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a b s t r a c t 

Upper gastrointestinal cancers, mainly comprising esophageal and gastric cancers, are among the most prevalent 

cancers worldwide. There are many new cases of upper gastrointestinal cancers annually, and the survival rate 

tends to be low. Therefore, timely screening, precise diagnosis, appropriate treatment strategies, and effective 

prognosis are crucial for patients with upper gastrointestinal cancers. In recent years, an increasing number of 

studies suggest that artificial intelligence (AI) technology can effectively address clinical tasks related to upper 

gastrointestinal cancers. These studies mainly focus on four aspects: screening, diagnosis, treatment, and progno- 

sis. In this review, we focus on the application of AI technology in clinical tasks related to upper gastrointestinal 

cancers. Firstly, the basic application pipelines of radiomics and deep learning in medical image analysis were 

introduced. Furthermore, we separately reviewed the application of AI technology in the aforementioned aspects 

for both esophageal and gastric cancers. Finally, the current limitations and challenges faced in the field of upper 

gastrointestinal cancers were summarized, and explorations were conducted on the selection of AI algorithms 

in various scenarios, the popularization of early screening, the clinical applications of AI, and large multimodal 

models. 
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. Introduction 

Upper gastrointestinal (UGI) cancers are among the most common

ancers, primarily including esophageal cancer (EC) and gastric cancer

GC). According to the latest data, there were 510,716 new cases of EC

nd 968,350 new cases of GC worldwide in 2022, ranking 11th and 5th

espectively in global cancer incidence. The geographical distribution

f these cancers is uneven, with the highest incidence rates of EC in

ast Asia and East Africa, and the highest incidence rates of GC in East

sia, Eastern Europe, and South America. 1 In the same year, there were

24,000 new cases of EC and 358,700 new cases of GC in China, 2 ac-

ounting for approximately 43.86 % and 37.04 % of the global cases of

hese cancers, respectively. Alongside the high incidence rates, UGI can-

ers have high mortality rates and poor prognosis. In 2022, the number
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f deaths worldwide due to UGI cancers was > 1.1 million, with 445,129

eaths from EC and 659,853 deaths from GC. 1 In China, > 187,000 peo-

le died from EC and over 260,000 people died from GC2 , accounting

or 42.12 % and 39.46 % of the global deaths from these cancers, re-

pectively. The 5-year survival rate for UGI cancers was approximately

0 %. 3 , 4 Specifically, age-standardized 5-year net survival rates for EC

nd GC were generally in the range of 10–30 % 

5 and 20–40 %, 6 re-

pectively, with significant variations in prognosis across different coun-

ries. 6–8 The survival rate of UGI cancers is closely related to the time

f discovery. Utilizing cancer statistics from the United States between

013 and 2019 as an example. The 5-year survival rates for EC and

C were estimated to be approximately 49 % and 75 %, respectively,

hen detected in the early stages. Conversely, when detected in ad-

anced stages, particularly when the cancer had metastasized, the 5-
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Fig. 1. The application of artificial intelligence in up- 

per gastrointestinal cancers research primarily focuses 

on four aspects: screening, diagnosis, treatment, and 

prognosis. CT, computed tomography; NBI, narrow- 

band imaging; WLI, white-light imaging. 
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ear survival rates for both GC and EC fell to < 10 %. 9 Moreover, pre-

ise diagnosis and suitable treatment plans also have great significance

or patients. Determining the N stage is crucial in the diagnosis of GC,

he location and number of metastatic lymph nodes are one of the most

mportant prognostic factors in GC surgery. 10 For EC patients, neoad-

uvant chemotherapy combined with surgery improves survival more

han surgery alone. 11 In general, there are numerous challenges in var-

ous clinical issues of UGI cancers. Thus, addressing or improving these

hallenges is critical and necessary. 

In recent decades, rapid advancements have been witnessed in med-

cal imaging technologies, significantly enhancing the speed and resolu-

ion of imaging devices. At present, various medical imaging technolo-

ies play a pivotal role in the diagnosis and prognosis of UGI cancers.

or example, endoscopic ultrasound can better discriminate the T1 and

2 stages of GC; PET-CT can help detect occult metastasis of GC 

12 ; chro-

oendoscopy can detect pre-cancerous squamous dysplasia of EC 

13 ; and

RI is often used to detect a complete pathological response after neoad-

uvant therapy for EC. 14 , 15 However, the volume of radiological imag-

ng data is expanding significantly faster than the number of available

rained doctors. This leads to a significant increase in the workload of

adiologists. 16 At the same time, artificial intelligence (AI) technology

as developed to be capable of extracting effective image information

hat the human eye cannot recognize for clinical doctors, as well as mod-

ling complex associations between clinical indices and image features,

hich significantly alleviates the burden on doctors and improves the

fficiency of medical image analysis. 

In recent years, an increasing number of researchers have applied AI

o clinical issues related to UGI cancers, leading to a series of significant

dvancements in the field. 17 In this review, our main emphasis is on the

atest AI technologies employed in the clinical analysis of EC and GC

 Fig. 1 ), along with an exploration of current constraints and potential

venues for future research. 

. AI in clinical medical analysis 

The abundance of medical images provides a strong data foundation

or AI applications, making AI well-suited for the clinical domain. AI

an rapidly extract key features from medical image data, utilizing ac-

uired knowledge to solve specific clinical problems. It also possesses

he ability for continual learning and self-correction, enhancing accu-

acy through feedback. 18 Currently, numerous studies focus on AI in

edical image analysis, with radiomics and deep learning (DL) being

he primary technologies used. 
114
Radiomics, initially proposed by Philippe Lambin and others in 2012,

ntails extracting high-dimensional quantitative image features from

edical images and modeling to identify correlations between these fea-

ures and specific clinical tasks. 19 Upon its proposal, it quickly attracted

ignificant attention in the academic community and has experienced

apid development in recent years. Radiomics has already yielded a se-

ies of research outcomes in the field of cancer. 20 

DL is a subset of machine learning. Its basic idea is to use neural net-

orks to automatically extract and filter feature representations from

ata. 21 Features extracted through this method more effectively charac-

erize the inherent patterns of data and can be transferred to different

linical tasks. Currently, a multitude of DL models, including the con-

olutional neural network (CNN) and generative adversarial network

GAN), demonstrate immense potential in the field of medical image

nalysis. 22 , 23 

.1. The pipeline of radiomics 

The pipeline of radiomics mainly includes the following four steps:

mage segmentation, feature extraction, feature selection, and modeling

 Fig. 2 ). 

Image segmentation: This process refers to separating the region of

nterest (ROI) from the surrounding tissues by manual, semi-automatic,

r automatic segmentation methods. This step determines which region

f the image will be used for subsequent analysis, so segmentation ac-

uracy is critically important. However, accurate segmentation is chal-

enging due to the lack of an objective golden standard for tumor seg-

entation, 24 the partial volume effect on tumor edges, etc. Presently,

xtensive automated segmentation methods have been proposed, 25–27 

ut for most radiomics studies, manual ROI segmentation is still em-

loyed for research. 20 

Feature extraction: Feature extraction refers to extracting high-

hroughput features from images, which can be manually extracted or

utomatically extracted using DL models such as CNN. Manually-defined

eatures often encompass shape features describing the tumor, first-

rder and second-order features constructed based on ROI voxel inten-

ities, texture features, wavelet features, etc. 28 Features automatically

xtracted by DL models often lack interpretability, but their advantage

ies in being more specific to clinical outcomes 29 and containing more

omprehensive information. They are capable of extracting multi-level

umor information from low-level visual features to high-level abstract

eatures. 

Feature selection: The fundamental concept of feature selection is

o eliminate redundant features through algorithms and identify true
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Fig. 2. The pipeline of radiomics. The input images undergo image segmentation initially to acquire the region of interest. Subsequently, features such as texture, 

shape, and histogram are extracted from the segmented regions. LASSO or other methods are then employed for feature selection. Following this, machine learning 

methods such as K-means, SVM, and RF are utilized for modeling based on the selected features. Finally, the performance of the model is evaluated using metrics 

like the ROC curve, confusion matrix, and decision curve. FN, false negative; FP, false positive; LASSO, least absolute shrinkage and selection operator; mRMR, 

max-relevance and min-redundancy; PCA, principal component analysis; RF, random forest; ROC, receiver operating characteristic; SVM, support vector machine; 

TN, true negative; TP, true positive. 
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eatures that are beneficial for clinical task prediction. 30 Therefore, fea-

ure selection is a very critical step in radiomics, which can improve the

fficiency and accuracy of the model. Common feature selection meth-

ds in radiomics include least absolute shrinkage and selection operator

Lasso) regression, minimal redundancy maximal relevance (mRMR),

hi-square test, analysis of variance, etc. 

Modeling: Modeling in radiomics plays a critical role in develop-

ng predictive models that can perform various clinical tasks based on

elected imaging features. These models usually rely on machine learn-

ng to extract meaningful patterns from the data. For example, the Cox

roportional-hazards model is a widely used and effective tool for prog-

osis tasks such as predicting overall survival and progression-free sur-

ival. 31–33 Logistic regression is another powerful and efficient classi-

cation algorithm commonly applied in radiomics. It can be utilized

ither directly or indirectly in various clinical tasks, such as predicting

istant metastasis, 34 differentiating between different types of tissue or

isease states, 35 and, when combined with nomograms, enhancing prog-

ostic predictions. 36 , 37 Support vector machines (SVMs) also play a sig-

ificant role in radiomics modeling, particularly in tasks that involve

igh-dimensional data and require robust classification. SVMs can be

mployed for tasks such as tumor classification, treatment response pre-

iction, 38 and survival prediction, 39 making them valuable tools in the

linical decision-making process. Moreover, other machine learning al-

orithms such as random forest (RF) 40 and XGBoost 38 , 41 are also widely

pplied in these clinical tasks, further enhancing the accuracy and reli-

bility of predictive models in radiomics. 

.2. The pipeline of deep learning 

DL methods offer greater flexibility compared to radiomics. They

an select various DL models and design customized pipelines based on

pecific task requirements ( Fig. 3 ). The main model used in medical

mage analysis is commonly based on these three architectures, CNN,

AN, and Transformer. The following will briefly introduce some classic

odels for medical image analysis. 
115
CNN is a classic DL model primarily composed of convolutional lay-

rs, pooling layers, and fully connected layers. The role of convolutional

ayers and pooling layers is to extract features, while fully connected lay-

rs map features to outputs. 42 Since CNN was proposed, it has demon-

trated outstanding performance in various fields, including medical im-

ge analysis. Representative variants based on CNN architecture include

-net, 43 VGG, 44 and SegNet. 45 U-net is a significant variant of CNN in

edical image analysis. It is modified and extended from fully convo-

utional networks, characterized by a symmetric contracting path (Con-

racting Path) and an expanding path (Expansive Path) to transmit and

use information at different network levels. This architecture allows it

o produce more precise segmentation with few training images. 43 A

ultitude of studies have showcased the strong performance of U-net

n medical image segmentation tasks of various cancers and other struc-

ures. 46–48 

GAN was introduced by Ian J. Goodfellow et al. in 2014. It serves as

 framework for estimating generative models through an adversarial

rocess. The core idea is to simultaneously train two models: a genera-

ive model G and a discriminative model D, and have them constantly

ppose each other during training. G will try to generate more realistic

ata to deceive D, while D will try to improve the ability to distinguish

eal from fake data. 49 CycleGAN, 50 Pix2Pix, 51 and other similar mod-

ls are classic works based on GANs. In medical image analysis, GAN

s extensively used in various medical image synthesis tasks. Whether

or unconditional synthesis or cross-modality synthesis, GAN performs

xcellently. 52 In addition, GAN also performs well in medical image seg-

entation, detection, etc. 52–54 

Transformer was originally a DL framework applied to natural lan-

uage processing, demonstrating excellent performance in machine

ranslation, text understanding, etc. The proposal of vision-transformer

ViT) shows that this framework is also effective in computer vision. 55 

ubsequent studies have revealed that transformer architecture has huge

otential in the visual domain, such as swin-transformers 56 and Tran-

UNet, 57 surpassing CNN in many tasks. 58 Specifically in medical image

nalysis, transformer architecture also has significant effects on medi-
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Fig. 3. The pipeline and classic model of deep learning in medical imaging. CNN, ViT, and GAN are commonly used in deep learning models in medical image 

analysis. Upon training these models, they can be applied to specific downstream tasks. The pipeline of deep learning is highly flexible, allowing for modification of 

model architectures and autonomous design of training tasks according to specific requirements. cCRT, concurrent chemoradiotherapy; CNN, convolutional neural 

network; D, discriminator; DFS, disease-free survival; DGC, diffuse gastric cancer; DL, deep learning; FC, fully connected layer; G, generator; GAN, generative 

adversarial networks; IGC, intestinal gastric cancer; MLP, multilayer perceptron; NACT, neoadjuvant chemotherapy; NBI, narrow-band imaging; nCRT, neoadjuvant 

chemoradiotherapy; OS, overall survival; ViT, vision transformer; WLI, white-light imaging. 

c  

e

3

 

c  

a  

c  

e  

l  

p  

r  

i  

p

3

 

t  

w  

s  

r  

d  

p  

t

 

s  

o  

e  

r  

H  

e  

t  

s  

o  

d  

E  

b  

e

 

s  

r  

(  

t  

h  

e  

b  

H  

c  

s  

c  

e  

i  

s  

t  
al image segmentation, medical image classification, reconstruction,

tc. 56 , 59 , 60 

. AI in esophageal cancer 

EC refers to cancers occurring in the esophagus, which can mainly be

ategorized into two types: esophageal squamous cell carcinoma (ESCC)

nd esophageal adenocarcinoma (EAC). 61 EC ranks as the eighth most

ommon cancer in the world, with approximately 500,000 new cases

ach year. 62 The effectiveness of its treatment is associated with the

ocal medical level, and the 5-year survival rate is often low. 63 To im-

rove the survival rate of patients, in recent years, many scholars and

esearchers have been dedicated to applying AI technology to EC screen-

ng, diagnosis, treatment, and prognosis. These studies have made im-

ortant contributions to the medical treatment of EC patients. 

.1. Screening 

The early symptoms of EC are obscure, lacking specific clinical fea-

ures, with approximately 90 % of EC patients already being diagnosed

ith advanced-stage disease at the time of diagnosis. Effective early

creening can greatly improve the survival rate of patients with EC. Cur-

ently, endoscopic examination is the mainstream screening method, but

ue to its high cost and low efficiency, it is not suitable for large-scale

opulation screening. Therefore, it is necessary to utilize AI to improve

he efficiency and accuracy of early endoscopic screening ( Table 1 ). 

White-light imaging (WLI) endoscopy is the most commonly used

creening technique for early detection of EC, but inexperienced doctors
116
ften find it challenging to detect early EC with WLI endoscopy. 64 AI can

nhance the detection efficiency and accuracy of WLI endoscopy. Cur-

ently, numerous studies have been conducted to explore this domain.

ou et al. 65 added an attentive hierarchical aggregation module and an

fficient self-distillation mechanism based on the teacher-student archi-

ecture, with SEResNet50 as the backbone, to ensure that the model can

electively integrate the logic of each feature. The general framework

f this model is shown in Fig. 4 . The model demonstrated good pre-

iction and generalization capabilities in the task of identifying early

AC. Liu et al. 66 used a CNN for the early detection of ESCC, and the

est-trained model outlined the edges of EC more accurately than expert

ndoscopists and senior endoscopists. 

Narrow-band imaging (NBI) endoscopy is another frequently used

creening technique. It relies on spectral technology to display the

ange of lesions and the morphology of intrapapillary capillary loops

IPCL). 67 , 68 Compared to WLI, NBI enhances the visibility of lesions,

hereby improving the detection rate of endoscopists for lesions. It ex-

ibits better screening performance than WLI but still demands high

xperience from doctors. Several studies have achieved notable results

y using a combination of NBI images and WLI images as training data.

orie et al. 69 trained CNN on 8428 EC images from 384 patients, en-

ompassing both WLI and NBI images. The trained model achieved a

ensitivity of 77 % for diagnosis on the test set including WLI and NBI,

orrectly detecting 125 cancer lesions out of 162 cancer images. Wang

t al. 70 built a single-stage multi-box detector based on CNN and trained

t on 498 WLI images and 438 NBI images, achieving fast detection

peed and excellent model performance. Additionally, they found that

his model performed better in diagnosing NBI (95 %) images than WLI
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Table 1 

Radiomics and DL studies of screening for EC. 

Authors (year) Type of task Modeling Evaluation 

Horie Y. (2019) Detect ESCC and EAC CNN Accuracy 98 %, 

Wang Y. (2021) Detect ESCC Single-shot multi-box detector-based CNN Accuracy 96.2 %, 

Sensitivity 70.4 %, 

Specificity 90.9 % 

Chou C. (2023) Detect ESCC A hybrid model integrating EfficientNet and ViT Accuracy 96.3 %, 

F1-score 96.0 % 

Hou W. (2021) Detect EAC Teacher-student architecture with SEResNet50 as the 

backbone 

Accuracy 92.0 %, 

Sensitivity 89.0 %, 

Specificity 87.0 %, 

F1-score of 89.0 % 

Liu W. (2022) Detect ESCC CNN Accuracy 84.5 % 

Feng Y. (2022) Detect ESCC AI-assisted sponge cytology - 

Zhang P. (2022) Detect EC Two-stage DL-based R-CNN Accuracy 90.3 %, 

Sensitivity 92.5 %, 

Specificity 88.7 % 

Takeuchi M. (2021) Detect EC VGG16 Accuracy 84.2 %, 

Sensitivity 71.7 %, 

Specificity 90.0 % 

Abbreviations: AI, artificial intelligence; CNN, convolutional neural network; DL, deep learning; EAC, esophageal adenocarcinoma; EC, esophageal cancer; ESCC, 

esophageal squamous cell carcinoma; R-CNN, region-CNN; VGG16, visual geometry group 16; ViT, Vision Transformer. 

Fig. 4. The general framework of the model 

proposed by Hou, 65 consisting mainly of two 

modules: SE-ResNet 50 and the attentive hi- 

erarchical aggregation module. These serve as 

the student and teacher, respectively. The en- 

tire model is trained in a supervised learning 

setting with self-distillation. Lce represents the 

cross-entropy loss, while DKL denotes the KL di- 

vergence. 
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89 %) images in terms of accuracy. Some other studies explored the

mpact of NBI images on models. Chou et al. 71 proposed a hybrid model

ombining EfficientNet and ViT. They conducted comparative experi-

ents using different training data (only WLI images, only NBI images,

ixed WLI and NBI images). The experiments found that the model

rained only on NBI data performed worst, and mixing WLI and NBI

mages as training data could improve model performance. 

In addition to applying AI to endoscopic examination, certain studies

ave also explored the feasibility of integrating other screening meth-

ds with AI. Feng et al. 72 considered the high cost of endoscopy screen-

ng and investigated the possibility of AI-assisted sponge cytology as a

re-endoscopy detection tool. The results prove that it significantly re-

uces the average cost of endoscopy, while also improving the accuracy

f large-scale screening. Zhang et al. 73 established a DL model based on

aster R-CNN to detect EC through an esophageal barium meal. With the

ssistance of the model, the interpretation time of radiologists was con-

iderably shortened, and the diagnostic accuracy increased from 89.3 %

o 96.8 %. Takeuchi et al. 74 employed AI to screen EC from CT images.

hey trained a CNN-based model on thousands of CT images with an av-

rage accuracy of 86.4 % ± 5.6 % in the validation set and an accuracy

f 84.2 % in the test set. 

.2. Diagnosis 

Typical diagnoses include histological diagnosis, differentiation de-

ree diagnosis, and tumor-node-metastasis (TNM) staging diagnosis.

mong these, TNM staging diagnosis holds paramount importance. In

 staging diagnosis, the depth of invasion of the primary tumor is im-
117
ortant for determining the necessity of chemotherapy or radiotherapy

nd the choice of surgical approach; in N staging diagnosis, assessment

f lymph node metastasis (LNM) guides the strategy for lymph node

issection during surgery; and in M staging diagnosis, the presence of

istant metastasis plays a decisive role in determining the suitability for

urgery. In the following, we will introduce relevant research on apply-

ng AI technology to EC diagnosis ( Table 2 ). 

To assess the depth of EC invasion, Tokai et al. 75 trained a CNN

odel based on 1751 ESCC endoscopic images, which could detect ESCC

n 95.5 % (279/291) of test images within 10 s, analyze 279 images

ithin 6 s and correctly estimate the depth of invasion of ESCC with a

ensitivity of 84.1 % and accuracy of 80.9 %. Shimamoto et al. 76 utilized

icher training data, including 6857 WLI images and 17,120 NBI/blue

aser imaging (BLI) images. They used the visual geometry group net-

ork as the backbone and the single shot multibox detector as the de-

ection algorithm. The trained model achieved an accuracy of 87.3 %

nd 89.2 % in detecting invasion depth in magnified endoscopy (ME)

nd non-ME images, respectively. These results were comparable to or

ven better than those of expert endoscopists with extensive experience.

In the domain of predicting LNM, Peng et al. 77 extracted radiomic

eatures from different phases (non-enhanced images and enhanced im-

ges) and used LASSO to eliminate redundancy in the feature group. The

adiomics model built on these combined features achieved an area un-

er the curve (AUC) of 0.811; Wang et al. 78 developed a multi-instance

L model to predict lymph node station metastasis, demonstrating a

linical diagnostic recall rate of 63.21 %, which is higher than that of

raditional predictive models; and Zhang et al. 79 developed an AI-based

omputer-aided diagnosis system that emulates the diagnostic logic of
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Table 2 

Radiomics and deep learning for the diagnosis of esophageal cancer. 

Authors (year) Type of task Modeling Evaluation 

Tokai Y. (2020) Predict invasion CNN Accuracy 80.9 %, 

Sensitivity 84.1 % 

Shimamoto Y. 

(2020) 

Predict invasion CNN Accuracy 87 %, 

Sensitivity 50 %, 

Specificity 99 % 

Peng G. (2022) Predict LNM CT radiomics, 

Multivariate logistic regression analysis 

AUC 0.811 

Wang Y. (2023) Predict LNM multi-instance deep learning model AUC 0.7539 

Zhang S. (2023) Predict LNM artificial intelligence-based computer-aided 

diagnosis system 

Accuracy 0.744 

Zhu C. (2022) Predict distant metastasis CT radiomics, 

LASSO logistic regression, 

Nomogram 

AUC 0.827 

Akashi T. (2023) Predict distant metastasis Classifier based CNN Accuracy 99.8 

Zhou Z. (2022) Predict typing Multi-modal CNN AUC 0.92 

Kawahara D. (2021) Predict differentiation degree CT radiomics, LASSO logistic regression Accuracy 85.4 %, 

Specificity 88.6 %, 

Sensitivity 80.0 %, 

AUC 0.92 

Abbreviations: AUC, area under the curve; CNN, convolutional neural network; CT, computed tomography. 
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adiologists. This system first utilizes U-NET to obtain anatomical in-

ormation from CT images, then uses gradient-based methods to ex-

ract metabolic information from PET images, and subsequently predicts

NM, achieving good consistency with human experts in external vali-

ation. 

To predict distant metastasis of EC, Zhu et al. 34 used logistic univari-

te and multivariate regression analyses to identify independent clini-

al predictive factors and create clinical flowcharts for predicting distant

etastasis of EC. The AUC of this model is 0.827, exhibiting good predic-

ion performance. Circulating tumor cells (CTCs) are considered predic-

ive factors for distant metastasis and cancer recurrence. 80 Efficient and

ccurate identification of CTCs aids in assessing distant metastasis of EC.

kashi et al. 81 first established a DL model based on CNN, then trained it

o distinguish ESCC cell lines from peripheral blood mononuclear cells

PBMCs), and subsequently applied it to detect CTCs in patients with

SCC. Comparative experiments found that this model highlighted high

ccuracy and shorter analysis time, making it suitable for clinical appli-

ation in ESCC patients. In addition, AI can distinguish CTCs based on

nknown features, regardless of known marker expression. 

Apart from TNM staging diagnosis, many studies also concentrate on

arious sub-directions of diagnosis, such as typing diagnosis, differentia-

ion degree prediction, etc. EC is typically categorized as ESCC and EAC

ased on histological type. Predicting the type of EC aids in formulating

ersonalized treatment plans. Zhou et al. 82 proposed a multi-modal con-

olutional neural network (CNN) architecture employing dynamic CT

nd preoperative WSI for EC classification. The model achieved an AUC

f 0.92, proving that the fusion of the two modalities helps the model’s

yping diagnosis of EC. The differentiation degree is a crucial indica-

or for measuring the invasiveness of EC. Preoperative prediction of the

ifferentiation degree through AI technology can help reduce the need

or biopsy pathology examinations and predict local control. Kawahara

t al. 35 used LASSO logistic regression to construct a model based on

T radiomic features for differentiation prediction in locally advanced

C patients. The best predictive model has an AUC of 0.92, indicating

he approach has the potential to diminish the need for pathological

xamination via biopsy and enhance predictions for local control. 

.3. Treatment response prediction 

Currently, clinical treatment methods for EC patients include con-

urrent chemoradiotherapy (cCRT), neoadjuvant chemoradiotherapy

nCRT), definite chemoradiotherapy, esophagectomy, etc. These treat-

ent methods can, to some extent, reduce tumor burden, lower recur-

ence and metastasis risks, and prolong patient survival. However, not
118
ll EC patients can benefit from these treatments. Therefore, to formu-

ate more personalized treatment plans to improve patient outcomes,

educe postoperative risks, and reduce the possibility of complications,

t is necessary to employ AI technology to predict the impact of treat-

ent modalities on patients ( Table 3 ). cCRT is a combined modality

reatment method using chemotherapy and radiotherapy. Research has

emonstrated the superiority of this approach compared to standalone

adiotherapy or chemotherapy. However, this approach was also associ-

ted with severe or life-threatening toxicity in 44 % and 20 % of patients,

espectively, with an overall compliance rate of 54 %. 83 Currently, there

ave been research efforts utilizing AI technology to predict the thera-

eutic response of cCRT, thereby optimizing treatment regimens and

voiding adverse events. Li et al. 84 developed and validated a 3D DL

adiomics model based on pre-treatment CT images to predict the re-

ponse to cCRT. The model performed well in all three prediction cat-

gories, with an AUC > 0.8 for each category and a positive predic-

ive value of approximately 100 %. An et al. 85 conducted a univariate

nalysis to explore the associations between clinical features, apparent

iffusion coefficient (ADC) values, radiomic features, and treatment re-

ponse to cCRT. Given the large number of features, they first applied

he minimum redundancy maximum relevance (mRMR) algorithm to

dentify and rank the top 30 radiomic features for training and testing.

ltimately, they found that the primary tumor site was associated with

reatment response, while ADC and delta-ADC values showed no signif-

cant correlation with treatment response. Jin et al. 38 separately used

VM and XGBoost to build models based on radiomic features and dosi-

etric parameters, and the experiments demonstrated that the combina-

ion of radiomic features and dosimetric parameters helped their models

redict the treatment response to cCRT. nCRT is the administration of

hemotherapy and radiation therapy before surgery. This approach aims

o shrink the tumor, making it easier to remove during surgery, and also

o potentially improve long-term outcomes by targeting any remaining

ancer cells in the area. Approximately 29 % of patients achieve pCR

ollowing nCRT, indicating that patients undergoing nCRT may achieve

utcomes similar to esophagectomy while preserving organs. 86 Predict-

ng pCR following nCRT through AI can determine the necessity of sub-

equent surgical intervention, facilitating the optimization of treatment

trategies. Some studies predict treatment response based on PET image

adiomics. For example, Murakami et al. 87 extracted radiomic features

rom pretreatment fluorodeoxyglucose positron emission tomography

FDG PET) images and established a prediction model based on them.

fter 5-fold validation, it was demonstrated that the use of FDG PET

adiomics to predict local response in locally advanced ESCC treated by

CRT is feasible. Beukinga et al. 88 created a radiomics model based on
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Table 3 

Radiomics and DL studies of treatment response prediction for esophageal cancer. 

Authors (year) Type of task Modeling Evaluation 

Li X. (2021) Predict treatment response of cCRT 3D DL radiomics model AUC 0.833 

An D. (2020) Predict treatment response of cCRT Radiomics, 

Multivariate logistic regression 

AUC 0.823 

Jin X. (2019) Predict treatment response of cCRT Radiomics, 

SVM, XGBoost 

Accuracy 0.708, 

AUC 0.541 

Murakami Y. (2021) Predict treatment response of nCRT FDG PET radiomics AUC 0.927 

Beukinga R. (2021) Predict treatment response of nCRT FDG PET radiomics AUC 0.857 

Liu Y. (2023) Predict treatment response of nCRT MRI radiomics AUC 0.800, 

Sensitivity 79.2 %, 

Specificity 83.7 % 

Lu S. (2023) Predict treatment response of nCRT MRI radiomics AUC 0.831 

Chufal KS. (2021) Predict treatment response of nCRT CNN Accuracy 0.74, 

AUC 0.697 

Wang Q. (2023) Predict treatment response of nCRT Radiomics, 

Disentangled representation network 

AUC 0.8429 

Puttanawarut. C. (2021) Predict RP Dosiomics, 

Multivariate logistic regression 

AUC 0.71 

Sheng. L. (2023) Predict RP Hybrid DL model based on Resnet18 Accuracy 0.85, 

AUC 0.91 

Li. Z. (2023) Predict EF Radiomics, 

Univariate and multivariate stepwise 

logistic regression analysis 

AUC 0.896 

Xu. Y. (2021) Predict EF Attentional multi-view multi-scale CNN C-index 0.901 

Abbreviations: AUC, area under the curve; CNN, convolutional neural network; cCRT, concurrent chemoradiotherapy; nCRT, neoadjuvant chemoradiotherapy; DL, 

deep learning; EF, esophageal fistula; FDG PET, fluorodeoxyglucose positron emission tomography; RP, radiation pneumonia; SVM, support vector machine. 
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8 F-FDG PET and attempted to introduce tumor markers, demonstrating

hat incorporating both HER2 and CD44 tumor markers improved the

verall performance of the model. There are also radiomic studies based

n other modalities. Liu et al. 89 validated the feasibility of this method

sing clinical blood markers and MRI radiomics. Lu et al. 90 first explored

he value of MRI radiomic features based on T2-TSE-BLADE images in

redicting the response of ESCC patients to neoadjuvant chemotherapy

NACT). Furthermore, certain investigations utilize CT imaging as the

oundation for modeling and predictive analysis. Chufal et al. 91 trained

 CNN model using pre-nCRT CT images, achieving an accuracy of 74 %

n the test set, and found that the region within the gross tumor volume

GTV), excluding the esophageal lumen, was most predictive of patho-

ogical response. Wang et al. 92 combined DL with radiomics, inputting

adiomic features into a disentangled representation network to explore

he relationship between dynamic changes in tumors and pathological

esponse before and after nCRT. 

EC may experience some complications or side effects during or af-

er treatment, such as radiation pneumonia (RP) and esophageal fistula

EF). These complications can disrupt subsequent treatment processes

hile seriously affecting the patient’s quality of life. RP is one of the ma-

or complications of thoracic radiation therapy. 93 In terms of predicting

P, Puttanawarut et al. 94 established a model based on dose-volume

istograms (DVH) and dosimetric features using multivariate logistic

egression with L1 norm regularization, which demonstrated good pre-

ictive ability for RP occurrence. This study also proved that dosiomic

eatures extracted from dose distributions can improve the performance

f RP prediction models. Sheng et al. 95 designed a novel hybrid DL net-

ork based on ResNet18, integrating clinical features and dose distri-

ution matrics to predict RP and achieving an accuracy of 0.85 and an

UC of 0.91. EF is another serious complication, with about 4–24 %

f patients at risk after radiation therapy for EC. 96–99 In the realm of

redicting EF, Li et al. 100 recorded and extracted clinical and radiomic

eatures of included patients, determined risk factors related to EF by

nivariate and multivariate stepwise logistic regression analysis, prov-

ng tumor length, tumor volume, T stage, lymphocyte rate, and grade 4

sophageal stenosis were related to EF, and used a nomogram to predict

F with an AUC of 0.896. Xu et al. 101 developed an attentional multi-

iew multi-scale CNN model to extract features from CT, then used fully

onnected layers to combine radiomic and clinical features, and finally

d  

119
sed SoftMax classifier to predict EF. The model achieved a C-index

f 0.901 on the validation set. By comparing with models utilizing CT

maging alone or clinical data alone, it was demonstrated that the com-

ination of clinical data and radiomic features improved the model’s

redictive performance. 

.4. Prognosis 

Despite continuous advances in surgical techniques and medical

ethods, most EC patients have a poor prognosis, with an overall 5-

ear survival rate ranging from only 9 % to 22 %. 102 Improved accu-

acy and effectiveness in prognosis prediction are conducive to offering

ore reasonable guidance for individualized treatment decisions. In re-

ent years, several studies have applied AI to tumor prognosis prediction

nd achieved good results. The following will introduce present perti-

ent research on EC prognosis prediction ( Table 4 ). 

Regarding EC, research on prognosis prediction can be broadly di-

ided into two categories according to the treatment methods of the

tudy objects: one is the prognosis prediction of patients who underwent

sophageal resection, and the other is patients who received chemora-

iotherapy. We first introduce studies on prognosis prediction related

o esophagectomy. Gujjuri et al. 31 established overall survival (OS) and

isease-free survival (DFS) prediction models using Cox proportional

azard (CPH) and random survival forest (RSF), effectively predicting

ong-term survival rates and recurrence times after esophagectomy; Rah-

an et al. 32 developed an OS prediction model using the RSF method

nd Cox regression based on 41 patients and disease characteristics with

n AUC of 83.9 %; and Jung et al. 103 also used RSF to predict prognosis

or patients who underwent esophagectomy. In addition, by comparing

arious machine learning algorithms, their demonstration highlighted

hat RSF is particularly suitable for long-term prognostic prediction. Be-

ides work focusing solely on esophagectomy, there are also studies on

rognostic prediction of neoadjuvant treatment. DeFreitas et al. 104 vali-

ated through variable analysis that CT-derived body composition mea-

urements can serve as predictive factors for prognosis in EAC patients

fter neoadjuvant treatment. Based on this, they established a Cox model

hat effectively predicted the risk scores for these patients. 

Studies on prognostic prediction for chemoradiotherapy are more

iverse. Kawahara et al. 36 established a nomogram based on CT, PET,
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Table 4 

Radiomics and DL studies of prognosis for EC. 

Authors (year) Type of task Modeling Evaluation 

Gujjuri RM. (2023) Predict survival rate after esophageal 

resection 

CPH, 

RSF 

AUC 0.771(OS, RSF), 

AUC 0.782 (OS, CPH), 

AUC 0.786 (DFS, RSF), 

AUC 0.794 (DFS, CPH) 

Rahman SA. (2023) Predict survival rate after esophageal 

resection 

RSF, 

Cox 

AUC 0.839 (RSF), 

AUC 0.823 (Cox) 

Jung JO. (2023) Predict risk score RSF AUC 0.814 

DeFreitas MR. (2023) Validate predictive factor U-net, 

Univariate and multivariate analyses 

P values 0.01 (BMI), 

P values 0.004 (SMI) 

Kawahara D. (2023) Predict OS and PFS after radiotherapy CT radiomics, 

PET radiomics, 

Nomogram 

C-index 0.92 

Lin Z. (2022) Predict survival rate after cCRT Coordinate Attention Convolutional 

AutoEncoder, uncertainty-based jointly 

Optimizing Cox Model. 

C-index 0.72 

Gong J. (2022) Predict LRFS after cCRT 3D Densenet C-index 0.7167 

Yu N. (2022) Predict survival rate after definite 

chemoradiotherapy 

MRI radiomics, 

CT radiomics, 

LASSO 

C-index 0.689 

Cui J. (2023) Predict OS and PFS after definite 

chemoradiotherapy 

Radiomics, 

Genomics, 

Univariate and multivariate Cox 

analyses 

C-index 0.659 

Abbreviations: AUC, area under the curve; BMI, body mass index; cCRT, concurrent chemoradiotherapy; CPH, Cox proportional hazard; CT, computed tomography; 

DFS, disease-free survival; DL, deep learning; EC, esophageal cancer; OS, overall survival; PET, positron emission tomography; PFS, progression-free survival; RSF, 

random survival forest; SMI, skeletal muscle index. 
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nd dosiomic radiomic features selected by LASSO combined with lo-

istic regression, to predict OS for patients receiving radiotherapy. Lin

t al. 105 proposed a survival prediction framework combining 3D co-

rdinate attention convolutional AutoEncoder and uncertainty-based

ointly optimizing Cox model for survival prediction of cCRT. Gong

t al. 106 developed a local recurrence-free survival (LRFS) predic-

ion model based on a 3D DenseNet, which effectively captures and

odels the relationships between features relevant to the target task.

he experimental results, achieving a C-index of 0.7167 on an exter-

al dataset, strongly demonstrated the capability of this method. Yu

t al. 107 combined MRI and CT radiomic features to predict the 2-year

S of locally advanced EC patients treated with definitive chemora-

iotherapy. The test results demonstrated that the combination of

hese two features significantly improved prognostic prediction; Cui

t al. 33 established Cox proportional hazard regression models com-

ining radiomics, genomics, and clinical factors, achieving a C-index

f 0.649 on the validation cohort. This performance surpassed that of

he radiomic-only model (C-index: 0.625) and the genomic-only model

C-index: 0.586). 

. AI in gastric cancer 

GC is the fifth most common malignant tumor worldwide and

he fourth leading cause of cancer-related deaths globally. 108 China

s a country with a high incidence of gastric cancer, second only to

ung cancer in terms of its occurrence rate. 109 Although there has

een a downward trend in the incidence and mortality rates of GC

n recent years, the cancer continues to impose a significant social

urden due to its large population base, increasing aging popula-

ion, and a high proportion of patients being diagnosed at advanced

tages. 110 

Currently, the clinical diagnosis and treatment of gastric cancer

eavily rely on gastroscopy, CT, and qualitative judgments made by

hysicians. However, these methods are highly dependent on the per-

onal experience of doctors, leading to diagnostic uncertainties. 111 , 112 

ith the continuous application of AI in the field of medicine, significant

evelopments and promising clinical applications have emerged in the

xploration of GC screening, diagnosis, treatment response prediction,

nd prognosis. 
120
.1. Screening 

Esophagogastroduodenoscopy (EGD) is a fundamental procedure for

etecting early gastric cancer (EGC). However, the diagnostic accuracy

f EGC is subject to the subjectivity of endoscopists, leading to a missed

iagnosis rate of 20 % to 40 %. 113 In recent years, significant advance-

ents have been made in the field of AI in medical image recognition. 114 

t has been demonstrated that AI can effectively detect blind spots during

he screening of EGD. Some representative works are shown in Table 5 .

WLI endoscopy is a standard protocol for examining gastric lesions.

iikura et al. 115 confirmed the non-inferiority of AI in diagnosing GC.

bout 23,892 white-light EGD images from 500 patients were utilized

o compare the diagnostic rates of GC between an AI algorithm based on

he single shot MultiBox detector and expert endoscopists. Ultimately,

he AI algorithm achieved a higher diagnostic rate for GC (99.87 %)

ompared to that of the expert endoscopists (88.17 %). Furthermore,

ura et al. 116 developed a double check support system with 12,977

till white-light endoscopic images from 855 cancer patients, which in-

orporated the function of lesion detection based on cascade region-CNN

nd low-quality images detection based on DenseNet121. Validated re-

ults showed a detection rate of 93.2 % for EGC and 92.5 % for malig-

ant lymphoma, as well as excellent performance in identifying low-

uality images. However, the study conducted by Tang et al. 117 not

nly demonstrated superior diagnostic capabilities of AI compared to

ndoscopists (accuracy, AI vs . experts vs . trainees: 95.3% vs . 87.3% vs .

3.6 %) but also highlighted its potential to improve the performance of

ndoscopists (accuracy: AI + experts, 94.3 %; AI + trainees, 96.2 %). They

ased this on a multicenter retrospective study where they developed

nd validated a real-time CNN system for detecting EGC. The system

as trained and validated on 35,823 and 10,931 endoscopic images, re-

pectively, and achieved an accuracy ranging from 85.1 % to 91.2 % in

alidation datasets. He et al. 118 extended the EGC screening model from

mage-based applications to video data and prospectively validated it.

ased on ResNet-50 and 10,693 EGD images, they developed an EGC di-

gnostic system and evaluated it with 187 videos. In 93 internal videos,

he system achieved a higher accuracy (90.32 %) compared to that of

enior endoscopists (70.16 % ± 8.78 %). In 94 external videos, endo-

copists demonstrated improved diagnostic performance with the assis-

ance of the system. Furthermore, the system exhibited excellent clinical
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Table 5 

Radiomics and DL studies of screening for GC. 

Authors (year) Type of task Modeling Evaluation 

Niikura R. (2022) Detect EGC The Single Shot 

MultiBox Detector 

Accuracy 99.87% 

Oura H. (2022) Detect EGC lesion 

and malignant lymphoma 

Cascade Region-CNN, DenseNet121 Accuracy 93.2 % (EGC), 

Accuracy 92.5 % (malignant lymphoma) 

Tang D. (2020) Detect EGC CNN Accuracy 85.1 %-91.2 %, 

Sensitivity 85.9 %-95.5 %, Specificity 

81.7 %-90.3 %, 

AUC 0.887-0.940 

He X. (2022) Detect EGC ResNet-50 Accuracy 83.67 %, 

Sensitivity 92.59 % 

Hu H. (2021) Detect EGC VGG19 Accuracy 0.775, 

Sensitivity 0.767, 

Specificity 0.742, 

AUC 0.813 

Ling T. (2022) Delineate EGC margins U-NET ++ Accuracy 82.7 % (differentiated EGC), 

Accuracy 88.1 % (differentiated EGC) 

Gong L. (2022) Describe the visual features of 

ME-NBI images for endoscopists 

ResNet101 network, 

Meshed-memory transformer 

B1 52.434, C 36.734, 

M 27.823, R 49.949, 

S 35.548 (internal test cohort) 

B1 51.028, C 39.240, 

M 25.745, R 46.634, 

S 28.825 (external test cohort) ∗ 

Zhu SL. (2020) Detect GC Gradient Boosting 

Decision Tree 

Accuracy 83.0 %, 

Sensitivity 87.0 %, 

Specificity 84.1 %, 

AUC 91 % 

Taninaga J. (2019) Detect GC XGBoost AUC 0.899 

Zhang B. (2022) Detect GC H2O framework Accuracy 84.54 %, 

Sensitivity 85.44 %, 

Specificity 83.82 %, 

AUC 0.9165 

Tang JW. (2024) Detect Helicobacter pylori infection Light Gradient 

Boosting Machine 

Accuracy 99.54 %, 

Precision 99.54 %, 

Recall 99.54 %, 

F1 99.54 %, 

Accuracy (5-fold CV) 99.21 % 

Si YT. (2024) Detect different stages of gastric 

disease 

XGBoost Accuracy 96.88 %, 

Precision 96.88 %, 

Recall 95.47 %, 

F1 96.86 %, 

Accuracy (5-fold CV) 96.17 % 

(Identify chronic non-atrophic gastritis 

and intestinal metaplasia) 

Accuracy 91.67 %, 

Precision 91.67 %, 

Recall 92.17 %, 

F1 91.61 %, 

Accuracy (5-fold CV) 90.46 % 

(Identify chronic non-atrophic gastritis 

with different severities) 

∗ B1, C, M, R, S represent BLEU1, CIDEr, METEOR, ROUGE, and SPICE scores, respectively. These scores are commonly used metrics to evaluate the quantitative 

results of the captioning model. 

Abbreviations: AUC, area under curve; CNN, convolutional neural network; DL, deep learning; EGC, early gastric cancer; GC, gastric cancer; VGG19, visual geometry 

group-19; XGBoost, eXtreme gradient boosting. 
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erformance in a prospective patient study, with a sensitivity of 92.59 %

nd an accuracy of 83.67 %. 

Similar to NBI endoscopy for EC, NBI endoscopy, compared to WLI

ndoscopy, can enhance the visualization of abnormal mucosal lesions,

hereby improving the detection rate of EGC. It also requires endo-

copists to possess substantial expertise and extensive clinical experi-

nce, and the application of AI in NBI can effectively improve the di-

gnostic rate of EGC. Hu et al. 119 developed an EGC diagnostic model

ased on the visual geometry group 19 (VGG19) architecture. The model

as trained and tested using 1777 magnifying endoscopy NBI (ME-NBI)

mages from 295 cases collected from three centers. The performance

f the model was compared to that of eight endoscopists with varying

evels of experience. The results demonstrated that the model achieved

omparable diagnostic accuracy to highly skilled endoscopists in diag-

osing EGC. After referring to the model’s results, the average diagnos-

ic ability of the endoscopists significantly improved in terms of accu-
121
acy, sensitivity, and other relevant aspects. In addition to improving the

ate of EGC diagnosis, accurately identifying the differentiation status

nd margins of EGC is also crucial for determining the surgical strat-

gy for patients. Ling et al. 120 developed a real-time system that in-

luded a CNN2 model (based on 1670 ME-NBI images) for delineating

he margins of EGC. Upon validation, the system demonstrated excel-

ent performance compared to experts and was capable of margin delin-

ation of EGC in actual videos. Furthermore, Gong et al. 121 developed

n EGC captioning model utilizing ME-NBI images to automatically de-

cribe the visual features of ME-NBI images and assist endoscopists in

nhancing their diagnostic capabilities for EGC. In this study, the EGC

aptioning model can generate descriptions for ME-NBI images to assist

ndoscopists in quickly forming diagnostic impressions of suspicious le-

ions, thereby enhancing EGC diagnosis. It can help less experienced

unior endoscopists reduce their reliance on experience, bringing their

iagnostic capabilities closer to expert levels. The model also ensures
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o  
he interpretability of decision-making, enhancing physicians’ trust in

I-assisted diagnosis. Given the various advantages of generating cru-

ial diagnostic captions for medical images, it is particularly suitable

or various applications. For instance, it can be used in clinical practice

o generate descriptive captions on X-rays, CT scans, MRI, and pathol-

gy images, aiding doctors in identifying abnormal structures and pro-

iding timely, robust support for clinical decisions. It can be utilized

or educational training, assisting novice doctors in understanding com-

lex pathological features, rapidly acquiring lesion diagnostic skills, and

nhancing clinical judgment. Moreover, integrating the captioning sys-

em with diagnostic systems can automatically generate comprehensive

xamination reports, improving diagnostic accuracy and efficiency, re-

ucing the workload on physicians, and ensuring standardization and

raceability of diagnostic results. 

Just as in EC research, in GC studies, researchers not only utilized AI

n endoscopic examinations but also investigated the feasibility of inte-

rating AI with other screening methods, such as combining AI with

ome non-invasive indicators like blood markers, biological features,

elicobacter pylori ( H. pylori ) infection status, etc. Considering the inva-

iveness and high cost of endoscopic examinations and aiming to reduce

atients’ medical expenses, Zhu et al. 122 developed a high-accuracy pre-

iction model for GC diagnosis based on non-invasive features, such as

ender, age, neutrophil-to-lymphocyte ratio, hemoglobin, albumin, car-

inoembryonic antigen, carbohydrate antigen 125, and carbohydrate

ntigen 199, combined with the algorithm of gradient boosting deci-

ion trees. Taninaga et al. 41 utilized machine learning and comprehen-

ive examination parameters including biological features, H. pylori in-

ection status, endoscopic findings, and blood test results to classify

atients with GC into high-risk or low-risk categories. Among the ten

rained classification models, the XGBoost algorithm achieved the high-

st AUC (0.899). This approach improved the classification accuracy

nd helped identify patients at a high risk of GC. Additionally, liquid

iopsy can serve as a non-invasive and rapid method in GC screen-

ng. Zhang et al. 123 constructed a GC identification system based on

he H2O framework 124 and 33 blood biochemical indicators. The sys-

em achieved sensitivity, specificity, accuracy, and AUC on the cross-

alidation set of 85.44 %, 83.82 %, 84.54 %, and 0.9165, respectively,

ffering efficient, non-invasive, and cost-effective advantages for GC

etection. 

There are also some studies combining surface-enhanced Raman

pectroscopy (SERS) technology with machine learning algorithms,

howing great potential. 125 H. pylori is a major risk factor for gastric can-

er. Tang et al. 126 and his team used the light gradient boosting machine

LightGBM) framework to build a machine learning prediction model

ased on 12,000 SERS spectra data from 100 participants to predict H.

ylori infection. This model not only outperformed traditional methods

n terms of accuracy but also demonstrated significant advantages in

ime efficiency. On the other hand, Si et al. 127 utilized SERS spectra

ata to classify different stages of gastric diseases. They first applied or-

hogonal partial least squares discriminant analysis (OPLS-DA) to deeply

nalyze the preprocessed spectral data, distinguishing between different

tages of gastric diseases. Based on this, they used XGBoost to build a

iagnostic model, ultimately achieving the highest accuracy of 96.88 %

nd 91.67 %, respectively, in distinguishing chronic non-atrophic gas-

ritis from intestinal metaplasia and different subtypes of gastritis (mild,

oderate, and severe). 

.2. Diagnosis 

The diagnosis of GC is an essential step that significantly affects pa-

ients’ treatment and prognosis. Accurate diagnosis of GC helps physi-

ians understand its molecular characteristics and genetic variations and

elect the most appropriate treatment strategies for patients, improving

reatment effectiveness while reducing unnecessary side effects. Many

tudies have applied AI for the diagnosis of GC. Some representative

esearch works are summarized in Table 6 . 
122
The TNM staging diagnosis system for GC, developed by the Union

or International Cancer Control (UICC) and the American Joint Com-

ittee on Cancer (AJCC), 128 , 129 holds substantial value in clinical prac-

ice for treatment planning and patient prognosis evaluation, 130 , 131 sim-

larly to its application in EC. 

For predicting the depth of GC invasion, Sun et al. 132 built a nomo-

ram based on hand-crafted features and DL features from three-phase

T images to predict the serosa invasion depth of advanced gastric can-

er (AGC) patients. Its AUC is higher than 0.85 in both the phase I

etrospective study and phase II validation study. Unlike Sun et al.’s

ork, Goto et al. 133 focused on predicting the invasion depth of EGC.

hey fine-tuned the EfficientnetB1 model to distinguish between intra-

ucosal and submucosal GC. The fine-tuned model worked with doc-

ors to jointly determine the infiltration degree, and finally performed

ell in the test images. Nagao et al. 134 conducted work that was more

omprehensive. They fine-tuned ResNet50 separately on three image

atasets: WLI, NBI, and indigo-carmine dye contrast imaging (indigo).

he trained models were then evaluated for invasion depth prediction.

he experiments found that the prediction accuracies of the three mod-

ls were 94.5 %, 94.3 %, and 95.5 %, respectively, with no significant

ifferences. 

For predicting LNM, Wang et al. 40 constructed a radiomics model us-

ng preoperative CT images from 247 confirmed GC patients, employing

he RF algorithm. The CT images were segmented semi-automatically

sing a dedicated semi-processing prototype software, "Radiomics."

hey combined radiomic scores with selected clinical predictors to es-

ablish a radiomic nomogram. Both the radiomics model and nomogram

emonstrated good performance in discriminating LNM. Dong et al. 37 

tilized CT images from 730 patients with locally advanced gastric

ancer (LAGC) from six centers. They established a deep learning ra-

iomic nomogram (DLRN) based on CNN using DenseNet-201 architec-

ure, which involved extracting 112 DL features and 289 handcrafted

eatures from each ROI in the images. The radiomic nomogram demon-

trated good discrimination for the number of LNM (overall C-index:

rimary cohort, 0.821, all external validation cohorts, 0.797, interna-

ional validation cohort, 0.822), outperforming conventional clinical N

tage, tumor size, and clinical model. Furthermore, Zhao et al. 135 com-

ared four different methods, namely the radiomic nomogram, decision

rees, naive Bayes, and DL, to establish an LNM prediction model. Ul-

imately, the DL model based on a fully convolutional network showed

he most accurate LNM prediction with an AUC of 0.79. 

For predicting distant metastasis of GC, Mirniaharikandehei et al. 136 

ddressed the issue of predicting peritoneal metastases (PMs) based on

adiomic features of the primary lesions of GC on venous phase CT im-

ges. They compared the predictive performance of five feature selection

r dimensionality reduction methods combined with a gradient boosting

achine. The results indicated that the proposed random projection al-

orithm can generate feature vectors with strong discriminative power.

urthermore, Dong et al. 137 developed individualized radiomic nomo-

rams for preoperative identification of occult peritoneal metastases in

atients based on 266 quantitative image features from 554 AGC pa-

ients from four centers. These nomograms incorporated primary tumor

RS1), peritoneum region (RS2), or clinical factors to assess the PM sta-

us, preventing the omission of patients with PMs during CT evaluation.

he study ultimately demonstrated that RS1, RS2, and Lauren type were

mportant predictive factors for occult PMs. In contrast to Dong et al.’s

ork, Jiang et al. 138 established a densely connected convolutional net-

ork combined with long-short connections to predict occult PMs based

n preoperative CT images of 1978 patients. The results showed that the

odel had significantly higher discriminative performance (AUCs in the

xternal validation cohorts 1 and 2 were 0.946 and 0.920, respectively)

ompared to conventional clinic pathological factors (AUC range, 0.51–

.63). The model was identified as an independent predictor for occult

Ms. 

In addition to the TNM staging diagnosis, many studies also focus on

ther sub-directions of diagnosis, such as histological diagnosis, patho-
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Table 6 

Radiomics and DL studies for the diagnosis of gastric cancer. 

Authors (year) Type of task Modeling Evaluation 

Sun RJ. (2020) Predict invasion Radiomics nomogram AUC 0.87 (test set I), 

AUC 0.90 (test set II) 

Goto A. (2023) Predict invasion EfficientnetB1 Accuracy 77.0 % (AI alone), 

Accuracy 78.0 % (AI with 

endoscopists) 

Nagao S. (2020) Predict invasion ResNet50 Accuracy 94.5 % (WLI), 

Accuracy 94.3 % (NBI), 

Accuracy 95.5 % (Indigo) 

Wang Y. (2020) Predict LNM RF, 

Nomogram 

AUC 0.837 (RF), 

AUC 0.881 (Nomogram) 

Dong D. (2020) Predict LNM DLRN C-index 0.797 (external validation), 

C-index 0.822 (international 

validation) 

Zhao L. (2023) Predict LNM Nomogram, 

Decision Tree, 

Naive Bayes, 

DL 

AUC 0.78 (Nomogram), 

AUC 0.76 (Decision Tree), 

AUC 0.77 (Naive Bayes), 

AUC 0.79 (DL) 

Mirniaharikandehei S. (2021) Predict peritoneal metastasis Gradient boosting machine model 

embedded with a random 

projection algorithm 

AUC 0.69 ± 0.019, 

Accuracy 71.20 %, 

Precision 65.78 %, 

Sensitivity 43.10 %, 

Specificity 87.12 % 

Dong D. (2019) Predict occult peritoneal metastasis Nomogram AUC 0.928 (external validation 

cohort 1), 

AUC 0.920 (external validation 

cohort 2) 

Jiang Y. (2021) Predict occult peritoneal metastasis Densely connected convolutional 

network 

AUC 0.946 (validation cohort 1), 

AUC 0.920 (validation cohort 2) 

Wang XX. (2020) Predict Lauren classification Radiomics, 

Nomogram 

AUC 0.758 

Wang S. (2021) Predict specific Borrmann classification Radiomics, 

multilayer perceptron network 

AUC 0.702 (Borrmann I/II/III vs . 

IV), 

AUC 0.731 (Borrmann II vs . III) 

Muti HS. (2021) Detect EBV and MSI status DL-based classifier 

MI AUC 0.597-0.836 (internal 

validation), 

EBV AUC 0.819-0.897 (internal 

validation), 

MI AUC 0.723-0.863 (external 

validation), 

EBV AUC 0.672-0.859 (internal 

validation) 

Lee S H. (2023) Detect MSI DL-based classifier AUC 0.874 

Zheng X. (2022) Detect EBV EBVNet AUC 0.941 (external validation) 

Ba W. (2022) evaluate DL assistance with pathologists’ diagnosis of GC CNN with 

DeepLab v3 architecture 

AUC 0.911, 

Sensitivity 90.63 %, 

Specificity 78.23 % 

Abbreviations: AI, artificial intelligence; AUC, area under curve; CNN, convolutional neural network; DL, deep learning; DLRN, deep learning radiomics nomogram; 

EBV, Epstein-Barr virus; GC, gastric cancer; LNM, Lymph node metastasis; MSI, microsatellite instability; NBI, narrow-band imaging; RF, random forest; WLI, white- 

light imaging. 
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t  
ogical diagnosis, etc. The Lauren classification of GC primarily includes

wo types: diffuse type and intestinal type. These two types of GC exhibit

arying sensitivity and effectiveness to chemotherapy and radiother-

py. The Lauren classification assists physicians in selecting appropri-

te surgical methods, chemotherapy regimens, and radiotherapy plans

ased on the pathological characteristics of GC, thereby improving treat-

ent outcomes. For patients with intestinal-type GC, the primary ap-

roach is surgical resection, supplemented by preoperative or postop-

rative chemotherapy to reduce tumor size or recurrence risk. In con-

rast, patients with diffuse-type GC require systemic treatment primarily

ith chemotherapy. 139 , 140 The Lauren classification is also potentially

ssociated with patient prognosis. Studies indicated that patients with

ntestinal-type GC generally had a better prognosis, whereas those with

iffuse-type had a poorer prognosis, with a five-year survival rate lower

han that of intestinal-type patients. 141 , 142 However, research by Tang

t al. 143 found that the survival rate for intestinal-type patients was

orse than for diffuse-type patients. These contradictory results may

e due to clinical heterogeneity and varying sample sizes, highlighting

he need for further large-sample studies to validate these conclusions. 
123
Therefore, predicting the Lauren classification preoperatively is par-

icularly important for treatment selection and prognosis assessment in

C. Wang et al. 144 conducted the first preoperative radiomics analysis

pecifically targeting the Lauren classification in GC. In their study, they

sed tumor regions and the surrounding area from CT images of 539 GC

atients as two sets of radiomic features. They developed a radiomic

omogram that combined radiomic and clinical features. This nomo-

ram outperformed other models, with AUCs of 0.745 and 0.758 in the

raining and validation cohorts, respectively, enabling better identifica-

ion of diffuse-type GC patients. Similarly, the Borrmann classification

f AGC is crucial for surgical strategy and prognostic evaluation. Wang

t al. 145 extracted radiomic features from CT images of 889 AGC patients

rom two centers. They constructed 15 basic classification models and

n ensemble multilayer perceptron network. This network could auto-

atically identify Borrmann IV and improve the discriminatory ability

etween Borrmann II and III. 

Epstein-Barr virus (EBV) positivity and microsatellite instability

MSI) are closely associated with the immune response in GC, making

hem potential biomarkers for immunotherapy. Muti et al. 146 developed
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Table 7 

Radiomics and DL studies of treatment response prediction for gastric cancer. 

Authors (year) Type of task Modeling Evaluation 

Wang W. (2024) Predict complications Light Gradient Boosting Machine Accuracy 87.28 %, 

AUC 0.9232 

Aoyama Y.(2024) Predict pancreatic fistula HyperSeg nested with a U-Net 

architecture 

Dice of Pancreas 0.70 

Takeuchi M.(2023) Predict surgical complexity TeCNO Accuracy 87 %, 

AUC 0.859 

Wang W. (2021) Predict treatment response of NACT LASSO AUC 0.679 

Cui Y. (2022) Predict treatment response of NACT DLRN AUC 0.804 (external validation 1), 

AUC 0.827 (external validation 2) 

Zhong H. (2021) Predict the response of metastatic 

lymph nodes to NACT 

DLDRN AUC 0.94 

Tan J. (2020) Predict treatment response of 

chemotherapy 

Semi-automatic 

delta radiomics model 

AUC 0.728 (test cohort) 

AUC 0.828 (validation cohort) 

Abbreviations: AUC, area under curve; DL, deep learning; DLDRN, deep learning delta radiomic nomogram; DLRN, deep learning radiomics nomogram; 

IoU, intersection over union; LASSO, least absolute shrinkage and selection operator; NACT, neoadjuvant chemotherapy. 

a  

i  

p  

e  

b  

c  

a  

I  

p  

n  

E  

t  

t  

f  

G  

c  

p  

c  

7  

p  

s

4

 

(  

(  

m  

s  

s  

i  

u  

T

 

o  

a  

s  

c  

i  

p  

p  

c  

d  

fi  

a  

o  

t  

n  

t

i  

g  

p  

l  

c  

a

 

w  

N  

s  

t  

H  

b  

s  

s  

u  

s  

n  

p  

i  

s  

t  

h  

t  

p  

t  

o  

c  

m  

a  

r  

w  

r  

fi  

d  

D

 

c  

r  

f  

e  

r  

t  

a  

r  

s  

p  
 deep neural network-based classifier utilizing routine histopatholog-

cal slide data from 2823 patients with known MSI status and 2685

atients with known EBV status from seven countries. Their classifier

ffectively distinguished EBV and MSI and could serve as a predictive

iomarker for immunotherapy in GC. Lee et al. 147 designed a DL-based

lassifier to automate the classification of MSI status. The classifier was

ble to automatically learn and identify optimal features for MSI status.

n the external validation cohort, the classifier demonstrated favorable

erformance with an AUC of 0.874. Zheng et al. 148 introduced a CNN

amed EBVNet, which was integrated with pathologists to predict the

BV status of GC slides. AUCs in the internal cross-validation and ex-

ernal dataset were 0.969 and 0.941, respectively. Thus, the introduc-

ion of human-machine fusion could enhance the predictive capability

or EBV status. To assess the adjunctive role of DL in the diagnosis of

C by pathologists, Ba et al. 149 utilized a CNN with DeepLab v3 ar-

hitecture 150 to analyze 110 WSI. The DL-assisted pathologists, in com-

arison to pathologists alone, achieved AUCs of 0.911 and 0.863, with

orresponding sensitivities of 90.63 % and 82.75 %, and specificities of

8.23 % and 79.90 %, respectively. Furthermore, the DL-assisted ap-

roach resulted in reduced review time (22.68 s vs. 26.37 s), demon-

trating that AI can enhance the diagnostic capabilities of pathologists. 

.3. Treatment response prediction 

Currently, clinical treatment options for GC patients include surgery

open surgery and laparoscopic surgery), neoadjuvant chemotherapy

NACT), and chemotherapy. The application of AI in the clinical treat-

ent of GC can provide indications of patients’ response to treatment,

creen potential beneficiaries, and assist doctors in designing more per-

onalized treatment plans, reducing postoperative risks, and effectively

mproving patient prognosis. The summary of representative works on

sing AI to predict treatment response in GC patients is presented in

able 7 . 

The preferred treatment for GC is surgery supplemented with pre-

perative neoadjuvant therapy and postoperative adjuvant chemother-

py. Surgery is the primary treatment modality for GC. To ensure safe

urgery, predicting complications and assessing surgical complexity are

rucial. Wang et al. 151 developed a model using the light gradient boost-

ng machine algorithm based on preoperative abdominal CT scans of 166

atients who underwent radical gastrectomy. This model predicts early

ostoperative complications in GC patients, achieving a prediction ac-

uracy of 87.28 % and an AUC of 0.9232. It aids in personalized clinical

ecision-making for postoperative care. Similarly, Aoyama et al. 152 con-

rmed that dimpling lines —depressions formed between the pancreas

nd surrounding organs —are anatomical markers associated with post-

perative pancreatic fistula, a serious complication of laparoscopic gas-

rectomy. They employed a HyperSeg 153 semantic segmentation model

ested with a U-Net architecture to visualize dimpling lines in real-
124
ime during surgery, ensuring safety. Furthermore, Takeuchi et al. 154 

mplemented automatic prediction of the complexity of robotic distal

astrectomy using an AI model called TeCNO, 155 based on automatic

hase recognition of 56 videos. By identifying surgical phases, particu-

arly the extended duration of beginning phases, they predicted surgical

omplexity to optimize intraoperative decisions and forecast bleeding

nd complications. 

NACT represents a promising therapeutic approach for patients

ith potentially resectable GC. Among patients with AGC, preoperative

ACT not only improves the resection rate but also enhances patient

urvival by downstaging the primary tumor. Nevertheless, it is impor-

ant to acknowledge that individual patient responses to NACT can vary.

ence, it becomes critical in clinical practice to accurately distinguish

etween potential responders and non-responders. Wang et al. 156 con-

tructed a radiomic signature significantly associated with treatment re-

ponse by extracting 20 features from CT images of 323 patients who

nderwent NACT from three hospitals. This radiomics signature, demon-

trating an AUC of 0.679 for discriminating between respondents and

on-respondents in the external validation cohorts, showed promise in

redicting the treatment response to NACT in patients with LAGC. Sim-

larly, Cui et al. 157 extracted 1125 handcrafted features and 1024 DL

ignatures extracted by a CNN model based on the DenseNet-121 archi-

ecture from each ROI in CT images of 719 LAGC patients from four

ospitals. Subsequently, they developed a DLRN model by combining

hese handcrafted features and DL signatures with significant clinico-

athological factors. The DLRN model demonstrated good discrimina-

ive performance in predicting a favorable response to NACT with AUCs

f 0.829, 0.804, and 0.827 in the internal and two external validation

ohorts, respectively. Unlike previous studies, to predict the response of

etastatic lymph nodes to NACT in LAGC, Zhong et al. 158 developed

nd compared three models: a clinical model, DL model, and DL delta

adiomic nomogram (DLDRN) based on the radiomics-delta signature,

hich was identified as the optimal predictor of metastatic lymph node

esponse and was derived from CT images of 98 patients. The study

ndings demonstrated that DLDRN exhibited significantly superior pre-

ictive performance compared to the other two models (AUC, 0.94 [DL-

RN] vs . 0.83 [clinical model] vs . 0.91[DL model]). 

Postoperative chemotherapy for GC aims to eliminate residual cancer

ells, reduce the risk of tumor recurrence, and prevent or delay cancer

elapse and metastasis, thereby improving patient survival rates. There-

ore, chemotherapy plays a crucial role in the overall treatment strat-

gy for GC. Tan et al. 159 utilized a volumetric, fully convolutional neu-

al network (V-net) DL algorithm to devise a semi-automatic segmen-

ation method. Based on this semi-automatic segmentation approach

nd dual-energy CT images of 86 patients, they established a Delta

adiomics model. Compared to the manual segmentation method, the

emi-automatic delta radiomics model exhibited superior predictive ca-

ability for chemotherapy response in patients with far-advanced GC
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Table 8 

Radiomics and DL studies of the prognosis for GC. 

Authors (year) Type of task Modeling Evaluation 

Zhang W. (2020) Predict early recurrence in AGC CT-based radiomic nomogram AUC 0.826 (test set 1), 

AUC 0.806 (test set 2) 

Zhang L. (2020) Predict OS DL model based on the architecture 

of residual CNN 

C-index 0.78 

Li. H. (2023) Predict survival time Semi-supervised confidence-aware 

multi-view co-training network 

C-index 0.671 ± 0.010 

Jiang Y. (2021) Predict OS and DFS S-net, 

Nomogram 

C-index 0.802(OS), 

C-index 0.792(DFS) 

Li X. (2022) Predict OS and DFS SVM AUC 0.852(OS), 

AUC 0.837(DFS) 

Abbreviations: AGC, advanced gastric cancer; AUC, area under curve; CNN, convolutional neural network; CT, computed tomography; DFS, disease-free survival; 

DL, deep learning; GC, gastric cancer; OS, overall survival; SVM, support vector machine. 
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mean AUC: 0.728 vs. 0.687 (in the testing cohort) and 0.828 vs. 0.749

in the independent validation cohort)). 

.4. Prognosis 

In the field of GC, prognostic prediction studies can mainly be clas-

ified into two categories based on treatment methods: one focuses on

rognostic prediction for patients undergoing gastrectomy, while the

ther focuses on prognostic prediction for patients receiving adjuvant

hemotherapy. Although medical technology is constantly advancing,

he 5-year survival rate for the majority of GC patients remains poor,

nd the incidence of surgical complications is high. 160 In recent years,

I has shown promising results in prognostic prediction research for GC.

ome representative works are shown in Table 8 . 

To prognosticate early recurrence following radical resection in pa-

ients with GC, Zhang et al. 161 developed a radiomic nomogram in their

tudy by extracting radiomic features from preoperative diagnostic CT

mages of 669 patients across two centers. To reduce feature redundancy

nd ensure reproducibility and robustness, they used methods such as in-

raclass correlation coefficients (ICCs), coefficient of variation (CV), and

onsensus clustering. Multivariable logistic regression analysis was then

mployed to integrate both radiomic features and clinical risk factors

nto the nomogram. The selected radiomic features were significantly as-

ociated with early recurrence, further validating the strong prognostic

fficacy of the nomogram. In another investigation conducted by Zhang

t al. 162 , CT images of 640 patients from three independent centers were

ollected. A DL model, utilizing a residual CNN, was developed to pre-

ict the OS risk in patients with GC. The performance of this DL model

as compared with a radiomics model consisting of 24 features and a

linical model incorporating three crucial clinical variables. The findings

emonstrated superior predictive performance of the DL model in assess-

ng OS risk (external validation: DL vs . Clinical vs . Radiomics = 0.78 vs .

.71 vs . 0.72). Furthermore, Li et al. 163 developed an image-based semi-

upervised confidence-aware multi-view co-training network model for

redicting patient survival time. 

There are also some relevant studies on prognostic prediction for

djuvant chemotherapy. In order to identify patients who can benefit

rom adjuvant chemotherapy for GC, Jiang et al. 164 utilized a deep neu-

al network called "S-net" and CT images from 1615 patients to con-

truct the CT features. These CT features were combined with clinico-

athologic factors to develop an integrated nomogram. The C-indices of

he integrated nomogram, clinicopathologic nomogram, imaging signa-

ure, and TNM stage for DFS in the validation cohort were 0.792, 0.776,

.719, and 0.736, respectively. The corresponding C-indices for OS in

he validation cohort were 0.802, 0.781, 0.724, and 0.740. Therefore,

he proposed integrated nomogram demonstrated superior discrimina-

ion performance. Li et al. 39 developed an SVM model based on nine

linicopathological features from 255 patients who underwent surgi-

al resection. Through this model, GC patients were categorized into

ow, intermediate, and high-risk groups. The study results indicated that
125
igh-risk patients with TNM stage II and III had a higher likelihood of

enefiting from adjuvant chemotherapy compared to low-risk patients. 

. Discussion 

Building upon the aforementioned content, it is evident that AI tech-

ologies, exemplified by radiomics and DL, have achieved notable re-

earch progress in the applications of screening, diagnosis, treatment,

nd prognosis for UGI cancers. The near future holds a promise that AI

ill significantly alleviate medical pressures, enhance medical efficien-

ies, and contribute to increased patient survival rates. Undoubtedly,

he integration of AI with clinical medicine stands as a pivotal research

irection, attracting an increasing number of researchers and fostering

apid development in this domain. Nevertheless, this field is character-

zed by abundant opportunities as well as specific limitations and chal-

enges. 165 

.1. Selection of AI algorithms in various scenarios 

As introduced and analyzed above, different algorithms are suited for

ifferent scenarios. In the following section, this paper will summarize

hese findings. 

In the context of screening for esophageal and gastric cancers, it is

ften easier to obtain large amounts of natural image data. Additionally,

ince screening may sometimes require models with localization capa-

ilities, deep learning-based visual models are particularly well-suited

or this clinical scenario. Models such as ResNet, VGG, and Vit have been

roven effective in many studies. 65 , 71 , 74 , 118 , 119 

The diagnosis primarily involves three tasks: LNM, depth of in-

asion prediction, and distant metastasis prediction. For the task of

NM, current approaches predominantly rely on CT images for predic-

ion. These include radiomic nomograms, multi-instance learning, and

NNs, 40 , 78 , 79 , 135 as well as combinations of radiomics and deep learn-

ng. 137 For depth of invasion prediction, similar to the screening task,

ndoscopic images are mainly used as training data, making DL-based

isual models an effective choice. 75 , 76 , 133 , 134 Some studies have also

sed CT data, combining radiomic features and DL features to develop

omograms, achieving promising results. 132 Regarding the task of dis-

ant metastasis prediction, some studies emphasize the identification

f effective predictive factors. For instance, Zhu et al. 34 used logistic

nivariate and multivariate regression analyses on radiomic features to

dentify clinically independent predictors. Other studies directly focus

n using CT images for metastasis prediction, such as Dong et al. 137 who

mployed radiomics nomograms, and Jiang et al. who utilized Dense

NN models. 138 

The task categories for predicting treatment efficacy are more di-

erse, with the choice of algorithms depending on the specific scenario.

adiomic features derived from PET, CT, and MRI can be utilized to pre-

ict treatment responses for cCRT and definitive concurrent chemora-

iotherapy (dCRT) in esophageal cancer. 84 , 85 , 87–90 For RP prediction,
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eature extraction is often performed on dose-volume histograms, fol-

owed by either independent modeling or joint modeling with other fea-

ures for prediction. 94 , 95 In terms of prognosis prediction for esophageal

stula, CNN models based on CT can be used as classifiers, 101 or logistic

egression analysis can be applied using radiomic features. 100 For pre-

icting the treatment response to NACT in gastric cancer, a radiomics-

ased approach similar to that used in esophageal cancer is primar-

ly employed. 156–158 For postoperative complication prediction, Wang

t al. 151 used a 3D convolutional neural network (3D-CNN) to extract

mage features from patients, applied LASSO for feature selection, and

hen modeled the prediction using light gradient boosting machine. In

nother study, Aoyama et al. 152 used U-net to predict indent lines, which

erve as biomarkers for postoperative pancreatic fistula. 

In prognosis, the primary algorithms involved are the CPH model,

L models, and radiomic nomograms. The CPH model offers strong in-

erpretability and is more efficient and straightforward to implement,

ut it relies on relatively simple features, making it unsuitable for more

omplex scenarios. 31–33 DL models, on the other hand, excel in handling

arge-scale data and complex features. 106 , 162–164 Radiomic nomograms

ffer a more balanced approach compared to the former; however, in

omparison to deep learning models, constructing features for radiomics

nvolves higher labor costs. 36 , 107 , 161 

.2. Scarcity of large-scale data 

Currently, AI research applied to UGI cancers mainly consists of ret-

ospective studies conducted on small datasets. However, this poses two

roblems. On one hand, the models’ upper-performance limit is highly

orrelated with the amount of data. Small datasets will prevent mod-

ls from fully capturing the complex patterns and variations in the data

uring training, thereby limiting the performance upper bound of mod-

ls. On the other hand, the quality and completeness of data in retro-

pective studies are insufficient, resulting in relatively low levels of ev-

dence in evidence-based medicine. Nowadays, multitudes of advanced

I technologies require a large amount of high-quality data to be ef-

ective. Insufficient data poses challenges to the development of AI in

linical fields. Therefore, how to increase the scale of training data and

mprove the quality of validation data is an important issue that must

e addressed in the field of medicine. 

To achieve this goal, one aspect is to solve the privacy issues of med-

cal data. Unlike natural images, medical data is highly sensitive and

ontains patient personal health information, which is strictly regulated

y laws and regulations, and is difficult to obtain for researchers. A po-

ential solution is to use distributed AI technologies to overcome privacy

estrictions, such as federated learning. Federated learning is a method

or training models using distributed data from various devices or sys-

ems, rather than relying on a central server. In the medical field, fed-

rated learning can be used to train models on vast distributed patient

atasets from different hospitals or clinics, which allows the sharing of

nformation and knowledge between facilities while protecting patient

ata privacy and security. Currently, some works have explored the ap-

lication of federated learning in related clinical problems such as skin

ancer and lung cancer, 166–168 but its application in UGI cancers clinical

roblems is still relatively unexplored. The other aspect is to strongly ad-

ocate for conducting larger-scale prospective studies compared to ret-

ospective research. Prospective studies, through the design of explicit

esearch objectives and the collection of detailed, accurate, and more

epresentative samples, can obtain higher levels of evidence and scien-

ific reliability and efficiently drive the translation and application of

esearch. 

.3. Popularization of early screening 

Based on all the aforementioned studies, it can be concluded that

mong the four aspects of screening, diagnosis, treatment, and progno-

is for UGI cancers, screening is the most crucial. In Korea and Japan,
126
t has been found that approximately 50 % to 70 % of gastric cancers

re early-stage cancers, 169 which are curable. Early detection of EC also

an make subsequent treatments highly effective. 170 These all mean that

ith timely and accurate early screening, the focus of UGI cancers man-

gement will shift from treatment to screening. Therefore, early screen-

ng of UGI cancers is of utmost importance. 

One approach to addressing this issue is to promote the widespread

mplementation of early screening. Invasive procedures such as en-

oscopy and the high costs associated with CT and MRI hinder the broad

doption of early screening. However, with the rapid development of

I technology, it is possible to integrate AI with non-invasive methods

uch as blood tests, urine tests, and others, making early screening for

GI cancers more convenient. Additionally, AI can improve imaging

lgorithms, reduce the environmental and equipment requirements for

edical imaging, and make early screening for UGI cancers more acces-

ible. 

Another aspect is to enhance the accuracy of early-stage screening by

romoting the use of AI in conjunction with gastroscopy, CT, and other

xaminations. Such integration can assist grassroots health workers in

chieving better clinical diagnoses. 

.4. Clinical applications of AI 

Currently, many AI algorithms have been applied in clinical research

n EC and GC, each with great potential for translation and distinct

haracteristics. In the field of EC, Struyvenberg et al. 171 conducted a

rospective study using principal component analysis to automatically

creen multiple frames of volumetric laser endomicroscopy (VLE) im-

ges. They developed predictive models using support vector machine,

andom forest, and naive Bayes, which enabled rapid detection of Bar-

ett’s esophagus neoplasia, demonstrating the feasibility of real-time au-

omated assessment during endoscopic examinations. Similarly, another

rospective study 172 utilized FusionNet, 173 based on CNN architecture,

o segment VLE images and DenseNet to generate score vectors. The

tudy employed support vector machine, random forest, and K-nearest

eighbors as classifiers to effectively classify high-grade dysplasia and

arly esophageal adenocarcinoma. In terms of GC, Yuan et al. 174 devel-

ped three different AI deep learning models based on the attentive pair-

ise interaction neural network, transformer architecture, and DeepLab

3 + . They conducted a prospective multicenter clinical study for the di-

gnosis and screening of GC using tongue images. The AUC of these

hree models in independent external validation reached 0.83–0.88, ef-

ectively identifying GC patients. This study demonstrated the conve-

ience and cost-effectiveness of using tongue imaging as a diagnostic

ool for GC. Another study 175 used deep CNNs (including VGG16 and

esNet-50) and deep reinforcement learning to develop an AI system 

176 

or detecting local lesions and diagnosing GC. A randomized controlled

rial confirmed that this AI system effectively reduces the missed diag-

osis rate of GC and minimizes unnecessary biopsies. The reason these

lassic AI algorithms are applicable in the clinic is due to their exten-

ive research, relative stability, and the ease with which researchers can

nterpret and understand their results. In the future, as AI algorithms

ontinue to evolve and improve, we can anticipate more applications

f large models and more advanced architectures in clinical research.

his will bring more innovations to the medical field, helping doctors

iagnose diseases more quickly and accurately. 177 

At present, there is limited practice in applying AI to clinical prog-

osis research for patients. This is mainly due to two reasons: Firstly,

linical prognosis requires long-term follow-up of patients, making the

esearch cycle longer and increasing the difficulty and cost of progno-

is studies. Secondly, clinical applications demand high accuracy from

odels, typically requiring over 90 % accuracy. However, current prog-

osis models often struggle to meet the satisfaction levels of both doctors

nd patients in practical clinical applications. Further research and de-

elopment of AI prognosis models with higher accuracy and reliability

re needed to successfully apply more AI technologies to patient clini-
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al prognosis research, bringing greater benefits and innovations to the

edical field. 

.5. Explainability of AI 

We have previously outlined the fundamental concepts and princi-

les of both radiomics and DL. A crucial distinction between the two

ies in explainability. While DL can autonomously extract numerous fea-

ures efficiently and associate them with the target task, it cannot offer a

lear and explicit definition of features or explain the processing of these

eatures. Radiomics primarily relies on manually predefined formulas to

xtract a plethora of features from medical images. Although it possesses

nterpretability, it exhibits high redundancy and is difficult to directly

orrespond to clinical objectives. The importance of explainability lies in

acilitating doctors’ comprehension and validation of AI decisions, fos-

ering trust in AI systems, promoting effective collaboration, and aiding

octors in elucidating and communicating complex medical information

o patients. 

Several studies have delved into enhancing the explainability of AI

n the medical domain. Ge et al. 178 and Suh et al. 179 elucidated the clin-

cal significance and characteristics of features by considering feature

eights. Kaji et al. 180 and Shickel et al. 181 employed attention mecha-

isms to characterize explainability. Additionally, some studies explored

nhancing explainability through techniques such as knowledge distil-

ation and dimensionality reduction. 182 Looking ahead, the widespread

ntegration of AI in medicine demands not only mature technical support

ut also a commitment to transparency and explainability. However,

ue to existing theoretical constraints, research on the explainability

f DL models is still in the early stages, and interdisciplinary research

ith clinical applications remains relatively limited. This field requires

urther strengthening of relevant theoretical research and increased col-

aboration between researchers and clinicians to facilitate reliable and

ustainable development of AI in the medical and health sectors. 

.6. General medical AI 

In recent years, there has been rapid development in large-scale AI

odels. These models, built upon vast amounts of data, large model

arameters, and massive computational power, have demonstrated the

bility to effectively learn general knowledge within the domain of ex-

ertise. They have surpassed traditional AI methods across various tasks,

resenting new opportunities for the scalable implementation of AI.

mong them, large language models and large multimodal models have

xhibited powerful capabilities in the general domain. 

Large language models refer to deep learning models trained on a

arge corpus of text data. By training on extensive text data, the model

earns the grammar structures, contextual relationships, and semantic

eanings among words, phrases, and sentences. This enables the model

o understand, generate, and process the content and semantics of nat-

ral language. Examples include ChatGPT developed by OpenAI and

LaMA built by Meta. Large multimodal models refer to deep learning

odels trained on multiple modalities of information, such as text, im-

ges, videos, audio, and so on. By combining different types of data,

arge multimodal models can describe entities from various perspec-

ives, leading to more comprehensive and accurate analysis results. Ex-

mples include Meta’s ImageBind model 183 and GPT-4 V by OpenAI.

arge models mentioned above, which leverage massive amounts of data

nd large model parameters, have achieved high accuracy in the general

omain. 

In the medical field, numerous clinical problems often involve multi-

odal information and multiple downstream tasks. For example, the

iagnosis of GC may involve the use of endoscopy, CT scans as well

s other modalities, and the specific diagnosis tasks are further divided

nto TNM staging diagnosis, typing diagnosis, and more. Currently, most

tudies only build models based on a single modality and for a sin-

le task. Integrating multi-modality and multi-task can enable models
127
o better fuse various information, acquire richer knowledge, and also

earn the relationships between multiple tasks to make better decisions.

herefore, constructing a general medical AI-oriented to multi-modality

nd multi-tasks is a highly promising research direction. 

The development of large-scale AI models has provided new research

deas and paradigms for general medical AI. Building upon this founda-

ion, some relevant studies have explored the possibilities of general

edical AI. Wu et al. 184 conducted a comprehensive evaluation of GPT-

 V (vision) across 17 medical diagnosis tasks spanning various human

ody systems, highlighting its significant potential. In a separate study,

a et al. 185 curated a medical image dataset encompassing 10 different

odalities and introduced the MedSAM model, validating 86 internal

alidation tasks and 60 external validation tasks. Zhou et al. 186 intro-

uced the IRENE framework, which processes unstructured clinical text,

tructured clinical information, and X-ray images, automatically extract-

ng and integrating features to provide a conclusive diagnosis. Addition-

lly, Zhou et al. 187 proposed RETFound, a foundational model for reti-

al images demonstrating outstanding performance in tasks such as eye

isease diagnosis, prognosis, and predicting systemic diseases following

ne-tuning. 

Despite some progress, general medical AI models are still in the

arly exploratory stage due to factors such as data scarcity and the

mmaturity of multimodal pre-training techniques. However, with the

dvancement of pretraining techniques that enable models to leverage

arge-scale unlabeled data to enhance their language understanding and

eneration capabilities, along with the release of various open-source

arge-scale models, pretraining-based general medical AI models are ex-

ected to improve the accuracy of medical tasks such as efficacy predic-

ion and prognosis forecasting. Furthermore, it is expected to achieve

ore remarkable advancements in the field of UGI cancers research. 

. Conclusions 

In this review, we introduced and analyzed cutting-edge applications

f AI in clinical tasks related to UGI cancers. Specifically, we reviewed

he classic works applying radiomics and DL technology to EC and GC in

he past 5 years. This study investigated the application of radiomics, DL,

r a combination of both to address various clinical challenges in UGI

ancers, encompassing screening, diagnosis, treatment response predic-

ion, and prognosis, demonstrating the great potential of AI technol-

gy in solving problems related to UGI cancers. Additionally, we dis-

ussed challenges and noteworthy directions in this field, including the

carcity of large-scale data, the explainability of AI, the general medi-

al model, and the popularization of early screening. We believe that

hrough continuous exploration and verification, AI will significantly

enefit patients with UGI cancers. 
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