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Abstract
Liver disease is a general term for all diseases that occur in the liver, including cirrhosis, tumors, and drug-
induced injury. Liver pathology reveals the pathological appearance of various common liver diseases.
Automated classi�cation of liver pathological features based on whole slide images can help observe
disease processes and assess drug e�cacy, and reduce scienti�c fraud. Using pathological slides of rat
liver induced by the chemical carcinogen TAA, we developed a deep-learning framework to detect
abnormal lesions in rat liver from whole histopathological slides. Our framework provides an objective
and reproducible method to observe liver lesions and also calculates the proportion of lesions in each
liver slide. The framework can also clearly delineate the edges of the liver, revealing whether there are
uneven, jagged or wavy surfaces. This tool not only discloses the multi-level pathological evolution of
cholangiocarcinoma, but also presents a visual image of the protective effect administered by H2.
Arti�cial intelligence-based algorithms are highly promising methods for studying cancer evolution,
assessing drug e�ciency, and reducing scienti�c misconduct.

Introduction
Scienti�c progress is based on the establishment of scienti�c integrity, and academic misconduct has
been a stumbling block in the way of scienti�c career1. Among them, image forgery occupies a certain
position, and with the development of technology, such as the emergence of powerful functions of
Photoshop, ImageJ and other graphics software, while providing convenience for researchers, it is also
abused by some authors who try to manipulate images, making the means of image forgery more
technical and covert2. In the face of such a critical situation, it is urgent and important to prevent image
fraud, which requires enriching techniques for deep image veri�cation. The easiest way to solve this
problem is to make the work of researchers accessible to non-specialists. For example, when evaluating
liver disease, researchers should provide slides of the entire liver, rather than partial zooms of selected
areas, and use technology to show all lesion slides of the entire liver, so that reviewers, editors, and even
laypeople can understand the presence of lesions and the effectiveness of treatment. Here, arti�cial
intelligence (AI) technology is one such technological tool.

Arti�cial intelligence (AI) is a technology that enables computer to mimic human intelligence. The
explosion of machine learning, especially deep learning, has led to a shift in the way we live our daily
lives3. Among other things, in the �eld of medicine, AI has enormous potential, whether in supporting
clinical diagnosis, patient management or treatment planning4. Given the sheer volume that characterizes
medical data itself, it provides room for continuous advancement in deep learning. It is currently excelling
in driving various imaging-related �elds, including but not limited to radiology5, oncology6 and digital
pathology7.

Nowadays, AI has been able to automatically detect tumor tissues, thus reducing the workload of
pathologists8. In addition, AI may be able to capture more of the histological features in predicting tumor



Page 3/15

staging than pathologists, and this is particularly noticeable in gastrointestinal and liver tumors9. Studies
have shown that tumor-in�ltrating lymphocytes are closely related to the prognosis of gastric cancer
patients, and tumor-in�ltrating lymphocytes on pathological tissues can be detected by Convolutional
Neural Network (CNN) models, thus providing a good predictive prospect for tumor prognosis10. In
hepatocellular carcinoma (HCC), AI models can predict survival after tumor resection more accurately
than a multifaceted composite total score11.In particular, AI has been shown to infer molecular and
genetic changes in cancer tissues from histological digital sections9. This indicates that the application
of arti�cial intelligence in pathology provides a good environment for the development of precision
treatment of digestive system tumors.

Liver lesions re�ect changes in the function and metabolism of the organism caused by external stimuli
or its own diseases12. By observing morphological and pathological changes in the liver, we can grasp
the onset and progression of various diseases and the body's response to drug e�cacy and toxicity. Liver
lesions in animal models mainly include in�ammatory diseases13, metabolic diseases14, and proliferative
diseases15. In previous studies, we established that thioacetamide(TAA)-induced abnormal proliferation
of intrahepatic bile duct epithelium leads to bile duct intraepithelial neoplasia, which is a precancerous
from of bile duct cancer16. We have used this model to intervene with aspirin, herbs, and hydrogen-rich
water with positive results. In the experiment with hydrogen-rich water intervention17,our algorithmic
model clearly shows the location and amount of liver �brosis, visualizes the differences between the two
treatment options, and provides objective quantitative indicators. However, there are two other main
features of this animal model that this algorithm does not address: one is the surface state of the liver
and the other is the difference between �brosis and neoplasia.

For these animal liver models, we have developed a new deep learning network for liver disease
segmentation to identify different pathological features of liver lesions, with the aid of arti�cial
intelligence to visualize the lesion sites and quantify the results more intuitively.

Methods
1. Pathology data sets

The data used in this study were pathological liver slides from rats. A total of 56 slides were used for
�brosis and tumor identi�cation, including 23 TAA pathological liver slides, 22 TAA+H2 pathological liver
slides, and 11 normal liver pathological slides. Due to the high resolution of the original pathology section
images, it tends to cause the problem of insu�cient computer memory. Therefore, the original images
must be cut into smaller patch images. In this regard, we cut each original image and its labeled image
into 100 patch images with a resolution of 768 × 768 to obtain a total of 5600 images, of which 4200
images were randomly selected as the training set and the remaining 1400 as the validation set, as
shown in Figure 1.

2. Contour Detection
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In the liver contour detection part, the images of animal pathological liver contours were extracted in this
study. Speci�cally, for the original image of pathology, the K-Means algorithm was used to segment the
region of interest in the image, and then the convex hull was removed and the hole was �lled, and the liver
edge contour in the form of edges was extracted, as shown in Figure 2A.

3. Identi�cation of tissue �brosis

Based on the liver contour extraction, the tissue �brosis was further identi�ed, and the whole process is
shown in Figure 2B. The dataset was trained, and the images were annotated with �brosis by ASAP data
annotation software to obtain the corresponding annotated images. In order to improve the extraction
accuracy of tissue �brosis, the regions with tissue �brosis are mainly clipped when cutting the patch
images.

In view of the good performance of U-NET in medical image segmentation, this study uses U-NET model
for end-to-end training of cropped pathological images. Before training, MODEL cuts ROIs from the
original images based on the �bered segmentation mask, resizes them to 256*256, and normalizes them.
The U-NET model used in this study has cross entropy as the loss function, a learning rate of 0.0001, a
maximum iteration step size of 100, and a downsampling rate set to 0.5. The Adam optimizer is used to
update the model parameters. To increase the diversity of the data and to avoid over�tting the model,
incremental processing of the data, such as rotation and mirroring, was performed before training. During
testing, the retained model was used to identify tissue �brosis in the original images to obtain the
proportion of tissue �brosis.

4. Tumor Identi�cation

Based on the identi�cation of tissue �brosis, the tumor was further identi�ed and the whole process is
shown in Figure 2C. Similarly, the dataset was trained and the images were labeled with tumors by ASAP
data labeling software to obtain the corresponding labeled images. Due to the small amount of tumor
data, the patch images were cropped to focus on the tumor region in order to improve the extraction
accuracy.

In this study, theNeural Conditional Random Field (NCRF) deep learningalgorithm proposed by Baidu
Research Institute is used to train cropped pathology images18.The NCRF algorithm inputs more than one
image, but cuts the image into a grid, along with the feature extractors around the image, to the CNN,
which encodes the feature extractors of each image block into a �xed vector representation, while using
neural conditions to airport modeling of the spatial relationships in the image to predict whether it is a
tumor cell or not. The entire algorithm can be trained end-to-end on the GPU without any post-processing.
During testing, the retained model is used to identify the tumor in the original image and obtain the tumor
proportion.

Results
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Pathological image recognition of animal liver lesions is mainly divided into three parts: liver contour
detection, tissue �brosis recognition and tumor recognition.The overall framework is shown in Figure 1.

1. TAA lesion liver

The TAA lesions were divided into 8, 12, 16 and 20-week groups according to the lesion cycles. Figure 3A
shows the recognition results of different cycles.In order to intuitively understand the in�uence of lesion
cycle on the lesion liver, we counted the proportion of �brosis, the proportion of tumor and the number of
tumor in pathological sections of TAA lesion liver with different lesion cycles, and took their average
value, as shown in Figure 3B, C, D.Among them, the mean proportions of liver �brosis in TAA lesions at 8,
12, 16 and 20 weeks were 2.05±0.11, 7.29±5.80, 29.2±11.54 and 31.44±8.03, the mean proportions of
tumor were 0±0, 0.01±0.02, 1.83±1.21 and 3.93±2.09, and the mean numbers of tumor were 0±0,
0.25±0.43, 5.25±2.68 and 4±2.05, respectively.This suggests that the proportion of �brosis and tumors in
the TAA lesioned liver increases with the duration of the lesion.

2. TAA+H2 lesions in liver

The TAA+H2 lesions were also divided into 8, 12, 16 and 20-week groups according to the lesion cycle.
Figure 4A shows the recognition results of different cycles.Just like TAA diseased liver, in order to
intuitively understand the in�uence of lesion cycle on the diseased liver, we counted the proportion of
�brosis, the proportion of tumor and the number of tumor in pathological sections of TAA+H2 diseased
liver with different lesion cycles, and took their average value, as shown in Figure 4B, C, D.Among them,
the mean proportions of liver �brosis in TAA lesions at 8, 12, 16 and 20 weeks were 2.35±0.88, 2.29±0.67,
20.07±16.51and 14.75±16.14, the mean proportions of tumor were 0±0, 0±0, 0.89±0.95 and 2.44±4.04,
and the mean numbers of tumor were 0±0, 0±0, 0.75±0.83 and 1.36±2.14, respectively. This suggests that
the proportion of �brosis and tumors in the TAA+H2 lesioned liver increases as the duration of the lesion
increases.

3. Comparison of TAA and TAA+H2 lesions in liver

In order to verify the effect of H2 on the liver with TAA lesions, the proportion of �brosis, the proportion of
tumor and the number of tumors were compared between TAA and TAA+H2 lesions. As can be seen from
Figure 5, the �brosis of the liver with TAA+H2 lesions is signi�cantly less than that of the liver with TAA
lesions, and there is no tumor area.The comparative statistical �gure is shown in Figure 5B, C, D. the
proportion of �brosis, the proportion of tumor and the number of tumor in the liver with TAA+H2 lesions
were all lower than that in the liver with TAA lesions in different cycles.The above results veri�ed that H2

has a good effect on TAA lesion liver.

Discussions
1. Innovative discoveries
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Our study provides strong evidence that a deep learning framework is useful for detecting abnormal
lesions in rat liver from whole histopathology slices. The high performance of our framework not only
provides an objective and reproducible method to visualize liver lesions, but also calculates the
proportion of lesions in the whole liver slice. Interestingly, our framework can clearly outline the edges of
the liver, showing if there are uneven, jagged or wavy surfaces. In addition, proliferative lesions that are
different from biliary �brosis are also correctly detected by our frame, which is then calculated and
numbered.

2. WSI Study of disease evolution

Cancer develops through a multi-step process of somatic cell evolution accompanied by a multi-step
morphological continuum of transformation from normal cells to preneoplastic to benign and then to
malignant tumors. Mutagenic forces lead to a time-scale accumulation of point mutations throughout the
cancer transformation process, observed in the progressively deteriorating morphology of healthy
tissue19. All these morphological pathological changes20, together with speci�c driver mutations21, can
be identi�ed and extracted by machine learning methods. Not surprisingly, automated histopathological
analysis depends on image features including cell size, shape, distribution of pixel intensities, texture of
cells and nuclei, and tumor microenvironment20. The multi-step process of CCA would go through normal
bile duct to biliary dysplasia to in�ltrative CCA, which can be pathologically reproduced by a rat model of
thioacetamide-induced22. The most important pathological changes include wavy rims in the liver, bile
duct hyperplasia and CCA with intense stromal demyelination (the latter is known as gallbladder �brosis),
whose image features are extracted with biological signi�cance. We built an automated pipeline to
identify these three objective features based on image labels annotated by trained pathologists. Our
machine learning model clearly shows the contours of the liver, identi�es the diffusely distributed liver
lesions in WSIs, and classi�es CCA from all lesions. Notably, our classi�er can systematically document
the histopathological evolution of TAA-induced biliary tract disease in rats.

3. Study of therapeutic effects and adverse effects of drugs

Machine learning techniques have proven useful in predicting drug response and synergism23and
adverse drug reactions24. For example, researchers have used cellular isolation methods to re�ect the
extent of drug effects on cells based on the cellular characteristics of cyclic drug administration25, and
other groups have developed an automated machine learning (AutoML) model to classify patterns of
drug-induced liver injury over whole slide images26..We previously developed an automated lesion
detection framework to detect liver lesions from whole slide images (WSIs), de�ned as Alesion. this AI
algorithm can observe the location and number of liver lesions in WSIs, clearly showing the treatment
effect of H2 compared to controls27. A limitation of this AI algorithm is that it does not distinguish
between the different pathological steps of biliary dysplasia and in�ltrative CCA. In this study, we selected
two additional informative features, namely wavy edges and cholangio��brosis, and optimized our
classi�er. After training and testing images with or without H2 treatment, our machine learning model
showed that the total Alesion, number and area of cholangio��brosis (originally called CCA) were
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effectively reduced by long-term treatment with H2. Our results also show that the model can be used to
assess the protective effect of hydrogen-rich saline on liver injury in another animal model28,as shown
inSupplementary Figure1.

4. Reduced falsi�cation

Scienti�c misconduct or research fraud is a global problem in health-related research. These misconducts
can be classi�ed into four categories: overall concern, textual concern, image concern and data
concern29. However, the tools to investigate all of these research misconducts are rudimentary and labor-
intensive29. One of the four types of research misconduct is pathological image misconduct. In previous
studies, pathology results were presented as small slices of speci�c magni�cations of HE or IHC rather
than WSIs of organs or tumor tissue.Fraudulent behavior can occur in this process, including selecting
only areas of interest and ignoring areas without lesions, or even taking representative photographs from
different parts of the same sample. Automated tools are needed to address these rising challenges. The
best way to do this is to present all lesions in WSIs in a way that can be easily understood by laypeople.
Despite the visualization and quanti�cation of liver lesions in Supplementary Figure 1, it is still di�cult to
distinguish whether these images are from different samples or from the same sample. Therefore, an
arti�cial intelligence-based automatic classi�er for WSIs would be an effective way to avoid this type of
scienti�c misconduct or research fraud.

Conclude
In the above paragraphs, we present a fully automated WSI-based deep learning framework to evaluate
liver lesions or treatment effects. The model can effectively re�ect the three manifestations of chemical
carcinogen-induced liver lesions. Thus, we provide a promising tool for future assessment of therapeutic
e�cacy, toxicity and tumor evolution in animals.

Abbreviations
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CCA: Cholangio��brosis
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Figure 1

Pathology dataset and deep learning network analysis �ow chart for liver disease segmentation.

A. Pathology dataset used in this model.The training set was composed of 4200 WSIs and the test set
was composed of 1400 WSIs. B. The main recognition of this model, including liver edge, liver �brosis
and Cholangio�brosis regions. C. The �owchart of the entire operational analysis of this model. There are
�ve steps including digital scanning of pathological slides, manual labeling, classi�cation and cutting of
training model, result analysis, and testing practice.
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Figure 2

Model for training to identify liver lesions.

A. Liver edge detection, the blue part is the identi�ed liver edge. B. Liver �brosis recognition network, the
white part is the identi�ed �brosis area. C. Liver tumor recognition network, the red part is the identi�ed
tumor area.
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Figure 3

AI identi�cation of TAA-induced liver lesions and quantitative analysis.

A. AI identi�cation of TAA-induced liver tissue lesions in rats under different cycle effects. B. Percentage
of liver �brosis. C. Percentage of bile duct �brosis. D. Number of liver tumors. T-test was used to
determine statistical signi�cance. * p < 0.05.
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Figure 4

AI identi�cation of liver lesions after TAA+H2 intervention and quantitative analysis.

A. AI identi�cation of liver histopathology in rats after different cycle effects of TAA+H2 treatment. B.
Percentage of liver �brosis. C. Percentage of cholangio�brosis. D. The number of liver tumors. T-test was
used to determine statistical signi�cance. * p < 0.05.
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Figure 5

Comparison of AI identi�cation of liver lesions after TAA induction and after TAA+H2 intervention and
quantitative analysis.

A. AI identi�cation of liver histopathology in rats after TAA and TAA+H2 treatment. B. Percentage of liver
�brosis. C. Number of liver tumors. D. Percentage of cholangio�brosis. T-test was used to determine
statistical signi�cance. * p < 0.05.
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