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Abstract
Background Distinguishing gastric epithelial regeneration change from dysplasia and histopathological diagnosis of dysplasia 
is subject to interobserver disagreement in endoscopic specimens. In this study, we developed a method to distinguish gastric 
epithelial regeneration change from dysplasia and further subclassify dysplasia. Meanwhile, optimized the cross-hospital 
diagnosis using domain adaption (DA).
Methods 897 whole slide images (WSIs) of endoscopic specimens from two hospitals were divided into training, internal 
validation, and external validation cohorts. We developed a deep learning (DL) with DA (DLDA) model to classify gastric 
dysplasia and epithelial regeneration change into three categories: negative for dysplasia (NFD), low-grade dysplasia (LGD), 
and high-grade dysplasia (HGD)/intramucosal invasion neoplasia (IMN). The diagnosis based on the DLDA model was 
compared to 12 pathologists using 100 gastric biopsy cases.
Results In the internal validation cohort, the diagnostic performance measured by the macro-averaged area under the receiver 
operating characteristic curve (AUC) was 0.97. In the independent external validation cohort, our DLDA models increased 
macro-averaged AUC from 0.67 to 0.82. In terms of the NFD and HGD cases, our model's diagnostic sensitivity, specific-
ity, positive predictive value (PPV), and negative predictive value (NPV) were significantly higher than junior and senior 
pathologists. Our model's diagnostic sensitivity, NPV, was higher than specialist pathologists.
Conclusions We demonstrated that our DLDA model could distinguish gastric epithelial regeneration change from dyspla-
sia and further subclassify dysplasia in endoscopic specimens. Meanwhile, achieved significant improvement of diagnosis 
cross-hospital.
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Introduction

Gastric cancer is the fifth most common cancer and the third 
leading cause of cancer death globally [1]. Correctly identi-
fying precursor lesions, developing screening, monitoring, 
and treatment protocols have substantially impacted gastric 
cancer incidence and mortality. According to the fifth edi-
tion of the WHO Classification of Tumors of the Digestive 
System [2], the gastric epithelial tumor is classified into 
five groups: negative for dysplasia (NFD), indefinite for 
dysplasia, low-grade dysplasia (LGD), high-grade dyspla-
sia (HGD), and intramucosal invasion neoplasia (IMN). For 
HGD and IMN, endoscopic mucosal resection (EMR) and 
endoscopic submucosal dissection (ESD) are recommended 
therapy techniques. According to depressive morphology, 
surface erythema, or size, EMR/ESD might also be indicated 
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for LGD [3]. However, there is considerable discordance 
among pathologists of diagnosis of LGD and HGD. The 
diagnostic concordance with the consensus diagnosis for 
LGD and HGD, respectively, was 86.3% and 50.8% in a 
Korean investigation of 1202 ESD specimens [4]. Further-
more, because of cell atypia and an inadequate specimen, 
NFD with gastric epithelial regeneration change can be chal-
lenging to identify from dysplasia in gastric biopsies [4–6]. 
As a result, it is critical to developing innovative techniques 
to increase the accuracy and consistency of gastric dysplasia 
diagnosis.

In recent years, deep learning (DL), especially “con-
volutional neural networks” (CNN) technology applied to 
the digitized pathology of whole-slide images(WSIs), has 
led to remarkable progress in the identification and clas-
sification of images for breast [7], colorectal cancers [8], 
and other tumors [9–11]. Regarding gastric cancers, a small 
number of studies have reported their automated histological 
classification DL architectures applied to hematoxylin and 
eosin (HE)-stained slides. Yoshida et al. developed an image 
analysis software that categorizes gastric biopsy images as 
carcinoma, caution for adenoma or suspicion of a neoplastic 
lesion, and negative for a neoplastic lesion, with a 55.6% 
overall concordance rate [12]. Song et al. built a model 
based on DeepLabV3 architecture to accurate histopatho-
logical diagnosis of gastric cancer. Surprisingly, the model 
achieves sensitivity near 100% and an average specificity of 
80.6% on a real-world test [13]. Jinghui et al. used the Incep-
tionV3 to divide gastric biopsies WSIs into the following 
three groups: NFD, tubular adenoma (LGD and HGD), or 
carcinoma; the macro-averaged AUC was 0.9922 [14]. How-
ever, the current research on gastric cancer mainly focused 
on identifying and classifying benign and malignant tumors. 
There is a shortage of data on the classification of dysplasia 
and gastric epithelial regeneration change, which is prone 
to interobserver disagreement and is a common reason for 
expert consultation. Furthermore, the sectioning and stain-
ing arrangements of WSIs from different hospitals differed 
significantly. The level of pathology technicians has a con-
siderable impact on the quality of WSI, especially in remote 
areas. WSIs from the source hospital (source domain) were 
used to train the ordinary DL model, which resulted in poor 
performance when the model was evaluated on the target 
hospital (target domain). The domain adaptation (DA) 
strategy, which tries to transfer gained knowledge from the 
source domain to the target domain, is a viable way to deal 
with these cross-hospital WSIs in this scenario.

In this study, we aimed to develop a DL model to distin-
guish gastric epithelial regeneration change from dysplasia 
accurately and further recognize the subclassification of 
gastric dysplasia in gastric biopsies and ESD/EMR speci-
mens. Furthermore, we applied domain adaptation (DA) in 
the target hospital and achieved cross-hospital diagnosis via 

unsupervised learning. The Beijing Chao-Yang Hospital pro-
vided the training and the internal validation cohort. Then, 
on the Emergency General Hospital, we performed DA train-
ing to test the generalizability of the DLDA model. Simulta-
neously, we assessed its performance compared to patholo-
gists in an observer study. So far, no relevant research has 
focused on classifying gastric epithelial regeneration change 
and dysplasia. Here, we report the results of the classifica-
tion performance of the DLDA model.

Methods

Study design

The ethics review board approved the protocol of Beijing 
Chao-Yang Hospital. The files were purged of sensitive 
information. 897 WSIs of human gastric epithelial tumors 
of HE stained histopathological specimens obtained through 
upper GI endoscopy biopsy and ESD/EMR treatment col-
lected from the Beijing Chao-Yang Hospital and Emergency 
General Hospital in a retrospective analysis. These speci-
mens were divided into training, internal validation, and 
external validation cohorts. Table 1 summarizes patient and 
tumor characteristics. Three expert gastrointestinal patholo-
gists independently assessed each slide. They came to a con-
sensus for the reference diagnosis (Mulan Jin from Beijing 
Chao-Yang hospital, Xue Li from Beijing Chao-Yang hos-
pital, Weihua Hou from Henan PLA Joint Logistics Support 
Force 989 Hospital).

The reference standard was the WHO Classification of 
Tumors of the Digestive System, fifth edition. The detailed 
inclusion criteria were as follows: (1) Except for a small 
number of normal gastric mucosal specimens in the internal 
validation cohort, all NFD group specimens were collected 
from gastritis specimens with focal epithelial regeneration 
change and cytological or architectural atypia at the foveo-
lar, glandular, or metaplastic epithelium levels; (2) dysplasia 
group comprised foveolar (gastric) types, intestinal types, 
and mixed types; (3) IMN group comprised well-differenti-
ated, moderately differentiated tubular adenocarcinomas and 
papillary adenocarcinomas. However, poorly differentiated 
adenocarcinomas, signet ring cell carcinomas, submucosal 
invasion, indeterminate diagnosis, and controversial diag-
nosis cases were ruled out. The slides were scanned with an 
Iscan Coreo scanner at 0:46 μm/pixel using a magnification 
factor of 20 × to result in WSIs.” The number of our image 
datasets pixels in WSI ranges from  107–1010.

Datasets

We obtained the training and internal validation cohort 
from 2010 to 2020 at Beijing Chao-Yang Hospital. Which 
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included 525 HE-stained slides of 525 patients of gastric 
epithelial tumors (NFD, LGD, HGD and IMN) obtained 
from ESD/EMR specimens (n = 72, 13.7%) and endoscopic 
biopsy specimens (n = 453; 86.3%). These slides were 
randomly divided into the training cohort and the internal 
validation cohort with a ratio of 7:3. There was no overlap 
between the training and internal validation cohort.

To fully evaluate the performance of the cross-domain 
condition, we selected a Workers' hospital with a significant 
difference in producing HE sections from the Beijing Chao-
Yang Hospital as the independent external validation cohort. 
372 HE-stained slides of 372 patients were obtained from 
the Emergency General Hospital (China, Beijing). These 
slides include 217 (58.3%) endoscopic biopsy specimens 
and 155 (41.7%) ESD/EMR specimens. These slides were 
randomly divided into the DA cohort and the independent 
external validation cohort with a ratio of 7:3. There was no 
overlap between the DA and independent external valida-
tion cohort.

Observer study

An observer study was performed to evaluate our model per-
formance against 12 pathologists at Beijing Chao-Yang Hos-
pital. The 12 pathologists were divided into the following 
three groups: junior pathologists (less than 5 years of pathol-
ogy diagnosis experience); senior pathologists (5–15 years 
of pathology diagnosis experience); and specialist patholo-
gists (more than 15 years of pathology diagnosis experi-
ence). The observer cohort consisted of two parts: (1) the 
internal observer cohort: 50 slides of gastric biopsy cases 
(15 slides of LGD, 15 slides of HGD, and 20 slides of NFD) 
were obtained from the Beijing Chao-Yang Hospital, which 
was no overlap with the training and internal validation 

cohort; (2) the external observer cohort: 50 slides of gas-
tric biopsy cases (15 slides of LGD, 15 slides of HGD, and 
20 slides of NFD) were randomly obtained from the inde-
pendent external validation cohort. All pathologists did not 
participate in case collection and were designated to assess 
the HE-slides by conventional microscope. We compared 
pathologists' performance with the model prediction perfor-
mance using the sensitivity, specificity, positive predictive 
value (PPV), negative predictive value (NPV), and AUC.

Annotation of the dataset

The WSIs were manually annotated by a pathologist, who 
circled the precise areas with labels of “low,” “high.” All 
annotations were made with a specialist pathologist's final 
checking and verification. We assign the label “low” to 
LGD, label “high” to both HGD and IMN since both lesions 
are high risk and require ESD/EMR treatment. Any regions 
that did not contain dysplasia were included under the label 
“NFD”, which consisted of epithelial regeneration change 
lesions and usual.

For each of the training slides, both slide-level and 
region-level annotations were made. For each of the inter-
nal validation and the independent external validation slides, 
only slide-level annotations were made. For each of the DA 
slides, no annotations were made. The region-level were 
annotated with ASAP (an open-source platform for visual-
izing, annotating, and analyzing WSIs).

Proposed framework

We proposed a two-stage method with domain adaption 
for gastric epithelial tumors classification. Our method of 
architecture contains the patch-level module and WSI-level 

Table 1  Patient data and tumor 
characteristics

Whole Training Internal validation External 
validation

Observer

Patient 947 368 (70%) 157 (30%) 372 50
Gender
 Male 466 177 72 190 27
 Female 481 191 85 182 23

Age
  ≤ 60 272 79 52 130 11
  > 60 675 289 105 242 39
Histological type
 NFD 299 108 46 125 20
 LGD 203 106 45 37 15
 HGD/IMN 445 154 66 210 15

Specimen type
 Biopsy 720 318 135 217 50
 ESD/EMR 227 50 22 155 0
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modules in sequence, and we adopt the ResNet-50 model as 
its backbone. The whole algorithm pipeline comprised the 
following three steps in Fig. 1.

(1) Pre-process: In this part, we first removed the irrelevant 
background areas for all WSIs and then cropped the 
annotated areas of each WSI from the Training cohort. 
The image patch size was 320 ×320. As for the bound-
ary part of each annotation area, we only reserved the 
patches whose annotation area was no less than 70%, 
thus reducing the interference of noise labels. To fur-
ther improve the performance and robustness of the 
proposed framework, we conducted online data aug-
mentation and color transfer during training (see data 
augmentation and color transfer in Supplementary 
Data and Supplementary Fig. 6 for details). Then the 
cropped patches are going to be processed through the 
following two stages.

(2) Patch-level with domain adaption: The first stage is 
based on patch-level. We trained a DL model with all 

the patches cropped from the annotated areas and got 
a set of patch-level classification results. A total of 
17,564 (High: 6042; Low: 3946; NFD: 7576) patches 
were extracted. The patch-level results were used to 
conduct the next stage’s WSI classification. Meanwhile, 
considering the apparent cross-domain differences of 
WSIs between different hospitals, we integrated the 
domain adaptive module into our method. Domain 
adaptive module aims to transfer the learned knowl-
edge from the labelled source domain to the unlabeled 
target domain. Firstly, we cropped the DA cohort into 
320 × 320 sizes, A total of 4418 (High: 3281; Low: 
323; NFD: 814) patches were extracted. Due to the 
relatively small amount of original data, online data 
enhancement was performed. Then we generated a set 
of patch pseudo labels with high AUC scores from the 
DA cohort using the model we trained before. These 
pseudo labels were employed to refine the patch-level 
model with cross-domain information. In this way, the 
source domain pre-trained network could be adapted to 

Fig. 1  An overview of the proposed WSI classification architecture. 
WSIs from train cohort are first cropped into patches and will be pro-
cessed through two stages. a Patch-level with domain adaption: the 
cropped patches are used to train a DL model (Model A). Patches 
without labels from DA cohort will be tested by Model A, and gener-
ate a set of high AUC scores predictions regarded as pseudo labels, 

which are utilized to refine Model A. b WSI-level: the refined Model 
A generates probability map for each WSI in train cohort, which is 
employed to train a WSI-level model (Model B). Model B gives the 
final classification prediction results of the internal validation cohort 
and independent external validation cohort
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capture the relations in the target domain with pseudo 
labels. With the help of the domain adaptive module, 
our patch-level model represented better robustness and 
adaptability to cross-domain WSIs.

(3) WSI-level: The second stage was based on WSI-level. 
In this stage, we proposed to use the patch-level model 
to conduct WSI classification. We leveraged the patch-
level classification results obtained from the refined 
model previously to generate a probability map for each 
WSI. The probability map was used for training a WSI-
level classification model, from which we could acquire 
the final overall classification prediction results.

Statistical analysis

AUC, sensitivity, specificity, PPV, and NPV of the experi-
ments were calculated to estimate the model performance. 
All statistical analyses were performed by MedCalc software 
(V 19.6.1; 2020 MedCalc Software bvba, Mariakerke, Bel-
gium), Python 3.7, SPSS 26.0 (IBM, Armonk, NY, USA).

Results

Representative histologic images for each lesion and the 
corresponding heatmap generated by the DLDA model 
are presented in Fig. 2. The results were overlapped on the 
image of the whole tissue as a colored heatmap to delineate 
the distribution of the subclassification of gastric epithelial 

tumors. Briefly, during screening WSIs, the DLDA model 
detects gastric NFD with a green box, LGD lesions with a 
yellow box, and HGD/IMN lesions with a red box.

Performance of the DLDA model in the internal 
validation cohort

In the internal validation cohort, our algorithm demonstrated 
excellent performance: the macro-averaged AUC was 0.97, 
the AUC of NFD were 1.00 (sensitivity: 99.0%, specific-
ity: 98.9%), 0.93 (sensitivity: 89.4%, specificity: 93.0%), 
0.96 (sensitivity: 96.5%, specificity: 91.0%) for NFD, low 
(LGD) and high (HGD and IMN), respectively. The detailed 
receiver operating characteristic (ROC) curves are provided 
in Fig. 3a.

Performance of the DLDA model in the independent 
external validation cohort

In the independent external validation cohort, we integrated 
the domain adaptive module into our method, increasing 
macro-averaged AUC from 0.67 to 0.82. The AUC of our 
DLDA model were 0.99 (sensitivity: 85.7%, specificity: 
90.5%), 0.58 (sensitivity: 54.2%, specificity: 82.4%), 0.86 
(sensitivity: 75.4%, specificity: 86.8%) for NFD, low (LGD) 
and high (HGD and IMN), respectively. The detailed ROC 
curves are provided in Fig. 3b, c.

Fig. 2  Example heatmap output 
from the DLDA model. a The 
system detects gastric NFD with 
a green box, although regenera-
tion epithelium with cytological 
atypia. b The system detects 
gastric LGD with a yellow box. 
c The system detects gastric 
HGD/IMN with a red box
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Comparison between the performance of the DLDA 
model and pathologists on the observer cohort

As for the internal observer cohort, the diagnosis perfor-
mance by the DLDA model and pathologists are shown in 
Table 2. Figure 4a shows the ROC curves, Fig. 4b shows the 
confusion matrix of the model. the macro-averaged AUC 
for the DLDA model was 0.89. The sensitivity, specificity, 
PPV, NPV of the DLDA model diagnosis for the NFD and 
HGD cases were significantly higher than junior and senior 
pathologists. The DLDA model diagnosis has a higher sen-
sitivity and NPV than specialized pathologists for NFD and 
HGD cases (NFD: sensitivity: 95.0% vs 88.7%, by 6.3%; 
NPV: 96.0% vs 91.7%, by 4.3%; HGD: sensitivity: 86.7% vs 
80%, by 6.7%; NPV: 94.1% vs 91.4%, by 2.7%). The speci-
ficity and PPV of the DL model diagnosis for HGD and NFD 
cases were close to those of specialist pathologists. Con-
versely, the sensitivity, specificity, PPV, NPV of the DLDA 
model diagnosis for LGD cases were lower than special-
ist pathologists. The results mentioned above are shown in 
Table 2. As for the external observer cohort, The DLDA 
model continues to outperform pathologists for HGD and 
NFD cases. However, the quality of WSIs also impacted the 

pathologist's diagnosis accuracy. Details of the DLDA model 
and pathologists are presented in the Supplementary Data, 
Supplementary Fig. 7, and Supplementary Table 3.

Cause of error and omission

The model correctly classified most of the WSIs. However, 
there were several false-positive and -negative samples. 
After analyzing the visualization heatmap, we listed com-
mon failure patterns in the independent external validation 
cohort and obverse study, as shown in Fig. 5.

46 cases were false negative in the independent exter-
nal validation cohort and obverse study: 8 HGD slides, 2 
IMN slides, 11 LGD slides were classified as NFD, 25 HGD 
slides were classified as LGD. On reviewing the slide, the 
possible cause of underdiagnosis included the following: 
Atypical glands only exist on the mucosal surface, and low 
density of glands may be misdiagnosed as NFD (Fig. 5a). 
Glands with mild nuclear atypia may be misdiagnosed as 
NFD (Fig. 5b). Glands associated with intestinal metapla-
sia may be misdiagnosed as NFD (Fig. 5c). HGD lesions 
maintained epithelial polarity. The nuclear stratification of 

Fig. 3  The receiver operating characteristic (ROC) curves of gastric 
epithelial tumors on the internal validation cohort and the independ-
ent external validation cohort. a The internal validation cohort. b 

The independent external validation cohort. Based on the DL model. 
c The independent external validation cohort. Based on the DLDA 
model
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most glands was less than half of the epithelial cell height, 
morphologically similar to LGD (Fig. 5d).

11 false-positive cases were observed in the independent 
external validation cohort and obverse study. Eight LGD 
slides and one NFD slides were classified as HGD, two NFD 
slides were classified as LGD, the possible cause of over-
diagnosed included: poor image quality, included broken 
sectioning (Fig. 5h) bad sectioning (Fig. 5g). Some lesions 

were dysplasia mimickers, such as NFD associated with ero-
sion, intestinal metaplasia, and reactive hyperplasia could be 
misdiagnosed as LGD and HGD (Fig. 5e–j). The LGD glan-
dular epithelia show cuboidal to columnar cells that could 
be misdiagnosed as HGD (Fig. 5i).

Discussion

Correctly identifying gastric epithelial regeneration change 
is essential in reducing unnecessary clinical follow-up and 
procedures that may follow an overdiagnosis of dysplasia 
[15]. However, the differential diagnosis between gastric epi-
thelial regeneration change, LGD, and HGD are diagnostic 
pitfalls of endoscopic biopsy specimens [4]. Therefore, it is 
critical to use artificial intelligence aid systems to attenuate 
pathologists' subjective bias and reduce diagnostic errors 
[16–18].

Our study is a preliminary attempt toward determining 
if artificial intelligence can correctly recognize and classify 
perplexing specimens in clinical diagnosis. Furthermore, to 
solve the problem of significant differences in WSI images 
of cross-hospital, we proposed a DLDA model using domain 
adaption to distinguish gastric epithelial regeneration change 
from dysplasia and further subclassify gastric dysplasia in 
endoscopic resection specimens and biopsy specimens. Our 
DLDA model was trained and internally validated on WSI 
obtained from a single Chinese Hospital and then tested on 
an independent external validation cohort originating from 
a different Chinese Hospital. The DLDA model achieved 
an average AUC of 0.97 in the internal validation cohort. 
Meanwhile, it achieved an improvement from 0.67 to 0.82 in 
the independent external validation cohort. Whether, in the 
internal validation cohort (AUC: 1.00, sensitivity: 99.0%, 
specificity: 98.9%) or the independent external validation 

Table 2  The performance of diagnosis by the DLDA model and 
pathologists on the internal observer cohort

Sensitivity 
(%)

Specificity 
(%)

PPV (%) NPV (%)

NFD (N = 15)
 Junior (n = 4) 41.2 77.5 55 66.4
 Senior 

(n = 4)
75 76.7 68.1 82.1

 Specialist 
(n = 4)

88.7 82.5 77.1 91.7

 DLDA 95 80 76 96
LGD (N = 15)
 Junior (n = 4) 61.7 72.8 49.3 81
 Senior 

(n = 4)
56.7 87.9 66.7 82.6

 Specialist 
(n = 4)

66.7 94.3 83.3 86.8

 DLDA 46.7 94.3 77.8 80.5
HGD (N = 20)
 Junior (n = 4) 56.7 82.1 57.6 81.6
 Senior 

(n = 4)
70 86.4 68.9 87

 Specialist 
(n = 4)

80 91.4 80 91.4

 DLDA 86.7 91.4 81.3 94.1

Fig. 4  a ROC curve for the 50 obverse cases used for comparison against pathologists on the internal observer cohort. b Confusion matrix of the 
DLDA model for WSI images classification into NFD, Low Risk, and High Risk on the 50 obverse cases
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cohort (AUC: 0.99, sensitivity: 85.7%, specificity: 90.5%), 
our model showed excellent discriminating ability for gastric 
epithelial regenerative changes. However, the classification 
of LGD yielded relatively poor performance compared to the 
gastric epithelial regenerative changes and HGD-IMN cases. 
Previous studies have shown that CNN-based models can 
detect gastric cancer with sensitivity near 100%, AUC near 
1 in endoscopic biopsies [13, 14]. The sensitivity and AUC 
found in our study appear to be lower than that of previ-
ous studies. We speculate that the following reasons caused 
it: First, prior investigations focused on diagnosing gastric 
cancer in general, including HGD, IMN, and advanced gas-
tric cancer. For non-cancer cases, gastritis specimens with 
minimal morphological change were included. There have 
more visible histological distinctions between gastritis and 
gastric cancer. Second, since few LGD slides were in the 
independent external validation cohort, we did not further 
screen out low-quality WSIs. The image quality is linked to 
slide preparation. It mostly consists of tissue slicing (mod-
erate slice thickness, no defects, no folds, no knife marks) 
and staining (Hematoxylin staining the nucleus bright blue, 
eosin staining the cytoplasm pink to peach, clear nucleo-
plasm, good transparency), both of which have an impact 
on the pathologist's diagnosis accuracy. Color transfer can 
help to correct the color imbalance. However, removing 
slicing-related artifacts from the WSI is tough. As a result, 
deep learning models need to normalize their slides. Third, 
this finding reflects the difficulties distinguishing the LGD 
from gastric epithelial tumors, which is also a source of 

confusion in clinical diagnosis. As we all know, patholo-
gists from Western and Japanese countries have different 
understandings and standards when it comes to diagnosing 
gastric dysplasia [6, 19]. The Japanese classification is an 
adenoma, which is a benign tumor, and there is no LGD or 
HGD. LGD lesions are more akin to grey patches that are 
difficult to distinguish [20]. Therefore, the main discrimina-
tion power of the LGD would be further training to achieve 
higher diagnostic accuracy.

The performance of the DLDA model and pathologists 
were compared in our study. The sensitivity, specificity, 
PPV, NPV of the DLDA model diagnosis for the NFD and 
HGD cases were significantly higher than junior and sen-
ior pathologists. The DLDA model diagnosis has a higher 
sensitivity and NPV than specialized pathologists for NFD 
and HGD cases. However, the DLDA model diagnosis for 
LGD had poorer sensitivity, NPV, and PPV than specialist 
pathologists. We noticed that the diagnosis of LGD should 
be made at low magnification to assess the gland's overall 
distribution, size, and shape. It was simpler for pathologists 
to diagnose accurately when the slides could be checked 
multiple times at different magnifications. As a result, the 
DLDA model performed as well as or better than patholo-
gists in NFD and HGD cases, and it could be employed as a 
“confirmer” or “corrector.” When the diagnosis is inconsist-
ent, it might alert pathologists to re-examine the slides and/
or perform ancillary tests in a real-world scenario. A second 
diagnosis using the DLDA model revealed the potential for 
pathologists to receive diagnostic aid in the future. It may 

Fig. 5  Image patch samples of false-negative, false-positive by the DLDA model
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aid pathologists in reducing diagnostic errors, particularly 
in those with limited expertise.

Explainability and transparency are important factors 
to examine when comparing the performance of various 
models [21], to improve the trustworthiness of computa-
tional techniques and the acceptance of DL-based diag-
nostic tools by pathologists. Visualization of the regions 
in the underlying histological images is based on the 
decision, for instance, in the form of heatmaps indicat-
ing the locations on which the computational techniques 
decision was based. The DLDA model judgment allows 
pathologists to evaluate our results by displaying prob-
ability maps.

There was a higher frequency of under-diagnosis than 
over-diagnosis. More HGD and LGD slides were mis-
diagnosed as NFD. Due to cellular atypia, distinguish-
ing dysplasia from NFD of gastric epithelial regenera-
tion change in small biopsies can be challenging even for 
pathologists. At the same time, our model can be applied 
to different application scenarios. When used for screen-
ing, we can adapt the recall (sensitivity) of NFD by the 
threshold to increase the recall of Non-NFD cases and 
reduce the model omissions of Non-NFD cases, includ-
ing LGD and HGD/IMN cases. The most common cause 
of false-positive cases of LGD and NFD is associated 
with inflammation, erosion, and intestinal metaplasia. We 
speculated that our model has only been trained to recog-
nize gastric glands, and it has not been trained to recog-
nize the inflammatory background of the gastric mucosa, 
which provides a wealth of diagnostic information. In the 
next step, we would like to add mesenchymal for training. 
Likewise, meticulously inspecting the image quality and 
applying low, medium, and high pixel patches may be 
efficient in improving diagnostic accuracy.

There are several limitations to this study. First, all of 
the slides for training were exclusively obtained from Bei-
jing Chao-Yang Hospital. This is a potential limitation for 
the single-institution cohort and may not represent gastric 
samples' full diversity and heterogeneity. Second, dur-
ing model training, we only contained major categories 
of dysplasia and differentiated tumors; therefore, pyloric 
gland adenoma, oxyntic gland adenoma, and tumors with 
undifferentiated components may have been neglected. 
We would like to classify more carcinoma subtypes here-
after, such as poorly differentiated adenocarcinoma and 
signet ring cell carcinoma. Third, our model only evalu-
ated histopathological images for diagnosis and categori-
zation. Endoscopic images and IHC images are critical for 
the auxiliary diagnosis of endoscopic specimens in daily 
diagnosis [22]. The next step will combine various diag-
nostic data, such as endoscopic and IHC images. A multi-
source data joint discriminant model was created to aid 
in the speedy and accurate diagnosis of gastric dysplasia.

Conclusion

In summary, we demonstrated that the DLDA model has 
the potential to distinguish gastric epithelial regenera-
tion change from dysplasia and further subclassify dys-
plasia in endoscopic specimens. Particularly for gastric 
epithelial regeneration change cases, our model has the 
excellent discriminating ability, with an AUC of approxi-
mately 1. Meanwhile, our DLDA model achieved signifi-
cant improvement of diagnosis cross-hospital. Although 
there are still hurdles to overcome with the adoption of 
DL-based assistant tools, we would like to witness a future 
where pathologists and artificial intelligence collaborate 
to support the foundation of medical care.
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