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Abstract
Gastric intestinal metaplasia (GIM) is a histopathologically confirmed precursor to gastric adenocarcinoma. Early,
accurate detection remains a clinical challenge, and AI-assisted endoscopy is a promising solution. We present GIM-
ENDO, a publicly available multimodal dataset comprising 98 endoscopic still images and 39 video clips from 24
patients (22 GIM-positive, 2 normal controls), acquired with the Olympus EVIS X1 system under white-light en-
doscopy (WLE), narrow-band imaging (NBI), and magnifying NBI (M-NBI). All cases are histopathologically con-
firmed. Annotations cover six IEE endoscopic signs (LBC, MTB, WOS, TV pattern/Fusion, atrophy, MLE), GIM
subtype (complete/incomplete), and OLGA/OLGIM staging where available. The dataset is publicly accessible at
https://doi.org/10.5281/zenodo.20707267. For the latest updates, refer to https://databiox.com.
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1. Background

Gastric cancer accounts for approximately 1.1 million new
cases and 769,000 deaths annually, ranking as the fifth
most common malignancy and the fourth leading cause
of cancer death worldwide (Sung et al., 2021). The ma-
jority of gastric adenocarcinomas arise through the Cor-
rea cascade: normal mucosa → chronic gastritis → at-
rophic gastritis → intestinal metaplasia → dysplasia → car-
cinoma (Correa, 1992). GIM represents the first irreversible
step and substantially elevates cancer risk, particularly in
the incomplete subtype (González et al., 2020; Wang et al.,
2023).

AI-assisted image-enhanced endoscopy (IEE) has emerged
as a promising complement to clinical practice. Deep learn-
ing systems approach or exceed expert accuracy for gas-
trointestinal lesion detection (Hirasawa et al., 2018; Mori

et al., 2018), and GIM-specific studies demonstrate encour-
aging performance with IEE (Dohi et al., 2020; Martins
et al., 2025). However, clinical translation remains con-
strained by the scarcity of openly accessible, annotated,
multimodal datasets with histopathological validation, IEE-
sign annotations, and normal mucosal controls.

1.1 Related Resources

Few public datasets integrate histopathologically validated
GIM with detailed IEE-sign annotations, standardized grad-
ing, and normal controls in a single resource. Yang et al.
(2023) released 21,493 WLE/linked-colour-imaging images
for binary IM/atrophy classification, without IEE-sign char-
acterisation. GastroHUN (Bravo et al., 2025) offers 8,834
images across 22 anatomical landmarks, without GIM-specific
labels. HyperKvasir (Borgli et al., 2020) covers broad gas-
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Table 1: Comparison of GIM-related public datasets.
Dataset Pub. N Sub. IEE OLGA
Yang et al. (Yang et al., 2023) ✓ 21k – – –
Ligato et al. (Ligato et al., 2024) ✓ 1,384 – – –
Fang et al. (Fang et al., 2024) – 2,725 ✓ – ✓
GastroHUN (Bravo et al., 2025) ✓ 8,834 – – –
HyperKvasir (Borgli et al., 2020) ✓ 110k+ – – –
GIM-ENDO (Ours) ✓ 99 ✓ ✓ ✓
Pub.: publicly available; N: number of images; Sub.: GIM subtype;

IEE: IEE-sign annotations; OLGA: OLGA/OLGIM staging.

trointestinal findings without dedicated GIM labeling. Ta-
ble 1 summarises these resources.

1.2 Novelty

GIM-ENDO is, to our knowledge, the first public multi-
modal dataset combining histopathological validation, ex-
pert IEE-sign annotation (LBC, MTB, WOS, TV pattern,
MLE, atrophy), GIM subtype labeling, OLGA/OLGIM stag-
ing, and normal mucosal controls in a single resource. The
dataset supports AI tasks aimed at improving targeted biopsy,
endoscopic resection planning, and early interruption of the
carcinogenesis cascade.

2. Summary

2.1 Vision and Objectives

GIM-ENDO is designed to enable AI models capable of real-
time GIM detection and characterization from IEE data.
Key objectives are: (1) extraction of discriminative endo-
scopic features (WOS, LBC, MTB, TV pattern, atrophy,
MLE); (2) binary GIM classification and complete/incomplete
subtype prediction; and (3) automated OLGA/OLGIM risk
staging to support clinical decision-making worldwide.

2.2 AI Readiness

Data are provided in standard formats (JPEG, PNG, MP4)
with consistent file naming that encodes anatomical loca-
tion, modality, and annotated features. All metadata and
per-image/per-case annotations (endoscopic features, GIM
subtype, OLGA/OLGIM stage, H. pylori status) are stored
in a structured Excel (.xlsx) file linked to media files via
unique identifiers. No predefined train/validation/test split
is included, allowing flexible, task-specific partitioning.

2.3 Resources Needed

The dataset is accessible at https://doi.org/10.5281/
zenodo.20707267. Standard Python libraries (NumPy,
Pandas, OpenCV, PyTorch, TensorFlow) are sufficient for
data loading and model development. Given the current

Table 2: Demographic and pathological characteristics.
Characteristic GIM+ Control
N (patients) 22 2
Images / Videos 92 / 34 6 / 5
Age, Median (IQR)† 59 (55–68) N/A
Sex, Female N (%) 14 (63%) 1 (50%)
H. pylori +, N (%) 4 (20%) —
Complete GIM 8 —
Incomplete GIM 7 —
Complete + Incomplete 3 —
Subtype Unconfirmed 4‡ —
OLGA I–II 5 —
OLGA III–IV 1 —
OLGA Not Assessed 16§ —

† Age/sex missing for 1 patient (2617). ‡ GIM-positive, subtype not
further classified (patients 2609, 2617, 2618). § Incomplete

biopsy-site sampling in 15/21 cases.

Table 3: IEE endoscopic signs in GIM-positive cases (pa-
tient level).

Sign GIM+ (N = 22)
LBC (Light Blue Crest) 16 / 22 (73%)
MTB (Marginal Turbid Band) 5 / 22 (23%)
WOS (White Opaque Substance) 4 / 22 (18%)
TV pattern (Fusion) 12 / 22 (55%)
TM (Transparent Mucosa) 14 / 22 (64%)
MLE (Map-like Erythema) 5 / 22 (23%)

dataset size (≈98 images, 39 video clips), experiments can
be run on CPU-based systems; GPU use is optional.

3. Methods

3.1 Data Details

Consecutive adults (≥18 years) undergoing upper GI en-
doscopy for dyspepsia, screening, or surveillance were prospec-
tively enrolled across multiple centers. Exclusion criteria:
prior gastric surgery, history of gastric malignancy, active
upper GI bleeding, or inadequate biopsy samples. Demo-
graphic and pathological characteristics are in Table 2.

Table 3 shows the distribution of IEE endoscopic signs
at patient level.

3.2 Methods Used for Data Creation

All procedures used the Olympus EVIS X1 system (pro-
cessor: CV-1500). Gastroscopes were CF-EZ1500DL (pri-
mary) and CF-H190L (subset). Modalities: WLE, M-NBI,
and NBI with near focus. Still images: JPEG/PNG at
2879×1799 px (full-frame) and 657×454 px (near-focus).
Videos: MP4, 30 fps, ≈50 s, 1920×1080 px. Each anatomi-
cal location (antrum, body/corpus, incisura angularis, prepy-
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Figure 1: Representative endoscopic images from the GIM-
ENDO dataset. File names encode anatomical location,
modality, and detected features (e.g., LBC, WOS, TV pat-
tern).

Figure 2: Structured annotation and metadata file (XLSX).
Columns include demographics, IEE findings (LBC, MTB,
WOS, TV pattern, MLE, TM), and histopathological out-
comes (GIM subtype, atrophy, dysplasia).

loric region) was documented as both a still image and a
video clip.

The initial release contains 137 samples (98 still images,
39 video clips), all histopathologically confirmed. Suspi-
cious lesions prompted targeted biopsies per the updated
Sydney Protocol (Dixon et al., 1996); confirmed cases were
recorded and annotated by experienced advanced endo-
scopists. The file naming convention encodes anatomical
location, modality, and detected IEE features (e.g., LBC,
WOS, TV pattern), facilitating structured traceability.

4. Validation
4.1 Quality Control and Ground-Truth Verification
All files were inspected for completeness, correct anatomi-
cal labeling, and absence of identifiable information prior to
inclusion. Ground truth was established through four steps:
(i) targeted biopsies per updated Sydney Protocol; (ii) inde-
pendent histological assessment by two board-certified GI
pathologists; (iii) expert annotation by multiple advanced
endoscopists with standardized IEE-sign definitions; and
(iv) consensus-based resolution of discordant cases. Cases
without complete biopsy-site coverage were excluded from
definitive OLGA staging and flagged in the annotation file.

4.2 Annotation Consistency

Standardized definitions were applied consistently. Formal
inter-rater and intra-rater reliability were not assessed in
this pilot release (acknowledged as a limitation in Sec-
tion 5.2). Users should note that MTB and TV-pattern
subcategories are inherently subject to inter-observer vari-
ability.

4.3 Benchmark Protocol

No predefined data split is provided, allowing task-specific
partitioning (e.g., patient-level). Supported tasks include
binary GIM detection, subtype classification (complete vs.
incomplete), per-sign detection, and OLGA/OLGIM stag-
ing. Evaluation metrics (e.g., AUROC, sensitivity at fixed
specificity) should be chosen according to the intended clin-
ical application.

5. Discussion

5.1 Strengths

GIM-ENDO is clinically grounded and systematically anno-
tated, integrating multimodal endoscopic data (WLE, M-
NBI, NBI), histopathological confirmation, and structured
metadata. Unlike prior datasets relying solely on static im-
ages, the inclusion of video clips provides a richer represen-
tation of mucosal dynamics. The fine-grained annotation
of six IEE signs supports both binary GIM detection and
advanced per-feature classification, enabling interpretable
AI systems aligned with clinical practice.

5.2 Limitations and Biases

The primary limitation is modest sample size in this ini-
tial release (98 images, 39 videos). Normal control cases
are limited owing to the high prevalence of H. pylori and
environmental risk factors in the studied population. For-
mal inter-/intra-rater reliability was not assessed. Rare
OLGA/OLGIM stages (III–IV) and the incomplete GIM sub-
type are underrepresented. Future releases will expand co-
hort size, add multi-center data, and include multi-expert
consensus annotation.

5.3 Responsible Use

GIM-ENDO is intended for non-commercial research only.
Models must not be deployed clinically without indepen-
dent prospective validation. Re-identification attempts, com-
mercial use, and surveillance applications are strictly prohib-
ited under the CC BY-NC 4.0 license (https://creativecommons.
org/licenses/by-nc/4.0/).
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6. Resource Availability

GIM-ENDO is publicly available at https://doi.org/10.
5281/zenodo.20707267. The repository contains 98 still
images (JPEG/PNG), 39 video clips (MP4/MKV), and
anonymised clinical metadata in a structured .xlsx file.
All files use consistent naming conventions; media–metadata
linkage is via unique identifiers.

Target ML tasks: binary GIM detection; subtype clas-
sification (complete vs. incomplete); per-sign detection (LBC,
MTB, WOS, TV pattern, atrophy, MLE, AHP, GA); OLGA/OLGIM
staging. Clinical domain: upper GI endoscopy for pre-
malignant lesion screening and risk stratification. License:
CC BY-NC 4.0. For the latest updates, visit https://
databiox.com.
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