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Abstract

Background Deep learning algorithm-based artificial intelligence (Al) has significantly advanced the domain

of endoscopic diagnosis; however, its utilization for detecting Helicobacter pylori (H. pylori) infections remains con-
strained. We aimed to develop and validate the Al diagnostic system (HOPE Al) for diagnosing H. pylori infection
by analyzing extensive imaging data obtained from clinical endoscopies.

Methods This multicenter diagnostic study was carried out across seven hospitals in China. Eligible patients were
individuals aged 18 years or older who underwent upper gastrointestinal gastroendoscopy. The endoscopic images
were randomly allocated (7:3) to the training and internal validation datasets for the development of HOPE Al utilizing
a multi-instance learning (MIL) framework and long short-term memory (LSTM) architectures, and the prospective
external validation dataset for assessing its diagnostic efficacy. The performance of HOPE Al was also benchmarked
against endoscopists. The diagnostic accuracy, sensitivity, specificity, and area under the curve of HOPE Al were
assessed to detect H. pylori infection.

Results A total of 308,887 endoscopic images and 197 videos from 6207 patients were utilized to develop and evalu-
ate HOPE Al. Our Al system demonstrated outstanding performance, achieving an AUC of 0.932 (95% confidence
interval (Cl) 0.906-0.956) in the internal validation set, 0.903 (0.883-0.922) in the external temporal validation set, 0.923
(0.875-0.961) in the external temporal validation video set, and ranging from 0.855 (0.813-0.894) to 0.971 (0.955—
0.985) across seven external geographical validation sets. The diagnostic sensitivity of HOPE Al (85.7%) significantly
surpassed that of senior endoscopists (68.0%).

Conclusions HOPE Al exhibited robust diagnostic efficacy and interpretability in H. pylori detection, thereby enhanc-
ing the efficiency of diagnosis in routine screening contexts.

Trial registration Chinese Clinical Trial Registry: ChiCTR 2400091317, 2,400,091,720.
Keywords Helicobacter pylori, Endoscopy, Artificial intelligence, Multi-instance learning

Yue Hu, Jianwei Xu and Liang Huang contributed equally to this work.

*Correspondence:

Ling Zhang

ling.z@alibaba-inc.com

Bin Lv

lvbin@medmail.com.cn

Full list of author information is available at the end of the article

©The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if

you modified the licensed material. You do not have permission under this licence to share adapted material derived from this article or
parts of it. The images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To
view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12916-025-04379-2&domain=pdf

Hu et al. BMC Medicine (2025) 23:540

Background

Helicobacter pylori (H. pylori), classified as a Group I
carcinogenic agent by the World Health Organization
(WHO) and the International Agency for Research on
Cancer (IARC) [1, 2], initiates inflammatory cascades
in the gastric mucosa, manifesting as both acute and
chronic gastritis. This persistent inflammation can pre-
cipitate a sequential pathological progression encom-
passing gastric mucosal atrophy, intestinal metaplasia,
dysplasia, and, ultimately, the development of gastric
cancer. Therefore, in current clinical practice, prompt
diagnosis and eradication of H. pylori infection represent
the most efficacious strategy in mitigating gastric carci-
noma risk [3].

Gastroendoscopic evaluation represents one of the
critical diagnostic modalities in identifying H. pylori
infection. Endoscopic findings can support a diagnosis
of H. pylori infection based on the representative fea-
tures according to the Kyoto classification score [4] and
the modified system [5]. The character endoscopic fea-
tures indicative of H. pylori infection encompass gastric
mucosal nodularity, diffuse redness, atrophy, or mucosal
swelling. Conversely, the presence of regular arrange-
ment of collecting venules (RAC) and fundic gland pol-
yps strongly suggests H. pylori-negative status, making
it possible to diagnose accurately endoscopically. Never-
theless, the field currently lacks standardized objective
visualization parameters for H. pylori identification via
endoscopy, with significant heterogeneity in diagnostic
accuracy across healthcare institutions and clinicians of
varying expertise levels [6], presenting substantial imped-
iments to advancement in this domain.

Leveraging the inherent capabilities of computer
vision and pattern recognition, artificial intelligence
(AI) systems powered by deep learning algorithms have
demonstrated remarkable advancement in endoscopic
diagnostic applications [7]. The technology has shown
particular efficacy in discriminating between neoplas-
tic and non-neoplastic lesions, representing the most
predominant clinical implementation of Al-assisted
endoscopy [8, 9]. Recent researchers have expanded the
scope of Al applications to H. pylori infection detection,
broadening its utility in gastroenterological diagnostics
[10-13]. While initial studies investigating Al-based H.
pylori detection systems have yielded promising results,
their clinical applications remain constrained by several
methodological limitations, including insufficient valida-
tion cohorts, retrospective analytical approaches, single-
institution study designs, and other constraints.

In this study, we present an innovative approach for
developing HOPE Al (simplified from Helicobacter pylori
identification Al), a visualized, interpretable, and stable
Al system designed for H. pylori infection diagnosis. The
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system is based on a multi-instance learning framework
(MIL) and incorporates transformer and long short-term
memory (LSTM) architectures. We evaluated HOPE Al’s
diagnostic efficacy through comprehensive internal and
external validation using a substantial multicenter endo-
scopic dataset collected from seven medical institutions.
This represents the first large-scale external validation
study of its kind, demonstrating the model’s generaliz-
ability and establishing a strong foundation for clinical
implementation.

Methods

Study design

This multi-institutional diagnostic investigation was
implemented across seven Chinese medical centers,
encompassing three distinct methodological phases:
(phase 1) development and internal validation of the
HOPE AI algorithm utilizing clinical endoscopic imagery
from the First Affiliated Hospital of Zhejiang Chi-
nese Medical University, Hubin Campus (FAHZCMU,
H); (phase 2) external temporal validation employing
prospectively acquired endoscopic images and video
sequences from FAHZCMU, H; and (phase 3) external
geographic validation through prospective data collec-
tion from multiple institutions, including FAHZCMU
Qiantang Campus and six additional regional hospitals
(the First Affiliated Hospital of Wenzhou Medical Uni-
versity, the First Hospital of Jiaxing, Wenzhou Central
Hospital, the First Affiliated Hospital of Ningbo Uni-
versity, Huzhou Central Hospital, and Yuyao People’s
Hospital of Zhejiang). The research protocol adhered to
Helsinki Declaration guidelines and received institutional
review board approval from FAHZCMU (No. 2024-KLS-
489-01), agreed by other centers. The study was reg-
istered in the Chinese Clinical Trial Registry (ChiCTR
2400091317, 2,400,091,720).

Study population

In this multicenter ambispective cohort study, the retro-
spective derivation cohort (phase 1) encompassed 1271
patients during the period from March 1 to June 30,
2024. Subjects were stratified through randomization (7:3
ratio) into training and internal validation datasets for
HOPE AI development. The external validation cohort
(phases 2 and 3) prospectively recruited 4936 patients
across seven medical centers between October 25 and
November 30, 2024 (Fig. 1) [14].

Study eligibility criteria were defined as follows: adult
patients (>18 years), regardless of gender, completion
of standardized gastroscopic examination (minimum
8 gastric images, including cardia, upper body, middle
body, lesser curvature, angle, lower body, antrum, and
pylorus [15]), and confirmed H. pylori status through
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Fig. 1 Overview of the study design. A Training and internal validation (phase 1). B External temporal validation (phase 2). C External geographical

validation (phase 3)
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histopathological assessment (negative, encompassing
both absence of prior H. pylori infection and successful
previous eradication therapy; positive, indicating cur-
rent active H. pylori infection, regardless of prior anti-H.
pylori history). For video analyses, an additional criterion
mandated complete gastroscopic examination documen-
tation. Exclusion criteria comprised presence of retained
gastric contents, neoplastic lesions, luminal obstruction,
and documented history of esophagogastric malignancy
or gastric surgical intervention.

Development of HOPE Al

In our comprehensive dataset compilation, we incor-
porated all endoscopic images acquired during routine
clinical procedures, ensuring an unbiased representa-
tion of real clinical scenarios. The dataset incorporates
diverse imaging modalities, including conventional
white-light endoscopy (WLE) and narrow-band imag-
ing (NBI), encompassing varying image qualities such as
focused, unfocused, overexposed, motion-blurred, and
hemorrhagic specimens. The dataset was dichotomously
classified based on Helicobacter pylori infection status:
non-infected (label 0) and infected (label 1). We preproc-
essed the images by excluding the metadata sidebar, pre-
serving only the diagnostically relevant endoscopic field.
The endoscopic images, originally ranging from 400 x 480
to 1920 1080 pixels, were standardized to 352 X 352 pix-
els to facilitate deep learning network compatibility.

In this study, we introduce a novel MIL architecture
integrating vision transformer (ViT) [16, 17] and LSTM
networks to comprehensively analyze case-wide image
aggregation for H. pylori infection detection. The MIL
framework, trained exclusively on patient-level anno-
tations, autonomously identifies intrinsic image cor-
relations and patterns. This methodology effectively
isolates sentinel images for case classification, maintain-
ing robustness against incomplete or noisy datasets. The
inference pipeline generates patient-level infection sta-
tus predictions and identifies infection-associated high-
risk images from extensive case repositories, enhancing
clinical decision-making precision. The architecture
comprises three main components: a transformer-based
feature extraction module that computes H. pylori risk
scores for individual images, a selection mechanism that
identifies the top-k high-risk images based on MIL prin-
ciples, and an LSTM network that synthesizes features
from these top-k images to generate case-level infection
probability (Fig. 2). All quantitative evaluations in the
analysis relied on case-level infection probabilities as the
primary metric, and we also analyzed the contribution
of image-level predictions to clinical diagnosis. Detailed
methodological protocols and implementation details
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are summarized in the Additional file 1: Supplementary
Materials [10, 16-27].

Validation of HOPE Al

We initially evaluated HOPE AI’s performance in detect-
ing H. pylori infection through an internal validation
cohort, followed by a prospective external temporal vali-
dation dataset comprising endoscopic imagery and video
sequences from FAHZCMU, H. Subsequently, we con-
ducted a comprehensive assessment of HOPE ATls reli-
ability using geographically diverse external validation
datasets from seven institutions, each characterized by
substantial endoscopic examination volumes and highly
credentialed endoscopists.

To further validate and extend the applicability of our
Al model, we selected endoscopic video sequences from
the prospective external temporal validation cohort due
to its enhanced objectivity and mitigation of the selection
bias inherent in physician-dependent image acquisition.
Three junior endoscopists and three senior endoscopists,
blinded to patient demographics and histopathological
outcomes, independently analyzed identical test videos,
with their assessments compared against HOPE Als
diagnostic output. These junior practitioners possessed
less than 2 years of endoscopic experience; the seniors
had over 10 years of experience in endoscopic proce-
dures and had conducted more than 5000 examinations.
To maintain objectivity, these evaluators were excluded
from image selection and annotation processes, and
all visual data was mixed and deidentified prior to their
assessment.

Statistical analysis

The diagnostic performance metrics of HOPE Al in
detecting H. pylori infection were comprehensively
assessed through statistical analysis of accuracy, sensi-
tivity, specificity, positive predictive value (PPV), and
negative predictive value (NPV), with 95% confidence
intervals computed via the Clopper-Pearson methodol-
ogy. Statistical comparisons of diagnostic parameters
(sensitivity, specificity, and accuracy) were performed via
permutation testing, generating two-sided P values based
on 10,000 permutations. The discriminative capability
of the deep learning algorithm was evaluated through
receiver operating characteristic (ROC) curve analy-
sis, wherein sensitivity was plotted against 1-specificity
across varying probability thresholds. The AUC metric
served as a quantitative measure of diagnostic efficacy,
with higher values indicating superior performance.
All analyses employed two-tailed statistical tests with
a=0.05, implemented using Python 3.9.0.
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Fig. 2 The development procedure of HOPE Al with TransMIL+LSTM model. The model uses transformers to extract features and classify H. pylori
infection probability from endoscopic images. It selects top-k high-risk images for LSTM-based feature integration, optimizing through gradient
descent with both image and patient-level loss functions. Trans, transformers; MIL, multi-instance learning; LSTM, long short-term memory
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Results

Dataset characteristics

During the period from March 1 to June 30, 2024, we col-
lected 43,625 upper gastrointestinal endoscopic images
from 1271 subjects at FAHZCMU, H, comprising 473
H. pylori-positive and 798 H. pylori-negative cases. We
allocated 30,825 images from 889 patients (329 positive,
560 negative) to the training dataset, with the remainder
assigned to the internal dataset (phase 1). Our prospec-
tive external validation dataset included 51,585 images
from 1059 patients (366 positive, 693 negative), while
the video dataset contained 47,351 images/2 s from 197
patients (49 positive, 148 negative) at FAHZCMU, H
(phase 2).

For external geographical validation (phase 3), we pro-
spectively acquired 213,677 endoscopic images from
3680 patients across seven centers between October 25
and November 30, 2024. In total, we utilized 356,238
endoscopic images from 6207 subjects for HOPE Al
development and validation (Additional file 2: Table S1).
The Phase 1 cohort demonstrated a mean age of
51.2+13.6 years with 44.2% male representation. Phase
2 subjects averaged 54.3+13.8 years with 46.5% males,
while phase 3 participants averaged 50.5 + 14.2 years with
47.8% male distribution. Detailed demographic charac-
teristics are presented in Table 1.

Performance of HOPE Al

The AI system demonstrated robust performance in
detecting H. pylori infection across multiple validation

Table 1 Baseline characteristics
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cohorts (Table 2 and Fig. 3). In the internal testing set,
HOPE AI exhibited notable diagnostic metrics, achiev-
ing 84.7% (95% CI 78.5-90.3%) sensitivity, 85.7% (81.4—
91.2%) specificity, 85.3% (81.68—88.74%) accuracy, and
an AUC of 0.932 (0.906-0.956). The external temporal
validation using endoscopic imagery maintained compa-
rable efficacy, with 88.0% (84.4—91.2%) sensitivity, 81.53%
(78.6—84.3%) specificity, 83.8% (84.5-85.9%) accuracy,
and an AUC of 0.903 (0.883-0.922). Video cohort vali-
dation yielded an AUC of 0.923 (0.875-0.961), with cor-
responding sensitivity, specificity, and accuracy values of
85.7%, 85.1%, and 85.3%, respectively.

External geographical validation across multiple medi-
cal centers demonstrated consistent performance, with
overall metrics of 83.4% (81.3—85.4%) sensitivity, 83.3%
(81.8-84.7%) specificity, 83.3% (82.0-84.5%) accuracy,
and an AUC of 0.882 (0.870-0.894). Individual insti-
tutional performance varied, with AUC values ranging
from 0.855 to 0.971 and diagnostic accuracy between
789 and 91.2% across seven participating hospitals
(Table 2 and Fig. 3).

Notably, in a comparative analysis involving 197 video
cases, HOPE Al significantly outperformed endoscopists,
both non-expert and expert, demonstrating superior sen-
sitivity (85.7 vs. 54.8%), comparable specificity (85.1 vs.
84.0%), and enhanced accuracy (85.3 vs. 76.7%) in iden-
tifying H. pylori infection (Additional file 2: Table S2).
In further subgroup analyses, HOPE AI did better than
the mean performance of the senior endoscopists by
17.7% (95% CI 7.48-28.8%, p =0.0068) in sensitivity while

Characteristics Age, years Sex Helicobacter pylori status
Male Female Positive Negative
Training (n=2889) 50.7 (13.6) 401 (45.1%) 488 (54.9%) 329 (37.0%) 560 (63.0%)
Internal (n=382) 524(13.5) 61 (42.1%) 221 (57.1%) 44 (37.7%) 238 (62.3%)
External temporal validation (n=1256) 543(13.8) 584 (46 5%) 672 (53.5%) 415 (33.0%) 841 (67.0%)
Pictures (n=1059) 539(13.7) 500 (47.2%) 559 (52.8%) 366 (34.6%) 693 (65.4%)
Videos (n=197) 56.2 (14.6) 84 (42.6%) 3(57.4%) 49 (24.9%) 148 (75.1%)
External geographical validation (n=3680) 50.5(14.2) 1759 (47.8%) 1921 (52.2%) 1241 (33.7%) 2439 (66.3%)
FAHWMU (n=494) 10136 244 (49.4%) 250 (50.6%) 105 (21.3%) 389 (78.7%)
FHJ (n=521) 1(14.2) 247 (47 4%) 274 (52.6%) 133 (25.5%) 388 (74.5%)
FAHZCMU, Q (n=646) 46.2 (15.4) 334 (51.7%) 312 (48.3%) 255 (39.5%) 91 (60.5%)
WCH (n=524) 553(126) 248 (47.3%) 275 (52.7%) 196 (37.4%) 328 (62.6%)
FAHNU (n=500) 479 (15.1) 229 (45.8%) 271 (54.2%) 184 (36.8%) 316 (63.2%)
HCH (n=495) 50.6 (13.4) 233 (47.1%) 262 (52.9%) 202 (40.8%) 293 (59.2%)
YPH (n=500) 53.7(12.6) 223 (44.6%) 277 (55.4%) 166 (33.2%) 334 (66.8%)

Data are mean (SD) or n (%)

FAHWMU The First Affiliated Hospital of Wenzhou Medical University, FHJ The First Hospital of Jiaxing, FAHZCMU, Q The First Affiliated Hospital of Zhejiang Chinese
Medical University, Qiantang Campus, WCH Wenzhou Central Hospital, FAHNU The First Affiliated Hospital of Ningbo University, HCH Huzhou Central Hospital, YPH

Yuyao People’s Hospital of Zhejiang
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Table 2 Performance of HOPE Al in different validation sets
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Specificity (95% Cl)

Sensitivity (95% ClI)

Accuracy (95% Cl)

Positive predictive
value (95% Cl)

Negative
predictive value
(95% Cl)

Internal (n=382)

85.71(81.09-89.92)

External temporal validation (n=1256)

Pictures (n=1059)
Videos (n=197)

External geographical

validation (n=3680)

81.53 (78.64-4.27)
85.14 (79.05-90.54)
83.27 (81.75-84.71)

84.72 (78.47-90.28)

87.98 (84.43-91.26)
85.71(75.51-93.88)
83.40 (81.29-85.40)

85.34 (81.68-88.74)

83.76 (81.49-85.93)
85.28 (80.20-90.36)
83.32(82.03-84.48)

77.73-84.62
78.89 (75.43-82.34

78.21(72.84-83.67)

71.56 (68.37-74.88)
65.63 (56.96-75.47)
71.73 (69.80-73.55)

53.66 (48.57-59.35)
5642 (51.23-61.

90. 27 (86.84-93.61)

92.78(90.86-94.62)
94.74 (91.24-97.86)
90.79 (89.72-91.82)

94.85 (92.65-96.93
90.64 (88.02-93.20

FAHWMU (n=494) 80.46 (76.35-84.32) 83.81 (76.19-90.48)
FHJ (n=521) 79.90 (75.77-83.76) 75.94 (6842-82.71)
FAHZCMU, Q (n=646) 85.68 (82.10-89.00) 87.45 (83.14-91.37)
WCH (n=524) 71(77.13-85.37) 86.73 (81.54-91.28)
FAHNU (n=500) 01 (76.58-85.13) 7826 (72.28-84.24)
HCH (n=495) 83.96 (79.52-88.05) 7723 (71.29-82.67)
YPH (n=500) 90.72 (87.43-93.71) 92.17 (87.95-95.78)

7 ) ( ( )
( ) ( 99) ( )
86.38 (83.75-89.98)  79.93(76.03-83.97) 91.28 (88.68-93.84)
83.59(80.11-8642) 7391 (69.17-78.10) 91.16 (88.14-93.97)
80.00 (76 40-83.60) 7059 (65.69-75.77) 86.49 (83.23-89.80)

1(77.78-8444)  76.85(72.06-81.77) ( )

( ) ( ) ( )

91.20 (88.60-93.60 83.15 (78.57-87.86

84.25 (80.84-87.68
95.89 (93.75-97.78

FAHWMU The First Affiliated Hospital of Wenzhou Medical University, FHJ The First Hospital of Jiaxing, FAHZCMU, Q The First Affiliated Hospital of Zhejiang Chinese
Medical University, Qiantang Campus, WCH Wenzhou Central Hospital, FAHNU The First Affiliated Hospital of Ningbo University, HCH Huzhou Central Hospital, YPH

Yuyao People’s Hospital of Zhejiang

maintaining comparable specificity (difference of 1.1%,
95% CI—2.5-4.7%, p=0.7984) (Supplementary Table 2).
Compared with junior endoscopists, the performance
differential was even more pronounced, with a 44.2%
(95% CI 33.9-54.5%, p<0.0001) higher sensitivity while
maintaining similar specificity (difference of 1.1%, 95%
CI-2.1-4.3%, p=0.7384) (Additional file 2: Table S3).

Explainability of HOPE Al

Through visual analysis at the image level, we demon-
strated comparative endoscopic images of H. pylori-pos-
itive and H. pylori-negative cases, accompanied by risk
probability assessments generated by the MIL algorithm
and expert gastroenterologists’ clinical feature annota-
tions for individual images (Fig. 4A). Additionally, we pre-
sent characteristic attention maps highlighting regions of
H. pylori colonization at the pixel-level resolution, dem-
onstrating the focal points of our artificial intelligence
algorithms (Fig. 4B—F). Notably, the regions of interest
identified through our computational heat mapping dem-
onstrated significant concordance with suspicious areas
independently identified by experienced endoscopists.
These computer-generated focal regions represent clini-
cally significant predictive features, thereby validating the
interpretability of our HOPE Al diagnostic system.

Discussion

Our research presents HOPE Al an innovative artifi-
cial intelligence-driven diagnostic system for H. pylori
detection, developed using multiple-instance learning
methodology. This comprehensive system was developed

and validated utilizing an extensive dataset comprising
308,887 endoscopic images and 197 video sequences, col-
lected from 6207 subjects across seven medical institu-
tions with varying expertise levels in H. pylori infection
diagnosis. The system demonstrated exceptional diag-
nostic performance metrics, including robust accuracy,
sensitivity, and specificity, both in retrospective image
analysis and prospective clinical evaluation. This inves-
tigation represents the most extensive validated cohort
study globally in the domain of Al-assisted H. pylori
detection utilizing upper gastrointestinal endoscopic
imaging.

H. pylori infection, a well-documented etiological fac-
tor in gastric carcinogenesis, demonstrates global preva-
lence exceeding 50% [28]. While H. pylori eradication
represents a crucial therapeutic intervention in reducing
gastric cancer risk and gastrointestinal disease burden,
diagnostic accuracy remains paramount for effective
treatment protocols. Current diagnostic methodolo-
gies encompass both invasive modalities (histopatho-
logical examination, microbiological culture, and rapid
urease testing) and non-invasive approaches (serologi-
cal antibody detection, 13C/14C-urea breath analysis,
fecal antigen testing, and PCR-based DNA detection).
Despite invasive techniques maintaining gold standard
status in diagnostic algorithms, they present limitations
including temporal inefficiency, cost considerations, and
potential post-biopsy complications [29]. Conversely,
non-invasive methodologies demonstrate susceptibility
to pharmacological interference and inability to assess
intragastric conditions [30]. The potential integration of
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Fig. 3 Receiver operating characteristic (ROC) curves illustrate HOPE Al'ability to detect H. pylori infection. A ROC curve of internal cohort. B

ROC curve of external temporal validation cohort. C ROC curve of external geographical validation cohort. ROC, receiver operating characteristic;
FAHZCMU, H, The First Affiliated Hospital of Zhejiang Chinese Medical University, Hubin Campus; FAHWMU, The First Affiliated Hospital of Wenzhou
Medical University; FHJ, The First Hospital of Jiaxing; FAHZCMU, Q, The First Affiliated Hospital of Zhejiang Chinese Medical University, Qiantang
Campus; WCH, Wenzhou Central Hospital; FAHNU, The First Affiliated Hospital of Ningbo University; HCH, Huzhou Central Hospital, YPH, Yuyao

People’s Hospital of Zhejiang

endoscopic evaluation for concurrent assessment of gas-
tric mucosal status and H. pylori infection status, without
necessitating biopsy, represents a promising diagnostic
paradigm. However, current endoscopic assessment of
H. pylori infection status, while supported by qualitative
mucosal characteristic documentation [4, 5, 31], remains
constrained by inter-observer variability and subjective
interpretation of endoscopic findings among clinicians.
Recent advancements in artificial intelligence appli-
cations within gastrointestinal endoscopy have revolu-
tionized image recognition and processing capabilities,
particularly in enhancing diagnostic accuracy for Heli-
cobacter pylori infection [32, 33]. While conventional
Al-assisted diagnostic systems predominantly utilize
convolutional neural networks (CNNs) [10, 15, 34], these

approaches face limitations in capturing comprehensive
mucosal manifestations due to limited per-patient image
sampling [35]. Furthermore, CNNs’ reliance on image-
level annotations for multi-feature H. pylori infection
detection presents challenges in workflow efficiency and
annotation reliability. To address these limitations and
the inherent opacity of traditional AI models, our inno-
vative system implements a transformer architecture
incorporating self-attention mechanisms for case-level
endoscopic image analysis. This integration with the MIL
framework facilitates automated feature extraction and
relationship mapping in latent space. The incorporation
of LSTM networks enhances temporal pattern recogni-
tion through gated cell structures, enabling long-term
state preservation.
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Fig. 4 Representative images generated from explainability and visualization analysis. A The model's prediction results with the endoscopists’
assessments. All images are sorted according to the risk probabilities predicted by the model, and the judgments of endoscopy experts

and the predicted probabilities of the model at the case level and image level are marked. B-F The visualization of the model’s heatmaps

at the pixel level by class activation mapping. The heatmap’s color depth from blue (less focus) to red (more focus) positively contributed to its
prediction as H. pylori-positive. The red outline represents the positive feature area marked by endoscopic experts. A atrophy, DR diffuse redness, SR
spotty redness, SM sticky mucus, HGF hypertrophy of the gastric fold, N nodularity, RAC regular arrangement of collecting venules, FGP fundic gland

polyp

Current H. pylori diagnostic methods typically ana-
lyze pre-selected, image-level features requiring man-
ual or semi-automatic curation of relevant frames
before annotation and model training [18, 19, 21]. This
approach has significant drawbacks: heavy annotation
requirements, inconsistent observer reliability, and
compromised diagnostic accuracy from relying on lim-
ited image subsets rather than comprehensive assess-
ment [10, 21]. In clinical practice, H. pylori diagnosis is
fundamentally a case-level determination, while indi-
vidual images within cases lack specific labels and vary
greatly in quality and diagnostic relevance. Our MIL
architecture addresses these challenges by treating
each case as a “bag” of images, using attention mecha-
nisms to assign importance scores to individual images
before combining these weighted features into compre-
hensive case-level representations. This approach sys-
tematically identifies diagnostically important images
and discriminative features driving final predictions.
This methodology offers two key advantages: it elimi-
nates time-consuming instance-level annotations and
enhances robustness through attention-guided feature
weighting that effectively filters out imaging noise (blur,

defocus, overexposure, narrow-band imaging varia-
tions). This resilience makes our TransMIL+LSTM
framework a practical and reliable computer-aided
diagnostic system, particularly in clinical environments
where obtaining perfect endoscopic data remains
challenging.

The HOPE AI system demonstrated exceptional diag-
nostic capabilities in H. pylori detection, achieving
sensitivity of 84.7% (95% CI 78.5-90.3%), specificity of
85.7% (81.4-91.2%), accuracy of 85.3% (81.68—88.74%),
and AUC of 0.932 (0.906-0.956). The system’s robust
performance was maintained across diverse valida-
tion cohorts, encompassing both endoscopic imaging
modalities, surpassing expert endoscopist assessment.
While previous artificial intelligence applications in H.
pylori endoscopic detection exist [36], they have been
limited by methodological constraints including sub-
optimal golden standards [37], retrospective validation
approaches [10], insufficient sample sizes [38], single-
center designs [39], and restricted imaging modalities
[18], impeding their clinical applicability and advance-
ment. In alignment with Ghassemi et al’s [40] emphasis
on rigorous Al validation protocols, our investigation
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incorporated prospective data acquisition from seven
medical centers with dual external validation phases,
establishing the system’s robust generalizability across
diverse clinical settings.

Notwithstanding the encouraging outcomes, sev-
eral inherent limitations of the HOPE Al system war-
rant discussion. Primarily, the retrospective nature of
data annotation in both training and internal valida-
tion cohorts may introduce selection bias, although the
prospective external validation phase suggests mini-
mal impact on system performance. Additionally, the
absence of specific algorithmic approaches to address
spatial correlation among frames from identical endo-
scopic video sequences could potentially introduce
systematic bias. Nevertheless, HOPE AI demonstrated
robust diagnostic accuracy across multiple clinical
centers, indicating strong generalizability. Furthermore,
the system’s development and validation use predomi-
nantly Chinese patient data, which limits the possibil-
ity of generalizing the results and necessitates further
investigation of its diagnostic performance in diverse
ethnic populations.

Conclusions

In conclusion, our novel artificial intelligence—based
endoscopic diagnostic system, HOPE AI, demonstrates
superior diagnostic capabilities in Helicobacter pylori
detection through multi-institutional validation utilizing
diverse endoscopic imaging datasets. The system exhib-
its exceptional diagnostic accuracy with sensitivity met-
rics surpassing those of non-specialist practitioners. This
robust performance positions HOPE Al as a promising
computer-aided diagnostic tool for clinical endoscopists
in H. pylori infection screening protocols. Future multi-
center clinical trials and international validation studies
are warranted to establish the system’s generalizability
and facilitate its global implementation in clinical gastro-
enterology practice.
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