intelligence ( Al) diagnostic model for the
histopathologic diagnosis of extramammary Paget’ s disease (EMPD) and to evaluate its efficiency for the
diagnosis and differential diagnosis of EMPD. Methods All non-tumor skin disease patients who underwent
skin tissue biopsy in Department of Dermatology of First Affiliated Hospital of Army Medical University from
September 2003 to February 2023 were recruited, and their pathological data were collected, including
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EMPD, Bowen’ s disease ( BD), squamous cell carcinoma ( SCC), and epidermal hyperplasia and
hypertrophy. With EMPD as the main research subject, the histopathological images of BD, SCC, and non-
tumor skin diseases were included in the study. The histopathological data of 4 types of diseases was classified
and diagnosed by ResNet101 and DenseNet121 deep learning neural networks, and the performance of these
models was evaluated. Results The AUC values of the ResNetl01 diagnostic model for the diagnosis of
EMPD, BD, SCC and non-tumor skin diseases on the images at X20 magnification were 0. 97, 0.98, 1. 00
and 0. 96, respectively, with an accuracy of 0. 925+0. 011, while the AUC values on the images at x40
magnification were 1. 00, 0.99, 1.00 and 0. 97, respectively, with an accuracy of 0. 943+0. 017. The AUC
values of the DenseNet121 diagnostic model for the diagnosis of 4 diseases on the images at X20 magnification
were 0.98, 0.95, 0.99 and 1. 00, respectively, with an accuracy of 0. 912+0. 034, while the AUC values on
the images at X40 magnification were 0.99, 0.96, 1. 00 and 1. 00, respectively, with an accuracy of 0. 971+
0.012. Our results indicated that the histopathologic diagnostic model could effectively differentiate EMPD
from BD, SCC and non-tumor skin diseases at low power magnification. The FLPOs of ResNetl01 was
786.6 M, and the parameter was 4.5 M; The FLPOs of DensNet121 was 289.7 M, and the parameter was
0.8M. Conclusion  Our Al diagnostic model is of good effectiveness in the diagnosis and differential

diagnosis of EMPD. DenseNet121 is recommended as the dermatopathological diagnostic model of this study.
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