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Simple Summary

Early esophageal squamous cell carcinoma and its precancerous lesions can be difficult
to recognize during endoscopy, especially in their earliest stages, when treatment is more
effective and less invasive. In recent years, artificial intelligence has been developed to
support endoscopists by helping detect suspicious lesions, classify their features, estimate
invasion depth, and improve real-time decision-making. However, the available evidence is
scattered across different technologies, imaging methods, and diagnostic tasks. This scoping
review maps and summarizes current studies on artificial intelligence for the endoscopic
diagnosis of early esophageal squamous cell carcinoma and related squamous precursor
lesions. Overall, the evidence suggests that artificial intelligence can achieve high diagnostic
performance and may improve lesion detection, support less experienced endoscopists,
and reduce missed lesions. These findings help clarify the current state of the field, identify
research gaps, and support the design of future validation and implementation studies.

Abstract

Background: Esophageal cancer is a highly lethal malignancy, the prognosis of which
depends largely on early diagnosis. Artificial intelligence (AI) has emerged as a promising
tool to enhance endoscopic detection and characterization of early esophageal cancer. This
scoping review aims to map and synthesize the available evidence regarding the diag-
nostic performance and clinical utility of artificial intelligence systems applied to upper
gastrointestinal endoscopy for the detection and characterization of premalignant squa-
mous lesions and early-stage esophageal squamous cell carcinoma (ESCC). Methods: A
scoping review was conducted according to Arksey and O’Malley, Levac, Joanna Briggs
Institute, and PRISMA-ScR recommendations. The review question focused on patients
with premalignant lesions or early ESCC, artificial intelligence-based diagnostic systems,
and upper gastrointestinal endoscopy. Searches were performed in PubMed, Scopus, and
Embase. Original studies reporting sensitivity, specificity, accuracy, AUC, or F1-score were

Cancers 2026, 18, 2235

https://doi.org/10.3390/ cancers18142235


https://crossmark.crossref.org/dialog?doi=10.3390/cancers18142235&domain=pdf&date_stamp=2026-07-12
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/cancers
https://www.mdpi.com
https://orcid.org/0000-0002-1807-0221
https://orcid.org/0009-0007-1196-7056
https://orcid.org/0000-0002-7243-2238
https://doi.org/10.3390/cancers18142235

Cancers 2026, 18, 2235

2 of 14

included. Results: A total of 30 publications were included, consisting mainly of retro-
spective observational and diagnostic test studies (26/30; 86.7%), followed by randomized
clinical trials (3/30; 10.0%) and a multicenter validation study (1/30; 3.3%). The studies
were predominantly from China (18/30; 60%), followed by Japan (8/30; 26.7%), Taiwan
(3/30; 10%), and the United Kingdom + Taiwan (1/30; 3%). Automatic lesion detection was
predominant (21/30; 70.0%), followed by diagnostic classification (11/30; 36.7%), while
segmentation (3/30; 10.0%), histological prediction (2/30; 6.7%), estimation of invasion
depth (3/30; 10.0%), and lesion delineation (1/30; 3.3%) were evaluated less frequently,
and in some cases combined within the same model. The most used endoscopic imaging
modalities were narrow-band imaging (23/30; 76.7%) and white light endoscopy (20/30;
66.7%), followed by magnifying endoscopy with narrow-band imaging (5/30; 16.7%),
blue light imaging (2/30; 6.7%), and hyperspectral imaging (1/30; 3.3%). Conclusions:
Available studies suggest that Al has the potential to achieve high diagnostic performance
under controlled conditions. However, the current evidence is derived predominantly from
single-center retrospective studies using selected high-quality static images, with limited
external, prospective, and real-world validation.

Keywords: esophageal cancer; cancer; diagnostic; artificial intelligence; scoping review

1. Introduction

Esophageal cancer is currently one of the leading global cancer problems, ranking
among the most common malignant neoplasms and accounting for a significant proportion
of cancer deaths worldwide [1,2]. Epidemiological projections indicate that by 2040, there
could be nearly 957,000 new diagnoses and approximately 880,000 deaths associated with
this disease [2]. Esophageal Squamous Cell Carcinoma (ESCC) is the most common type,
accounting for approximately 85% of esophageal cancer cases [2,3]. Its prognosis is closely
related to the timing of diagnosis, as detection in early stages significantly improves
treatment outcomes and survival [2-4]. The high mortality associated with this neoplasm,
compared to other malignant tumors, underscores the need to strengthen early detection
strategies [1-4].

Upper gastrointestinal endoscopy is the reference method for the detection and screen-
ing of precancerous lesions and early-stage neoplasms in the esophagus [5,6]. Although it is
the current diagnostic standard, its performance may be influenced by observer-dependent
factors, particularly in the identification of early lesions with subtle mucosal changes or
inconspicuous vascular patterns [7-9]. Early diagnosis of esophageal cancer remains a
challenge because many lesions present with subtle macroscopic findings on endoscopy,
requiring a high level of expertise for their identification and targeted biopsy [8,9]. Cur-
rently, artificial intelligence (Al) and computer-aided diagnostic systems are emerging as
promising tools to optimize this process by contributing to lesion detection, the classifica-
tion of endoscopic patterns, margin delineation, and histological differentiation [10-13].
A previous systematic review and meta-analysis by Zhang et al. [14], which included
16 studies evaluating Al-assisted endoscopic detection of esophageal neoplasms, reported
a pooled sensitivity of 94% and a pooled specificity of 85%, with Al demonstrating higher
sensitivity than endoscopists (94% vs. 82%). However, the authors also highlighted that
most included studies were retrospective and emphasized the need for prospective clinical
validation before widespread implementation.

Despite the recent growth in evidence regarding Al applied to esophageal endoscopy,
the available studies exhibit significant heterogeneity in terms of methodological designs,
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model architectures, endoscopic imaging modalities, and diagnostic performance met-
rics [13,14]. Most published studies have focused on superficial ESCC and related prema-
lignant squamous lesions, whereas evidence regarding Barrett’s-associated neoplasia and
esophageal adenocarcinoma remains comparatively limited. Differences also persist in the
evaluation of specific tasks such as detection, classification, segmentation, and estimation
of invasion depth [4,13,14]. In this context, the aim of this scoping review was to synthesize
and compare the available evidence on the diagnostic performance of Al systems applied
to the endoscopic detection and characterization of early ESCC, identifying their main
clinical applications, diagnostic outcomes, and current methodological limitations.

2. Methods
2.1. Design of the Scoping Review

This scoping review was conducted in accordance with the methodological recommen-
dations proposed by Arksey and O’Malley [15] and expanded upon by Levac [16], as well
as the methodological guidelines of the Joanna Briggs Institute [17] for scoping reviews.
The report was prepared in accordance with the PRISMA Extension for Scoping Reviews
(Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scop-
ing Reviews) [18] (Supplementary File S1), with the aim of mapping and synthesizing the
available evidence on the use of Al applied to the endoscopic diagnosis of early ESCC and
its precursor lesions.

The review protocol was prospectively registered in the Open Science Framework
(OSF) to promote methodological transparency and reproducibility. The registered protocol
is available at: Tuta-Quintero E et al. Applications of Artificial Intelligence in the Endoscopic
Detection and Characterization of Early Esophageal Squamous Cell Carcinoma: A Scoping
Review. Open Science Framework. Available online: https://osf.io/3rmsk/overview
(accessed on 28 June 2026).

2.2. Formulation of the Review Question

The review question was structured using the PCC (Population, Concept, and Context)
approach [19]. The population consisted of patients with premalignant esophageal lesions,
dysplasia, or early ESCC; the concept corresponded to artificial intelligence systems based
on deep learning, machine learning, or computer-aided diagnosis; and the context was lim-
ited to the use of images or videos obtained via upper gastrointestinal endoscopy. Based on
this, the guiding question was: What is the diagnostic performance of artificial intelligence
systems applied to endoscopic images for the detection, classification, segmentation, or
estimation of invasion in early esophageal cancer?

2.3. Literature Search Strategy

The literature search strategy was designed to identify studies published in interna-
tional biomedical databases, including PubMed, Scopus, and Embase [15-19]. Controlled
terms and keywords related to artificial intelligence, deep learning, convolutional neu-
ral networks, esophageal cancer, early esophageal neoplasia, and upper gastrointestinal
endoscopy were used. Search combinations included Boolean operators to maximize
sensitivity and specificity in retrieving potentially relevant studies (Supplementary File S2).

2.4. Eligibility Criteria

We included original studies evaluating artificial intelligence systems applied to
the endoscopic diagnosis of premalignant squamous lesions and early ESCC, provided
they reported diagnostic performance metrics such as sensitivity, specificity, diagnostic
accuracy, area under the ROC curve, or Fl-score. Observational studies, diagnostic test
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studies, multicenter validation studies, and randomized clinical trials were considered
eligible. Studies using endoscopic imaging modalities, including white light endoscopy
(WLE), narrow-band imaging (NBI), magnifying endoscopy with narrow-band imaging
(ME-NBI), blue light imaging (BLI), and other advanced endoscopic techniques applied
to esophageal squamous lesions were included. Narrative reviews, editorials, studies
without quantifiable diagnostic outcomes, and publications focused exclusively on technical
development without clinical validation were excluded. Studies primarily focused on
Barrett’s-associated neoplasia or esophageal adenocarcinoma were not the focus of this
review and were therefore not specifically targeted in the search strategy. When such
studies were identified, they were included only if they reported data specific to early
ESCC or premalignant squamous lesions.

2.5. Definition of the Main Diagnostic Tasks Evaluated by Al

The tasks performed by the artificial intelligence systems included in this review were
classified according to their primary diagnostic function. Detection refers to the automatic
identification of suspicious lesions in endoscopic images or videos; classification to the
assignment of a diagnostic category based on endoscopic or histological characteristics;
segmentation to the pixel-level identification of the lesion within the image; and lesion
delineation to the identification of lesion boundaries or margins to define lesion extent.
Likewise, histological prediction was defined as the estimation of the histological type or
degree of tumor differentiation based on visual patterns, while invasion depth estimation
referred to the automated assessment of tumor infiltration into the different layers of the
esophageal wall.

2.6. Study Selection

Study selection was conducted in two sequential stages. In the first stage, titles and
abstracts were reviewed to identify potentially eligible publications, which were then
imported into the Rayyan platform [20], where two independent reviewers assessed the
titles and abstracts using previously standardized eligibility criteria. Subsequently, a full-
text review of the selected articles was conducted to confirm their final inclusion. Eligibility
was determined based on the previously established criteria, with discrepancies resolved
through methodological consensus.

2.7. Data Extraction

A previously designed standardized matrix was used for data extraction [21]. For
each study, information was recorded regarding the author, year of publication, country
of origin, study type, type of esophageal lesion or cancer evaluated, endoscopic imaging
modality used, type of task performed by the artificial intelligence system, sample size,
comparison with endoscopists, primary diagnostic performance metrics, relevant clinical
findings, and methodological limitations reported by the authors.

2.8. Synthesis and Analysis of Evidence

The results were synthesized using a descriptive narrative approach, consistent with
the objectives of a scoping review to map and characterize the breadth and nature of the
available evidence rather than to quantitatively synthesize intervention effects. Accordingly,
and in keeping with established scoping review methodology, no formal critical appraisal
of methodological quality or risk of bias, nor a meta-analysis, was performed [15-18].
To improve the presentation of the findings, the results were organized into two tables
according to the primary Al application: (1) lesion detection and (2) lesion classification
and characterization. Some studies evaluated more than one Al task and are therefore
presented in both tables according to their reported applications. Overall, the included
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studies encompassed automatic lesion detection, histological classification, lesion segmen-
tation, lesion delineation, prediction of invasion depth, and real-time assessment during
endoscopic procedures, reflecting the heterogeneity in study designs, AI model architecture,
imaging modalities, sample sizes, and reported outcomes.

3. Results

A total of 30 publications were included (Figure 1), consisting mainly of retrospective
observational and diagnostic test studies (26/30; 86.7%), followed by randomized clinical
trials (3/30; 10.0%) and a multicenter validation study (1/30; 3.3%) (Tables 1 and 2) [22-51].
The studies were predominantly from China (18/30; 60%), followed by Japan (8/30; 26.7%),
Taiwan (3/30; 10%), and the United Kingdom + Taiwan (1/30; 3%). Most studies focused on
early ESCC and premalignant squamous lesions, whereas only a limited number included
esophageal adenocarcinoma.

. Records identified through database searching (n = 4375)
E1 PubMed (n = 1738)
% Scopus (n = 1793) * Duplicates removed (n = 2789)
t Embase (n =836)
§ Additional records identified through reference lists (n = 8)
.
)
o
E v Records excluded (n =1467)
g Title and abstract screening (n = 1586) ) f;;fﬁ?éfsltﬁ'fif'mgﬂ;Tgﬂiﬁf o esophageal
o + Editorials/Opinion articles
+ Clinical practice guidelines
N/ » * Narrative reviews
) * Study protocols
- il * No abstract available
= - B + No fulltext access
5 Full-text articles assessed for eligibility
=) (n=119)
w Full4ext articles excluded (n = 89)
» Endoscopy quality assessment, inspection time,
Mt blind spots, or documentation
T # + Diagnosis of GIST or leiomyoma using EUS
g » General Gl ultrasound, capsule endoscopy, or
T v human-Al interaction without a focus on
T:j esophageal cancer
£ Studies included in the review (n =30)
e/
Figure 1. PRISMA Flowchart.
Table 1. Studies evaluating Al for lesion detection in early ESCC and premalignant squamous lesions.
. I i . Main Al
Author Country  Lesion Type Mn(l)ilgallrilgl AI Task Study Design Per f:i'rrilance
i 1 Fi1- .764;
Wang ] China Early ME-NBI, Detection OZ?ZT‘I’;t;gI;a Ai(ef;eg Pr6ec;ilsvi[§r?n
etal. [22] ESCC/IPCLs ME-BLI & e 16
study 74.95%
Detection/ . AUC 0.982; Acc
M . ESCC Multicent §
erig QQ China ) / WLE, NBI Segmenta- ul.cllcep er 92.9%; Sen 91.9%; Spe
etal. [23] Dysplasia ton validation 94,79
Internal: AUC 0.930;
Acc 91.75%; Sen
Feng Y . Superficial . Observational ~ 96.64%; Spe 95.35%.
h WLE Detect :
etal. [25] China ESCC ctection study External: AUC 0.974;
Acc 88.38%; Sen
90.17%; Spe 94.34%
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Table 1. Cont.
. Imaging . Main Al
Author Country  Lesion Type Modality Al Task Study Design Performance
Detection/ . .

Wang YK . ESCC/ oo Observational Detection: Acc 90.9%;
et al. [26] Taiwan Dysplasia WLE, NBI Clatsiz11f11ca— study Sen 96.2%; Spe 70.4%
. . Slow-motion: Sen
Shiroma$ 1 ban ESCC WLE,NBI  Detection ~ O°sevational 3600, High-speed:

etal. [27] study
overall Sen 85%
. Acc 96.3%; Recall
Chou CK Taiwan ESCC/. WLE, NBI Detection Observational 95.7%; F1-score
et al. [30] Dysplasia study 96.04%
Horie Y ESCC/ Adeno- . Observational Acc 98%; Sen 98%;
etal. [31] Japan carcinoma WLE,NBL  Detection study PPV 40%; NPV 95%
Tang D . . Observational AUC 0.954; Sen
etal. [32] China Early ESCC WLE Detection study 97.9%; Spe 88.6%
Precancerous .

Guo L . ) . Observational AUC 0.989; Sen
etal[33] N lesions/Tarly NBI Detection study 98.04%; Spe 95.03%
Yuan XL China Precancerous NBI Detection/  Observational Degecﬁfer;;?srcl 9Alc;4 o
etal. [34] lesions/ESCC Delineation study 85.99
Yuan XL . Superficial . Randomized Missed lesion rate:
etal [35]  China ESCC WLE,NBL  Detection ;i al rial 1.7% vs. 6.7%

LiSW China Superficial WLE, NBI, Detection Randomized  Acc 98.2%; Sen 89.7%;
et al. [36] ESCC ME clinical trial Spe 98.5%

. - Detection/ .
Ohmori M Superficial . Observational  Acc 77%; Sen 100%;
etal. [37] Japan ESCC WLE, NBI Clisi’zlrflm' study Spe 63%
Aoyama N Superficial . Observational Acc 77.2%; Sen 57.4%;
et al. [38] Japan ESCC NBI Detection study Spe 87.0%
. Prospective

77LiB China Pr'ecancerous NBI Detection randomized Detection rate 3.12%
etal. [40] lesions /ESCC trial

TaniY . Observational Acc 80.6%); Sen 68.2%;
etal. [41] Japan ESCC WLE, NBI Detection study Spe 83.4%

Waki K WLE, NBI, . Observational o . o
etal. [46] Japan ESCC BLI Detection study Sen 85.7%; Spe 40%

LiB . . Observational CAD-NBI Acc 94.3%;
etal. [47] China Early ESCC WLE, NBI Detection study CAD-WLI Acc 89.5%
United Detection/
Everson MA King- Early ESCC/ ME-NEI Histolowical Observational F1-score 94%; Sen
et al. [48] dom/ IPCLs 08 study 93.7%; Acc 91.7%
Tai prediction
aiwan
Cai Observational DNN-CAD Acc
China ESCC WLE Detection 91.4%; Expert 88.8%;
etal. [50] study . o
Junior 77.2%
. Al Sen 90.8% vs.
Yuan XL China ESCC WLE, NBI, Detection Observational Expert Sen 82.5%
etal. [51] ME-NBI study (v = 0.022)

Notes: ESCC, esophageal squamous cell carcinoma; IPCLs, intrapapillary capillary loops; WLE, white-light
endoscopy; NBI, narrow-band imaging; ME, magnifying endoscopy; ME-NBI, magnifying endoscopy with
narrow-band imaging; ME-BLI, magnifying blue-light imaging; BLI, blue-light imaging; AUC, area under the
curve; Acc, accuracy; Sen, sensitivity; Spe, specificity; PPV, positive predictive value; NPV, negative predictive
value; DNN-CAD, deep neural network computer-aided diagnosis.
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Table 2. Studies evaluating Al for lesion classification and characterization in early ESCC and
premalignant squamous lesions.

. Imaging . .
Author  Country Lesion Type Modality Al Task Study Design Main Al Performance
Zhao Z Observational TA-NBI: AUC 0.910;
etal. [24] China Early ESCC NBI Classification diagnostic Acc 91%; Physician
) study AUC 0.930
. Histological
‘e/\’rlzrllg[;{g Taiwan DEgclgs/ia WLE, NBI Classification Obsz:/lzhonal classification: Acc 92%
: ysp y (NBI 95%; WLE 89%)
Uema R Superficial Classification/ Observational Class{m‘atlon Acc
etal. [28] Japan ESCC NBI Depth study 84.2%; Depth
’ estimation estimation Acc 86.3%
. WLE Acc 83%; NBI
Wang YK Taiwan ESCC/. WLE, NBI, HSI  Classification Observational Acc 82%; HSI Acc
etal. [29] Dysplasia study 89-90%
Ohmori M Superficial . Observational Acc 77%; Sen 100%;
etal. [37] Japan ESCC WLE, NBI Classification study Spe 63%
Tajiri A Superficial e . Observational  Acc 80.9%; Sen 85.5%;
etal [39]  1aPan ESCC NBI, ME Classification study Spe 75.0%
Improved diagnostic
Gao X China esoE;r;yeal WLE, NBI, Classification Observational a:s?;cl;r?sz f‘/;;t‘}lliﬁxii)r
et al. [42] phag ME-NBI study F)
cancer and senior
endoscopists
Yang XX . e Observational Non-ME WLE Acc
etal. [43] China ESCC WLE, ME Classification study 99.5%; ME Acc 88.1%
Classification/ . IPCL classification Acc
Yuan XLy, Precancerous ME-NBI Depth Observational g, 39" sarnal); 89.8%
et al. [44] lesions/ESCC . . study
estimation (external)
Tang S . Esophageal Classification/ Observational Acc 95.9%; Sen 95.39%;
et al. [45] China lesions WLE, NBI Segmentation study Spe 97.73%
Tang . Esophageal Classification/ Observational —Acc 93.4%; Sen 92.82%;
etal. [49] China lesions WLE, NBI Segmentation study Spe 96.20%

Notes: ESCC, esophageal squamous cell carcinoma; WLE, white-light endoscopy; NBI, narrow-band imaging; ME,
magnifying endoscopy; ME-NBI, magnifying endoscopy with narrow-band imaging; HSI, hyperspectral imaging;
IPCL, intrapapillary capillary loop; AUC, area under the curve; Acc, accuracy; Sen, sensitivity; Spe, specificity.

Regarding the type of Al task, automatic lesion detection was predominant (21/30;
70.0%), followed by diagnostic classification (11/30; 36.7%), while segmentation (3/30;
10.0%), histological prediction (2/30; 6.7%), estimation of invasion depth (3/30; 10.0%), and
lesion delineation (1/30; 3.3%) were evaluated less frequently, and in some cases combined
within the same model. The most used endoscopic imaging modalities were NBI (23/30;
76.7%) and WLE (20/30; 66.7%), followed by ME-NBI (5/30; 16.7%), BLI (2/30; 6.7%), and
hyperspectral imaging (1/30; 3.3%).

The main limitations of the included studies were the predominance of retrospective
single-center designs, the use of selected static high-quality images, limited real-time
or prospective validation, small or imbalanced datasets, restricted lesion diversity, and
limited generalizability due to dependence on specific imaging modalities and endoscopic
platforms (Supplementary File S3).

Because the included studies addressed different Al tasks (e.g., detection, classi-
fication, segmentation, delineation, histological prediction, and invasion depth estima-
tion), they reported heterogeneous performance metrics, including accuracy, sensitivity,
specificity, area under the curve, Fl-score, precision, recall, and lesion detection or miss
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rates (Tables 1 and 2) [22-51]. Consequently, these metrics are presented descriptively and
should not be interpreted as directly comparable across studies or Al applications.

Horie et al. [31] reported 98% accuracy and 98% sensitivity in the detection of squa-
mous cell carcinoma and adenocarcinoma using a deep learning model trained on over
8000 images, confirming a high capacity for rapidly analyzing stored endoscopic images.
Meng et al. [23], in a multicenter validation study involving more than 6000 images, re-
ported an area under the curve of 0.982, an accuracy of 92.9%, a sensitivity of 91.9%, and
a specificity of 94.7%, further demonstrating improved performance among non-expert
endoscopists. Comparable results were observed by Tang et al. [32], with an area under
the curve of 0.954, a sensitivity of 97.9%, and a negative predictive value of 99.1%, outper-
forming the evaluated endoscopists. Cai et al. [50] reported a sensitivity of 97.8% and an
accuracy of 91.4% using WLE exclusively, showing that even in conventional modalities,
artificial intelligence can detect previously unnoticed lesions.

Feng et al. [25] analyzed 9686 images and reported an internal sensitivity of 96.64% and
an external sensitivity of 90.17%, with areas under the curve of 0.930 and 0.974, respectively,
confirming diagnostic stability in external validation. Chou et al. [30] also reported an
accuracy of 96.32%, with an Fl-score of 96.04%, using a hybrid deep learning model,
reinforcing the consistency of high performance in static images.

Wang ] et al. [22] evaluated ME-BLI and ME-NBI images for the detection of intrapap-
illary capillary loops, achieving a recall of 79.25%, a precision of 75.54%, and an F1-score
of 0.764, with adequate diagnostic generalization. Uema et al. [28] developed a system
designed to classify vascular grades B1-B3 and invasion depth, achieving accuracies of
84.2% and 86.3% for invasion and outperforming human evaluators, while also drastically
reducing diagnostic time.

Wang YK et al. [26] reported an overall accuracy of 92% in classifying histological
grades, with better performance for NBI (95%) compared to WLE (89%). Tajiri et al. [39],
using a Big Transfer architecture, achieved an accuracy of 80.9% and a sensitivity of 85.5%,
outperforming endoscopists without assistance. Zhao et al. [24] reported 91% accuracy
with Inception V3, comparable to expert physicians, but with significantly faster diagnostic
speed (0.02 s vs. 5.65 s).

Yuan et al. [34] demonstrated accuracies between 87% and 89% for lesion extent un-
der NBI, including prospective clinical validation with detection rates above 91%. Tang
et al. [49] developed multitasking models capable of simultaneously classifying and seg-
menting esophageal lesions, with an accuracy of 93.43%, outperforming endoscopists.

Yuan et al. [44] demonstrated that Al-assisted analysis improved the classification
of IPCL subtypes from 78.2% to 84.7% and increased the accuracy of invasion estimates
from 67.9% to 74.4%. The sensitivity of Al was higher than that of junior operators and
comparable to that of experts. Ohmori et al. [37] reported 100% sensitivity in non-magnified
NBI compared to 92% in experts. Yuan et al. [51] observed higher sensitivity of AI compared
to experts (90.8% vs. 82.5%). Gao et al. [42] demonstrated increased accuracy and reduced
reading time for both junior and senior physicians when algorithmic assistance was used.

Yuan et al. [35] showed that the rate of missed lesions decreased from 6.7% to 1.7%
with artificial intelligence assistance. Li et al. [36], using the ENDOANGEL system, demon-
strated a detection rate of high-risk esophageal lesions of 1.8% compared to 0.9% in the
control group, with an overall accuracy of 98.2%. Similarly, Li B et al. [40] reported a signif-
icant increase in the detection of esophageal neoplasms (3.12% vs. 1.59%) in a prospective
randomized trial.
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4. Discussion

Our review examined the available evidence on the diagnostic performance of Al
systems applied to the endoscopic detection and characterization of early ESCC and prema-
lignant squamous lesions. The evidence showed a predominance of retrospective observa-
tional and diagnostic test studies focused on the development and validation of Al systems
for early ESCC diagnosis [22-34,37-51]. Only a limited number of studies corresponded
to randomized clinical trials or multicenter validations [23,35,36,40]. Most studies origi-
nated from Asian countries, particularly China and Japan, reflecting the epidemiological
predominance of ESCC in these regions [22-25,27-30,32-47,49-51].

The most-used imaging modalities were WLE, NBI, ME-NBI, BLI, and hyperspectral
imaging systems [22-29,31,33,37,39,42,44,46,47,51]. The most frequently evaluated diagnos-
tic task was automatic lesion detection, followed by diagnostic classification, segmentation,
histological prediction, and estimation of invasion depth [22-30,32-49,51]. In general, deep
convolutional neural network models demonstrated high diagnostic performance in static
images and selected datasets [23-25,27-30,32,33,37,43,45,47,49,50].

Deep learning-based models achieved high diagnostic metrics in tasks involving the
detection, classification, segmentation, and delineation of early ESCC lesions. Several studies
reported area under the curve values exceeding 0.90 [23-25,28,32,33,50,51], suggesting that Al
systems can identify endoscopic patterns associated with superficial squamous neoplasia with
diagnostic performance comparable to that of expert endoscopists in some studies, while in
others they outperformed less experienced endoscopists or were compared with endoscopists
whose level of expertise was not explicitly reported [23,24,32,37,39,45,49-51]. However, most
of these results were obtained under retrospective and highly controlled conditions, fre-
quently using high-quality static images from specialized centers and excluding common
real-world factors such as motion artifacts, secretions, variable illumination, or differences
in endoscopic technique [23-25,28,30,32,37,43,45,47,49,50]. Consequently, the performance
reported in experimental settings may overestimate the true effectiveness of these systems
in routine clinical practice [23,28,30,37,41,43,45].

Although many studies reported high diagnostic performance, direct numerical compar-
isons across Al systems should be interpreted with caution. The included studies evaluated
different clinical tasks using different performance metrics [22-30,32-36,39,44,45,48-51]. Fur-
thermore, variations in study design, patient populations, imaging modalities, reference
standards, and validation strategies [22-51] limit the comparability of the reported results.
Therefore, the findings of this scoping review should be interpreted as a descriptive map-
ping of the current evidence rather than as a comparative assessment of Al performance
across studies.

This discrepancy becomes more evident in studies incorporating video analysis or real-
time validation, where technical limitations persist despite promising results [27,33,46,51].
Shiroma et al. demonstrated that performance declined during high-speed endoscopic
videos, particularly with NBI modalities [27]. Similarly, Waki et al. reported high sensitivity
but low specificity in video-based clinical validation, reflecting an increase in false-positive
detections during continuous image analysis [46]. These findings indicate that the transi-
tion from controlled image-based algorithms to robust real-time clinical support systems
remains a major challenge.

Most of the available evidence focuses on superficial ESCC and premalignant squa-
mous lesions, whereas studies evaluating Barrett’s-associated neoplasia or esophageal
adenocarcinoma remain scarce [31]. This histological imbalance reflects both the epidemi-
ology of esophageal cancer in Asian countries and the current direction of Al research in
esophageal endoscopy. Consequently, most Al systems have been trained using squamous
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epithelial patterns and may not be generalizable to Barrett’s esophagus-associated lesions
or early adenocarcinoma.

Most Al systems were developed using high-resolution endoscopic platforms com-
bined with advanced imaging modalities such as WLE, NBI, ME-NBI, and hyperspectral
imaging [22,26,29,33,37,39,44,46,47,51]. This technological dependence may limit broader
implementation in healthcare systems with restricted access to advanced endoscopic equip-
ment [26,29,37,46]. Nevertheless, several studies demonstrated that Al assistance can
improve diagnostic sensitivity, increase lesion detection rates, reduce reading time, and par-
ticularly support junior or less experienced endoscopists, whereas studies involving expert
endoscopists generally reported comparable diagnostic performance or improvements in
efficiency rather than clear superiority [35,36,38,42,44,50,51]. Al-assisted systems may also
contribute to reducing interobserver variability and improving diagnostic standardization,
particularly for subtle superficial lesions.

Randomized clinical trials have begun to provide evidence beyond purely algorithmic
performance metrics. Yuan et al. demonstrated a significant reduction in missed lesions
with Al assistance [35], while Li et al. reported increased detection rates of high-risk
esophageal lesions using the ENDOANGEL system [36]. Similarly, Li B et al. showed
significantly higher neoplasm detection rates with Al-assisted endoscopy compared with
conventional examination alone [40]. These findings suggest potential clinical utility;
however, current evidence remains insufficient to determine whether Al-assisted diagnosis
ultimately improves long-term outcomes such as earlier therapeutic intervention, reduced
tumor progression, or survival.

In tasks involving vascular classification, histological prediction, and invasion depth
estimation, Al systems also demonstrated promising performance. Studies by Uema et al.,
Yuan et al., and Everson et al. showed high accuracy in classifying intrapapillary capillary
loop patterns and predicting invasion depth [28,44,48]. These applications are clinically
relevant because they may directly influence therapeutic decisions, including endoscopic
resection strategies. However, current evidence remains insufficient to replace expert endo-
scopic assessment in these complex diagnostic tasks, and the level of endoscopist expertise
was not consistently reported across all comparative studies, limiting direct comparisons.

Deep learning algorithms consistently improved lesion detection and diagnostic per-
formance across multiple studies [23-25,32,35,36,40,50,51]. Recent reviews suggest that the
field is progressively evolving toward multimodal machine learning approaches integrat-
ing imaging, genomic, transcriptomic, proteomic, and clinical data to improve diagnosis,
prognostic stratification, therapeutic target identification, and personalized treatment
selection [52]. However, despite these advances, most available evidence is based on ret-
rospective, single-center datasets with limited external validation, highlighting persistent
concerns regarding model generalizability, data heterogeneity, and clinical interpretability.
These observations are consistent with our review, which found that prospective random-
ized studies and real-world implementation studies evaluating Al-assisted endoscopy in
ESCC remain scarce [23,25,27,30,35-37,40,41,46].

Limitations

Consistent with the objectives and methodology of a scoping review, we did not
perform a formal critical appraisal of methodological quality or risk of bias of the included
studies [17,18]. Consequently, the validity of individual studies and the certainty of the
available evidence could not be formally assessed, and the findings should be interpreted
as a descriptive mapping of the current literature rather than a quantitative evaluation of
comparative effectiveness [15,16]. In addition, the marked heterogeneity in study designs,
Al models, imaging modalities, populations, and reported outcomes precluded quantitative

https://doi.org/10.3390/ cancers18142235


https://doi.org/10.3390/cancers18142235

Cancers 2026, 18, 2235

11 of 14

References

synthesis. Therefore, although several studies reported diagnostic performance comparable
to that of endoscopists under specific conditions, these findings should not be interpreted
as definitive evidence of clinical superiority. Dedicated systematic reviews with formal
risk-of-bias assessment and meta-analysis of homogeneous prospective studies will be
necessary to establish the comparative effectiveness and clinical utility of Al-assisted
endoscopic diagnosis.

Importantly, these methodological limitations were not confined to isolated reports
but were consistently observed across the available literature (Supplementary File S3).
Recurrent issues highlight that these challenges are pervasive in the current evidence
base and should be considered when interpreting the reported diagnostic performance of
Al systems.

5. Conclusions

Available studies suggest that Al has the potential to achieve high diagnostic perfor-
mance under controlled conditions. However, the current evidence is derived predomi-
nantly from single-center retrospective studies using selected high-quality static images,
with limited external, prospective, and real-world validation. Importantly, only one ran-
domized controlled trial has evaluated an Al algorithm for ESCC detection. These findings
highlight the rapid evolution of the field while underscoring the need for well-designed
multicenter prospective studies and randomized trials to establish the clinical utility, gener-
alizability, and implementation of Al-assisted endoscopic diagnosis in routine practice.
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