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ABSTRACT

Purpose: Results of initial endoscopic biopsy of gastric lesions often differ from those of the 
final pathological diagnosis. We evaluated whether an artificial intelligence-based gastric 
lesion detection and diagnostic system, ENdoscopy as AI-powered Device Computer Aided 
Diagnosis for Gastroscopy (ENAD CAD-G), could reduce this discrepancy.
Materials and Methods: We retrospectively collected 24,948 endoscopic images of early 
gastric cancers (EGCs), dysplasia, and benign lesions from 9,892 patients who underwent 
esophagogastroduodenoscopy between 2011 and 2021. The diagnostic performance of 
ENAD CAD-G was evaluated using the following real-world datasets: patients referred 
from community clinics with initial biopsy results of atypia (n=154), participants who 
underwent endoscopic resection for neoplasms (Internal video set, n=140), and participants 
who underwent endoscopy for screening or suspicion of gastric neoplasm referred from 
community clinics (External video set, n=296).
Results: ENAD CAD-G classified the referred gastric lesions of atypia into EGC (accuracy, 
82.47%; 95% confidence interval [CI], 76.46%–88.47%), dysplasia (88.31%; 83.24%–
93.39%), and benign lesions (83.12%; 77.20%–89.03%). In the Internal video set, ENAD 
CAD-G identified dysplasia and EGC with diagnostic accuracies of 88.57% (95% CI, 83.30%–
93.84%) and 91.43% (86.79%–96.07%), respectively, compared with an accuracy of 60.71% 
(52.62%–68.80%) for the initial biopsy results (P<0.001). In the External video set, ENAD 
CAD-G classified EGC, dysplasia, and benign lesions with diagnostic accuracies of 87.50% 
(83.73%–91.27%), 90.54% (87.21%–93.87%), and 88.85% (85.27%–92.44%), respectively.
Conclusions: ENAD CAD-G is superior to initial biopsy for the detection and diagnosis 
of gastric lesions that require endoscopic resection. ENAD CAD-G can assist community 
endoscopists in identifying gastric lesions that require endoscopic resection.
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INTRODUCTION

Gastric cancer is a leading cause of death worldwide [1,2]. Nevertheless, with the 
development of endoscopic treatments, the overall survival rate of early gastric cancer 
(EGC) has reached over 90% [3]. For this, early diagnosis is essential [4,5]; however, the 
detection of subtle mucosal changes of malignancy in the stomach depends largely on the 
skills of experienced endoscopists [6]. Although several enhanced endoscopic techniques, 
such as magnifying endoscopy with narrow-band imaging, have been developed over the 
last few decades to aid EGC diagnosis, not every endoscopy laboratory has these facilities. 
Furthermore, less experienced endoscopists encounter difficulties in distinguishing 
malignant gastric lesions from other gastric abnormalities [7-10].

Over the last decade, a vast array of computer-aided detection (CADe) and diagnosis (CADx) 
systems for gastric lesions have been developed owing to the surge in artificial intelligence 
(AI) [11-13]. Most studies have been conducted in Asia because of the high prevalence of 
gastric cancer and the numerous upper gastrointestinal endoscopies performed in the 
East. Wu et al. [14], Nam et al. [15], and Gong et al. [16] demonstrated that an AI-based 
convolutional neural network (CNN) can not only reduce blind spots but also detect and 
diagnose gastric abnormalities with a sensitivity and specificity of >90%. Furthermore, Wu 
et al. [17] mentioned that their AI system surpassed endoscopists in predicting the EGC 
differentiation status and invasion depth.

However, most researchers have evaluated the performance of reported AI systems using 
selected images that depict a clear diagnosis [11,14-16]. Therefore, the diagnostic difficulties 
and clinical importance of the test lesions have not been comprehensively considered. Recently, 
we developed an AI software termed ENdoscopy as AI-powered Device Computer Aided 
Diagnosis for Gastroscopy (ENAD CAD-G) to locate, detect, and diagnose gastric lesions. 
Considering the above, we aimed to evaluate the performance of our AI software, especially in 
difficult clinical situations, such as patients with pathologic atypia referred from community 
clinics and patients referred for endoscopic resection because of gastric neoplasms.

MATERIALS AND METHODS

Study design and participants
We conducted a multicenter diagnostic study across 2 tertiary referral university hospitals 
and one health promotion center in South Korea, viz., Seoul National University Hospital 
(SNUH), Seoul National University Bundang Hospital (SNUBH), and Healthcare System 
Gangnam Center (HSGC). Fig. 1 and Supplementary Fig. 1 illustrate the workflow of 
the study. We retrospectively collected upper gastrointestinal endoscopic images from 3 
hospitals to develop, validate, and assess the system. The images were manually annotated by 
endoscopists from each participating hospital. After randomly assigning the labeled images 
to 3 different datasets, we developed a compilation model called ENAD CAD-G, which 
consists of 3 CNN-based models, namely CNN1, CNN2, and CNN3, for classifying gastric 
lesions (Fig. 1). Additionally, we prospectively collected endoscopic videos from SNUBH, 
SNUH, and HSGC. Prospectively collected endoscopic videos from patients undergoing 
esophagogastroduodenoscopy (EGD) during health checkups at 3 hospitals were used to 
incorporate normal gastric images into our AI system. This study was approved by the ethics 
committee of each participating hospital (IRB No: B-2201-735-405 at SNUBH and H-2109-048-
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1253 at SNUH/HSGC). The requirement for informed consent was waived for all participants 
included in the retrospective analyses. Written informed consent was obtained from the 
prospective patients at each hospital before video collection.

Data preparation for AI model development
Data acquisition and preprocessing
We collected endoscopic images from 9,892 patients who underwent upper gastrointestinal 
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Patients undergoing WLI endoscopy screened for eligibility at 3 hospitals of SNUH
(n=9,892)

Images selected and labeled by endoscopists
(n=24,948)

Images selected and labeled
by endoscopists

(n=816)

Images extracted from
normal video test dataset

(SNUH, SNUBH, HSGC)
(n=20,720)

Images selected
(n=21,618)

Images selected
(n=11,184)

Primary training, validation and
test of CNN1 for localizing

stomach sites

Training,
validation and
test of CNN3

for diagnosing
gastric neoplasm

(n=8,946)

Training, validation and test of CNN1
for localizing stomach sites

Internal test 1A: Detection
(n=4,196)

Internal test 2: Atypia (n=154)
Patients who undergoing EGD at SNUBH

from January 2018 to June 2021
due to initial biopsy results of atypia

reported from community clinics
(n=154)

Internal video test (n=140)
Patients undergoing

ESD/EMR for dysplasia or EGC
at SNUBH were enrolled

from April 2022 to August 2022
(n=140)

External video test (n=296)
Patients undergoing EGD at

SNUH and HSGC were enrolled
from April 2022 to August 2023

(n=296)

ENAD CAD-G system for localizing gastric sites, detecting gastric lesions and classifying gastric lesions into
benign, dysplastic and gastric neoplasms

Internal test 1B: Diagnosis
(n=2,238)

Training,
validation and
test of CNN2
for detecting

gastric lesions
(n=17,422)

Fig. 1. Workflow chart for the development and evaluation of ENAD CAD-G. 
ENAD CAD-G = ENdoscopy as AI-powered Device Computer-Aided Diagnosis for Gastroscopy; WLI = white-light imaging; SNUH = Seoul National University 
Hospital; CNN = convolutional neural network; EGD = esophagogastroduodenoscopy; SNUBH = Seoul National University Bundang Hospital; ESD = endoscopic 
submucosal dissection; EMR = endoscopic mucosal resection; EGC = early gastric cancer; HSGC = Healthcare System Gangnam Center.



endoscopy at SNUH, SNUBH, and HSGC between January 2011 and June 2021. Standard video 
endoscopes (GIF-Q260, GIF-H260, or GIF-H290; Olympus Medical Systems, Tokyo, Japan) 
were used for all procedures. For the 3-class diagnosis, we included patients with dysplasia 
or EGC who underwent endoscopic resection or curative surgery. Our definition of dysplasia 
included low- and high-grade gastric adenomas. Furthermore, we included patients diagnosed 
with benign lesions such as erosions, ulcers, and polyps. Normal gastric images were used 
to calculate the specificity of the proposed detection model. Seventeen endoscopists (5 from 
SNUBH, 6 from SNUH, and 6 from HSGC) removed images of low-quality, non-white-light 
images, and those without definite pathology results (e.g., atypia, suspicion of malignancy). 
Subsequently, our endoscopists manually labeled all lesions with rectangular boxes and 
independently labeled each lesion as a neoplasm or non-neoplasm according to both pathologic 
results and endoscopic features. The 10 experts enrolled in the dataset preprocessing had at 
least 5 years of experience and had performed more than 15,000 examinations. In total, 24,948 
annotated images were included in this study. Of these, 20, 720, 21, 618, and 11, 184 images 
were assigned for training and validating CNN1, CNN2, and CNN3, respectively.

Dataset for gastric site localization (CNN1)
To train and test the CNN1 model for localizing gastric sites, 816 gastric images were 
selected, and their gastric sites were labeled by endoscopists. After primary training, 
validation, and assessment of CNN1 for localizing stomach sites, an additional 20,720 images 
were extracted from normal videos obtained at HSGC, SNUH, and SNUBH to finalize CNN1 
for localizing stomach sites (Fig. 1, Supplementary Table 1).

Dataset for gastric lesion detection (CNN2)
To train and test the CNN2 model for detecting gastric lesions, we divided the assigned 
21,618 images into 17,422 and 4,196 images (Supplementary Table 2). We used 17,422 images 
for training and validation. In addition to the manually selected images, we generated images 
of EGCs, dysplasia, erosions, and ulcers using generative adversarial networks (GAN). The 
remaining 4,196 images were used for Internal Test 1A (Supplementary Fig. 2).

Dataset for gastric lesion classification (CNN3)
We divided the assigned 11,184 images into 8,946 and 2,238 images, respectively, to train and 
test the CNN3 model for diagnosing gastric lesions. We used 8,946 images for training and 
validation. The remaining 2,238 images were used for Internal Test 1B (Supplementary Table 2).

Development of AI model: Architecture of ENAD CAD-G and GAN incorporation
We preprocessed the labeled images using the contour detection function provided by 
OpenCV, an image processing library, before applying the annotated images to CNN training. 
We used the contour detection function in OpenCV to crop out necessary portions of the 
images and conceal personal information and other sensitive content. The annotated images 
contained noise, such as forceps or excessive bleeding. Therefore, data filtering was required 
before training to reduce the number of images in the estimated distribution. We excluded 
the following types of images: 1) those with a red channel value above a certain threshold, 2) 
objects other than the gastric mucosa in the image, and 3) those with severe light exposure.

After image pre-processing, 3 CNN models were trained: location classification (CNN1), 
gastric lesion detection (CNN2), and gastric lesion diagnosis (CNN3). In addition, we 
incorporated GAN images into CNN2. YOLOv5 was used for CNN2, EfficientNetB0 [18] was 
used for CNN1 and CNN3, and stylegan2 [19] was used for the GAN.
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To train CNN1, EfficientNetB0 was implemented to classify the gastric location into the 
following 10 sites: gastroesophageal junction, antrum, duodenal bulb, duodenal second 
portion, angle retrograde view, mid-to-high-body retrograde view, fundus retrograde view, 
lower-body antegrade view, mid-to-high-body antegrade view, and esophagus.

To construct CNN2, we modified YOLOv5 to seamlessly detect gastric lesions in real time. 
The following data augmentation methods were applied to prevent overfitting and improve 
the performance: flip up-down, flip left-right, mix-up, copy-paste, and mosaic. There was a 
performance trade-off when using GAN-generated images; however, we used a model with 
high sensitivity, which was important for our study.

CNN3 classified lesions detected by CNN2 as EGC, dysplasia, or benign lesions; it extracts 
the features of endoscopic images using pretrained weights based on EfficientNetB0. The 
computing environment for training and assessing our deep learning models was as follows: 
Intel(R) Xeon(R) Silver 4210R CPU @ 2.40GHz (Intel Corporation, Santa Clara, CA, USA), 
NVIDIA RTX A5000 24GB X2 (NVIDIA, Santa Clara, CA, USA), and 128 GB RAM.

Datasets for AI model evaluation
Still image tests: Internal Test sets 1A and 1B
For Internal Test 1A, 4,196 gastric images with lesions from 1,183 patients (1,080 neoplasms 
and 803 non-neoplastic lesions) were selected from a retrospective collection of 21,618 gastric 
images assigned for the training, validation, and assessment of CNN2. For Internal Test 1B, 
2,238 gastric images with lesions from 1,145 patients (758 neoplasms and 387 non-neoplastic 
lesions) were selected from a retrospective collection of 11,184 gastric images assigned for 
training, validation, and assessment of CNN3 (Table 1, Supplementary Fig. 3).

Internal Test 2: Atypia set
For Internal Test 2, we reviewed 154 patients referred from community clinics for further 
evaluation because of biopsy results of atypia or atypical glands. After referral, the patients 
underwent second-look upper endoscopic examinations at SNUBH between January 2018 
and June 2021. The referred gastric lesions were re-biopsied. Pathologically confirmed 
abnormalities comprising 848 clear gastric images of 154 lesions were selected as follows: 
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Table 1. Baseline characteristics in test datasets
Characteristics Internal Test 1A (Detection) Internal Test 1B (Diagnosis) Internal Test 2: Atypia Internal video test External video test
No. of patients 1,833 1,145 154 140 296
No. of images 4,196 2,238 351 N/A N/A
Age (yr) 63.60±11.01 64.69±10.42 63.27±10.08 68.40±9.16 58.20±10.66
Sex

Female 715 (39.0) 501 (43.8) 42 (27.3) 35 (25.0) 116 (39.2)
Male 1,118 (61.0) 644 (56.2) 112 (72.7) 105 (75.0) 180 (60.8)

No. of neoplasm 1,080 758 90 139 156
Dysplasia 452 (41.9) 281 (37.1) 35 (38.9) 45 (32.4) 50 (16.9)
Early gastric cancer 628 (58.1) 477 (62.9) 55 (61.1) 94 (67.6) 106 (35.8)

No. of non-neoplastic 
abnormalities

803 387 64 1 140

Ulcer 192 (24.0) 145 (37.5) 0 (0.0) 0 (0.0) 11 (3.7)
Polyps 104 (13.0) 23 (0.06) 2 (3.0) 0 (0.0) 11 (3.7)
Erosions 505 (63.0) 218 (56.3) 56 (87.5) 1 (100.0) 96 (32.4)

Others* 2 (0.0) 1 (0.0) 6 (9.5) 0 (0.0) 22 (7.4)
Values are mean ± standard deviation or number (%), unless specified otherwise.
N/A = not applicable.
*Others: scars, submucosal lesions, chronic gastritis.



90 neoplasms and 64 non-neoplastic images (Supplementary Fig. 3). ENAD CAD-G was 
assessed using the collected still images. A receiver operating characteristic (ROC) curve was 
constructed by plotting the sensitivity against the false-positive rate for each threshold.

Video test: Internal and external video sets
To evaluate the applicability of our AI system in real-time, we assessed prospectively collected 
videos at SNUBH from April 2022 to August 2022 of patients with gastric dysplasia or EGC 
undergoing endoscopic resection (ER) who provided informed consent (Internal video set, 
Supplementary Fig. 3). Patients who had previously undergone gastrectomy or esophagectomy 
and those with contraindications to biopsy (e.g., bleeding tendency and anticoagulant use) 
were excluded. Informed consent was obtained after providing sufficient explanation before 
and after the endoscopy. All patients underwent ER for previously diagnosed dysplasia or EGC 
based on the initial biopsies performed at community clinics or SNUBH. After ER, the resected 
specimens were sent for final pathological diagnosis. ENAD CAD-G was assessed using the 
collected videos containing the entire endoscopic procedure. The ROC curve was drawn by 
plotting the sensitivity against the false-positive rate for each threshold.

To evaluate the performance of ENAD CAD-G in an external setting, we assessed videos 
prospectively collected at HSGC and SNUH from April 2022 to August 2023 from patients 
who provided informed consent (External video set, Supplementary Fig. 3). All patients 
who underwent EGD for screening purposes or suspected malignancy were referred from 
community clinics.

AI methods used for video test
Object tracking is a key deep learning method for analyzing moving objects in real-time. We 
applied a state-of-the-art multi-object tracking method called observation-centric simple 
online and real-time tracking (OC-SORT) in a video test [20]. OC-SORT comprises of 2 
stages. In our experiment, lesion detection was performed using a fast region-based CNN 
method. Subsequently, a Kalman filter was used to estimate the position of the lesion in the 
next frame. This tracking method measures the intersection of union (IOU) distance between 
actual and predicted bounding boxes. By assigning the predicted and current positions using 
the Hungarian algorithm, the method recognized the lesion as an identical object when the 
IOU threshold exceeded 0.3. We set the lesions to be recognized only upon tracking more 
than 6 frames. OC-SORT reduces the number of false-positive cases by continuously tracking 
and observing the primary lesion in videos. Finally, soft voting was performed to classify the 
tracked lesions as EGC, dysplastic, or benign (Supplementary Fig. 4).

Statistical analysis
The metrics of accuracy, sensitivity, specificity, positive predictive value (PPV), negative 
predictive value (NPV), and area under the curve (AUC) with 95% confidence intervals (CIs) 
were used to evaluate the performance of ENAD CAD-G and the initial biopsy results. We 
compared the performances of the initial biopsy results and AI using the Student’s t-test. A 
P-value <0.05 was considered statistically significant. All statistical analyses were performed 
using Python 3.10.11, with Scikit-learn (Python Software Foundation, Beaverton, OR, USA).
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RESULTS

Baseline characteristics of test datasets
Table 1 shows the baseline characteristics of the patients and lesions in the test datasets. We 
assigned images of 1,833 and 1,145 patients to evaluate the detection (Internal Test 1A) and 
diagnosis (Internal Test 1B) models, respectively. The atypia set comprised 154 patients. In 
the Internal video set, 140 patients with final pathologic diagnoses of 139 neoplastic lesions 
and 1 non-neoplastic lesion were included based on the eligibility criteria. The External video 
set comprised 259 patients with 140 non-neoplastic and 156 neoplastic lesions, selected 
based on the eligibility criteria.

Performance of ENAD CAD-G on the classification of gastric locations, 
Internal Test 1A and 1B
With CNN1, ENAD CAD-G demonstrated an accuracy of 96.66 (95% CI, 96.21%–97.11%) 
for classifying the gastric location into 10 parts (Supplementary Table 1). To detect gastric 
lesions, CNN2 achieved a sensitivity, specificity, and PPV of 88.39% (86.92%–89.26%), 
86.94% (83.74%–89.17%), and 87.59% (85.14%–89.33%), respectively, in Internal Test 
1A at a confidence level of 0.3 (Supplementary Table 3). Supplementary Figs. 5 and 6 
depict the learning and ROC curves for CNN2. Upon incorporating 10% additional GAN 
images to CNN2, it achieved a sensitivity, specificity, and PPV of 88.55% (87.59%–89.44%), 
86.73% (83.98%–89.12%), and 87.43% (85.34%–89.36%), respectively, in Internal Test 1A 
(Supplementary Table 3).

For classifying gastric lesions into 3 classes (EGC, dysplasia, and benign) in Internal Test 1B, 
CNN3 achieved an accuracy, sensitivity, and specificity of 92.81% (91.74%–93.88%), 91.92% 
(90.79%–93.05%), and 96.21% (95.42%–97.00%), respectively (Supplementary Table 4). 
Supplementary Fig. 7 depicts AUC values of 0.9831, 0.9803, and 0.9882 for the diagnosis of 
EGC, dysplasia, and benign lesions, respectively.

Performance of ENAD CAD-G in the atypia set
Table 2 summarizes the performance of ENAD CAD-G in classifying gastric atypia lesions 
into EGC, dysplasia, and benign lesions. ENAD CAD-G classified the atypia lesions into 
EGCs with an accuracy, sensitivity, and specificity of 82.47% (76.46%–88.47%), 92.73% 
(85.86%–99.59%), and 68.92 (58.37%–79.46%), respectively; it classified the atypia lesions 
into dysplasia with an accuracy, sensitivity, and specificity of 88.31% (83.24%–93.39%), 
60.00% (34.77%–76.23%), and 96.64% (93.40%–99.88%), respectively; finally, benign 
lesions could be identified with an accuracy, sensitivity, and specificity of 83.12% (77.20%–
89.03%), 71.88% (60.86%–82.89%), and 91.11% (85.23%–94.66%), respectively. The AUC 
for diagnosing EGC, dysplasia, and benign lesions in patients with atypia were 0.7898, 
0.7657, and 0.7722, respectively (Fig. 2A). In the age- and sex-stratified analyses, comparable 
performances were achieved among females and those aged under 55 years.

Performance of ENAD CAD-G in prospective videos: Internal and external 
video sets
Table 3 compares the performances of the initial biopsy results and the predictions of ENAD 
CAD-G for the Internal video set. For diagnosing EGCs, the initial biopsy results attained 
accuracy, sensitivity, and specificity of 60.71% (52.62%–68.80%), 41.49% (31.53%–51.45%), 
and 100.00% (100.00%–100.00%), respectively. In contrast, ENAD CAD-G attained an 
accuracy, sensitivity, and specificity of 88.57% (83.30%–93.84%), 91.49% (85.85%–97.13%), 
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and 82.61% (71.66%–93.56%), respectively. ENAD CAD-G reached high AUC values of 0.8698 
and 0.8982 for diagnosing dysplasia and benign lesions, respectively (Fig. 2B). The overall 
performances were comparable in the subgroup analyses stratified by age (≥55 vs. <55 years) 
and sex. Initial biopsy results indicated 101 cases of dysplasia and 39 cases of EGCs. Of the 55 
cases in which the final diagnosis changed from dysplasia to EGC after endoscopic resection, 
ENAD CAD-G accurately predicted EGC in 48 cases (Supplementary Table 5).

In the External video set, ENAD-CAD-G could differentiate EGC, dysplasia, and benign 
lesions with diagnostic accuracies of 87.50% (83.73%–91.27%), 90.54% (87.21%–93.87%), 
and 88.85% (85.27%–92.44%), respectively (Supplementary Table 6). The AUC values of the 
External video set are shown in Fig. 2C. Videos are provided as supplementary material to 
depict representative cases diagnosed using ENAD CAD-G as neoplasms or non-neoplasms 
(Supplementary Videos 1-3).
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Table 2. Diagnostic performance of ENAD CAD-G in Internal Test 2: Atypia
Final 
Pathology

Index ENAD CAD-G
All atypia patients (n=154) Male (n=112) Female (n=42) Age ≥55 yr (n=122) Age <55 yr (n=32)

EGC (n=55) Accuracy (%) 82.47 (76.46–88.47) 83.04 (76.08–89.99) 80.95 (69.08–92.83) 82.79 (76.09–89.49) 81.25 (67.73–94.77)
Sensitivity (%) 92.73 (85.86–99.59) 91.11 (82.80–99.43) 100.00 (100.00–100.00) 91.11 (82.80–99.43) 100.00 (100.00–100.00)
Specificity (%) 68.92 (58.37–79.46) 77.61 (67.63–87.59) 75.00 (60.00–90.00) 77.92 (68.66–87.19) 72.73 (54.12–91.34)

PPV (%) 68.92 (58.37–79.46) 73.21 (64.21–82.21) 55.56 (38.85–72.26) 70.69 (61.81–79.57) 62.50 (43.89–81.11)
NPV (%) 95.00 (90.22–99.78) 92.86 (86.11–99.90) 100.00 (100.00–100.00) 93.75 (87.82–99.68) 100.00 (100.00–100.00)

AUC 0.7898 (0.7254–0.8542) 0.7634 (0.6847–0.8421) 0.6634 (0.5205–0.8063) 0.7882 (0.7157–86.07) 0.5822 (0.4113–0.7531)
Dysplasia 
(n=35)

Accuracy (%) 88.31 (83.24–93.39) 91.96 (86.93–97.00) 78.57 (66.16–90.98) 86.07 (79.92–92.21) 96.88 (90.85–100.00)
Sensitivity (%) 60.00 (34.77–76.23) 65.22 (45.75–84.68) 50.00 (21.71–78.29) 60.61 (43.93–77.28) 50.00 (0.00–100.00)
Specificity (%) 96.64 (93.40–99.88) 98.88 (96.69–100.00) 90.00 (79.26–100.00) 95.51 (91.20–99.81) 100.00 (100.00–100.00)

PPV (%) 84.00 (69.63–98.37) 93.75 (89.08–98.42) 66.67 (50.58–94.98) 83.33 (76.20–90.46) 100.00 (100.00–100.00)
NPV (%) 89.15 (83.78–94.51) 91.67 (86.14–97.20) 81.82 (68.66–94.98) 86.73 (80.02–93.45) 96.77 (90.55–100.00)

AUC 0.7657 (0.6988–0.8326) 0.7621 (0.6832–0.8410) 0.7043 (0.5663–0.8423) 0.7772 (0.7034–0.8510) 0.3816 (0.2133–0.5499)
Benign 
(n=64)

Accuracy (%) 83.12 (77.20–89.03) 89.29 (83.56–95.01) 66.67 (52.41–80.92) 84.43 (77.99–90.86) 78.13 (63.80–92.45)
Sensitivity (%) 71.88 (60.86–82.89) 81.82 (70.42–93.21) 50.00 (28.09–71.97) 72.73 (57.57–85.89) 70.00 (49.92–90.08)
Specificity (%) 91.11 (85.23–94.66) 94.12 (88.53–99.71) 81.82 (65.70–97.94) 91.03 (84.68–97.37) 91.67 (76.03–100.00)

PPV (%) 85.19 (75.71–94.66) 90.00 (84.12–95.88) 71.43 (54.70–88.16) 82.05 (74.64–89.46) 93.33 (83.56–100.00)
NPV (%) 82.00 (74.47–89.53) 88.89 (81.63–96.15) 64.29 (46.54–82.03) 85.54 (77.98–93.11) 64.71 (41.99–87.42)

AUC 0.7722 (0.7060–0.8384) 0.7876 (0.7119–0.8633) 0.5471 (0.3966–69.76) 0.7130 (0.6327–0.7933) 0.7206 (56.51–87.61)
Values in parentheses represent 95% confidence intervals.
EGC = early gastric cancer; PPV = positive predictive value; NPV = negative predictive value; AUC = area under the curve.
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DISCUSSION

This novel multicenter diagnostic study applied deep learning-based CADe and CADx models 
to evaluate real clinical difficulties that require decisions on implementing gastric endoscopic 
resections. Even expert endoscopists encounter difficulties in detecting and diagnosing 
EGC. Moreover, it is even more difficult to differentiate EGC from dysplasia in the early 
stages. Therefore, the use of AI for the detection and diagnosis of EGC may be a key solution. 
Previous studies had limitations in the selection of training and testing datasets. Luo et al. 
[11] trained AI software using a single-center dataset, whereas Wu et al. [21] used training 
data from a single center and their test set comprised only 100 neoplasms.

The utility of AI depends not only on the accuracy of the system but also on its real-world 
clinical application. The rapid implementation of AI in gastroenterology was first achieved in 
colonoscopy; therefore, the evaluation of AI in the lower gastrointestinal tract using real-
world datasets is ongoing. Contrary to high expectations, Wei et al. [22] demonstrated that 
endoscopists at community clinics did not benefit significantly from a CADe colonoscopy 
system. The need to select an appropriate test set population for the upper gastrointestinal 
tract to assist in real-world clinical difficulties arises from this unexpected result of human-
AI interaction. Thus, we re-examined patients referred to a tertiary university hospital 
with initial biopsy results of gastric lesions inconclusively reported as atypia before final 
pathological diagnoses because >30% of gastric biopsy lesions are upgraded after endoscopic 
resection [23]. While all previous AI studies compared their deep learning performances 
with those of endoscopists, we compared the AI performance with actual biopsy results 
and achieved superior results across all metrics. This comparison is clinically significant 
because a biopsy is considered the gold standard for diagnosing gastric malignancies. 
For Internal Test 2, ENAD CAD-G classified the initial biopsy sites diagnosed as atypia 
into EGC, dysplasia, and benign, with overall accuracy, sensitivity, and specificity of 80%. 
The application of AI to atypical lesions has important clinical value because it facilitates 
accurate diagnosis at the community clinic level without further referral to tertiary hospitals. 
In addition to the atypia set, videos of patients who underwent endoscopic mucosal or 
submucosal dissection for gastric dysplasia or EGC were prospectively collected. The high 
AUC values of 0.8698 and 0.8982 obtained by ENAD CAD-G demonstrate the potential of our 
established system to help endoscopists differentiate patients who require a cancer staging 
workup, such as computed tomography scans, before endoscopic resection.

The substantial revalidation performance achieved by ENAD CAD-G can be attributed to 
several factors. First, the key strength was the diversity of the training dataset. The atypia 
set and Internal video test included patients from SNUBH, a tertiary university referral 
hospital. However, the Internal video set includes not only patients suspected of having 
EGC or dysplasia but also those who underwent endoscopy for dyspepsia or gastric cancer 
screening. Furthermore, we conducted an additional external validation using prospective 
video data from SNUH and HSGC. Since patients at the HSGC primarily come for check-ups, 
the goal was to ensure that our AI program was able to detect gastric neoplasms with low 
false positives. Unlike HSGC, SNUH is a tertiary referral university hospital, and its video 
dataset mostly consists of EGC or dysplasia cases. Therefore, we believe that the performance 
of our AI model can be replicated in various clinical settings. We avoided a selection bias 
and constructed a highly accurate AI model by extensively collecting EGD data from diverse 
patient populations.
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Second, our technological adaptation was unique because we introduced GAN images into 
the gastric detection dataset. Researchers have demonstrated the potential benefits of using 
GAN in several areas of medical imaging to overcome the shortage of high-quality training 
data [24]. In upper endoscopy, Kanayama et al. [25] improved the performance of their 
gastric cancer detection system using GAN images. However, studies on the application 
of GAN images for the detection and diagnosis of gastric malignancies are limited. The 
proposed CNN2 achieved a higher sensitivity with additional GAN images in the detection 
training dataset. However, increasing the dataset by 5% and 10% with GAN-generated 
images did not result in consistent improvements in detection performance. Furthermore, 
CNN3 demonstrated a minimal effect of additional GAN images in achieving higher metrics, 
and the model’s diagnostic performance dramatically dropped to 66.22% with 100% 
replacement of real endoscopic images with GAN images. Therefore, an additional analysis 
is required to determine whether these GAN images improve the generalization capabilities 
of the model without overfitting. Further research is required to determine the optimal use of 
generative AI data without model collapse [26].

Third, we applied OC-SORT and soft voting methods to enable the real-time detection and 
diagnosis of gastric lesions. Few studies have evaluated their performances in video tests 
[15]. Furthermore, studies that validated their systems using videos either required further 
technical sophistication [27] or did not comprehensively explain the technical details of video 
testing [21]. Our AI system takes approximately 0.1 to 0.15 seconds to process a video input, 
perform AI predictions, and display the results. As the AI system detects, confirms, and 
displays gastric lesions faster than endoscopists, real-time applications are feasible.

Despite the rigorous data collection and validation of our AI model, our study had some 
limitations. First, our training data consisted of highly selected retrospective images as 
follows: white light and high-definition refined images without noise, such as bubbles and 
bleeding. However, to overcome this limitation and reduce the number of false positives, 
we retrained our AI system by including images of foreign bodies, forceps, bubbles, fluids, 
and debris. Second, our AI model did not incorporate electronically enhanced images such 
as narrow band images. This approach was used to ensure universal applicability of the 
model across diverse endoscopic machines. Third, as either endoscopic images (atypia set) 
or videos (internal and external validation sets) were used to validate ENAD CAD-G, inter-
observer variability was inevitable, which might have impacted the diagnostic accuracy. To 
address this issue, more randomized-controlled tandem trials are necessary [28]. Fourth, 
although there were no cases of the proposed CADx missing the detection of EGC or 
dysplasia lesions in both the internal and External video sets, there were instances where 
the detection of cancer/dysplasia lesions was made, but they were misclassified as benign 
(presented in Supplementary Fig. 8). Currently, AI endoscopy systems cannot fully replace 
expert-level endoscopy [29]. Therefore, even if AI endoscopy suggests a high probability 
of benign lesions, a biopsy of AI-detected lesions should be performed when necessary. 
Fifth, we did not analyze the effects of Helicobacter pylori infection on the performance of 
our AI system. Sixth, our analysis included only South Koreans from selected healthcare 
institutions. Therefore, external validation across diverse healthcare systems among different 
ethnic groups is warranted in the near future. Seventh, although we achieved consistent and 
reliable performance across the training dataset with our current labeling methodologies, the 
integration of techniques, such as multilayer labeling and cross-validation annotations, can 
further improve the data quality and model robustness. Eighth, our AI system can perform 
real-time detection and diagnosis of gastric lesions; however, we did not perform a real-time 
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clinical study using ENAD CAD-G to aid endoscopists in daily clinical practice, where the 
overwhelming number of cases requiring screening endoscopy will be normal. Therefore, 
real-time clinical trials are necessary to confirm the usefulness of ENAD CAD-G. Finally, 
long-term follow-up of patients with non-neoplastic lesions in the test sets is required to 
assess the possibility of false negatives.

In conclusion, we developed a real-time AI system termed ENAD CAD-G that can locate, 
detect, and diagnose gastric lesions as EGC, dysplastic, or benign lesions. The proposed AI 
shows promise in identifying gastric lesions that require endoscopic resection or further 
work-up by evaluating difficult community-based clinical cases. Prospective studies are 
necessary to confirm the effectiveness of using ENAD CAD-G in routine clinical practice.

SUPPLEMENTARY MATERIALS

Supplementary Table 1
Distribution of images used to train and test ENAD CAD-G and performance of ENAD 
CAD-G for location classification (CNN1)

Supplementary Table 2
Distribution of images used to train and test ENAD CAD-G for gastric lesion detection 
(CNN2) and gastric lesion classification (CNN3)

Supplementary Table 3
Performance of ENAD CAD-G on detecting gastric lesions (CNN2)

Supplementary Table 4
Performance of ENAD CAD-G for gastric lesion classification (CNN3)

Supplementary Table 5
Lesion characteristics and performance of ENAD CAD-G in cases that changed final 
diagnoses after endoscopic resection in the Internal video dataset

Supplementary Table 6
Diagnostic performance of ENAD CAD-G in the External video test

Supplementary Fig. 1
Schematic diagram of the ENAD CAD-G system.

Supplementary Fig. 2
Representative images of GAN used for CNN2. (A) EGC, (B) Dysplasia, (C) Erosion, and (D) Ulcer.

Supplementary Fig. 3
Flow diagram for the test sets: the Internal Test 1A, the Internal Test 1B, the Internal Test 2: 
Atypia, the Internal video test, and the External video test.

Supplementary Fig. 4
Video test methodology.
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Supplementary Fig. 5
Learning curves of gastric lesion detection and diagnosing models. (A) Precision-recall 
curves of detection model, (B) Accuracy curve of diagnosis model, and (C) Train loss curves 
of diagnosis model.

Supplementary Fig. 6
Receiver operator characteristic curve demonstrating the performance of ENAD CAD-G in 
detecting gastric lesions in Internal Test 1A.

Supplementary Fig. 7
Receiver operating characteristic curves demonstrating the performance of ENAD CAD-G in 
diagnosing gastric lesions in Internal Test 1B.

Supplementary Fig. 8
Endoscopic images of all the cases from the Internal (n=10) and External (n=4) validation 
video sets that were finally diagnosed as early gastric cancer or dysplasia but were 
misclassified as benign by the ENAD CAD-G system.

Supplementary Video 1
Use of ENAD CAD-G for detecting and diagnosing EGC lesions. ENAD CAD-G correctly 
identified the EGC lesions.

Supplementary Video 2
Use of ENAD CAD-G for detecting and diagnosing gastric adenoma lesions. ENAD CAD-G 
correctly identified gastric dysplasia.

Supplementary Video 3
Use of ENAD CAD-G for detecting and diagnosing benign gastric lesions. ENAD CAD-G 
correctly identified the benign gastric ulcers.
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