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Abstract:  Improving patient outcomes requires early identification, rapid diagnosis, and fast treatment of esophageal 

squamous cell carcinoma (ESCC), a major worldwide health concern. When it comes to this, endoscopic inspection is 

crucial. There are a number of endoscopic procedures available, but all have limitations that may lead to overlooked or 

misdiagnosed ESCCs. The use of artificial intelligence (AI) in endoscopic diagnostics is currently enhancing the accuracy 

of detecting ESCC and precancerous lesions, therefore overcoming these constraints. We survey the present status of 

artificial intelligence (AI) applications for endoscopic detection of endometrial squamous cell carcinoma (ESCC) and 

precancerous lesions in this review, including topics such as microvascular subtype categorization, invasion depth 

estimate, lesion characterisation, and margin delineation. In addition, we provide predictions for the future of this area, 

pointing out possible developments that can improve patient prognoses via more precise diagnosis. 
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Introduction 
Rapid improvements in endoscopic procedures and the 
widespread adoption of screening programs have 
contributed to a dramatic increase in the number of 
people screened for esophageal cancer (EC) in recent 
years. Nevertheless, EC continues to be a significant 
worldwide health concern, since it is the third most 
common cancer and the sixth most common cancer 
overall, according to recent cancer data. [1] Both 
esophageal squamous cell carcinoma (ESCC) and 
esophageal adenocarcinoma are subtypes of esophageal 
cancer (EC). In Asia and several regions of sub-Saharan 
Africa, ESCC is still the most common kind of EC, even 
though its incidence is on the decline. [2] in The clinical 
stage upon diagnosis has a significant impact on the 
prognosis of ESCC patients. Even with therapies like 
chemotherapy and surgery, the overall 5-year survival 
rate is less than 30% since most patients are identified at 
an advanced stage. three to five] On the flip side, with the 
right therapy, patients with early-stage ESCC have an 
incredible 90% 5-year survival rate. [6] Patients with 
ESCC have a better prognosis when the disease is detected 
early, diagnosed quickly, and treated quickly.  

 
In order to detect and cure ESCC early, endoscopic 
inspection and therapy are crucial. White light imaging 
(WLI), chromoendoscopy (e.g., iodine staining), 
magnification endoscopy (ME), electronic staining 
endoscopy (e.g., narrow band imaging, BLI), and blue 
laser imaging are some of the endoscopic examination 
methods that are available. To begin a standard 
endoscopic esophageal examination, a physician will first 
look for abnormalities using wide-field imaging (WLI) or 
non-magnifying endoscopy with narrow band imaging 
(NBI/BLI). [7] Afterwards, these lesions are helped to be 
characterized by using iodine staining or ME-NBI/BLI. [7] 
Missed diagnoses of ESCC continue to occur due to 
specific limitations in the endoscopic technologies that 
are now available. Some of these limitations include the 
following: the influence of visual tiredness, variances in 
endoscopists' skill, and sub-tle microendoscopic aspects 
of early lesions. From 4.2% to 17.0% of ESCC diagnoses 
go unnoticed, according to the research. Chapters 8–13 To 
minimize the number of ESCC diagnoses that go 
unnoticed, it is critical to overcome these obstacles and 
make the most of limited medical resources. 
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Artificial intelligence (AI)-assisted diagnostic techniques 
based on deep learning offer a promising solution to 
the aforementioned challenges. The development of AI 
models aimed at assisting endoscopists in achieving more 
effective and accurate disease diagnosis has emerged as a 
prominent area of research. Notably, research in the realm 
of early diagnosis of ESCC has made substantial advance- 
ments, presenting encouraging prospects [Figure 1]. In 
this review, we provide an overview of the current state 
of utilizing AI for the endoscopic diagnosis of ESCC and 
precancerous lesions, as well as explore potential direc- 
tions for its future development. 

 
Deep Learning-Assisted Detection of Lesions 

 
Single modality 

 
WLI modality 
When it comes to lesion identification, the WLI 
modality is crucial, as it is the fundamental testing 
approach. After a long period of study, scientists have 
created AI models using WLI and deep learning 
techniques to improve diagnostic skills for early 
identification of ESCC and precancerous lesions 
[Table 1]. To identify superficial ESCC and 
precancerous lesions, Cai et al.[14] were the first to 
create an AI model based on WLI. A dataset 
consisting of 24,282 endoscopic pictures of the 
esophagus was used. After that, the model was tested 
with 187 photos, and it showed great diagnostic 
performance with a sensitivity of 97.8% and a 
specificity of 85.4%. That is to say, this model greatly 
enhanced  
 

the precision of sixteen endoscopists' diagnoses, 
particularly those of their more junior colleagues. This 
research demonstrates that artificial intelligence has 
great promise as an ancillary diagnostic tool for 
endoscopists. An artificial intelligence model for the 
detection of superficial ESCC using WLI was developed by 
Feng et al.[15] using the ResNet50 network. For training, 
the model was fed 5892 photos; for validation, it was fed 
1466 images from inside the company and 3063 images 
from outside sources. When compared to professional 
endoscopists and non-expert endoscopists, the model's 
diagnostic performance was excellent. Also, endoscopists' 
accuracy increased substantially when AI was included 
(75.12% vs. 84.95%, P = 0.008). By modifying the YOLO 
(You Only Look Once) v3 algorithm, Tang et al.[16] 
created an AI model that relies on WLI. A dataset with 
4002 photos was used to train this model. It was then 
validated on three other datasets: one with 333 images, 
one with 700 images from an external source, and a video 
test dataset with fourteen movies. Accurate lesion 
identification in thirteen movies and adequate diagnostic 
performance on the image test set proved the model's 
resilience and generalizability, paving the way for its 
possible use in real-time clinical settings. 
. 
NBI modality 

Non-ME NBI modality is a common technique in 
endoscopic examinations. The characteristic teal color 
tone serves as a hallmark for identifying ESCC and pre- 
cancerous lesions under NBI. Li et al[17] undertook the 
development of an NBI-AI model for detecting superficial 
ESCC and precancerous lesions utilizing the fully convolu- 
tional network (FCN) based on the VGGNet framework. 

 
 

 

Figure 1: AI-assisted endoscopy for diagnosing ESCC and precancerous lesions, including detection of lesions, delineation of lesion margin, estimation of invasion depth, and classification 

of the microvessel patterns. AI: Artificial intelligence; ESCC: Esophageal squamous cell carcinoma; NMS: Nonmaximum suppression; YOLACT: You Only Look At CoefficienTs. 
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Outcomes 
Compared to 

Ref. Year Aim Endoscopic modality Algorithm Training dataset Test dataset Accuracy Sensitivity Specificity endoscopists 

Cai et al[14] 2019 Detection of superficial WLI DNN 2428 images 187 images 91.40% 97.80% 85.40% Superior to 
  ESCC and precancerous        endoscopists 

 
Kumagai et al[18] 

 
2019 

lesions 

Diagnosis of ESCC 
 

Endocytoscopy 
 

GoogleNet 
 

4715 images 
 

1520 images 
 

90.00% 
 

92.60% 
 

89.30% 
 

NA 

Horie et al[20] 2019 Detection of EC WLI and NBI SSD 8428 images 1118 images 99% (ESCC) 97% (ESCC, 79% (overall) NA 

 
Ohmori et al[24] 

 
2020 

 
Detection of superficial 

 
WLI, NBI, BLI, and 

 
SSD 

 
22,562 images 

 
727 images 

 
81% (WLI), 77% 

per-person) 

90% (WLI), 100% 
 

76% (WLI) 
 

Comparable 

ESCC ME (non-ME NBI/BLI), 

77% (ME-NBI/BLI) 

(non-ME NBI/BLI), 

98% (ME-NBI/BLI) 
63% (non-ME-NBI/BLI), 

56% (ME-NBI/BLI) 

to experienced 

endoscopists 

Fukuda et al[25] 2020 Identification and charac- 

terization of superficial 

ESCC 

 
Tang et al[16] 2021 Identification of superficial 

NBI, BLI, and ME SSD 28,333 images  144 specimens  63% (detection), 88% 

(characterization) 
 
 
 

WLI YOLO v3 4002 images  1033 images and 91.3% (internal 

91% (detection), 

86% (characteriza- 

tion) 

 
97.9% (internal 

51% (detection), 89% 

(characterization) 

 

 
88.6% (internal valida- 

Inferior to expert 

(detection) 

Superior to expert 

(characterization) 

Superior to 

ESCC 14 videos validation), 90.1% 

(external validation 

1), 91.8% (external 

validation 2) 

validation), 96.8% 

(external validation 

1), 100% (external 

validation 2) 

tion), 86.8% (external 

validation 1), 88.9% 

(external validation 2) 

endoscopists 

Li et al[17] 2021 Detection of superficial 

ESCC and precancerous 

lesions 

NBI FCN network 4735 images 632 images 94.30% 91.00% 96.70% Comparable 

to experienced 

endoscopists 

Ikenoyama 

et al[23] 

2021 Detection of multiple 

Lugol-voiding lesions 

WLI and NBI GoogleNet 6634 images 667 images 76.40% 84.40% 70.00% Comparable 

to experienced 

 
Shiroma et al[29] 

 
2021 Detection of superficial 

 
WLI and NBI 

 
SSD 

 
8428 images 

 
144 videos 

 
52.5% (WLI), 67.5% 

 
75% (WLI), 55% 

 
30% (WLI), 80% (NBI) 

endoscopists 

Superior to 

 
Waki et al[30] 

ESCC 

2021 Identification of superficial 
 
WLI, NBI, and BLI 

 
BiSeNet 

 
18,797 images 

 
100 videos 

(NBI) 

65.5% (NBI/BLI), 

(NBI) 

85.7% (NBI/BLI), 
 

40% (NBI/BLI), 28% 

endoscopists 

Superior to 

 
Yang et al[34] 

ESCC 

2021 Identification of ESCC and 
 

WLI, BLI, iodine 
 

YOLO v3 and 
 

10,988 images 
 

2309 images and 

55.8% (WLI) 

99.2% (per-patient, 

77.8% (WLI) 

97.4% (per-patient, 

(WLI) 

99.4% (per-patient, 

endoscopists 

Comparable to 

 high-grade EP neoplasia staining, and ME ResNet V2  104 videos non-ME, early ESCC), non-ME, early non-ME, early ESCC), expert; superior to 

      88.1% (ME, early ESCC), 90.9% (ME, 85.0% (ME, early ESCC) non-expert 

 
Kumagai et al[19] 

 
2022 Classification of esophageal 

 
endocytoscopy 

 
DeiT 

 
7983 images 

 
114 images 

ESCC) 

91.2% (per-image), 

early ESCC) 

84.8% (per-image), 
 

93.9% (per-image), 
 

Superior to 

 lesions (ESCC and other     94.7% (per-patient) 90.9% (per-patient) 96.3% (per-patient) endoscopists 

 
Meng et al[21] 

non-malignant lesions) 

2022 Detection of superficial 
 

WLI and NBI 
 

YOLO v5 
 

4447 images 
 

1695 images 
 

92.90% 
 

91.90% 
 

94.70% 
 

Comparable to 

 ESCC and high-grade EP        expert; superior to 

 
Tajiri et al[26] 

neoplasia 

2022 Classification of esophageal 
 
WLI, NBI, BLI, and 

 
ResNet-101 × 1 

 
29,794 images 

 
147 videos 

 
80.90% 

 
85.50% 

 
75.00% 

non-expert 

Superior to 

 lesion ME       endoscopists 

(continued) 

          

1
3
8
9
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A total of 4735 images were amassed for model training. 
The performance of this NBI-AI model was evaluated 
and compared with the WLI-AI model introduced by Cai 
et al[14] using a dataset of 316 paired WLI and NBI images. 
The comparative analysis revealed that the NBI-AI model 
exhibited higher accuracy and specificity than its WLI-AI 
counterpart, albeit with a slightly lower sensitivity. Intrigu- 
ingly, when evaluating 20 endoscopists with varying levels 
of expertise, the use of both the WLI-AI model and the 
NBI-AI model significantly improved their diagnostic per- 
formance, surpassing the outcomes achieved with either 
model in isolation. 

 
Endocytoscopy 

The endocytoscopic system is an advanced magnifying 
endoscopic examination technique with ultra-high 
resolution capabilities, providing magnification of up 
to 1000 times, effectively simulating the effects of his- 
tological biopsy. By using in vivo staining agents such 
as methylene blue, the endocytoscopic approach allows 
real-time observation of the cellular structure within the 
superficial mucosal layer of the esophagus, facilitating 
dynamic lesion classification. Kumagai et al[18] harnessed 
a dataset consisting of 4715 esophageal endocytoscopic 
images for model training and an additional set of 1520 
endocytoscopic images for model testing. Their AI model, 
designed for diagnosing ESCC and developed based on 
the GoogleNet architecture, demonstrated commendable 
performance metrics, with a sensitivity, specificity, and 
accuracy of 92.6%, 89.3%, and 90.0%, respectively. 
Moreover, Kumagai et al[19] introduced an innovative 
AI model founded on the DeiT framework. This model 
underwent training using an extensive dataset comprising 
7983 endocytoscopy images from 55 cases of ESCC and 
81 cases of non-malignant lesions. Subsequent testing 
involved 114 images from 11 ESCC cases and 27 non-ma- 
lignant lesions. To assess its diagnostic efficacy, the AI 
model’s performance was benchmarked against that of 
an expert pathologist and non-expert endoscopists. In 
per-image analysis, the AI model achieved an overall accu- 
racy equal to that of the pathologist (91.2% vs. 91.2%) 
and outperformed the two endoscopists (91.2% vs. 
85.9% and 91.2% vs. 83.3%, respectively). In per-patient 
analysis, the AI model exhibited higher overall accuracy 
compared to both the pathologist and the two endos- 
copists, with accuracies of 94.7%, 92.1%, 86.8%, and 
89.5%, respectively. These findings highlight the potential 
of AI as a valuable tool in assisting endoscopists, particu- 
larly those without specialized pathological expertise, in 
the non-invasive diagnosis of ESCC and precancerous 
lesions through endocytoscopy, obviating the need for 
invasive histological biopsies. 

 
Bimodality or multimodality 

In clinical practice, endoscopic examinations often entail 
the use of multiple endoscopic modalities. Therefore, the 
integration of two or more modalities into bimodal or 
multimodal AI models holds greater clinical application 
value compared to AI models based on a single modality. T
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Horie et al[20] firstly introduced a bimodal AI model that 
integrated WLI and NBI employing the Single Shot Multi- 
Box Detector (SSD) for diagnosing ESCC and esophageal 
adenocarcinoma. This model was trained on 8428 images 
from 397 ESCC lesions and 32 EAC lesions. The AI model 
displayed exceptional performance by detecting 98% of 
ESCC lesions within a mere 27 s. The sensitivities of the 
AI model for diagnosing ESCC under WLI and NBI were 
79% and 89%, respectively. Meng et al[21] developed an 
AI model utilizing the YOLO v5 algorithm, training it 
on 4447 images containing both WLI and NBI images. 
The model was then tested on 1695 images. Remarkably, 
the accuracy of the model in the diagnosis of superficial 
ESCC and high-grade intraepithelial (EP) neoplasia 
was comparable to that of expert endoscopists (92.9% 
vs. 91.0%, P = 0.129) and significantly higher than 
that of non-expert endoscopists (92.9% vs. 78.3%, 
P <0.001). Moreover, it contributed to a significant 
enhancement in diagnostic accuracy among non-ex- 
pert endoscopists (88.2% vs. 78.3%, P <0.001). Chou 
et al[22] constructed an AI model based on EfficientNet 
and Vision Transformer networks for the identification 
of ESCC and high-grade dysplasia. The training dataset 
consisted of 650 WLI images and 352 NBI images. The 
model achieved an accuracy and precision of 96.32% and 
96.44%, respectively. Ikenoyama et al[23] developed an 
AI model based on GoogleNet with the unique ability to 
detect multiple Lugol-voiding lesions without the need for 
iodine staining. Training this model entailed a dataset of 
6634 WLI and NBI images, followed by testing on 667 
images. Intriguingly, the model demonstrated significantly 
higher sensitivity compared to endoscopists (84.4% vs. 
46.9%). This innovation has the potential to reduce 
patient discomfort associated with iodine staining while 
effectively identifying high-risk ESCC patients. Ohmori 
et al[24] introduced a groundbreaking multimodal AI 
model that combined WLI, NBI, BLI, and ME modalities 
for the detection of the superficial ESCC. This model was 
trained on an extensive dataset comprising 22,562 images 
and underwent rigorous testing on 255 WLI images, 268 
non-ME NBI/BLI images, and 204 ME NBI/BLI images. It 
exhibited commendable sensitivity and specificity under 
various modalities: 90% and 76% under WLI, 100% and 
63% under non-ME NBI/BLI, and 98% and 56% under 
ME-NBI/BLI, respectively. Importantly, this multimodal 
AI model’s performance was on par with that of 15 expe- 
rienced endoscopists, underscoring the potential for AI 
models combined with multiple modalities to more accu- 
rately replicate real-world clinical scenarios compared to 
a single WLI approach [Table 1]. 

 
Real-time detection 

The advancements achieved in converting AI models to 
multi-mode operation are praiseworthy. Keep in mind 
that these AI models have mostly been tested and trained 
on high-quality static photos, thus their results in actual 
clinical settings may not be completely accurate. As a 
result, dynamic movies that include complicated 
environmental aspects should be a part of AI model 
development and evaluation. The results will be more 
precise and  
 
useful understanding of these models' capacities in a 

therapeutic setting.  
Fukuda et al.[25] were the first to use 28,333 non-ME 
NBI/BLI and ME-NBI/BLI pictures retrieved from 862 
movies to build an artificial intelligence model based on 
SSD for the detection and characterization of superficial 
ESCC. Two modes of operation were included into the AI 
model: a non-ME mode for lesion detection and a ME 
mode for lesion characterisation. The model was 
evaluated using 5- to 9-second video clips obtained from 
144 patients diagnosed with superficial ESCC. The 
outcomes were then compared to those of thirteen 
endoscopists. Notably, when compared to the experts, the 
AI model showed far higher sensitivity and specificity in 
lesion characterisation (86.7% vs. 74.4%, 89.8% vs. 
76.5%), and much higher sensitivity in lesion 
identification (91% vs. 79%). In order to distinguish 
between ESCC and other benign esophageal tumors, 
Tajiri et al.[26] built a tailored AI model. An extensive 
dataset was used to train the model. It included 25,048 
photos from 1433 instances of superficial ESCC and 4,746 
images from 410 non-cancerous lesions recorded using 
ME, WLI, NBI, and BLI. The following testing was carried 
out using 147 NBI videos, and the results were quite 
impressive: sensitivity of 85.5%, specificity of 75.0%, and 
accuracy of 80.9%. The AI model developed by Tajiri et al. 
was used by Tani et al. [27]. [26] 

The training dataset comprised of 29,794 images 
acquired under non-ME and ME modalities. In the 
validation phase, the AI model and five endoscopists 
analyzed 237 lesions in 380 patients. The AI model 
demonstrated an accuracy of 80.6%, sensitivity of 68.2%, 
and specificity of 83.4%, while the endos- copists 
achieved figures of 85.7%, 61.4%, and 91.2%, 
respectively. It is noteworthy that the AI model did not 
establish non-inferiority when compared to endoscopists 
in real-time ESCC diagnosis, potentially due to factors 
such as compressed images in the validation dataset or an 
imbalanced proportion of ESCC cases among the target 
lesions. Aoyama et al[28] harnessed endoscopic videos 
to develop an AI model for the detection of superficial 
ESCC. The model was trained on NBI images sourced 
from endoscopic examination videos of 200 patients 
under NBI, which were dissected into individual frames. 
The test dataset consisted of images from 97 patients. 
The model achieved sensitivity, specificity, and accuracy 
figures of 87.5%, 22.8%, and 49.5%, respectively. Shi- 
roma et al[29] introduced a bimodal AI model based on SSD 
for real-time detection of superficial ESCC. The training 
dataset contained 8428 WLI and NBI images, while the 
testing dataset featured 64 slow-speed videos (each lasting 
5–15 s) and 80 high-speed videos at 2 cm/s. The model 
processed 30 frames of images per second and accurately 
identified all superficial ESCC lesions in slow-speed videos 
and 85% of lesions in high-speed videos. Furthermore, the 
introduction of AI led to enhanced detection sensitivity 
in 13 out of 18 endoscopists. Waki et al[30] developed a 
multimodal AI model designed for identifying superficial 
ESCC. This AI model was trained using 18,797 WLI and 
NBI/BLI images and was subsequently tested with 100 
video clips simulating scenarios where lesions had been 
overlooked. Each video clip ranged from 20 s to 30 s in 
duration. The AI model exhibited sensitivities of 85.7% 
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under NBI/BLI and 77.8% under WLI, surpassing the 
performance of 21 endoscopists, whose sensitivities stood 
at 75% and 56.1%, respectively. Additionally, the AI-as- 
sisted sensitivity of endoscopists in detecting lesions under 
NBI/BLI improved by 2.7%. 

The endoscopic method of iodine staining is used for 
the screening of ESCC and precancerous lesions. Its 
sensitivity ranges from 92% to 100%. Chapters 31–
33 Because malignant or precancerous areas can 
seem unstained or very barely stained, endoscopists 
depend on the intensity of staining to identify lesions. 
Because of this, iodine staining is a powerful modality 
that AI models may use. A multimodal AI model was 
introduced by Yang et al. [34] for the purpose of 
identifying ESCC and high-grade EP neoplasia using 
WLI, BLI, iodine staining, and ME modalities. There 
were two main parts to this model. The first part, 
built on the YOLO v3 framework, was concerned with 
lesion identification in the non-ME modality, while 
the second part, based on ResNet V2, was concerned 
with lesion characterisation in the ME-BLI modality. 
Testing included 2309 photos and 104 video clips, 
whereas the model's training used 10,988 images. In 
terms of diagnostic accuracy, the results showed that 
the AI model was comparable to two expert 
endoscopists (P = 0.205) and much better than four 
non-expert endoscopists (P <0.05). Also, in films that 
weren't ME, the AI model could analyze 10 
images/second with a latency of under 100 ms. Yuan 
et al. [35] developed an AI model that uses WLI, non-
ME NBI, iodine staining, and ME NBI to identify 
superficial ESCC and precancerous lesions. The model 
is based on YOLO v3. The training dataset consists of 
45,770 pictures in total. Separate from the external 
validation dataset, which included 2088 photos 
sourced from various hospitals, the internal 
validation dataset had 6075 photographs that were 
homologous to patients in the training dataset. In 
addition, the video test set included 142 video clips. 
The AI model's diagnostic ability in the picture 
collection was on par with eleven seasoned 
endoscopists. Most notably, as compared to WLI, the 
model was much more sensitive in identifying 
epithelial-bound superficial ESCC (90.8% vs. 82.5%). 
Crucially, the AI model ran very efficiently, with no 
latency whatsoever, and a scan time of just 17 ms per 
picture for diagnosis. The ability of AI models to 
quickly analyze movies and aid endoscopists in 
diagnosing lesions in real-life clinical settings is 
highlighted by this [Table 1].  
Artificial intelligence's efficacy in actual healthcare 
contexts requires assessment. To evaluate the 
adjunctive diagnostic efficacy of an AI system in 
identifying superficial ESCC and precancerous lesions 
in actual clinical settings, Yuan et al.[36] performed 
the biggest multi-center randomized controlled 
experiment. In order to aid endoscopists in 
identifying lesions under WLI and NBI, the AI system 
was directly incorporated into the endoscopic 
equipment. This research had 11,846 patients in 
total. With a per-lesion risk ratio of 0.25 and a per-
patient risk ratio of 0.37 and a p-value of 0.40, 
respectively, the AI-first group had lower miss rates 
than the routine-first group. We may infer important 
information about the  

 
further diagnostic utility of the AI system in actual 
healthcare environments. 

 
Deep Learning-Assisted Delineation of Lesion Margin 

Endoscopy examination combined with histopathology 
examination represents the gold standard for diagnosing 
ESCC and precancerous lesions. Ensuring the biopsy of 
lesions within the designated area is crucial for accurate 
diagnosis, preventing potential misses or misdiagnoses. 
Consequently, the accurate delineation of lesion margins 
holds paramount importance as it facilitates the selection 
of appropriate biopsy sites and contributes to the early 
detection of ESCC. In terms of treatment, compared 
with traditional surgery, endoscopic resection (ER) offers 
superior preservation of the physiological function of the 
digestive tract while effectively resecting lesions. ER has 
received strong recommendations in guidelines as the 
first-line treatment for early ESCC. However, for lesions 
exceeding 3/4 of the esophageal circumference, surgery 
is recommended given the high incidence of esophageal 
stenosis (exceeding 60%) following ER.[37] Therefore, 
achieving accurate preoperative delineation of lesion 
margins plays a pivotal role in treatment selection and the 
successful completion of ER. 

Accurate detection and delineation of lesion margins can 
be challenging when using WLI. Liu et al[38] constructed 
an AI model based on YOLACT (You Only Look At 
CoefficienTs) using 10,467 images capable of accurately 
detecting and delineating the margins of superficial ESCC 
and precancerous lesions under WLI. The model’s per- 
formance was evaluated using 2616 internal validation 
images and 563 external validation images. The results 
indicated that the delineation accuracy of the model was 
comparable to that of seven endoscopic experts (98.1% 
vs. 95.3%) and superior to that of seven experienced 
endoscopists (98.1% vs. 78.6%). Remarkably, this model 
achieved a rapid diagnostic speed of only 17 ms per image, 
suggesting its potential for real-time endoscopic diagnosis. 
NBI is a commonly used clinical modality for determining 
the boundaries of esophageal lesions. Guo et al[39] reported 
an AI model designed for diagnosing superficial ESCC and 
precancerous lesions while generating probability heat 
maps on endoscopic images to indicate lesion margins. 
The AI model, constructed based on SegNet, underwent 
training with 6473 images and was subsequently tested 
on 6671 images and 80 video clips. The results showed 
that regions of lesions indicated by this model closely 
aligned with those indicated by endoscopists. Yuan et al[40] 
complied 10,047 still images and 140 videos under NBI 
to create an AI model capable of detecting and delineating 
superficial ESCC and precancerous lesions. The AI model 
was seamlessly integrated into the endoscopy equipment. 
Comparative assessments were conducted between the 
model and 11 endoscopists. The model exhibited strong 
performance, achieving delineation accuracies of 88.9% 
in internal tests and 87.0% in external tests. Impressively, 
the model completed the delineation process in a mere 
12 ms per image, outpacing both senior and junior endos- 
copists who required about 21.4 s and 33.6 s per image, 
respectively. The model’s delineation performance was 
superior to that of junior endoscopists (89.6% vs. 74.7%, 
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P <0.001) and comparable to that of senior endoscopists 
(89.6% vs. 89.6%, P = 1.000). Furthermore, Yuan et al[41] 
were the first to report a multimodal AI model capable 
of real-time detection and delineation of small flat-type 
superficial ESCC. The AI model was seamlessly integrated 
into an endoscopy equipment and successfully detected 
and delineated a 3-mm flat-type ESCC under WLI, NBI, 
iodine staining, and ME. This suggests that AI models 
hold great promise in facilitating the real-time detection 
and delineation of margins for ESCC and precancerous 
lesions in clinical practice [Table 2]. 

 
Deep Learning-Assisted Estimation of Invasion Depth and 

Classification of the Microvessel Patterns of the Lesions 

 
Estimation of invasion depth of lesions 

The invasion depth of ESCC is closely associated with the 
risk of lymph node metastasis. For precancerous lesions, 
lesions confined to the epithelium (EP), and lesions limited 
to the lamina propria (LPM), the risk of lymph node 
metastasis is minimal. However, the risk significantly 
increases for lesions extending into the mucosal muscular 
(MM), lesions involving mucosal muscular (M3), superfi- 
cial submucosa (SM1), and the submucosa that is 200 mm 
or deeper (SM2–3), with risk ranges of 8–18%, 11–53%, 
and 30–54%, respectively.[42–44] Precancerous lesions and 
EP/LPM lesions are absolute indications for ER, MM-SM1 
lesions are relative indications for ER, and SM2–3 lesions 
and lesions with deeper invasion require surgery or 
chemoradiotherapy.[37] Hence, the accurate assessment 
of the invasion depth within a lesion assumes paramount 
importance in guiding precise treatment decisions. 

Wang et al[45] reported an AI model based on SSD for the 
differentiation of squamous low-grade dysplasia, squa- 
mous high-grade dysplasia, and squamous cell carcinoma 
under WLI/NBI. The model was trained using 936 images 
and tested on 264 images, capable of analyzing the test 
images within 10 s. It achieved sensitivities of 96.2% for 
detecting lesions, 83.4% for diagnosing low-grade dys- 
plasia, 87.2% for diagnosing high-grade dysplasia, and 
98.9% for diagnosing ESCC. Tokai et al[46] constructed 
an AI model based on GoogleNet specifically for dis- 
tinguishing between EP-SM1 and SM2–3 lesions under 
WLI/NBI. Their dataset included 1751 training images 
and 291 test images. The overall accuracy of the model 
for estimating invasion depth reached 80.9%. It also 
demonstrated a sensitivity of 84.1% and a specificity of 
73.3% for EP-SM1 lesions, surpassing the performance 
of 13 endoscopists. Nakagawa et al[47] introduced a 
multimodal AI model based on SSD for discriminating 
between EP-SM1 and SM2-3 lesions under WLI, NBI, 
iodine staining, and ME. Their dataset comprised 14,338 
training images and 914 test images. The model exhibited 
rapid analysis capability, processing 914 images in just 
29 s. It also demonstrated high sensitivity (90.1%) and 
specificity (95.8%). Importantly, the model’s performance 
was comparable to that of 16 experienced endoscopists. 

The AI models discussed in the mentioned studies pre- 
dominantly relied on static images, which may not fully T
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capture the dynamic nature of real clinical scenarios. 
Therefore, it is crucial to include dynamic videos in both 
the development and validation of AI models. Shimamoto 
et al[48] pioneered the development of an AI model for 
invasion depth estimation using endoscopic examination 
video data. They extracted one still image from every 30 
frames (equivalent to 30 images per second of video), 
resulting in a total of 23,977 WLI and NBI/BLI images 
in the training dataset. To assess its diagnostic perfor- 
mance, 102 video clips were employed to compare the 
AI model against evaluations by 14 endoscopic experts. 
Remarkably, the model demonstrated superior sensitivity 
and specificity in distinguishing EP-SM1 lesions from 
SM2–3 lesions under both non-ME (50% and 99%) and 
ME (71% and 95%), outperforming the experts. Zhang 
et al[49] developed an AI model utilizing 14 different 
algorithms to differentiate SM2-3 lesions under ME-NBI. 
The AI model was trained with 5119 ME-NBI images 
from 581 ESCC patients and tested on 196 images and 
33 video clips. To assess its performance, the model was 
compared with a deep learning model and evaluated by 
seven endoscopists. In the image validation, the AI model 
exhibited impressive sensitivity, specificity, and accuracy 
at 85.7%, 86.3%, and 86.2%, respectively. These figures 
remained notably high in video validation, with sensitivity, 
specificity, and accuracy values reaching 87.5%, 84.0%, 
and 84.9%, respectively. In contrast, the deep learning 
model displayed inferior performance, with a sensitivity 
of 83.7%, specificity of 52.1%, and accuracy of 60.0%. 
Notably, the assistance of the AI model led to a statisti- 

cally significant improvement (P = 0.03) in the accuracy 
of the endoscopists. These findings suggest that AI models 
enhanced with real video data hold promise for practical 
integration into clinical practice [Table 3]. 

 
Classification of microvessel patterns of the lesions 

Lesion characterization and invasion depth 
estimation rely heavily on ME evaluation of the 
esophageal Intrapapillary Capillary Loop (IPCL) 
shape. Classification of IPCL by the Japan Esophageal 
Society (JES)[50] is as follows: type A, type B, and 
subtypes B1, B2, and B3 of type B. In Type A, you may 
see normal IPCL or microvessels that are slightly 
aberrant, suggesting things like inflammation, low-
grade EP neoplasia, or normal epithelium. 
Microvessels with a loop-like structure, characteristic 
of EP-LPM lesions, describe type B1. Microvessels of 
type B2 do not have a loop-like arrangement, 
indicating MM-SM1 lesions. Surprisingly, type B3 
indicates lesions at SM2 or deeper levels and is 
characterized by dilated vessels with calibers more 
than three times larger than normal B2 vessels. Keep 
in mind that IPCL categorization is subjective and 
involves a lot of moving parts. Endoscopists need 
extensive training and knowledge of endoscopy to 
accurately diagnose IPCL and classify cases 
accurately.  
Endoscopists may now assess lesion invasion depth 
using deep learning and IPCL categorization. In their 
study, Everson et al.[51] collected 7046 ME-NBI 
photos in a row from 17 patients' films who had 
superficial ESCC. We used this massive dataset  
 
with the primary goal of classifying microvessels into 

type A and type B throughout the AI model's training and 
validation processes. An impressive 93.7% overall 
accuracy was shown by the AI model after a rigorous 5-
fold cross-validation procedure. Its sensitivity to detect 
type B vasculature was an amazing 89.3%, and its 
specificity was 98%. It was also appropriate for 
application in real-time clinical settings since its 
operating efficiency was maintained between 26.17 ms 
and 37.38 ms. Using ResNet-18 and an enormously bigger 
dataset of 67,742 consecutive ME-NBI pictures from 114 
patients' films, Everson et al.[52] further enhanced the AI 
model. Showing promise as a clinical tool, the diagnostic 
performance was on par with nine endoscopic specialists.  
Although the AI models mentioned earlier have proven to 
be very good at differentiating between type A and type B 
vessels—laying the groundwork for AI-assisted IPCL 
diagnosis—they fail miserably when it comes to 
subclassifying type B vessels, which is essential for 
making accurate invasion depth predictions. The first 
artificial intelligence model to categorize microvessels of 
types A, B1, and B2 was published by Zhao et al. [53]. 
Built using a double-labeling FCN and trained on 1350 
ME-NBI pictures, this model outperformed six mid-level 
and junior endoscopists with sensitivity levels of 71.5% 
for type A microvessels, 91.1% for type B1 microvessels, 
and 83.0% for type B2 microvessels. An artificial 
intelligence model for localizing and recognizing type B1 
and type B2 IPCLs was trained and tested using 2887 ME-
BLI pictures and 493 ME-NBI images, as reported by 
Wang et al. [54]. Using ME-NBI, the model was able to 
accurately identify type B1 IPCLs with a precision rate of 
70.74% and type B2 IPCLs with a precision rate of 
57.18%. When trying to estimate how deep an ESCC 
invasion will be, type B3 microvessels are crucial. Using 
cropped ME-NBI pictures, Uema et al.[55] trained an AI 
model based on ResNeXt-101 to distinguish between type 
B1, type B2, and type B3 microvessels. In under 20.3 
seconds, our model was able to diagnose all 747 
validation photos from a training dataset of 1,777 images. 
Compared to the combined performance of eight 
endoscopists, the sensitivity for identifying type B1, type 
B2, and type B3 microvessels was 96.4%, 66.8%, and 
83.3%, respectively. An AI model that can distinguish 
between type A, type B1, type B2, and type B3 
microvessels was created by Yuan et al. [56]. Using 5505 
ME-NBI pictures for training and 1589 for testing, this 
model was able to obtain sensitivity levels of 94.1% for 
identifying type A microvessels, 91.6% for type B1 
microvessels, 87.7% for type B2 microvessels, and 77.8% 
for type B3 microvessels. Most importantly, when it came 
to helping identify IPCL subtypes, the AI model vastly 
enhanced the diagnostic capabilities of seven rookie 
endoscopists. In order to help endoscopists properly 
estimate the invasion depth of ESCC, our results highlight 
the potential of AI models to discriminate not only kinds 
of IPCL but also subtypes [Table 3]. 

 
Limitations and Future Perspectives 

AI models have made significant strides in various 
domains of ESCC and precancerous lesions. Notably, 
their diagnostic performance is on par with that of 
experienced endoscopists. However, current AI models 
confront limitations and challenges when it comes to 
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Ref. 

 
Year 

 
Aim 

Endoscopic 

modality 
 

Algorithm 
 
Training dataset 

Validation/test 

dataset 
 

Accuracy 

Outcome 

Sensitivity 
 

Specificity 

Compared to 

endoscopists 

Nakagawa et al[47] 2019 Differentiation of 

EP-SM1 and SM2-3 
lesions 

WLI, NBI 
iodine staining, 

and ME 

SSD 14,338 images 914 images 91.00% 90.10% 95.80% Comparable 
to experienced 
endoscopists 

Everson et al[51] 2019 Classification of 
type A and type B 

microvessels 

ME-NBI CNN 7046 images 93.70% 89.30% 98% NA 

Zhao et al[53] 2019 Classification of type 
A, type B1, and type 

B2 microvessels 

ME-NBI FCN 1350 images 92.5% (type A), 
87.6% (type B1), 
93.9% (type B2) 

71.5% (type A), 
91.1% (type B1), 
83.0% (type B2) 

96.3% (type A), 
79.1% (type B1), 
95.7% (type B2) 

Superior to 
endoscopists 

Tokai et al[46] 2020 Differentiation of 
EP-SM1 and SM2-3 
lesions 

WLI and NBI GoogleNet 1752 images 291 images 80.90% 84.10% 73.30% Superior to 
endoscopists 

Shimamoto et al[48] 2020 Estimation of invasion WLI, NBI, and SSD 23,977 images 102 videos 87% (non-ME), 50% (non-ME), 99% (non-ME), Superior to 
  depth BLI   89% (ME) 71% (ME) 95% (ME) endoscopists 

Wang et al[45] 2021 Differentiation of WLI and BLI SSD 936 images 264 images 90.9% (detection), 96.2% (detection), 70.40% NA 
  squamous low-grade 

dysplasia, squamous 
high-grade dysplasia, 

and squamous cell 
carcinoma 

   92% 
(differentiation) 

98.9% 
(differentiation) 

  

Everson et al[52] 2021 Classification of 
type A and type B 
microvessels 

ME-NBI ResNet-18 67,742 images 91.70% 93.70% 92.40% Comparable to 
experts 

Uema et al[55] 2021 Classification of type 
B1, type B2, and type 
B3 microvessels 

ME-NBI ResNeXt-101 1777 images 747 images 88.6% (type B1), 

84.3% (type B2), 
95.4% (type B3) 

96.4% (type B1), 

66.8% (type B2), 
83.3% (type B3) 

78.7% (type B1), 

95.6% (type B2), 
96.1% (type B3) 

Superior to 
endoscopists 

Yuan et al[56] 2022 Classification of type A, 
type B1, type B2, and 

type B3 microvessels 

ME-NBI HRNet + OCR 5505 images 1589 images 93.2% (type A), 
91.6% (type B1), 

98.3% (type B2), 
99.7% (type B3) 

94.1% (type A), 

91.6% (type B1), 
87.7% (type B2), 
77.8% (type B3) 

93.1% (type A), 

91.6% (type B1), 
99.3% (type B2), 
100% (type B3) 

Superior to 
endoscopists 

Zhang et al[49] 2023 Differentiation SM2-3 ME-NBI 14 models 5119 images  196 images and 86.2% 85.7% 86.3% (image Superior to 
  lesions   33 videos (image validation), (image validation), validation), endoscopists 
      84.9% 

(video validation) 
87.5% 

(video validation) 

84% (video 
validation) 

 

Wang et al[54] 2023 Localization and identi- 

fication of type B1 
and type B2 IPCLs 

ME-NBI and 
ME-BLI 

PSA-HRNetV2p 3380 images precision: 70.74% (type B1), 57.18% (type B2) NA 

 

BLI: Blue laser imaging; CNN: Convolutional neural network; EP: Intraepithelial; ESCC: Esophageal squamous cell carcinoma; FCN: Fully convolutional network; IPCL: Intrapapillary Capillary 
Loop; ME: Magnifying endoscopy; NA: Not available; NBI: Narrow band imaging; Ref: Reference; SM1: Superficial submucosa cancer; SM2-3: Lesions invading the submucosa at a depth of 200 mm 
or deeper; SSD: Single Shot MultiBox Detector; WLI: White light imaging; HRNet: High-resolution network; OCR: Object Contextual Representation; PSA-HRNetV2p: polarized self-attention- 
HRNetV2p. 
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clinical application. 

First, there is a paucity of real-world scenario 
representations in the endoscopic data used to build 
AI models, which leads to overfitting and reduces 
their therapeutic value. At the moment, the majority 
of AI models are educated using high-quality, one-
time datasets that only include photographs and 
videos from a single location. The given references 
are [14,17,20,22,28]. Images of low quality, abnormal 
lesions, and the complex environmental details seen 
in the actual world are not represented in these 
databases. In addition, most of the current datasets 
only include endoscopic pictures of non-cancerous 
lesions or early-stage esophageal squamous cell 
carcinoma (ESCC), which leaves out a wide variety of 
esophageal lesion types include inflammation, 
advanced malignancy, and ulcers. Major medical 
institutions must combine their resources, create 
standardized large-scale medical picture archives, 
and use methods like unsupervised learning to solve 
these problems. Secondly, AI models still don't do a 
great job of diagnosing multifunctional diseases, even 
when they have incorporated clinical endo- scopic 
modalities. Multifunctional AI models that include 
tasks like lesion characterisation, margin delineation, 
invasion depth estimate, and subtype categorization 
should be prioritized for future developments. Third, 
AI model performance evaluation in the actual world 
requires further prospective multicenter clinical 
studies. [36] The AI models for ESCC need further 
proof before they can be used in clinical settings. The 
efficacy of AI application in real-world environments 
has been confirmed by several prospective research 
on AI models for colorectal polyps. pages 57 to 63 
Class III medical device permits have been approved 
by the Chinese National Medical Products 
Administration for products such as EndoScreener 
(Wision AI, Shanghai, China). Finally, the importance 
of AI models as supplementary diagnostic tools must 
be acknowledged. The next generation of doctors and 
nurses might be held back by an over-reliance on AI. 
There are a number of important factors to think 
about, including the safety of patients' personal 
health information, the preservation of intellectual 
property, ethical concerns, and culpability for 
incorrect decisions made using AI models. To tackle 
these intricate issues, appropriate rules and 
regulations must be drafted.  
 
In summary,  
AI has made great strides in several areas, such as 
estimating invasion depth, defining margins, and 
classifying ESCC and precancerous lesion subtypes. 
We expect the domain of endometrial squamous cell 
carcinoma (ESCC) and precancerous lesions will see 
an increase in the use of artificial intelligence (AI) 
technologies such as deep learning as a result of 
continuing advances and depth of relevant research 
across several areas. Both endoscopists and patients 
will benefit from this extension, which will include 
aided diagnosis, treatment assistance, and 
telemedicine. It will contribute to the early diagnosis 
and treatment of ESCC.  
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