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Abstract
Background  Accurate diagnosis and prognosis stratification of gastric cancer (GC) are crucial for effective treatment. 
However, traditional histopathological image analysis relies on the subjective judgment of pathologists, which is 
time-consuming and prone to errors. The emergence of deep learning (DL) models provides new ways to automate 
and improve the analysis of GC pathology images. This systematic review aims to evaluate the current application, 
challenges, and future directions of DL in GC pathology image analysis.

Methods  The study follows the Preferred Reporting Items for Systematic Reviews and Meta-Analysis Extension for 
Scoping Reviews (PRISMA-ScR) guidelines and searched four databases: PubMed, Scopus, Web of Science, and IEEE 
Xplore (as of June 19, 2025).

Results  The initial search identified 520 articles, and 22 studies that met the inclusion criteria were finally included. 
The results show that DL models have performed excellently in GC detection, histological classification, and prognosis 
prediction. Some models even reached an accuracy of over 95% in GC detection. Convolutional neural networks 
(CNN) are the most commonly used DL models. However, current studies still have limitations, such as limited dataset 
size, lack of external validation, and insufficient data diversity. The applicability to different types and stages of GC is 
also unclear.

Conclusions  Future research must build larger, more diverse, and more representative datasets. These should cover a 
wider range of GC types and stages, and undergo rigorous clinical validation. This will help fully realize the potential of 
DL in GC pathology image analysis and ultimately improve clinical practice.

Keywords  Deep learning, Gastric cancer, Pathology image, Systematic review

Application of deep learning models in gastric 
cancer pathology image analysis: a systematic 
scoping review
Sijun Xia1, Yuanze Xia2, Ting Liu2, Yiming Luo2 and Patrick Cheong-Iao Pang2*

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1186/s12885-025-14662-3
http://crossmark.crossref.org/dialog/?doi=10.1186/s12885-025-14662-3&domain=pdf&date_stamp=2025-8-1


Page 2 of 19Xia et al. BMC Cancer         (2025) 25:1257 

Background
DL is increasingly applied in medical diagnosis and treat-
ment, covering areas such as disease screening, diagnosis, 
prognosis prediction, and treatment response evaluation 
[53, 60, 67, 71]. In particular, DL models have reached a 
high level in certain specific tasks in the field of medical 
image analysis [7, 36]. For example, DL has been suc-
cessfully applied in tasks such as lung nodule detection 
[14], diabetic retinopathy screening [63], and skin cancer 
diagnosis [15]. The widespread use of DL is mainly due to 
its powerful feature learning ability. It can automatically 
extract complex and multi-level feature representations 
from large amounts of data without relying on manual 
intervention or feature engineering [31]. In contrast, tra-
ditional machine learning (ML) models, such as support 
vector machines and random forests, rely on manually 
designed features. Their performance is limited by the 
methods used for feature selection and extraction [2, 52].

GC has a high incidence and mortality rate worldwide. 
Early diagnosis and precise treatment are very important 
for improving patient prognosis [48, 57, 58]. Traditional 
diagnosis of GC mainly relies on the experience and sub-
jective judgment of pathologists, which has limitations 
such as low efficiency and poor reproducibility [13, 16]. 
DL, as a powerful image analysis technology, has shown 
great potential in the field of medical imaging [25, 55]. 
It provides a new way to improve the accuracy and effi-
ciency of GC diagnosis.

In cancer image diagnosis, DL models, especially CNN, 
have become the mainstream method [12, 74]. CNN 
can effectively capture local features and global context 
information in images through convolution and pool-
ing operations [59]. Researchers have developed various 
CNN-based models for the diagnosis of different types 
of cancer, such as breast cancer [41], lung cancer [10], 
and prostate cancer [50]. These models can identify and 
classify cancer cells, assess tumor grade and stage, pre-
dict prognosis, and identify potential biomarkers [43]. 
In GC diagnosis, DL models can learn and identify vari-
ous key histopathological features, such as nuclear pleo-
morphism, nuclear-to-cytoplasm ratio, degree of cell 
arrangement disorder, and stromal response [17]. This 
helps pathologists make more accurate diagnoses and 
prognosis assessments.

In recent years, there have been several review articles 
exploring the applications of DL in different medical 
fields. For example, Nawab et al. [46] summarized artifi-
cial intelligence (AI) applications across gastrointestinal 
diseases by organizing data from relevant studies. Ren-
jith et al. [51] focused on explainable AI techniques in 
gastrointestinal cancer image analysis, evaluating their 
strengths and limitations. Zhuang et al. [72] reviewed the 
applications of DL in gastrointestinal endoscopy, imaging, 
and pathology. They discussed model types, challenges, 

and limitations. Li et al. [34] conducted a meta-analysis 
on AI’s diagnostic accuracy for gastric intestinal metapla-
sia using statistical approaches. Park et al. [49] system-
atically reviewed AI-based prediction of microsatellite 
instability (MSI) and defective DNA mismatch repair 
deficiency (dMMR), assessing model performance and 
research methods. Turtoi et al. [62] provided an overview 
of AI in gastritis diagnosis, emphasizing its clinical value. 
Kuntz et al. [29] reviewed CNN models analyzing histo-
logical images of gastrointestinal cancers and precursor 
lesions, including molecular features and prognosis. Li et 
al. [35] summarized ML, DL, and transfer learning appli-
cations in medical image analysis. They focused on intro-
ducing the advancements in classification, segmentation, 
and detection. Alam et al. [1] studied the prediction of 
MSI for different cancers using AI models. They analyzed 
the trends, performance, and research challenges. How-
ever, there are some limitations in the existing review 
articles. First, most reviews cover a broad range of topics 
and lack a specialized analysis of GC. They do not deeply 
explore the effectiveness of DL in GC diagnosis [1, 35, 
49, 72]. Second, the literature included in these reviews 
is often not up-to-date enough to capture new develop-
ments and trends [29, 51]. Finally, some reviews lack in-
depth discussions on the challenges faced by DL models 
in clinical applications [34, 46, 49, 62].

The aim of this study is to conduct a systematic review 
of relevant literature from 2020 to 2025 and provide 
a comprehensive summary of the current research on 
the application of DL in GC pathological image analy-
sis. Although the applications of DL in histopathology 
are rapidly expanding to encompass areas beyond initial 
diagnosis, such as prognostication, treatment response 
prediction, and biomarker discovery [45, 64, 66], this 
systematic scoping review deliberately focuses on the 
application of DL for fundamental diagnostic tasks in 
GC pathology. This targeted scope was chosen to provide 
a comprehensive foundational overview of how DL is 
being utilized to assist in the primary detection and clas-
sification of GC from pathological images. This remains 
a critical and evolving area in GC pathology and serves 
as a cornerstone for subsequent, more complex applica-
tions (e.g., prognostic prediction). The study believes that 
before delving into more advanced applications, it is cru-
cial to first systematically map and understand the cur-
rent landscape, methodologies, and challenges of DL in 
these core diagnostic processes. Therefore, this review 
aims to systematically delineate the existing evidence, 
methodologies, and challenges specifically related to 
these diagnostic applications, thereby providing a solid 
foundation for future research. The study will perform 
a Scoping Review and attempt to answer the following 
research questions:
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(1) What are the publication trends of DL research in 
GC diagnosis?

(2) What research designs have been applied to DL in 
GC diagnosis?

(3) What DL models are used in GC image diagnosis, 
and what are their performance results?

(4) What are the characteristics of the images used for 
GC analysis with DL?

(5) What challenges and impacts are encountered when 
using DL models to analyze GC images?

By answering the above questions, this study aims to 
provide a clearer picture of the application of DL in GC 
pathological image analysis and offer a reference for 
future research.

Methods
The study adopted the Scoping Review method. This 
aim is to provide a comprehensive overview of current 
research on using DL models to analyze GC pathology 
images. It also seeks to identify the similarities and differ-
ences between studies in diagnostic performance, appli-
cation scenarios, and technical methods. In addition, 
this study strictly followed the guidelines specified in 
the PRISMA-ScR guidelines [42] to ensure the rigor and 
reproducibility of the study.

Search strategy
To ensure a comprehensive literature search, this sys-
tematic review used the four databases: PubMed, Web 
of Science, IEEE Xplore, and Scopus. The search was 
conducted up to June 19, 2025. The core search terms 
used were “Gastric Cancer” AND “Deep Learning” 
AND “Pathology” AND"Transformer"AND"Foundation 
Model,” adapted to the specific syntax and functionality 
of each database to maximize retrieval comprehensive-
ness and accuracy. The specific search formula is shown 
in Table 1.

Inclusion and exclusion criteria
This systematic review included studies published up to 
June 19, 2025, that used DL models to analyze patho-
logical images for the prediction or diagnosis of GC and 
reported relevant outcome measures, such as diagnos-
tic accuracy, sensitivity, and specificity. Inclusion crite-
ria include: (1) analyzing pathological images using DL 
models to predict or diagnose GC; (2) Relevant outcome 
measures reported, such as diagnostic accuracy. Exclu-
sion criteria include: (1) studies not related to GC or 
studies whose purpose was not pathology image-based 
diagnosis or prognosis of GC; (2) studies not using DL 
models or pathological images; (3) reviews, commentar-
ies, and conference abstracts; (4) studies lacking essential 
data, such as whether pathological images or DL models 
were used. The literature screening process was man-
aged using Covidence systematic review platform. Two 
reviewers independently screened titles and abstracts, 
and subsequently, full-text articles of potentially eligible 
studies. During both the title/abstract screening and full-
text review stages, reviewers were blinded to each other’s 
decisions. Any disagreements between the two review-
ers were resolved through discussion or, if necessary, by 
consulting a third reviewer. The screening process, detail-
ing the number of studies at each stage, will be presented 
using a PRISMA flow diagram.

Data extraction
A standardized form was used to extract data from stud-
ies meeting the inclusion criteria, including article title, 
first author, publication year, study country or region, 
study design, study subjects, GC pathology, use of pathol-
ogy images, DL models, sample size, diagnostic accuracy, 
and study results and conclusions. In addition to the pre-
viously listed data items, the study specifically extracted 
information regarding the use of Multiple Instance 
Learning (MIL) frameworks or other pooling or aggrega-
tion strategies (e.g., max pooling, average pooling, fully 
supervised approaches) for studies employing whole-
slide image (WSI) predictors. After data extraction, a 
second review will be conducted. If any data are missing 
or unclear, the corresponding authors will be contacted. 
Studies excluded due to unobtainable data will be noted 
in the results section.

Collating, summarizing, and reporting the results
The study follows the PRISMA-ScR guidelines and 
employs a narrative synthesis approach to organize, sum-
marize, and report the findings of the included studies. 
The focus will be on study characteristics, DL models 
and algorithms, application scenarios, outcome mea-
sures, study quality, and future research directions. We 
will present this information using tables, figures, and 

Table 1  Selected databases and search formats
Database Search Formula
Web of Science Deep learning (All Fields) and Gastric cancer (All 

Fields) and Pathology (All Fields) and Transformer (All 
Fields) and Foundation Model (All Fields)

Scopus deep AND learning AND gastric AND cancer AND pa-
thology AND transformer AND foundation AND 
model

PubMed ((((Deep Learning) AND (Gastric Cancer)) AND (Pathol-
ogy)) AND (Transformer)) AND (Foundation Model)

IEEE Xplore (“All Metadata”: Deep learning) AND (“All Metadata”: 
Gastric cancer) AND (“All Metadata”: Pathology) AND 
(“All Metadata”: Transformer) AND (“All Metadata”: 
Foundation Model)
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narrative text, and discuss the meaning of the results 
and their implications for clinical practice and future 
research.

Result
The search period for this study was until June 19, 2025, 
and a total of 520 documents were retrieved. 97 dupli-
cate papers were automatically eliminated through End-
Note, 384 irrelevant papers were eliminated by reading 
titles and abstracts, 8 irrelevant papers were eliminated 
by reading the full text, and 9 papers were eliminated by 
selecting articles from the last five years. Finally, a total of 
22 papers were included in the study, as shown in Table 2. 
The flowchart of the study selection is shown in Fig. 1.

Study characteristics
Publication year
Figure 2 shows the distribution of publication years for 
the included studies, displaying a fluctuating trend with 
a decline followed by an increase. The results indicate 
that three articles were published in 2020, the number 
decreased to two in 2021, rose to five in 2022, dropped 
again to three in 2023, and significantly increased to nine 
in 2024. This fluctuation trend may be influenced by mul-
tiple factors. The decrease in publications in 2021 may be 
related to the global outbreak of COVID-19, which dis-
rupted research activities. The increase in 2022 reflects 
the growing attention to DL in the field of medical image 
analysis, as more researchers began applying DL models 
to GC pathology image analysis. The brief decline in 2023 
may just be a random fluctuation, while the significant 
increase in 2024 could indicate that research in this field 
is entering a period of rapid development. This could 
be due to the continuous progress in DL models, such 
as the emergence of more efficient model architectures 
and training algorithms, as well as the release of larger 
and higher-quality GC pathology image datasets. Addi-
tionally, the growth in clinical demand and increased 
research funding may have also contributed to the devel-
opment of this field.

Publication country/region
Figure 3 shows the distribution of the regions where 
the first author of the articles included in this study is 
based, covering Asia, North America, the Middle East, 
and Europe. The results indicate that China is the most 
active in this field, with nine articles published, fol-
lowed by South Korea and Malaysia, with three articles 
each. China’s high output in the field of DL applied to 
GC pathology image analysis may be related to its rela-
tively high GC incidence rate [58] and significant invest-
ment in AI research [53]. South Korea and Malaysia also 
show high research activity, which may reflect their focus 
on the field of medical AI and their growing research 

capabilities. The relatively low publication output in this 
specific field from the United States, a leading country 
in DL research, may be related to its lower GC incidence 
rate and different research priorities. This geographic 
imbalance highlights the importance of promoting col-
laboration and resource sharing globally. It can drive 
the application and development of DL in GC pathology 
image analysis, ultimately benefiting GC patients in all 
regions.

Study designs
As shown in Table  2, all included studies focused on 
model development and validation, encompassing the 
development, training, validation, and performance eval-
uation of DL models. While all studies aimed to develop 
and validate DL models for GC pathology image analy-
sis, their specific methodologies varied. These variations 
included different model development strategies: 15 
studies employed single models with single-task learning, 
four used ensemble learning, two used hybrid models, 
and two employed transfer learning. One study incor-
porated both ensemble and transfer learning, as shown 
in Fig.  4. The research objectives also differed, with 11 
studies focusing on GC detection, ten on classification 
and segmentation, and one on metastasis prediction, as 
shown in Fig. 5.

Study subjects
Regarding data sources, the included studies used vari-
ous datasets, including the public dataset GasHisSDB, 
the TCGA database, the BOT gastric biopsy database, 
and self-collected clinical data, as detailed in Table  3. 
GasHisSDB is a database focused on gastric pathology 
images. It is commonly used in GC research because of 
its high image quality. TCGA contains a wide range of 
cancer genomic data and large sample sizes. It is suitable 
for cancer research, but is usually chosen based on spe-
cific cancer types due to its complexity. The BOT gastric 
biopsy database specializes in gastric pathology data. It 
is mainly used in gastric disease research, but has a nar-
rower scope and is used less frequently. The self-collected 
clinical data comes from the hospital where this study 
was conducted. It has strong regional and personalized 
characteristics. Although the sample size is small, it pro-
vides actual clinical conditions. This variation in data 
sources may introduce biases and affect the generalizabil-
ity of the developed models.

Pathological image features used
All included studies used WSI, which provides rich his-
tological information. H&E-stained WSI were used in 
21 studies, making it the most commonly used type. 
This is because H&E staining is widely used in pathol-
ogy. It is cost-effective and provides important structural 
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and morphological information for diagnosis. In con-
trast, only one study used WSI of immunohistochemi-
cal (IHC) staining. This method provides molecular and 
protein-level insights but is less commonly used due to 
its high cost, complexity, and the need for specific mark-
ers. To overcome challenges such as the large data sizes 
and computational costs associated with WSI, 17 stud-
ies extracted smaller image patches from WSI for model 
training and validation, as shown in Fig. 6. The frequent 
use of WSI patches reflects their practical advantages, 
such as reducing computational load and focusing on 
specific regions of interest, which are essential for effi-
cient and accurate model development. This trend high-
lights the balance researchers aim to achieve between 

Fig. 2  Annual number of publications from 2020–2024, showing research 
activity trends relevant to the study

 

Fig. 1  PRISMA flow chart
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leveraging the detailed information of WSI and address-
ing computational limitations.

DL models employed
Table 2 summarizes the DL models used in the included 
studies. CNN architectures constituted the primary 
model type, with ResNet, VGG, and Inception, along 
with their variants (e.g., ResNet50, VGG16, Inception 
v3), being widely employed. Beyond these classic CNN 
architectures, some studies explored other models, such 
as the Vision Transformer (ViT) and its variants like PiT, 
CFI-ViT, and Swin Transformer.

To enhance performance, various DL models were 
employed. These included ensemble learning, such as 
ensembles of ResNet34, VGGNet, and other CNN archi-
tectures, as well as ensembles of ResNet18, Mobile-
NetV3-small, and EfficientNetV2-S. Transfer learning 
approaches included using pre-trained MobileNetV2, 
EfficientNetB0, DenseNet121, InceptionV3, Xception, 
and ResNet50 models, enhanced by in-domain transfer 
learning for feature extraction. Fine-tuning of various 
pre-trained CNN architectures for binary classification 
was also employed. Hybrid models were also explored, 
such as a combination of EfficientNetV2B0 and CatBoost, 
and a CNN-Transformer hybrid model called StoHisNet.

Regarding the aggregation of patch-level predictions to 
a WSI level, study review found that only one of the 22 
included studies explicitly employed a MIL framework. 
The remaining studies utilizing WSI-based approaches 
adopted alternative strategies for deriving slide-level 
predictions. These strategies mainly include maximum 
pooling, average pooling, and specified methods such as 
attention-based pooling or voting mechanisms.

Furthermore, some studies have used other technolo-
gies, such as DeepLabv3 + combined with ResNet50 and 
YOLO target detection, as shown in Table 4.

Applications of DL models in GC pathology image analysis
The included studies demonstrated diverse applications 
of DL models in GC pathology image analysis, reflecting 
the active and multifaceted research in this area. These 
applications include:

GC detection
This was the most common application, with numerous 
studies developing DL models for automated GC detec-
tion. For example, Mudavadkar et al. [44] proposed an 
ensemble model, combining the strengths of multiple 
DL models and leveraging the aggregated knowledge 
of numerous models to enhance classification perfor-
mance. Their results demonstrated an average precision 
exceeding 0.99 for GC detection. Yong et al. [70] intro-
duced a DL model based on in-domain transfer learning 
and ensemble learning, achieving a detection accuracy of 

Table 3  Data sources
Dataset Number
Self-collected clinical data 11
GasHisSDB 8
TCGA 2
BOT 1

Fig. 5  Distribution of research tasks in GC studies, with proportions of de-
tection, classification-segmentation, and transfer prediction

 

Fig. 4  Distribution of different model development strategies in the in-
cluded studies, showcasing the prevalence of each approach

 

Fig. 3  Number of publications by country/region over the past five years, 
showing the geographic distribution of research output relevant to this 
study
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0.9978. Lan et al. [30] developed a DL-based pathology-
assisted diagnostic system using a dataset of 1514 H&E-
stained gastric specimens with complete diagnostic 
information. Their system achieved an accuracy of 0.9034 
on WSI and 0.9552 on image patches. Han et al. [19] pro-
posed a DL model for quantitative HER2 assessment in 
GC to detect the disease, achieving an accuracy of 0.94 
in HER2 score prediction. Xue et al. [68] developed an 
ensemble DL model for predicting distant metastasis in 
GC. Using pathological images, their model predicted 
distant metastasis in patients with gastric ulcers with 
high accuracy, achieving a precision of 0.84. Tung et al. 
[61] used AI to automatically locate GC within GC tis-
sue slide images, achieving a detection accuracy of 0.91 
with their DL model. Huang et al. [21] aimed to develop 
DL-based models to assist in predicting diagnosis and 
overall survival (OS) in GC patients using pathological 
images. Developing their algorithms on collected data, 
they achieved an accuracy of 0.92 with their DL model. 
Kosaraju et al. [27] proposed a novel multi-task-based 
HIstoPatholOgy DL model (called Deep-Hipo) that 
employs multi-scale patches for accurate histopathol-
ogy image analysis. Their results demonstrated an overall 

accuracy of 0.937 ± 0.0032 with their DL model. Ma et 
al. [39] presented a CNN-based system to detect abnor-
malities in gastric mucosa. Integrating digitized histopa-
thology of WSI, stain normalization, a deep CNN, and 
a random forest classifier, they achieved an accuracy of 
0.981 on unstained image patches, which improved to 
0.984 after staining. Their system achieved an accuracy of 
0.945 for three-class prediction (normal mucosa, chronic 
gastritis, and GC) using patches and 0.96 using WSI. 
Song et al. [56] reported a clinically applicable system 
developed at the Chinese PLA General Hospital. This 
system uses a deep convolutional neural network trained 
on 2,123 pixel-level annotated H&E-stained whole-
slide images. Their results demonstrated accuracies of 
0.873 on a routine GC dataset, 0.943 on the multicenter 
PUMCH dataset, and 0.976 on the CHCAMS dataset.

Image classification
Many studies focused on developing DL models for clas-
sifying GC pathology images. This included differentiat-
ing benign from malignant tissues, as well as typing and 
grading GC. For example, Zubair et al. [73] proposed a 
novel gastric histology classification and segmentation 
framework by adaptively focusing on relevant features 
of the image. The results showed that it produced clas-
sification accuracies of 0.9887 and 0.9728 on the valida-
tion set and 0.9847 and 0.9731 on the test set. Huang et 
al. [22] designed a dilated CNN with late fusion strategy 
(DCNNLFS) for gastric histopathology image classifica-
tion. The results showed that the accuracy of the DCNN-
LFS model reached 0.935. Khayatian et al. [26] proposed 
a hybrid DL and gradient boosting approach, extracting 
features by examining two classifiers (called pre-trained 
models) from six networks. Their results showed that 
the EfficientNetV2B0-CatBoost combination performed 
best, achieving an accuracy of 0.939 at 160px. Loddo et 
al. [38] used ML and DL models to classify histopathol-
ogy images into healthy and cancerous categories. The 
results showed that an accuracy of 0.95 was achieved 
using a SVM classifier. Armand et al. [3] detected and 

Table 4  DL models in the included studies
Model Type Name Number
CNN 
Architecture

ResNet、VGGNet、Inception、EfficientN
et、MobileNet、DenseNet、Xception

21

Other 
Architecture

Vision Transformer and the Extend model 6

Ensemble learn-
ing model

Integration of ResNet34, VGGNet and 
other CNN architectures、Integration 
of ResNet18, MobileNetV3-small and 
EfficientNetV2-S

2

Transfer Learn-
ing Model

MobileNetV2、EfficientNetB0
、DenseNet121、InceptionV3、Xception 
and ResNet50

2

Hybrid Model EfficientNetV2B0 + CatBoost、StoHisNet: 
CNN-Transformer

2

Other 
technologies

DeepLabv3 + and ResNet50, YOLO 3

Fig. 6  Venn diagrams illustrating the overlap between staining methods (H&E vs. IHC) and data processing strategies (WSI vs. patch-based)
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classified GC from weakly annotated tissue images using 
a visual transformer, achieving an accuracy of 0.859 
on the ViT-16 model. Yong et al. [69] proposed a CNN 
based on transfer learning for binary classification of GC 
pathology images. Experimental results show that the 
DenseNet121 model achieved an accuracy of 0.9868 on 
the 160px database. Hu et al. [20] compared the perfor-
mance of multiple algorithms in order to apply ensemble 
learning to the actual GC classification problem. The 
results showed that the performance of different classi-
fiers on GasHisSDB was different. The accuracy of the 
classic ML model was 0.8599, and the accuracy of the DL 
model was 0.9609. Fu et al. [11] proposed a classification 
method based on DL and developed a new multi-scale 
model called StoHisNet based on Transformer and CNN. 
The results showed that the effect of this model reached 
0.9469 in a public GC dataset. Kanavati et al. [24] trained 
a DL model to classify diffuse gastric adenocarcinoma in 
WSI. The results showed that good results were achieved 
in GC datasets from five different hospitals. Wang et al. 
[65] proposed a ViT-based model called CFI-ViT for GC 
subtype classification. Using a two-stage coarse-to-fine 
strategy, the model achieved accuracies of 0.9031, 0.9346, 
and 0.9651 on PDGC-YNCH, TCGA-STAD, and HE-
GHI-DS datasets, respectively, showing strong perfor-
mance and generalizability.

Lymphovascular invasion prediction
Lee et al. [33] proposed a DL-based LVI (+) detec-
tion method using H&E-stained whole slide images. 
The results showed that the integrated model accuracy 
reached 0.9514. This study used a DL model to predict 
lymphovascular invasion, which is of great significance 
for the prognostic assessment of GC [40].

Other application scenarios
In addition to the above application scenarios, some 
studies have also explored other applications. For exam-
ple: Assessing Microsatellite Instability Using DL Models: 
Lee et al. [32] used DL to achieve fully automatic classifi-
cation of microsatellite instability states in GC tissue sec-
tions. The results showed that DL can automatically learn 
the best features to distinguish microsatellite instability 
states in GC tissue sections.

In summary, the included articles cover multiple 
aspects of DL in GC pathology image analysis. From 
basic GC detection to more refined prognostic prediction 
and biomarker assessment, these applications demon-
strate the broad potential of DL in this field.

Discussion
Findings and key conclusions
The main findings of this review focus on the potential 
and advantages of DL models in GC pathological image 

analysis. The included studies show that these models 
can effectively process complex pathological image data 
and extract key features related to GC. First, DL models 
have shown outstanding performance in improving diag-
nostic accuracy. Several studies have shown that these 
models achieve high accuracy in GC detection, which is 
crucial for increasing early diagnosis rates and reducing 
misdiagnosis and missed diagnoses. Second, DL models 
can learn the pathological features of different GC sub-
types, helping pathologists make more accurate classifi-
cations. This aids in developing personalized treatment 
plans and improving prognosis [47]. Some studies also 
show that DL models can predict prognostic indicators 
such as lymph node metastasis, distant metastasis, and 
survival rate. These models have the potential to assess 
patients’ responses to specific treatments and guide clini-
cal decision-making [33]. Third, DL models can automate 
the assessment of biomarker expression levels, such as 
HER2, improving evaluation efficiency and consistency 
while reducing human errors. This is crucial for guiding 
targeted therapy [19]. Finally, DL models can assist in 
analyzing WSI, quickly identifying and locating areas of 
abnormality, which helps improve the efficiency of path-
ological diagnosis [28]. These findings suggest that DL 
models have the potential to become powerful tools for 
pathologists in GC diagnosis and prognosis assessment. 
By automating and standardizing key steps, they can 
improve diagnostic efficiency and accuracy, ultimately 
enhancing clinical management of GC patients. However, 
the performance of the models largely depends on the 
quality and quantity of the training data, as well as the 
model design and training strategies [37]. Future research 
needs to further optimize DL models and conduct larger-
scale clinical validation to fully realize their potential in 
GC diagnosis and treatment.

Interactions and challenges of algorithms, images and 
diagnosis
The application of DL in GC pathology image analysis 
relies on the complex interaction between algorithms, 
images, and diagnosis. The algorithm extracts feature 
from the images and analyzes them to assist in diagnosis, 
but its effectiveness depends on its ability to extract and 
interpret features [25]. An ideal algorithm should be able 
to identify and interpret key image features related to 
GC, such as cell morphology, tissue structure, and stain-
ing patterns. However, the diversity and complexity of 
GC pathology, along with artifacts and noise that may be 
present in the images, pose challenges for feature extrac-
tion and interpretation [4]. Image quality also directly 
affects the performance of the algorithm. High-resolu-
tion, uniformly stained, and clear images without arti-
facts provide more reliable information, which helps the 
algorithm accurately identify and analyze pathological 
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features. In contrast, low-quality images may lead to per-
formance decline and even misdiagnosis [8]. Therefore, it 
is crucial to acquire high-quality pathological images and 
perform necessary preprocessing, such as noise removal 
and color correction [54]. Finally, the algorithm’s output, 
such as cancer tissue probability prediction, needs to be 
aligned with existing GC diagnostic standards. How to 
translate the algorithm’s output into clinically actionable 
recommendations and integrate the algorithm into exist-
ing pathological diagnosis processes remains a challenge. 
This requires collaboration between pathologists and 
clinicians to develop clear guidelines and standards to 
ensure that DL models can effectively assist in diagnosis.

Challenges of dataset and model selection
DL models have shown potential in GC pathology image 
analysis, but selecting appropriate datasets and mod-
els remains a challenge. The selection and construction 
of datasets directly affect the training effect and gen-
eralization ability of the model. The studies included in 
this review used a variety of different datasets, including 
public datasets, such as GasHisSDB, and self-collected 
clinical datasets. These datasets vary significantly in size, 
quality, and representativeness. Some studies use datas-
ets with a small sample size, which may lead to overfitting 
and insufficient generalization in real-world applications 
[6]. In addition, the quality of the datasets varies, and dif-
ferences in image quality, resolution, staining methods, 
and labeling standards can all affect the model’s learn-
ing performance. The representativeness of the dataset is 
also a key issue. An ideal dataset should include GC cases 
with different stages, grades, pathological types, and 
molecular subtypes to ensure that the model can handle 
the variations seen in real-world patients. Therefore, 
future research needs to focus more on building high-
quality, large-scale, and representative GC pathological 
image datasets, as well as establishing standardized data 
collection and annotation processes. This is crucial for 
developing more reliable and generalizable DL models. 
In addition to the dataset, the choice of DL model also 
has a significant impact on the effectiveness of GC patho-
logical image analysis. The studies included in this review 
used various DL models, including CNN, recurrent neu-
ral network (RNN), and ViT. The architecture, param-
eters, and training strategies of different models can all 
affect their performance on specific tasks. For example, 
CNN excel at image feature extraction [23], while RNN 
are more suitable for handling sequential data [9]. ViT, 
as an emerging DL model, has also shown strong capa-
bilities in tasks like image classification and object detec-
tion [18]. However, there is currently no clear evidence 
to suggest which model is the best choice for all GC 
pathological image analysis scenarios. A notable meth-
odological observation pertinent to WSI analysis is the 

limited adoption of MIL, with only one of the 22 stud-
ies explicitly employing this paradigm. This is surprising 
given MIL’s increasing consideration as a standard for 
WSI analysis in other oncological domains, especially for 
weakly-labeled data [5]. The predominance of alternative 
strategies (e.g., max/average pooling or direct fully super-
vised WSI models) suggests a potential slower uptake of 
MIL in GC-specific research, a focus on tasks amenable 
to simpler aggregation, or underreporting. This reliance 
on simpler methods or fully supervised WSI approaches 
(which often require extensive annotation) may not fully 
leverage WSI information or efficiently handle slide-level 
prediction from patch features. This disparity highlights 
a need for greater exploration of MIL in GC pathol-
ogy and more transparent reporting of WSI aggregation 
strategies. In addition, model interpretability and clini-
cal validation are important factors to consider. A lack of 
interpretability may limit the model’s application in clini-
cal practice, while clinical validation is crucial to ensure 
the model’s reliability and effectiveness. Therefore, future 
research needs to systematically compare the perfor-
mance of different models on various datasets and in dif-
ferent application scenarios. It should also explore more 
effective model selection strategies to develop DL models 
that are more accurate, reliable, interpretable, and clini-
cally validated.

Limitation
This review also has some limitations. First, the num-
ber of included studies is relatively small, which may not 
fully reflect all the applications and progress of DL in 
GC pathological image analysis. Second, due to differ-
ences between studies, such as different datasets, models, 
and evaluation metrics, it is difficult to perform a meta-
analysis or draw more accurate conclusions. Finally, this 
review mainly focuses on English literature, which may 
have missed some important studies in other languages.

Future efforts in using DL to analyze GC pathological 
images need to focus on building larger, higher-quality, 
and more representative datasets, along with establish-
ing standardized data collection and annotation pro-
cesses. Future development and validation also require 
more interpretable DL models, and it will be important 
to explore how to combine the model’s predictions with 
clinical information to assist clinical decision-making. 
Conducting multi-center, prospective clinical studies to 
validate the effectiveness and practicality of DL models in 
real-world clinical settings is also a future research direc-
tion. In addition, future research needs to explore the 
performance differences of DL models across different 
GC subtypes, stages, and grades, and investigate how to 
optimize the models for different patient groups.
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Conclusion
This scoping review systematically evaluates the cur-
rent application of DL in GC pathological image analy-
sis. Through the analysis of 22 relevant studies, it was 
found that DL models demonstrate significant potential 
in GC detection, classification, and prognosis prediction. 
Commonly used models include CNN, RNN, and ViT, 
often combined with techniques such as transfer learn-
ing and ensemble learning. However, current research is 
still limited by issues such as small dataset size, lack of 
standardized evaluation metrics and external validation, 
and insufficient model interpretability. The significance 
of this review lies in three aspects: first, it confirms the 
value of DL in GC pathological image analysis; second, it 
identifies the limitations of current research, especially 
regarding data quality, model interpretability, and clini-
cal validation; third, it points out directions for future 
research, including building high-quality datasets, devel-
oping interpretable models, conducting multi-center 
clinical validation, and exploring new application scenar-
ios. In conclusion, DL has the potential to transform the 
diagnosis and treatment of GC, but existing challenges 
need to be addressed, and further research is required.
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