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Abstract

Esophagogastric varices (EGV) represent a major complication of liver cirrhosis, with variceal hemorrhage constituting a life-threatening event 
in patients with clinically significant portal hypertension. Early identification of high-risk varices is critical, and esophagogastroduodenoscopy 
remains the gold standard for diagnosis and hemorrhage risk stratification. However, routine endoscopic screening results in numerous 
unnecessary procedures, highlighting the need for effective non-invasive tools. Furthermore, objective methods are needed to accurately classify 
variceal severity and predict bleeding risk, enabling optimized treatment strategies and personalized care. The rapid advancement of artificial 
intelligence (AI) has generated growing interest in its application to EGV management. This review synthesizes current AI-based screening 
models for EGV, examines AI applications in non-invasive and endoscopic diagnostic approaches, and evaluates its potential in predicting variceal 
bleeding risk. Overall, we critically point out key limitations and outline future directions for developing AI tools that augment human expertise 
in EGV management.
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Introduction

Portal hypertension, a critical pathophysiological conse-
quence of liver cirrhosis, leads to life-threatening complications 
including variceal hemorrhage, ascites, and hepatic encepha-
lopathy [1]. Esophagogastric varices (EGV) represent one of the 
most prevalent and lethal manifestations, present in 40–60% of 
patients with compensated advanced chronic liver disease and 
up to 85% of those with decompensated cirrhosis [2,3]. Despite 
therapeutic advances, variceal hemorrhage remains catastrophic, 
with six-week mortality rates of 15%–25% [2,4], underscoring the 
critical importance of early identification and risk stratification. 
Esophagogastroduodenoscopy (EGD) remains the gold standard 
for EGV diagnosis and bleeding risk assessment. Current guide-
lines recommend screening endoscopy at cirrhosis diagnosis, with 
surveillance intervals determined by initial findings [5]. Howev-
er, this universal screening paradigm faces significant challeng-
es: approximately 50%–60% of endoscopies reveal no high-risk 
features, representing substantial procedural overutilization [6].  

 
Besides, endoscopic grading exhibits considerable inter-observer 
variability, and bleeding risk prediction remains imprecise. Hepat-
ic venous pressure gradient (HVPG) measurement, though accu-
rate for detecting clinically significant portal hypertension (≥10 
mmHg), is invasive and available only in specialized centers [7-
10]. 

These limitations highlight the urgent need for non-invasive 
screening tools, objective diagnostic methods, and personalized 
risk prediction models to optimize EGV management. Artificial 
intelligence (AI), encompassing machine learning (ML) and deep 
learning (DL), has demonstrated remarkable potential in med-
ical image analysis and clinical decision support. ML algorithms 
excel at identifying complex patterns in structured clinical data, 
while DL models, particularly convolutional neural networks 
(CNNs), have achieved expert-level performance in image recog-
nition tasks. In the context of EGV management, AI offers several 
advantages: (1) development of non-invasive screening models to 
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reduce unnecessary endoscopies; (2) automated detection and 
grading of varices from endoscopic images to minimize inter-ob-
server variability; (3) integration of multimodal data for person-
alized bleeding risk prediction; and (4) real-time decision support 
during endoscopic procedures. Here, we synthesize current evi-
dence on AI applications across the EGV management pathway—
from screening and diagnosis to risk prediction—critically evalu-
ate their clinical performance and potential impact, and discuss 
key challenges and future directions for translating these technol-

ogies into routine practice.

AI in Esophageal and Gastric Varices

AI applications in EGV management can be categorized into 
three clinical domains: non-invasive screening to reduce unneces-
sary endoscopies, automated diagnostic systems to improve grad-
ing consistency, and prognostic models to predict bleeding risk 
and guide treatment. Table 1 summarizes representative studies 
in each domain [11-24].

Table 1: Overview of Artificial Intelligence Applications in the Management of Esophageal Varices in Cirrhosis

Study Algorithm Training Cohort Validation 
Cohort Test Cohort Key Features Performance

Screening Models

Dong et al. 
[11] RF multi-center 

(n=238)
multi-center 

(n=109) / INR, AST, PLT, UN, Hb, ascites reduced 30.5% EGDs with 
2.8% VNT missed

Huang et 
al. [12] LightGBM multi-center 

(n=1154)
multi-center 

(n=129)
multi-center 

(n=1511) LSM, PLT, TBIL reduced 41.1-58.1% EGDs

Reiniš et 
al. [13]

LR, MLP, RF, 
SVM, XGBoost, 

Lasso

multi-center 
(n=163)

multi-center 
(n=1232) / PLT, TBIL, APTT, GGT, CHE AUC 0.813 for CSPH; AUC 

0.887 for severe PH

Bayani et 
al. [14]

Catboost, 
XGBoost

single-center 
(n=490) / / Child-Pugh score, WBC, vitamin 

K, INR, MCV
accuracy 100% for EV 

grade prediction

Dong et al. 
[15] LR, XGBoost multi-center 

(n=268)
multi-center 

(n=200)
multi-center 

(n=34) FIB-4 index, LSM, SSM AUC 0.927 (training); AUC 
0.919, 0.902 (validation)

Diagnosis Models

Yan et al. 
[16] SVM single-center 

(n=391)
single-center 

(n=405) / contrast-enhanced abdominal 
CT features

AUC 0.736 (outperformed 
Baveno VI)

Yan et al. 
[17]

LR, LDA, SVM, 
et al.

single-center 
(n=155) / multi-center 

(n=78)
radiomics features from spleen 

CT images
AUC 0.85 for high-risk 

esophageal varices

Wang et al. 
[18] FCN, DCNN multi-center 

(n=1020)
multi-center 

(n=136)
single-center 

(n=161) endoscopic features 12.31% improvement in 
appropriate intervention

Prediction Models

Agarwal et 
al. [19] XGBoost single-center 

(n=497)
single-center 

(n=331) / demographic data, laboratory 
parameters, LSM

accuracy 85.7-98.7% 
for variceal bleeding 

prediction

Wang et al. 
[20]

DL, XGBoost, 
GLM, et al.

single-center 
(n=275)

single-center 
(n=66)

single-center 
(n=161)

endoscopic images, clinical 
structured data

accuracy 93.2%; sensi-
tivity 95.2% (12-month 

EGVB)

Hou et al. 
[21] ANN single-center 

(n=999)
single-center 

(n=101) / demographic data, laboratory 
parameters

AUC 0.959 for 1-year 
EGVB risk prediction

Gao et al. 
[22]

FCN, MLP, LR, 
et al.

multi-center 
(n=169)

multi-center 
(n=71)

single-center 
(n=90)

106 radiomics features of liver 
and spleen

AUC 0.782-0.789 (outper-
formed clinical scores)

Wan et al. 
[23]

ViT network, 
RL

multi-center 
(n=126)

multi-center 
(n=58) / CTA and clinical data AUC 0.985 for FVH pre-

diction

Zheng et 
al. [24]

HGB, MLP, RF, 
SVM, XGB

single-center 
(n=107)

multi-center 
(n=149) /

Hb, PVT, superior mesenteric 
vein diameter, PLT, minimum 
shunt diameter, splenic vein 

diameter

AUC 0.814 (internal 
validation); AUC 0.776 
(external validation)

Table Abbreviations: RF: random forest; LightGBM: light gradient-boosting machine; LR: logistic regression; MLP: multilayer perceptron; SVM: 
support vector machine; XGBoost: eXtreme Gradient Boosting; LDA: linear discriminant analysis; FCN: fully convolutional network; DCNN: 
deep convolutional neural network; DL: deep learning; GLM: general linear model; ANN: artificial neural network; ViT: Vision Transformer, RL: 
reinforcement learning; HGB: hierarchical gradient boosting; INR: international normalized ratio; AST: aspartate aminotransferase; PLT: platelet 
counts; UA: urea nitrogen; Hb: hemoglobin; LSM: liver stiffness measurement; TBIL: total bilirubin; APTT: activated partial thromboplastin time; GGT: 
gamma-glutamyl transferase; CHE: serum cholinesterase; WBC: white blood cell; MCV: mean corpuscular volume; PVT: portal vein thrombosis; 
EGD: esophagogastroduodenoscopy; VNT: varices needed treatment; CSPH: clinically significant portal hypertension; EGVB: esophagogastric 
variceal bleeding; FVH: first variceal hemorrhage; SVD: splenic vein diameter
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Non-invasive Screening for High-Risk Varices

Routine endoscopic screening of all cirrhotic patients is re-
source-intensive and often yields negative findings. ML-based 
screening models offer a promising solution by stratifying patients 
according to their likelihood of having high-risk varices, thereby 
reducing unnecessary endoscopies while maintaining diagnostic 
sensitivity. These models typically leverage readily available clin-
ical parameters including demographic data, routine laboratory 
values, and non-invasive assessments of liver fibrosis and portal 
hypertension. Ensemble learning methods have demonstrated 
superior performance compared to traditional risk scores, with 
multi-center validations confirming their robustness across di-
verse patient populations. 

AI-Enhanced Diagnosis of EGV

DL models applied to cross-sectional imaging and ultrasound 
provide non-invasive alternatives for EGV detection and severity 
grading. CNN-based systems can analyze CT scans to identify var-
ices and assess bleeding risk, while radiomics approaches extract 
quantitative imaging features that correlate with portal pressure 
measurements. Ultrasound-based AI models show promise for 
point-of-care screening, though standardization of image acqui-
sition protocols remains essential for consistent performance. 
Beyond non-invasive imaging, AI-assisted endoscopy addresses 
the significant inter-observer variability in variceal assessment 
during direct visualization. Real-time CNN models can detect 
varices, classify their severity according to established grading 
systems, and identify high-risk stigmata such as red color signs. 
These systems achieve expert-level diagnostic accuracy while 
processing images at speeds compatible with clinical workflow, 
enabling immediate decision support during procedures. AI mod-
els also demonstrate ability to detect subtle findings that may be 
overlooked by less experienced endoscopists.

Prognostic Assessment in Variceal Hemorrhage Man-
agement

Accurate prediction of variceal bleeding enables personalized 
prophylaxis strategies and optimal resource allocation. Tradi-
tional clinical scoring systems have limited predictive accuracy, 
prompting development of ML models that integrate multi-modal 
data including clinical parameters, laboratory values, endoscopic 
findings, and imaging features. These models demonstrate supe-
rior discriminative ability for predicting both first bleeding epi-
sodes and rebleeding events. Advanced approaches incorporating 
time-varying covariates and survival analysis methods enable dy-
namic risk assessment over extended follow-up periods. Feature 
importance analyses have identified novel risk factors beyond 
conventional predictors, potentially revealing new insights into 
bleeding pathophysiology. For secondary prophylaxis, predictive 
models may guide clinical decisions regarding endoscopic surveil-
lance intervals and timing of interventional procedures.

Limitations and Future Direction

Several barriers impede clinical translation of AI in EGV man-
agement. Model heterogeneity with disparate input features cre-
ates diagnostic inconsistency [11,14,19,25], while deep learning’s 
“black box” nature undermines clinician trust [26]. Methodolog-
ical weaknesses constrain generalizability: small, single-center 
datasets cause overfitting [25,27], etiological imbalances limit 
global applicability [12], and retrospective designs introduce se-
lection bias. Additionally, AI cannot replicate patient-centered 
decision-making, and legal ambiguity necessitates regulatory 
frameworks [25]. Addressing these challenges requires prospec-
tive, multicenter trials with diverse populations. Integration of 
explainable AI and multimodal data fusion will enable compre-
hensive risk stratification. Successful implementation depends on 
developing tools that enhance rather than replace human exper-
tise, ensuring AI augments clinical judgment in EGV management.

Conclusion

Artificial intelligence has demonstrated significant potential 
across the clinical pathway of esophagogastric variceal manage-
ment. Machine learning models enable non-invasive screening to 
identify low-risk patients, reducing unnecessary endoscopies and 
healthcare costs. AI-assisted systems show robust performance in 
variceal detection and classification through advanced image anal-
ysis, while prognostic models enhance bleeding risk stratification. 
These advances support an integrated AI framework spanning 
screening, diagnosis, and therapeutic decision-making. However, 
clinical implementation requires prospective multicenter valida-
tion and development of explainable, multimodal systems that 
augment rather than replace clinical expertise in EGV manage-
ment.
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