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Background/Aims: Detecting Helicobacter pylori infection through endoscopic imaging is a preferred method to address
the limitations of invasive diagnostics. We have developed a deep learning (DL) model to classify these images based on their
H. pylori infection status and to evaluate its potential as a diagnostic aid.

Methods: We retrospectively enrolled H. pylori-positive patients (by rapid urease test and serum IgG) at Asan Medical Cen-
ter between January 2015 and December 2020, establishing development and test datasets to evaluate model utility. We
developed a DL model and assessed its performance at both the image and patient levels using metrics such as accuracy,
sensitivity, specificity, and F1-score. Fourteen readers of varying experience levels interpreted the endoscopic images in two
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sessions, before and after the integration of the DL model results. The diagnostic accuracy of the readers was analyzed using
the McNemar test and generalized estimating equations.

Results: In the utility test set, the image-level accuracy, sensitivity, specificity, and F1-score of our DL model were 84.2%,
74.4%, 93.9%, and 82.5%, respectively. At the patient level, the corresponding values were 97.0%, 100%, 94.0%, and
97.1%. Endoscopists utilizing the DL model demonstrated significantly improved accuracy in classifying H. pylori infections,
with classification rates of 83.2% versus 72.4% (p < 0.001).

Conclusions: Our DL model shows exceptional predictive capabilities for identifying H. pylori infections in gastroscopy im-
ages, suggesting the potential of DL-based tools to enhance clinical decision-making in endoscopy. Future research should

focus on multicenter prospective studies to validate these findings.
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INTRODUCTION

Helicobacter pylori, first identified in the 1980s, now ex-
hibits a global prevalence exceeding 50% [1,2]. Given its
association with several gastric diseases, including atrophic
gastritis, intestinal metaplasia, peptic ulcer, and gastric can-
cer, accurate diagnosis and eradication of H. pylori infection
are critical [3].

Various diagnostic approaches are available for detecting
H. pylori. These methods are categorized into invasive and
non-invasive tests. Non-invasive tests predominantly include
the urea breath test and serological testing. The urea breath
test, with sensitivity and specificity around 95%, may yield
false negatives in patients using proton pump inhibitors
(PPIs) or those experiencing gastric bleeding, potentially
compromising test accuracy [4,5]. Serological tests, while
useful, struggle to differentiate between active and previ-
ous infections, as they can remain positive for years follow-
ing successful treatment [6,7]. In cases where endoscopy is
planned, several invasive tests such as biopsy, rapid urease
test (RUT), H. pylori polymerase chain reaction (PCR), and
culture are available. However, the uneven distribution of H.
pylori across the gastric mucosa can lead to false negatives
if the bacteria are absent in the tested area [8,9]. Addition-
ally, these invasive tests may heighten the risk of bleeding,
particularly in patients on antithrombotic therapy or those
with conditions like liver cirrhosis that predispose to bleed-
ing [10]. Nevertheless, diagnosing H. pylori based solely on
endoscopic findings could potentially reduce healthcare
costs by eliminating unnecessary tests and mitigating the
risks associated with invasive diagnostic methods.

For decades, artificial intelligence (Al), especially when
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employing deep learning (DL) technologies based on con-
volutional neural networks (CNNs), has shown significant
promise in medical diagnosis and disease detection. These
DL methods are particularly effective in analyzing medical
data and identifying patterns indicative of bacterial pres-
ence. Meta-analyses have demonstrated that CNN-based
computer-aided diagnosis systems for H. pylori infection
achieve high diagnostic accuracy, confirming the reliability
of Al algorithms in endoscopic diagnosis [11,12]. Recent
research on H. pylori infection has primarily focused on de-
veloping accurate and efficient models, culminating in the
creation of methods that enhance performance through the
integration of advanced DL classification models [13]. More-
over, a study introduced a modified DL model incorporat-
ing cutting-edge CNN modules to detect atrophic gastritis
caused by H. pylori infection [14]. However, these studies
often involved limited model search and validation, and did
not explore the practical benefits for endoscopists in diag-
nosing H. pylori.

In this study, our objectives were to develop a DL model
that accurately categorizes endoscopic images based on H.
pylori infection status and to assess its utility for endosco-
pists. We specifically evaluated the accuracy of gastroscopic
diagnosis of H. pylori infection by comparing the perfor-
mance of endoscopists assisted by our DL model with that of
unassisted endoscopists, thereby exploring the potential clin-
ical applications of our computer-aided diagnostic system.

METHODS

The institutional review board of Asan Medical Center ap-
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proved this study protocol (IRB No. 2020-1574). The re-
quirement for informed consent was waived by the board.

Data set and ground truth

We conducted a retrospective collection of data from pa-
tients who underwent screening endoscopy at the Health
Screening and Promotion Center of Asan Medical Center
between January 2015 and December 2020. All patients
underwent the RUT and a serum H. pylori-specific IgG an-
tibody test. The RUT, provided by Chongkeundang Pharma
in Seoul, Korea, involved assessing two gastric specimens
from the antrum and body. Each specimen was placed into
separate RUT kits, labeled A and B. A negative RUT outcome
was indicated by no color change within 24 hours. We iden-
tified individuals as H. pylori-positive if their RUT result was
positive and their IgG serology levels were 8 or above. Con-
versely, patients were classified as non-infected if their RUT
result was negative and their IgG serology level was 0. We
excluded all patients with intermediate IgG values. The en-
doscopic images of selected patients were retrieved from
the Picture Archiving and Communication System (PACS).
These images had been acquired following a standardized
imaging protocol, which ensured capture from the same
anatomical locations (antrum, angle, body, and fundus of
the stomach). Through this protocol, an average of 13 im-
ages (ranging from 8 to 18) were collected per patient using
a GIF-290HQ gastroscope (Olympus, Tokyo, Japan). They
were used to document the presence or absence of H. pylori
infection based on the white light imaging findings.

Data partitions

Our study included a total of 300 patients, comprised of
150 H. pylori-negative and 150 H. pylori-positive individu-
als, contributing 1,561 H. pylori-negative images and 1,178
H. pylori-positive images. We organized the collected data
into two temporally distinct datasets based on individual pa-
tients: ClearScope-200 and FullScope-100. ClearScope-200
included 200 patients—100 H. pylori-negative and 100 H.
pylori-positive. We excluded images that hindered diagnosis
to facilitate the development of a DL model, subsequently
dividing this dataset into training, validation, and test sets.
Conversely, FullScope-100 consisted of 100 patients, with
equal numbers of H. pylori-negative and -positive cases,
encompassing all collected images. This unfiltered dataset
provides a realistic view of clinical data, enabling us to eval-
uate the model's practical performance. We employed the
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FullScope-100 dataset for a reader study to examine the
effects of DL support on physician decision-making. The
distribution of images across the data splits is detailed in
Supplementary Table 1.

DL model for endoscopic image classification
The endoscopic images sourced from the PACS were la-
beled with text, which could significantly hinder model
training. To address this, preprocessing was conducted to
isolate the actual endoscopic image area of 466 x 410 pix-
els (see Supplementary Fig. 1). To prevent overfitting due
to limited data, various data augmentation techniques were
implemented, including random flipping, rotation, color jit-
tering, sharpening, Gaussian blurring, and elastic transfor-
mation. Moreover, to counter the skewed distribution of
H. pylori-negative and H. pylori-positive images, a weight-
based random sampling method was employed during
dataset compilation. This method assigns higher sampling
probabilities to the underrepresented class and lower to the
overrepresented, thus balancing the dataset.

For the classification of endoscopic images as H. pylo-
ri-positive or not, the DenseNet-121 [15] CNN was used,
renowned for its effectiveness in image classification tasks.
This network comprises 121 layers and features a unique
architecture in which each layer connects directly to every
other layer in a feed-forward manner. This design allows
the network to be both deeper and more efficient, without
an increase in computational complexity, and facilitates the
processing of input images at their original size. The final
fully connected (FC) layer of the network was modified to
produce a binary classification output. All layers, except the
final FC layer, were initialized with pretrained weights from
the ImageNet [16] dataset, and the model was trained on
32-sized image batches over 150 epochs. The learning rate
was adjusted dynamically: starting at 0.01 for the initial 50
epochs, decreasing to 0.001 for the subsequent 50 epochs,
and further reducing to 0.0001 for the final 50 epochs.
Cross-entropy loss was employed as the loss function, and
Stochastic Gradient Descent with a momentum of 0.9 was
used as the optimizer. The output logits from the model
were processed using the sigmoid function to determine
the probability of an image being H. pylori negative or pos-
itive. Concurrently, a Gradient-Weighted Class Activation
Map (Grad-CAM) [17] was generated to visually highlight
the regions deemed significant by the model in making pre-
dictions, based on the gradient information from the last
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convolutional layer. The algorithm was implemented using
Python (version 3.8.15) and the PyTorch framework (version
1.13.1). All experiments were conducted on a workstation
equipped with dual Intel Xeon CPU E5-2630 v4, each with
10 cores and a clock speed of 2.2 GHz, 128GB of DDR RAM,
and an NVIDIA TITAN RTX GPU with 24GB of GDDR6 mem-

ory.

Reader accuracy evaluation

The observer panel comprised 14 physicians, including two
experienced endoscopists and 12 gastrointestinal fellows,
each with varying levels of gastroscopy interpretation ex-
perience. The two endoscopists had over three years of
clinical experience in identifying H. pylori, while the fellows
each had less than one year of experience. A reader test
was conducted using the FullScope-100 dataset in two
phases: DL-unassisted and DL-assisted interpretations (Sup-
plementary Fig. 2). This test, a paired design with sequen-
tial sessions, was chosen for its suitability for evaluating our
DL model for medical diagnosis [18]. In the initial session,
readers interpreted endoscopic images without DL assis-
tance. Four weeks later, in the subsequent session, the same
readers re-evaluated the images with DL assistance, which
included Grad-CAM visualizations for each image and pa-
tient-level model predictions. All readers were blinded to
both the diagnosis and clinical background information.

KJIM™

Statistical analysis
The performance of our DL model was evaluated using
metrics such as accuracy, sensitivity, specificity, positive pre-
dictive value (PPV), negative predictive value (NPV), and F1-
score across two test datasets. The overall classification effi-
cacy was further determined by plotting receiver operating
characteristic (ROC) curves and calculating the area under
the curve (AUC) score. Image-level results were aggregated
per patient, with a patient classified as H. pylori-positive if
more than 25% of their images tested positive; specifically,
this was operationally defined as a confirmed infection in at
least 2 to 4 of the 8-18 standard anatomical images cap-
tured per patient. This threshold was set acknowledging the
diffuse nature of H. pylori colonization in the stomach [19].
The impact of DL assistance on endoscopists’ diagnostic
capabilities was assessed using the McNemar test, analyz-
ing changes in diagnostic accuracy before and after the in-
troduction of DL assistance. To account for the clustered
Multi-Reader Multi-Case design, data were stratified by the
experience level of the readers, and statistical differences
were evaluated using a logistic regression model with gen-
eralized estimating equations (GEE) across different reader
groups and the entire dataset. Analyses were performed
using statistical software (R version 4.3.1, R Project for Sta-
tistical Computing), with p values less than 0.05 deemed
statistically significant.

Adult individuals with H. pylorilgG antibody
levels of 0 or > 8 U/mL between January 2015
and December 2020 (n = 4,262)

\

4

Exclusion
® H. pylorieradication history
® Medication (PPI, H-2 blocker) within 4 weeks
® Endoscopic findings (Post-gastrectomy status,
food stasis, peptic ulcer, subepithelial tumor,
post-procedure status, malignancy, stricture)

Randomly selected eligible patients (n = 300)

Image selection

L
e |nfection status is clearly shown l
Model development set (n = 200)
® 909 images from 100 negative patients
® 525 images from 100 positive patients

ClearScope-200

:

Temporally separated test set (n = 100)
® 652 images from 50 negative patients
® 653 images from 50 positive patients

FullScope-100

Figure 1. Flowchart of the study. H. pylori, Helicobacter pylori, PPI, proton pump inhibitor.
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Table 1. Performance of our deep learning-based Helicobacter pylori classification model

ClearScope-200 test set FullScope-100
Matric (20 patients; 131 images) (100 patients; 1,305 images)
Image-Level Patient-Level Image-Level Patient-Level

Accuracy 89.5 (84.0, 93.9) 94.3(80.0, 100.0) 84.2 (82.3, 86.0) 97.0 (94.0, 100.0)
Sensitivity 85.5(73.1,94.3) 100.0 (100.0, 100.0) 74.4(71.1,77.6) 100.0 (100.0, 100.0)
Specificity 91.7 (85.5, 96.6) 88.7 (66.4, 100.0) 93.9(91.9, 95.5) 94.0 (87.5, 100.0)
PPV 85.2 (75.0, 94.5) 89.5 (64.7, 100.0) 92.5(90.2,94.5) 94.4 (88.5, 100.0)
NPV 91.8(85.7, 96.9) 100.0 (100.0, 100.0) 78.6(76.1,81.7) 100.0 (100.0, 100.0)
F1-score 85.2(75.9, 92.0) 94.1 (78.6, 100.0) 82.5(80.2, 84.6) 97.1 (93.9, 100.0)

The table displays results on two test sets: the test split of the ClearScope-200 dataset (20 patients; 131 images) and the
FullScope-100 test set (100 patients; 1,305 images). The “Image-Level” columns display results for each image, while the “Patient-
Level” columns aggregate these results for each patient, with a patient being classified as H. pylori-positive if more than 25% of
images are classified as positive. Data are presented in percentages with 95% confidence intervals.

PPV, positive predictive value; NPV, negative predictive value; F1-score, the harmonic mean of the precision and recall.

ClearScope-200

Image-level Patient-level
0.9

0.8

0.7

Negative
Negative
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-0.1
Negative Positive Negative Positive

Predicted label (Accuracy: 89%) E Predicted label (Accuracy: 95%)

FullScope-100
Image-level Patient-level
0.9
0.8
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0.7
0.6

-0.5
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-0.4
-03
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=02
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Negative Positive Negative Positive

Predicted label (Accuracy: 84%) E Predicted label (Accuracy: 97%)
Figure 2. Confusion matrices of our deep learning model on the test sets of ClearScope-200 and FullScope-100. The first row presents
results from the ClearScope-200 test set at both the image level (A) and the patient level (B). The second row shows results from the Full-

Scope-100 test set at the image level (C) and the patient level (D). The matrices are color-coded and values are based on normalized data.
Numbers in parentheses indicate the count of images and patients at the image and patient levels, respectively.
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RESULTS

Patient characteristics

Among a cohort of 4,262 patients (2,507 H. pylori-negative
and 1,755 H. pylori-positive), we excluded those with en-
doscopic findings of post-gastrectomy stomach, food stasis,
peptic ulcer, subepithelial tumor, malignancy, post-proce-
dure status, or stricture. Additionally, patients with a history
of H. pylori eradication treatment and those who had tak-
en PPIs or H2 blockers within 4 weeks prior to endoscopy
were also excluded following a review of medical records.
After these exclusions, a total of 300 patients (150 H. py-
lori-negative, 150 H. pylori-positive) were randomly select-
ed and divided into two datasets for model development
and independent testing (Fig. 1). The model development
set, ClearScope-200, included 1,434 endoscopic images
from 200 patients (mean age, 57 years + 10.4 [standard
deviation]; 103 males), and the temporally separate test set,
FullScope-100, comprised 1,305 images from 100 patients
(mean age, 53.5 years + 9.6; 57 males) (Supplementary
Table 2).

Model performance

The performance of our DL model was assessed using two
test datasets: the ClearScope-200 and the FullScope-100
test sets. The ClearScope-200 test set underwent the same

ClearScope-200
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image curation process as the training set, whereas the Full-
Scope-100 test set included a broader array of images. We
computed the mean performance metrics and their corre-
sponding 95% confidence intervals (Cl) using the bootstrap
method (Table 1). For the ClearScope-200 test set, the mod-
el demonstrated an image-level accuracy of 89.5%, sensi-
tivity of 85.5%, specificity of 91.7%, PPV of 85.2%, NPV
of 91.8%, and F1-score of 85.2. At the patient-level, these
metrics were 94.3% for accuracy, 100.0% for sensitivity,
88.7% for specificity, 89.5% for PPV, 100.0% for NPV,
and 94.1% for F1-score, respectively. For the FullScope-100
test set, the image-level metrics were 84.2% for accuracy,
74.4% for sensitivity, 93.9% for specificity, 92.5% for PPV,
and 82.5% for NPV and F1-score. At the patient-level, the
metrics improved to 97.0% for accuracy, 100.0% for sen-
sitivity, 94.0% for specificity, 94.4% for PPV, 100.0% for
NPV, and 97.1% for F1-score. Overall, performance metrics
improved when image-level results were aggregated to pa-
tient units, as evidenced by the reduction in false negative
instances displayed in the confusion matrices in Figure 2.
Our DL model achieved 100% patient-level sensitivity
across both test cohorts. It is important to address that this
perfect sensitivity is not an indication of model overfitting,
but rather reflects the robustness of the patient-level ag-
gregation method. First, the model demonstrated imperfect
image-level sensitivity (74.4-85.5%), confirming it was not

FullScope-100
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0.8
=
£ 0.6
2
b=
o
o
S 0.4
=
Image-level (AUC = 0.93)
Patient-level (AUC = 0.99)
0.2 Experts on session 1
Experts on session 2
Trainees on session 1
0.0 — Trainees on session 2
T T
0.0 0.2 0.4 0.6 0.8 1.0
E False positive rate

Figure 3. Receiver operating characteristic (ROC) curves of the deep learning model with 95% confidence intervals. This figure displays
ROC curves at the image level (green) and the patient level (blue). Panel A illustrates performance on the ClearScope-200 test set, while
Panel B shows performance on the FullScope-100 test set, including physician endoscopist results at the patient level. AUC, area under

the curve.
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overfit to individual images. Second, this 100% sensitivity
was replicated on the FullScope-100 set, a temporally sep-
arated, independent cohort, which indicates strong gen-
eralization. This perfect sensitivity is achieved because the
aggregation rule (patient-positive if > 25% of images are
positive) is highly resilient to image-level errors. For a pa-
tient-level ‘False Negative’ to occur, the model would need
to fail on more than 75% of the images from a positive

H. pylori-negative

Grad-CAM

Input image

Corpus

Fundus

Angle

The Korean Journal of Internal Medicine Vol. 41, No. 5, September 2026

patient. Given the model’s high image-level accuracy, the
probability of such a compounded failure is minimal, result-
ing in the observed 100% sensitivity.

Figure 3 illustrates the ROC curves for both test sets, pro-
viding insight into the model’s ability to distinguish between
negative and positive classes. Higher AUC scores indicate
superior discrimination, with scores of 0.96 and 1.00 for the
ClearScope-200 test set at the image-level and patient-lev-

H. pylori-positive

Input image Grad-CAM

Figure 4. Gradient-weighted Class Activation Mapping (Grad-CAM) visualizations. This figure uses heatmap visualization to highlight

regions deemed important by the deep learning model. The leftmost pair of columns presents endoscopic images alongside their corre-
sponding Grad-CAM visualizations for control patients. The rightmost pair of columns displays endoscopic images and their associated
Grad-CAM visualizations for patients diagnosed with Helicobacter pylori infection.
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el, respectively, and 0.93 and 0.99 for the FullScope-100
test set. These findings demonstrate that the discriminative
ability of our DL model is consistently robust across both
datasets, regardless of the level of analysis. Notably, the
ClearScope-200 test set showed a wider Cl range for the
ROC curve compared to the FullScope-100 test set, likely
reflecting the smaller sample size and fewer images per pa-
tient in the ClearScope-200 dataset, as discussed in Table 1.

The Grad-CAM technigue highlights the specific areas of
an image that the model prioritizes when predicting a given
class. Values typically range from 0 to 1, with higher values
indicating critical regions for class prediction. These are vi-
sualized in a heatmap, where areas of high importance are
colored red and areas of low importance are colored blue.
Figure 4 presents representative Grad-CAM images for our
model. The rows in each figure represent the antrum, cor-
pus, fundus, and angle of the stomach, respectively. The
second column'’s Grad-CAM heatmap corresponds to the
H. pylori-negative image in the first column, indicating the
absence of H. pylori infection. Conversely, the heatmap in
the fourth column aligns with the H. pylori-positive image in
the third column, marking the presence of H. pylori infec-
tion through visual analysis.

Diagnostic accuracy of readers

The results from the patient-level reader test, which assessed
the diagnostic impact of DL support across 14 participants,
are detailed in Table 2. In Session 1, without DL assistance,
the average diagnostic accuracy for all participants was
72.4% (95% Cl: 68.8-76.0%). With the integration of our
DL model in Session 2, providing patient-level predictions
and corresponding Grad-CAM visualizations for each im-
age, accuracy improved to 83.2% (95% Cl: 78.9-87.5%).
This improvement was found to be highly statistically signifi-
cant. The GEE analysis yielded a Z-value of 6.984 (p = 2.87e-
12). Furthermore, a post-hoc power analysis based on this
observed result confirmed that the statistical power (1-B) of
our study was > 99.9%, demonstrating that the study was
robustly powered to detect this effect despite the N = 100
patient cohort. Individual reader results are depicted in the
ROC curves of our DL model (Fig. 3B), with outlined dots for
Session 1 and filled dots for Session 2 results.

Accuracy improved across all reader groups, although
some variations in performance characteristics were not-
ed. Experts with over three years of endoscopy experience
demonstrated a significant increase in the accuracy of diag-
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nosing H. pylori after receiving DL support, with diagnostic
accuracy improving from 78.0% before DL assistance to
97.0% afterward (p < 0.001). The accuracy of our DL model
reached 97.0% on the FullScope-100 dataset, matching the
performance of these experts in Session 2 with DL assistance.
Their decision-making, influenced by Grad-CAM outputs
and the displayed H. pylori infection status, suggests that
Grad-CAM effectively guided the experts in their diagnoses.
Conversely, while trainees also showed significant improve-
ments in classifying H. pylori gastritis with DL support—in-
creasing from 71.5% to 80.0% accuracy (p < 0.001)—the

Table 2. Patient-level diagnostic accuracy of physician
endoscopists (2 experts, 12 trainees) on the FullScope-100
test set (100 patients; 1,305 images), with and without
deep learning (DL) assistance

Session 1 Session 2
Parameter (without DL (with DL p value
assistance) assistance)

Experts
Reader 1 81.0 97.0 <0.001?
Reader 2 75.0 97.0 <0.001?
Group mean 78.0 97.0 9

(Readers 1-2) (72,8397 (970,970 <00

Trainees
Reader 3 67.0 87.0 <0.001?
Reader 4 72.0 74.0 0.860”
Reader 5 66.0 79.0 0.007”
Reader 6 76.0 83.0 0.007”
Reader 7 80.0 89.0 0.035”
Reader 8 72.0 84.0 0.023"
Reader 9 60.0 70.0 0.013%
Reader 10 68.0 72.0 0.344"
Reader 11 84.0 87.0 0.607”
Reader 12 65.0 81.0 0.001?
Reader 13 72.0 87.0 <0.001?
Reader 14 76.0 78.0 0.804

Group mean 71.5 80.0 9
(Readers 3-14)  (67.7,7537 (773,845  ~ 0.001

Overall mean 72.4 83.2 <0.0019
(Readers 1-14)  (68.8, 76.0)?  (78.9, 87.5)?

dData in parentheses are 95% confidence intervals for the
group mean or overall mean.

bp value was calculated using the McNemar test.

9p value was calculated using a logistic regression model with
generalized estimating equations.
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extent of their improvement was less pronounced than that
observed among the experts. Moreover, the increase in di-
agnostic accuracy among certain trainees (Reader 4, 10, 11,
and 14) was not statistically significant, possibly indicating
that these individuals might have correctly identified chal-
lenging samples by chance. This observation suggests that
the trainees’ limited ability to interpret Grad-CAM visualiza-
tions may stem from inadequate training in recognizing the
varied endoscopic features of H. pylori gastritis.

DISCUSSION

To accurately diagnose active H. pylori infections, clinicians
often utilize invasive methods during gastroscopy, which
are associated with significant costs, time demands, and the
potential for complications. In response to these challenges,
there has been increasing research interest in the prediag-
nosis of H. pylori infections using endoscopic imagery [20].
While various diagnostic tools exist to detect H. pylori infec-
tions [21], it is not clinically feasible to employ multiple tests
simultaneously due to their individual limitations in accura-
cy. In this context, employing a DL model such as ours is
expected to enhance the accuracy of H. pylori diagnosis and
offer cost-effective benefits to patients.

Recent meta-analyses have shown that Al diagnosis of H.
pylori gastritis yields a ROC of 0.92 (95% Cl 0.90-0.94).
However, these studies were conducted retrospectively and
did not provide evidence of their utility in clinical practice
[12]. In contrast, our study demonstrates that a DL-based
image classification model can accurately classify H. pyloriin-
fections and assist endoscopists in diagnosis. We trained our
DL model on endoscopic images with confirmed H. pylori
infections and evaluated it on a dataset collected according
to standard endoscopic protocols. Our model achieved an
accuracy of 84.2% in classifying images from this unrefined
dataset. Additionally, when analyzing results on a per-pa-
tient basis, our model identified the presence of H. pyloriin-
fection with 97% accuracy. These findings are comparable
to a recent study using ShuffleNet, a well-established CNN,
which achieved an atrophic sensitivity of 98.5% and a nor-
mal sensitivity of 97.9% in detecting H. pylori gastritis in the
antrum region of the stomach [14]. Given that our model
was trained and evaluated across all gastric regions, it can
be considered more robust in various gastric environments.

Using DL techniques to detect H. pylori in endoscopic
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images is not a novel concept. Prior applications of DL in
endoscopy have shown considerable promise in identify-
ing H. pylori infection status [13]. However, the majority of
studies have focused primarily on enhancing the accuracy
of endoscopic image classifiers and have not thoroughly as-
sessed their practical utility for endoscopists. In this study,
we developed a DL system that aids the diagnostic process
by providing physicians with patient-level diagnoses and
image-level saliency maps (Grad-CAM heatmaps), thereby
demonstrating the model’s potential for clinical application
in the diagnosis of H. pylori infection.

In a panel consisting of both inexperienced trainees and
expert endoscopists, the implementation of DL assistance
significantly improved diagnostic accuracy (from 72.4% to
83.2% with DL assistance; p < 0.001). Our findings indicate
that DL technology can substantially enhance the accuracy
of H. pylori infection diagnosis, which in turn could greatly
benefit endoscopists in classifying the infection, regardless
of their experience level. Moreover, experts with an in-depth
understanding of both the positive and negative signs of H.
pylori found the inclusion of Grad-CAM images as saliency
maps particularly helpful (as shown in Table 2). In contrast,
although diagnostic accuracy improved for all trainees in the
second session, for four trainees (Readers 4, 10, 11, and
14), the improvement was not statistically significant. This
may have been due to the potential confusion caused by
the Grad-CAM images, given their limited experience with
endoscopic signs of H. pylori. Nevertheless, across all partici-
pants, the average diagnostic accuracy in the second session
showed a significant improvement over the first session,
suggesting that assistance from the DL model was likely
beneficial to endoscopists overall.

Our study has several limitations. First, distinguishing true
non-infection from past (eradicated) infection was challeng-
ing. Our 'non-infected’ group, defined by chart review, may
still include individuals with unintended eradication from
other antibiotics [22]. Future studies should incorporate se-
rological assessments, such as the pepsinogen test, to de-
finitively identify past infections. Second, selecting patients
from both the positive and negative cohorts could introduce
selection bias. This problem often arises during the selection
of suitable patient cohorts for model development and val-
idation at a single center, particularly with a small sample
size. Third, the collection of endoscopic images from various
gastric regions, rather than a specific area, complicates the
comparison of performance across these regions. According
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to the recent Kyoto classification of gastritis, different endo-
scopic manifestations of H. pylori gastritis are defined based
on the regions of the stomach [23]. Analyzing diagnostic
accuracy by specific gastric regions could provide clinicians
with more precise diagnostic information and aid in the ad-
vancement of more effective DL models. Fourth, our reader
study used a sequential paired design. While our 4-week
washout period and case randomization aimed to mitigate
recall bias, a different pitfall remains [18]. Although case or-
der was randomized and clinical information was blinded to
minimize recall bias, the possibility of residual recall or learn-
ing effects cannot be completely excluded. In particular,
readers may have become more familiar with the interpre-
tation framework during the second session, which could
have contributed to improved performance independent
of DL assistance. Finally, the reader panel was imbalanced,
with a small number of experts compared to many trainees.
While this composition aimed to capture the wide variability
in trainee diagnostic skills against a stable expert baseline, it
could potentially skew the overall mean values toward the
more numerous trainee group. We performed a subgroup
analysis stratified by experience level (Table 2) to address
this potential bias.

In conclusion, our study underscores the promise of
DL-assisted diagnosis for H. pylori infection. The proposed
DL-based diagnostic system shows potential for direct clin-
ical integration, enabling early detection of H. pylori during
gastroscopy, independent of the endoscopist’s expertise. By
providing real-time feedback on the likelihood of H. pylori
infection and visual heatmap guidance, this system could
help endoscopists identify suspicious mucosal areas and
prioritize biopsy sites more efficiently. Furthermore, such
DL assistance may reduce unnecessary testing and improve
diagnostic confidence, particularly among less-experienced
endoscopists. Beyond diagnostic support, this model could
also be applied as an educational tool to enhance training
in recognizing endoscopic features of H. pylori gastritis.
Nonetheless, this study was conducted retrospectively at a
single institution, which may limit the generalizability of the
results. Therefore, further multicenter, prospective studies
with larger patient cohorts are warranted to validate these
findings and to investigate the integration of this system
into routine clinical practice. Further validation should also
confirm generalizability across different expertise levels by
incorporating a more balanced reader panel. Future studies
should also consider evaluating DL model performance by
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specific gastric regions or developing models that diagnose
H. pylori using comprehensive video coverage of all gastric
regions.

KEY MESSAGE

1. A deep learning model classified H. pylori infection
on endoscopic images with 97.0% patient-level
accuracy and 100% sensitivity.

2. Deep learning assistance improved the mean diag-
nostic accuracy of 14 endoscopists from 72.4% to
83.2%, with the two experts achieving 97.0% accu-
racy.

3. Deep learning-assisted endoscopy offers the poten-
tial to support the diagnosis of H. pylori infection
during routine gastroscopy.
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Supplementary Figure 1. An illustration of preprocessing endoscopic images. (A) The original images stored in PACS contain text relat-
ed to user information. (B) After preprocessing to extract the area corresponding to the endoscope scene, the image resolution is 466 x
410. PACS, Picture Archiving and Communication System.

https://doi.org/10.3904/kjim.2024.245 www.kjim.org


www.kjim.org

KJIM™

100 cases

.

Session 1
Interpretation without
DL assistance

.

Washout period

'

Random
shuffling

.

Session 2
Interpretation with
DL assistance

The Korean Journal of Internal Medicine Vol. 41, No. 5, September 2026

Comparison between without and

with DL assistance

Supplementary Figure 2. Study design comparing the im-
pact of using DL algorithms as additional diagnostic tools. DL,

deep-learning.

www.kjim.org

https://doi.org/10.3904/kjim.2024.245


www.kjim.org

Seo J, et al. Detection of H. pylori using DL

Supplementary Table 1. Data partitions
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Dataset

Patients

Images

H. pylori-negative  H. pylori-positive

H. pylori-negative  H. pylori-positive

ClearScope-200 (n = 200 patients)

FullScope-100 (n = 100 patients)

Training 80 80
Validation 10 10
Test 10 10
Total 100 100
Test 50 50

734 431
91 47
84 47

909 525

652 653

The ClearScope-200 dataset (200 patients; 1,434 images) is for deep learning model development and divided into training,
validation, and test subsets. The FullScope-100 dataset (100 patients; 1,305 images) serves as a test set to compare the
performance of endoscopists with and without support of deep learning.

H. pylori, Helicobacter pylori.

https://doi.org/10.3904/kjim.2024.245

www.kjim.org


www.kjim.org

KJ I MQ‘ The Korean Journal of Internal Medicine Vol. 41, No. 5, September 2026

Supplementary Table 2. Clinical characteristics of patients

ClearScope-200 (n = 200 patients) FullScope-100 (n = 100 patients)
Characteristic Current infection Non-infection Current infection Non-infection p value
(n=100) (n =100) (n =50) (n =50)
Sex >0.999
Male 55 48 28 29
Female 45 52 22 21
Age (yr) 55.0 (49.0-62.0  59.0(53.0-66.0)? 545 (46.0-63.07  52.5(49.0-57.0% 0.681
Serum H. pylorilgG >8.00 0.00 >8.00 0.00 < 0.001

H. pylori, Helicobacter pylori.
dData are shown as medians with ranges in parentheses.
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