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Objective To develope a deep learning algorithm for pathological classification of chronic gastritis and assess its
performance using whole-slide images (WSlIs).

Methods We retrospectively collected 1,250 gastric biopsy specimens (1,128 gastritis, 122 normal mucosa)
from PLA General Hospital. The deep learning algorithm based on DeepLab v3 (ResNet-50) architecture was
trained and validated using 1,008 WSIs and 100 WSIs, respectively. The diagnostic performance of the algorithm
was tested on an independent test set of 142 WSIs, with the pathologists” consensus diagnosis as the gold standard.
Results The receiver operating characteristic (ROC) curves were generated for chronic superficial gastritis
(CSuG), chronic active gastritis (CAcG), and chronic atrophic gastritis (CAtG) in the test set, respectively. The
areas under the ROC curves (AUCs) of the algorithm for CSuG, CAcG, and CAtG were 0.882,0.905 and 0.910,
respectively. The sensitivity and specificity of the deep learning algorithm for the classification of CSuG, CAcG,
and CAtG were 0.790 and 1.000 (accuracy 0.880), 0.985 and 0.829 (accuracy 0.901), 0.952 and 0.992 (accuracy
0.986), respectively. The overall predicted accuracy for three different types of gastritis was 0.867. By flagging
the suspicious regions identified by the algorithm in WSI, a more transparent and interpretable diagnosis can be
generated.

Conclusion The deep learning algorithm achieved high accuracy for chronic gastritis classification using WSIs.
By pre-highlighting the different gastritis regions, it might be used as an auxiliary diagnostic tool to improve the
work efficiency of pathologists.
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INTRODUCTION

ASTRIC biopsies cover a significant
part of the daily work of pathologists.
Among the biopsies, chronic gastritis
occupies the most of the gastric speci-
mens. Several pathological classification systems for
chronic gastritis are proposed.™™ In order to achieve
standardization in drafting pathological reports for
gastric biopsies, pathologists in China usually cate-
gorize chronic gastritis into three subgroups: chronic
superficial gastritis (CSuG), chronic active gastri-
tis (CAcG), and chronic atrophic gastritis (CAtG) in
clinical workflow. With the continuous growth of the
number of gastric specimens, there is a great short-
age in anatomical pathologists both nationally and
globally, which has created overloaded workforces
for pathologists, thus effecting diagnostic accuracy
of gastric biopsies. ®
Deep learning is a computer algorithm that
learns by itself through a large number of examples
without the need for people to set up rules. One of the
deep learning algorithms, Convolutional Neural Net-
work (CNN), has been proven to have great advan-
tages in recognition of whole-slide images (WSIs).!” ®
Many studies have demonstrated that CNN
achieved high sensitivity and specificity in WSI clas-
sification, including lung cancer,”® prostate cancer,/”
cutaneous melanoma,! bladder cancer,!*” and met-
astatic carcinoma of lymph node.!* ** However, there
are limited researches about the CNN in gastritis WSI
recognition. To date, there is only one study using
CNN in inflammatory gastrointestinal pathology,!*
which showed promising results in interpreting gastric
biopsies, including normal mucosa, Hpylori gastri-
tis, and reactive gastropathy. However, the amount
of data in this study is small, and chronic gastritis,
which occupies most of the gastric biopsy specimens,
has not been further classified. Therefore, the aim of
our study is to develop a pathological classification
system for chronic gastritis and test its performance
using WSIs.
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MATERIALS AND METHODS

Image data and reference standard diagnosis
The study was approved by the institutional review
board of Chinese People's Liberation Army General
Hospital (PLAGH) (no. S2018-163-01). The informed
consents were waived because of the retrospective
study and anonymization.

A total of 1,250 gastric biopsy specimens (1,128
gastritis, 122 normal mucosa) which included CSugG,
CAcG, CAtG and normal mucosa were retrospective-
ly selected from patients who underwent biopsy for
clinical care at PLAGH since October 1, 2019. Refer-
ence gold standard was established for each of 1,250
cases. Two senior specialists in pathology department
independently reviewed the glass slides to confirm the
diagnosis. For the slides with inconsistent diagnoses,
the two specialists reviewed the case together using a
multi-headed microscope to reach a consensus.

The PLAGH dataset was partitioned into three
parts using random stratified sampling: (1) train-
ing dataset: 1,008 WSIs; (2) validation dataset: 100
WSIs; (3) test dataset: 142 WSIs (Table 1). Slides
were scanned with a KF-PRO-005 (KONFOONG BIO-
TECH) at a resolution of 0.238 pm/pixel. Scanned
WSIs were reviewed for image quality assessment.
WSIs with defects such as missing tissue or large out-
of-focus regions were rescanned.

Image annotations

Pixel-level annotations were performed by pathologists
from PLAGH on 1,250 WSIs. The annotation for CNN
training was conducted using an iPad-based annotation
system. In the process, different colors represent differ-
ent labels. Pink, red, and purple represent CSuG, CAcG,
and CAtG, respectively. Green represents normal gastric
mucosa, and brown represents poor quality and neglect
area. The annotation procedure of a WSI comprised
three steps: the initial labeling stage, the verification
stage, and the final check stage. A slide was first ran-
domly assigned to a pathologist. Once the labeling was
finished, the slide and annotations were then passed

Table 1. Pathological characteristics of the whole-slide images datasets for gastritis WSIs (n)

Datasets Normal mucosa  Chronic superficial gastritis ~ Chronic atrophic gastritis ~ Chronic active gastritis Total
Training set 101 671 83 153 1008
Validation set 10 29 15 46 100
Test set 11 81 21 29 142
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on to another pathologist for review. In the final step, a
senior pathologist would check all WSIs that had passed
the prior two steps. In the annotation process, false an-
notation would be sent back for a second-round review.

Deep learning algorithm development
The chronic gastritis classification system used Deep-
Lab v3 with ResNet-50 as the backbone. The deep
learning algorithm was able to give pixel-level predic-
tion. The algorithm was built with TensorFlow on an
Ubuntu server. We used data parallel with four GPUs to
accelerate the training process. The hyperparameters
were set as follows: optimizer used ADAM (Adaptive
Moment Estimation); learning rate was 0.0005; batch
size was 128 (i.e., 32x4 GPUs), and iteration was
400,000. The training patch size, data augmentation
method, and post-processing methodologies were
consistent with our gastric cancer detection algorithm.
151 After filtered the background with Otsu’s algo-
rithm, we cropped the training slides into patches with
the size of 320x320 pixels. It needs to be noted that
each pixel corresponds to only one label. The training
set contained 197,450, 31,708 and 19,281 patches for
CSuG, CAcG and CAtG, respectively. A total of 126,172
patches were obtained for normal mucosa. During the
training process, we used random mirroring, 90-, 180-,
270-degree rotation, brightness, contrast, hue, and
saturation perturbations to enhance the robustness of
the algorithm under different staining configurations.

During inference, the algorithm outputs the pix-
el-level probability for each gastritis type. To get the
slide-level prediction, following our previous work,™
we took the average of top 1000 pixel-level probabili-
ties. The final heat map was displayed in the form of
different colors representing various gastritis types.
We used the pathologists’ consensus diagnosis as the
gold standard for assessing the algorithm. The inflam-
mation type was given if the diameter of the predicted
area was greater than 0.1mm (physical). We used four
metrics, i.e., area under the receiver operating charac-
teristic (ROC) curve (AUC), sensitivity, specificity, and
accuracy, to characterize the algorithm performance.
The definitions of the metrics are:

sensitivity=TP/(TP+FN),

specificity=TN/(TN+FP),

accuracy=(TP+TN)/Total numbers,
where TP, FP, TN, and FN represent true positive,
false positive, true negative, and false negative,
respectively.
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RESULTS

To evaluate the deep learning algorithm perfor-
mance, a test set of 142 WSIs, independent of the
training and validation set, was used to compare the
algorithm predicted diagnosis with the gold standard
diagnosis. ROC curves were generated for each type of
gastritis. The deep learning algorithm achieved AUCs
of 0.882, 0.910, and 0.905 for CSuG, CAtG, and CAcG,
respectively (Figure 1). The sensitivity and specificity
of the deep learning algorithm for the classification of
CSuG was 0.790 and 1.000 (accuracy: 0.880), of CAtG
was 0.952 and 0.992 (accuracy: 0.986), and of CAcG
was 0.985 and 0.829 (accuracy: 0.901), respectively
(Table 2). The overall predicted accuracy for three
pathological subtypes of gastritis was 0.867.

A more transparent and explanatory diagnosis
was provided by highlighting the gastritis types using
different colors by deep learning algorithm in WSIs.
Red, green, and yellow were used to represent the
predicted CSuG, CAtG, and CAcG regions, respectively.
We used probability argmax to obtain the pixel-level

—— Chronic Superficial Gastritis (AUC=0.882)
—— Chronic Atrophic Gastritis (AUC=0.910)
— Chronic Active Gastritis (AUC=0.905)
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Figure 1. Receiver operating characteristic (ROC) curves
of the deep learning algorithm for diagnosis of gastritis in
the test set

Table 2. Efficacy metrics of the deep learning algorithm
for three subtypes of gastritis

Pathological subtypes Sensitivity Specificity Accuracy

Chronic superficial gastritis 0.790 1.000 0.880
Chronic atrophic gastritis 0.952 0.992 0.986
Chronic active gastritis 0.985 0.829 0.901
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predictions. Figure 2 shows 3 cases of different gas-
tritis in test set that were correctly diagnosed by the
deep learning algorithm. Figure 3 shows 2 cases of
gastritis in test set that were incorrectly classified by
the deep learning algorithm.

DISCUSSION

In previous study, we have developed a deep
learning algorithm for gastric cancer detection, and
it achieved a sensitivity near 100% and an average
specificity of 80.6% in a real-world testing dataset
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(3,212 WSIs).!**! In this current study, we developed
a deep learning algorithm for pathological classifi-
cation of chronic gastritis. Our results demonstrated
that the performance of the deep learning algorithm
achieved accuracies of 0.880, 0.986, and 0.901 for
CSuG, CAtG, and CAcG, respectively. Because of the
lack of pathologists and the increasing incidence of
cancer, pathologists currently have to examine a large
number of slides to make a final diagnosis. The biggest
benefit of flagging regions of interest is that it reveals
insights into network decisions. As shown in Figure 2,
the majority of chronic gastritis subtypes in WSIs were

Figure 2. Examples of chronic atrophic gastritis (CAtG) , chronic superficial gastritis (CSuG) and chronic active gastritis
(CACG) in test data set that were correctly diagnosed by the deep learning algorithm

(A) CAtG. (B) CSuG. (C) CAcG. Images on the left represent typical histological findings for the disease diagnosis. The
green, red, and yellow in the images on the right represent the predicted CAtG, CSuG, and CAcG regions, respectively. The
boxes in the lower right corner of (B) and (C) images represent the local magnification of the corresponding pane in the
image, which show the infiltrating inflammatory cells of different gastritis.

nosed by the deep learning algorithm

(A) CSuG was misdiagnosed as CAtG. (B) CAtG was misdiagnosed as chronic active gastritis (CAcG). Images on the right
are the outputs of the deep learning algorithm. The green and yellow colors represent the predicted CAtG and CAcG re-
gions by the algorithm.
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correctly recognized, which confirmed that the neural
network we used could accurately distinguish features
to make a decision. Therefore, this technique might be
employable as a supplemental screening tool by auto-
matically pre-screening and highlighting the interested
regions prior to review. Compared with the research
of Martin and his colleagues, our algorithm has larger
volume of training data and more precise annotation of
the images, which may be the reasons for the better
performance.!*"

We performed a thorough analysis on the predict-
ed results by deep learning algorithm to further improve
the pathologists’ confidence for the artificial intelligence
system. As shown in Figure 3A, CSuG was misdiag-
nosed as CAtG due to some degree of morphological
overlap between these two kinds of gastritis in some
areas. For CAtG, the number of glands was significantly
reduced within mucosal layer. As shown in Figure 3B,
the deep learning algorithm mistakenly predicted the
smooth muscle layer as the area of CAtG, probably be-
cause there is no gland structure in this region, which
demonstrated that the algorithm did not fully learn the
differences between CAtG and normal mucosa. Although
in the training process of deep learning algorithm, we
have added normal gastric mucosa WSIs, expanding
the sample size is needed in future study to avoid this
mistake. Furthermore, in the prediction process, the
algorithm also mistakenly classified the normal mucosa
as CSuG, which may attribute to that normal gastric
mucosa may be inevitably labeled as CSuG in annota-
tion process, because practically normal gastric mucosa
is always mixed with CSuG regions in a specimen. Oth-
er reasons for false results include poor image quality,
such as section folds, knife marks, and overstaining, as
have demonstrated in previous studies.!” ! ¢!

This study had several limitations. The pathological
subtypes of gastritis were complex. Our study only in-
cluded the most common chronic gastritis encountered
in routine pathological workflow. Secondly, differences
in the inherent difficulty of the test set will directly af-
fect the diagnostic performance of the deep learning al-
gorithm. In our study, the training and testing data set
come from one medical center, for which the algorithm
is likely to perform differently on external test set. Fu-
ture studies using WSIs from multiple centers in train-
ing and testing datasets are needed to make the system
universally useful. In addition, prospective studies are
needed to confirm our results with larger and more di-
verse datasets, and to address pathologists’ acceptance
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of this new technique.’

In summary, our research shows that the well-
trained deep learning algorithm has a high degree of
accuracy when using WSI to classify chronic gastritis.
Therefore, the deep learning algorithm can not only
be used as a supplementary diagnostic tool to high-
light different areas of gastritis in advance for review,
but also as an analog to a second opinion from fellow
pathologists.
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