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Application of artificial intelligence in identifying hilar cholangiocarcinoma and perineural invasion

GU Xiao-qiangl, YU Wen-longz, CHEN Ying3, WEI Pei-lian', DONG Wei', QIAN Jian-xin', YU Guan-zhen'’

1. Department of Oncology, Longhua Hospital Affiliated to Shanghai University of Traditional Chinese Medicine, Shanghai
200032, China

2. Department of Surgery, Eastern Hepatobiliary Surgery Hospital, Naval Medical University (Second Military Medical
University), Shanghai 200438, China

3. Department of Gastroenterology, Changhai Hospital, Naval Medical University (Second Military Medical University), Shanghai
200433, China

4. Department of Pathology, Eastern Hepatobiliary Surgery Hospital, Naval Medical University (Second Military Medical
University), Shanghai 200438, China

[ Abstract | Objective To establish an artificial intelligence (AI) algorithm model for the diagnosis of hilar
cholangiocarcinoma (HC) and to evaluate its ability to recognize tumor cells and perineural invasion (PNI). Methods Al
algorithm was used for deep learning on 825 HC and 175 non-cancerous tissue images (600 for training set, 300 for test
set, and 100 for comparison set). The neural network combined with GoogLeNet and DenseNet with different parameters
was used for feature extraction and deep learning of HC cells and PNI. The AI algorithm model was compared among
3 pathologists (1 associate chief physician, 1 attending physician and 1 resident) in judging the presence or absence of tumor
and the proportion of tumor cells. Results The AI algorithm based on deep learning could accurately identify tumor cells
and PNI in HC tissue sample images. The Al algorithm was as good as experienced associate chief physicians in the department
of pathology in diagnosing tumors, and was better in estimating the proportion of tumor cells. Conclusion Al algorithm
model is helpful in identifying HC cells and PNI.
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Fig1 Process of Al deep learning network detecting tumor cells

A: Labeling team and labeling content; B: Deep learning process. Al: Artificial intelligence; IHC: Immunohistochemistry; H-E:

Hematoxylin-eosin.
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Fig2 IHC staining helps Al to identify poorly differentiated tumor cells in pathological slides (400 <)

A: Well differentiated bile duct carcinoma cells; B, C: Poorly differentiated tumor cells. IHC: Immunohistochemistry; Al: Artificial

intelligence; H-E: Hematoxylin-eosin.
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Fig3 PNI in H-E staining pathological sections of HC
tissues recognized by Al algorithm
A-C: Al algorithm identifying the neural tissues in HC tissues
(200 X); D: Al algorithm showing the site of HC cell invasion in the
large section (40 X). Blue indicates PNI, and red indicates tumor
cells. Al Artificial intelligence; HC: Hilar cholangiocarcinoma;

H-E: Hematoxylin-cosin; PNI: Perineural invasion.
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A: Three pathologists selected 100 pathological pictures (H-E staining, 200X to evaluate the use of Al algorithm in the real world.

B: H-E staining images (40X) of 2 cases (No. 28 and 42) of high-grade intraepithelial neoplasia tissue samples and 1 case (No. 20)

of carcinoma tissue sample which were inaccurately detected by Al algorithm. The image in the black box (400 X) is an enlarged

area of the red circle. C: The ability of pathologists and Al algorithm to identify whether it was a tumor and the proportion of tumor

cells or PNI. The cases in the blue imaginary box were the diagnostic accuracy of tumor, and those in the red imaginary box were the

proportion of tumor cells and whether there was PNI. Al: Artificial intelligence; H-E: Hematoxylin-eosin. PNI: Perineural invasion.
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