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Abstract

Gastrointestinal cancers represent a growing health burden in the South Asian region, driven largely by rapid changes
in socio-economic conditions and lifestyle habits. However, early diagnosis remains limited by inadequate equipment,
financial resources, and scarce Gl expertise. Al-assisted diagnosis and report generation show great promise in alleviating
this problem by providing non-specialist healthcare workers the technical expertise to perform diagnosis. Yet, almost all
open-source, publicly available datasets are predominantly collected from the European region, with minimal represen-
tation from the South Asian region. The lack of open-source Gl datasets from diverse geographic regions has made it
difficult to assess whether population bias is present in existing models, and to develop geographically inclusive Al tools
for automated Gl diagnosis. To address this gap, we introduce SAGE: An Expert-Annotated South Asian Gl Endoscopy
dataset for Multimodal Learning and Hallucination Analysis, for image captioning, multi-label classification, and visual
question answering (VQA) tasks. It consists of 1,300 images, their captions along with hallucination tag, 18 labels
and 14,276 question-answer pairs making it well-suited for diverse range of tasks including classification, benchmarking,
and fine-tuning large multimodal models (LMMs). We further conducted benchmarking of task-specific models, like
multi-class classifiers on the effect of population shift which reveals that such models suffers the most with an average
F1 score drop of 54 points on South Asian dataset. Further, benchmarking of contemporary LMMs reveals a substantial
drop in the average GREEN score for anatomical landmark detection (0.308) and abnormality detection (0.410). We
open-source our dataset under the CC BY-SA 4.0 license, and we hope to encourage others to contribute toward more
inclusive dataset representation and help counteract population bias in medical Al. The code is publicly available at
https://github.com/bhattarailab/SAGE, and the dataset at https://www.synapse.org/SAGE.
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1. Background Colorectal cancer ( 9.9% new cases) and stomach cancer
(7.1%) rank as the second and fourth most incident ma-
lignancies in the region (Ferlay et al., 2024). Upper gas-
trointestinal endoscopy and colonoscopy are minimally in-
vasive procedures for the detection of polyps, adenomas,
0. + Work performed while at NAAMII. early malignancy, and other gastrointestinal pathologies.

Gastrointestinal (Gl) cancers account for a substantial pro-
portion of cancer-related deaths in South-East Asia, ac-
counting for 16.9% of cancer-related deaths in the region.
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SAGE - South Asian Gl Endoscopy Dataset

Table 1: Comparison of publicly available gastrointestinal endoscopy datasets. SAGE is the only dataset collected from
South Asia, addressing the critical lack of regional representation in Gl imaging landscape.

Dataset #Ilmages Primary Tasks Collection Sites
CVC-ClinicDB (Bernal et al., 2015) 612 Polyp segmentation Spain

Kvasir (Pogorelov et al., 2017) 8,000 Multi-class classification Norway
HyperKvasir (Borgli et al., 2020) 10,662 Multi-class classification, Segmentation Norway
Kvasir-Instrument (Jha et al., 2021) 590 Instrument segmentation Norway
GastroVision (Jha et al., 2023) 8,000 Multi-class classification Norway, Sweden
REAL-Colon (Biffi et al., 2024) 2.7M Region of Interest Japan, Austria, ltaly
Kvasir-VQA (Gautam et al., 2024) 6,500 Visual Question Answering Norway
PolypDB (Jha et al., 2025) 3,934 Polyp detection (ROI) Norway, Sweden, Vietnam
GutVLM (Khanal et al., 2025) 1,816 Image captioning, VQA Norway
GastroNet (Jong et al., 2026) 5M Unlabelled Netherlands
GastroEndoNet (Bitto et al., 2025) 4,006 Multi-class classification Bangladesh

Gl Bleeding WCE (Khan and Malik, 2023) 226 Multi-class classification Pakistan
SAGE (Ours) 1,300 Image captioning, Multi-label classification, VQA Nepal

Timely access to these procedures has substantial clinical
value, with evidence showing that endoscopic screening is
associated with a 40% relative reduction in gastric cancer
mortality (Zhang et al., 2018), while colonoscopy screen-
ing reduces colorectal cancer incidence by approximately
one-fifth (Schoen et al., 2012). However, in the South
Asian region, delayed diagnosis remains prevalent, owing
to a persistent shortage of trained gastroenterologists, lim-
ited access to modern endoscopic equipment, inadequate
diagnostic infrastructure, lack of financial support, and lack
of awareness. These factors have collectively contributed
to the increasing burden of Gl cancers in the South Asian
population (Chandrasinghe et al., 2017; Pardamean et al.,
2023).

1.1 Related Works

Early efforts to curate Gl images began with CVC-ClinicDB
(Bernal et al., 2015), which contains 612 images of sin-
gle polyps with their corresponding pixel-level segmenta-
tion masks. Kvasir (Pogorelov et al., 2017) subsequently
extended the Gl dataset landscape by introducing 8,000
images collected from Norway, oriented toward multi-class
classification across 8 categories covering 3 anatomical land-
marks and 3 pathological findings. However, its applicabil-
ity is constrained by the limited number of anatomical and
pathological categories. Hyperkvasir (Borgli et al., 2020)
further extended this landscape with 10,662 labeled images
across 23 class labels, broadening coverage to 6 anatom-
ical landmarks and 12 pathological findings. Despite the
increased class diversity, the dataset retains single-site col-
lection bias, raising concerns about generalizability across

Recent advances in artificial intelligence (Al) have demOn—diverse real world clinical environments.

strated remarkable potential in Gl disease assessment and

GastroVision (Jha et al., 2023) tried to address this

diagnosis, offering a pathway to alleviate this burden through |imjtation by introducing the first multi-site Gl dataset, col-

earlier and more accurate detection - even in the presence
of imaging artifacts - while reducing dependence on scarce
specialists (Anirvan et al., 2020). Despite this promise, the
deployment of Al in high-stakes clinical settings, where al-
gorithmic decisions directly impact patient outcomes, re-
mains a subject of considerable debate. A critical and
underexplored concern is the bias inherent in existing Gl
datasets: as shown in Table 1, contemporary benchmark
datasets are predominantly sourced from European institu-
tions, with minimal representation from South Asia. Across
geographical boundaries, factors such as endoscopic device
quality, bowel preparation standards, disease prevalence
and distribution, and image colour characteristics vary con-
siderably. This lack of representational diversity raises fun-
damental questions about the transferability and clinical
applicability of Al-based Gl diagnostic tools beyond the
populations on which they were trained.

lecting 8000 images from two hospitals in Norway and Swe-
den, covering 27 different classes. REAL-Colon (Biffi et al.,
2024) further broadened the geographic coverage by col-
lecting 2.7M colonoscopy frames from sites in Japan, Aus-
tria and ltaly to target real world generalizability. More re-
cent efforts have focused on specialized, single-task dataset:
PolypDB (Jha et al., 2025) provides 3,934 images with
region-of-interest annotation for polyp detection and Kvasir-
Instrument (Jha et al., 2021) offers 590 images for surgical
instrument segmentation. However, the datasets are ori-
ented toward classification and segmentation tasks, which
are insufficient for training and benchmarking the medical
reasoning and language understanding capabilities of mod-
ern LMMs.

Kvasir-VQA (Gautam et al., 2024) extended Hyper-
Kvasir and Kvasir-Instrument by introducing image cap-
tioning and visual question answering (VQA) tasks, en-
abling Al model development in natural language process-
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ing landscape for Gl images. The dataset contains 58,800
question-answer pairs spanning 19 question types, includ-
ing yes/no, color recognition, counting, multiple-choice,
and location queries. However, its closed-ended format
with a restricted answer space neither adequately exercises
the linguistic capabilities nor medical reasoning of mod-
ern LMMs. Kvasir-VQA-x1 (Gautam et al., 2025) par-
tially addressed this by introducing complex questions re-
quiring multi-step reasoning, enabling evaluation in open-
ended settings. Nevertheless, both datasets have limita-
tions in clinical validity: Kvasir-VQA relied on computer
scientists with minimal medical knowledge for annotation,
while Kvasir-VQA-x1 used LMMs as adjunct annotators
rather than clinical experts, raising concerns about the clini-
cal accuracy of the resulting labels. GutVLM (Khanal et al.,
2025) extended Kvasir dataset by formulating 12 clinically
grounded questions with Gl expert involvement and used
Al assistance for caption generation, subsequently verified
by medical experts.

Despite these efforts, Gl imaging datasets remain heav-
ily concentrated in the European region, raising concerns
about population bias and limiting applicability in underrep-
resented regions such as South Asia. Where South Asian
datasets do exist, their scope remains narrow: GastroEn-
doNet (Bitto et al., 2025) was collected from Bangladesh
but restricted to GERD and polyp classification, while the
Gl Bleeding WCE dataset (Khan and Malik, 2023), col-
lected from Pakistan, covers only bleeding and lesion clas-
sification. Such narrow task coverage limits their suitabil-
ity for broader range of tasks including benchmarking and
finetuning modern LMMs. To address this gap, we intro-
duce SAGE, the first expert annotated Gl image captioning
and VQA dataset from South Asia dedicated to enabling
the development of geographically inclusive LMMs and the
systematic assessment of biases present in existing mod-
els trained predominantly on Gl datasets from European
populations.

2. Summary

SAGE addresses a critical representation gap in the Gl en-
doscopy dataset landscape by introducing the first expert-
annotated South Asian Gl imaging dataset to support such
a broad range of tasks including image captioning, VQA,
multi-label classification, and hallucination-aware fine-tuning.
Further, the study also benchmarks the performance of five
contemporary LMMs including Qwen 2.5 VL 72b, Gemini-
3 Flash Preview, Gemma 4 31B, Grok 4.3, and Claude
Sonnet 4.6 on Gl image captioning tasks and additionally
conducts experiments to study geographical bias in model
performance.
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3. Discussion

Table 2: Clinical categories and summarized prompt ques-
tions used to guide GPT-based Al-assisted annotation of
endoscopy images. For brevity and due to manuscript space
constraints, only condensed versions of the questions are
shown. The complete prompt template is available in the
code repository.
Category
Visibility

Question Summary
Quality of view; presence
and type of obstruction
Whether a specific section
of Gl tract is identifiable
Presence, description, and
color of landmarks

Section identification

Anatomical landmarks

Polyps Count, location, and
PARIS classification
Instruments Name, location, action,

and target of instruments

Vascular abnormalities Name, color, and position
Structural abnormalities Name, color, and position
Growth abnormalities Name, color, and position
Other abnormalities Name, color, and position
Inflammation Name, color, and position
Infection Name, color, and position
Special findings Description

SAGE consists of 1,300 de-identified Gl images that
are collected from Dhulikhel Hospital, Nepal along with de-
scription answering 12 Gl expert curated questions, 14,276
question-answer pairs, multi-label categories spanning 18
distinct classes, as illustrated in Table 3. The dataset fur-
ther includes GPT-generated descriptions for each Gl im-
age, accompanied by expert-curated tags identifying hallu-
cinated content and their corresponding corrections. The
dataset includes annotation in JSON format, metadata in
CSV format, and images in JPG to facilitate discovery and
downstream use. This dataset has been prepared in accor-
dance with the FAIR principles to support findability, ac-
cessibility, interoperability, and reusability (Wilkinson et al.,
2016).

Due to resource constraints, only 1,300 images could
be collected and annotated for this initial release. Addi-
tionally, the collection site lacked video recording and stor-
age capability for full endoscopic procedures; consequently,
the available images are limited to those that the perform-
ing gastroenterologist deemed necessary to save. We at-
tempted to mitigate this selection bias through expert re-
view; however, residual selection bias introduced by the per-
forming gastroenterologist may still persist in the dataset.
This infrastructure limitation also resulted in a restricted
number of high-visibility images for certain classes, such as
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The endoscopy image shows a section of the
<H>oesophagus</H> with good visibility, though there
is some frothy mucus present, which slightly obscures
the view. The anatomical landmark visible is the
<H>squamocolumnar junction</H>, which appears
pinkish in color. There are no polyps, instruments,
vascular abnormalities, or structural abnormalities, visible
in the image. There are no signs of inflammation or
infection.

The endoscopy image shows a section of the
stomach with good visibility, though there is
some frothy mucus present, which slightly
obscures the view. The anatomical landmark
visible is the pylorus, which appears pinkish in
color. There are no polyps, instruments, vascular
abnormalities, or structural abnormalities, visible
in the image. There are no signs of inflammation
or infection.

You are a gastroenterologist with expertise
in endoscopic image interpretation. You
are given a endoscopy image along with
questions. Describe the image in a single
paragraph such that the description
answers all the questions. Base your
description strictly on visual evidence.
<QUESTIONS> <IMAGE>

Image

Prompt GPT Response with Hallucinated Tag Expert Corrected Description

Figure 1: Overview of SAGE dataset annotation pipeline. Top: endoscopy images and associated metadata are collected
from hospital, sampled by GI experts, anonymized, and processed through an Al-assisted annotation workflow for
description generation and VQA extraction. Bottom left: prompt template used to generate image description from a
endoscopy image and predefined questions. The predefined questions are shown in Table 2. Bottom right: example of

Al-generated description containing hallucinated findings highlighted in red and the corresponding Gl expert correction

shown in green. <H>...</H> denotes hallucinated markers.

mucosal growths and bulges, and certain anatomical land-
marks, most notably the landmarks of lower GI.

Furthermore, as the study was retrospective in nature
and the collection site lacked an effective metadata storage
system, demographic details (age, gender), as well as pro-
cedure metadata such as the device used, are unavailable
for a significant proportion of records. Reported summary
statistics for age and gender distribution are therefore de-
rived from the subset of patients with available metadata,
representing approximately 56.06% of the patients.

To address these limitations, we plan a future multi-
site prospective study to collect Gl images while prioritiz-
ing systematic collection of procedure metadata, patient
demographics, and coverage of a broader range of anatom-
ical landmarks and pathological findings.

Independent of these future directions, users are encour-
aged to treat model outputs as supplementary decision-
support rather than a substitute for expert clinical judg-
ment, and to ensure proper attribution and sharing of any
derivative works under the same license. Furthermore, users
must ensure the ethical handling of the data, refraining
from any attempt at re-identification or misuse of sensitive
information.

4. Resource Availability
4.1 Data/Code Location

The dataset is publicly available on Synapse (DOI: 10.730

bhattarailab/SAGE.

4.2 Potential Use Cases

SAGE provides expert-annotated dataset for fine-tuning
LMMs on Gl image captioning and VQA, extending LMM
capabilities to the Gl imaging domain. Further, the hallu-
cination span tags for GPT-generated responses, together
with the expert-annotated corrections in our dataset, en-
able hallucination-aware fine-tuning (Khanal et al., 2025)
of LMMs. This approach has demonstrated notable im-
provements in response quality, as models learn to gen-
erate accurate clinical descriptions while also developing
explicit awareness of hallucination patterns. The dataset
additionally provides class labels for multi-label classifica-
tion, usable to train and evaluate deep learning models,
supporting robust Gl image classifiers and generalizable vi-
sion encoders.

Clinically, the breadth of annotations and geographic
diversity in SAGE can support development of more accu-
rate, robust LMMs for real-world deployment in underrep-
resented settings such as South Asia, where Al-assisted Gl
screening may help address resource constraints and im-
prove access to timely diagnostic support. Furthermore,
as the first expert-annotated South Asian Gl endoscopy
dataset supporting image captioning, VQA, and multi-label
classification, SAGE provides a structured benchmark for
evaluating geographic bias in contemporary Al models, ad-

3/syn75397327) (Oli et al., 2026) at https: //www.synapse dressing a longstanding gap in assessing model performance

org/SAGE. The code used for dataset development and val-
idation experiments is available at https://github.com/

beyond European populations.
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4.3 Licensing

This dataset is released under the Creative Commons At-
tribution ShareAlike 4.0 International License (CC BY-SA
4.0)!. Users may share and adapt the dataset, including
for commercial purposes, provided that appropriate credit
is given and any adapted material is distributed under the
same or a compatible license.

5. Methods
5.1 Data Details

Table 3 presents detailed dataset specifications, Figure 3
shows per-label sample counts, and Figure 2 illustrates the
image types (anatomical landmarks, foreign bodies, luminal
findings, polyps, and instruments).

Table 3: SAGE dataset composition and specification.
fDemographic statistics are derived from the subset of pa-
tients with available metadata (56.06% of the patients).

Characteristics Value
Image Properties
Total images 1,300
Image resolution 768px x H76px
Image format JPG
Collection
Patients 290
Visits 371
Average images per patient 4.48 £+ 3.55
Average images per visit 3.50 £ 1.96
Age'
Mean + SD 52.35 + 17.36
Median [Min, Max] 51 [3, 88]
Gender' (in %)
Male 46.63%
Female 52.76%
Annotation
QA Pairs 14,276
Unique Classes
Anatomical landmarks 5
Section 4
Luminal findings 8
Instrument 1

5.2 Methods Used for the Data Creation

SAGE was constructed through a multi-stage pipeline en-
suring clinical relevance, patient privacy, and accurate mul-
timodal annotations. Figure 1 overviews these steps, which
are detailed in the following subsections.

1. https://creativecommons.org/licenses/by-sa/4.0/
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5.2.1 Data Acquisition

This study was retrospective in design; thus, images were
collected from the hospital's endoscopy database. Prior
to data acquisition, a list of predefined target findings,
based on their prevalence in South Asia, was established
by the gastroenterology (Gl) experts within the research
team. This list served as the basis for manually screening
patients from the procedure logbook entries. To ensure
that the dataset comprised clinically significant images two
senior gastroenterologists curated a representative image
selection for each patient. Images containing duplicates,
near-duplicates, motion blur, or out-of-focus frames were
excluded, with preference given to images demonstrating
pathological findings or distinct anatomical landmarks.

In addition to images, metadata with patient age (in
years), gender, and the endoscopy device used were col-
lected. However, due to infrastructure constraints, com-
plete metadata collection was not possible for all cases;
device information was available for only 226 of the im-
ages (17.38%), while age and gender information were
missing for a subset of cases. Among the recorded de-
vices, the Olympus GIF-1TQ160 was the most frequently
used model (67 images), followed by the Olympus GIF-
Q165 (39), Olympus CF-Q165L (38), Olympus CF-Q145L
(31), Olympus CF-Q165I (28), Olympus GF-160 (9), CF-
H180A1 (6), GIF-HQ190 (5), and Olympus GIF-H185 (3).
Descriptive statistics for all available metadata are pre-
sented in Table 3.

5.2.2 Anonymization Protocol

The Gl images in the hospital's database were originally
stored in JPG format. To anonymize them, only the RGB
pixel data were extracted, producing new image objects free
of the original EXIF and other ancillary metadata. However,
because the image capture timestamp had been overlaid di-
rectly onto the pixel data rather than stored as metadata, it
remained visible in the copied images and required separate
handling.

For patient-level anonymization, images were grouped
by patient and visit, with each image assigned a randomly
generated patient UUID and visit UUID; no mapping be-
tween these and the original patient records was retained.
Visit dates were converted to relative timestamps, with the
first image in each visit designated as t = 0, and all visible
dates subsequently redacted from the images. All images
were then manually verified to confirm completeness and
accuracy of the redaction. Through this process, all images
were anonymized while retaining key clinical metadata, in-
cluding patient gender, age at the time of procedure, device
information, and relative timestamp for each sample.
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Figure 2: Example images from SAGE dataset illustrating anatomical landmarks, gastrointestinal segments, instruments,
and abnormalities. Images with green labels correspond to upper gastrointestinal (Gl) tract images, whereas those with
blue labels correspond to lower Gl tract images. Asc. colon and Desc. colon denote the ascending and descending

colon, respectively.

5.2.3 Al Assisted Annotation

The anonymized images were each passed to GPT-40 (Ope-
nAl et al., 2024) along with a structured prompt compris-
ing 12 questions prepared by Gl experts, as illustrated in
Figure 1. As the GPT-generated descriptions may contain
hallucinated information, each output was reviewed and
corrected by a Gl expert. Hallucinated spans and their
corresponding corrections were tagged and stored, and has
been released alongside the dataset. The corrected diagnos-
tic description was subsequently passed to GPT-4o-mini to
structure the content into 12 question-answer pairs, with
non-applicable questions removed during this step. GPT-
4o0-mini was selected for this step owing to its lower cost
and the comparatively reduced complexity of the question-
answer extraction task relative to the initial description gen-
eration. The resulting question-answer pairs were further
evaluated by a Gl expert to ensure clinical accuracy. All an-
notations were performed by two medical experts using our
in-house annotation software, and subsequently reviewed
by three senior gastroenterologists from Dhulikhel Hospi-
tal.

Similarly, Gl experts on our team reviewed the corrected
description of each image to assign the applicable label(s)
from a set of 18 pre-defined classes. Patient-level classes
were then obtained by taking the union of classes across

all images belonging to a given patient. This patient-level
class set was used to perform multi-class stratified sam-
pling, splitting patients into train (70%) and test (30%)
sets. This approach prevented patient-level train-test leak-
age while preserving class distribution across the two splits.

6. Validation

6.1 Inter-Rater Disagreement

To validate the agreement between annotators, inter-rater
agreement was measured using Krippendorff's v which ac-
commodates multiple raters, missing data, and supports
different levels of measurement (Giannantonio, 2010). A
random sample of 100 images was drawn from the dataset
and independently annotated by three medical expert anno-
tators. Inter-rater disagreement was computed across six
clinically relevant categories: visibility, section identifica-
tion, landmark identification, polyp detection and counting,
instrument detection, and abnormality detection. Krippen-
dorff's o was computed using the Python krippendorff
library (Castro, 2017). The coefficient ranges from —1 to
+1, where —1 indicates systematic disagreement, 0 indi-
cates agreement at chance level, and 41 represents perfect
agreement. Results are reported in Table 4.

Instrument detection (v = 0.694) and polyp count
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Figure 3: Distribution of annotated frames across 18 classes in the multi-label gastrointestinal endoscopy dataset.

micro averaging as the evaluation metrics. Weighted and
micro averaging considers the support for each class while
macro averaging treats all the class equally.

The baseline results are reported in Table 5. The DenseNet

Table 4: Inter-rater agreement in endoscopic image cap-
tioning across clinically relevant categories, measured using
Krippendorff's a.

Category Scale Q@ Examples del ) | ; ResNet in all th |
Vishilty  Ordinal 05803 {good, i, norview) Ul consistently outperforms ResNet in al the evalua-
Section Nominal 0.5300 {stomach, colon, ..} tion metrics. However, both of the model suffer from class

Landmark Nominal 05123 {GEJ, pylorus, ..} |ml;a|ance evident by the dlfFeljer;cedln V)X\eFl)gh';e(:) averlilge
Instrument ~ Nominal 0.6945 {snare, forceps, ..} and macro average scores (weighted m of Densellet

Abnormality Nominal 0.6211 {ulcer, blood, .} = 0-4220 and macro mAP = 0.3041). We further used
Polyp Count Ratio  0.7571 [0, o0 ResNet and DenseNet, preltr_:lralned on the HyperP}(L;/asw da.taset,
represented by ResNet-50" and DenseNet-121", and fine-
tuned them on SAGE dataset. This pretraining boosted the
(v = 0.757) both exceed the threshold of 0.667, which performance of both models across all the metrics, where
Krippendorff defines as the lower bound for drawing ten- ResNet’ macro mAP increases from 0.1819 to 0.2154 whereas
tative conclusions (Giannantonio, 2010). Abnormality de- for DenseNet” macro mAP increases by 0.0921.
tection (o = 0.621) and visibility (« = 0.580) approach
this threshold, reflecting the inherent perceptual variability Table 5: Baseline multi-label classification performance
in assessing endoscopic findings. The comparatively lower (mAP). H denotes models initialized with weights pre-
agreement for section identification (o = 0.531) and land- trained on HyperKvasir, with the classification head re-
mark identification (a = 0.512) is expected given the mor- initialized prior to fine-tuning on the target dataset.

phological complexity and anatomical ambiguity involved in Model Weighted Macro Micro
gastrointestinal tract assessment (van Doorn et al., 2015). ResNet-50 0.3130 0.1819 0.3098
These values are consistent with inter-rater agreement lev- DenseNet-121 0.4426 0.3041 0.4580
els reported in the endoscopy literature (van Doorn et al., ResNet-507 0.5128 0.3973 0.5177
2015; Garcia-Peraza-Herrera et al., 2020). DenseNet-1217  0.5146  0.3962 0.5334

6.2 Baseline Performance

We performed multi-label classification experiments on SAGE6'3 Effects of Population Shift

dataset as a baseline for future experiments. We trained The consequences of population shift in Al models, espe-
ResNet-50 and DenseNet-121 on SAGE dataset and used cially for Gl imaging, remain an underexplored area of study.
mean average precision (mAP) with weighted, macro, and To investigate this effect, we trained multi-class classifica-
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tion models separately on two European datasets - Hyper-
Kvasir and GastroVision - and evaluated them on SAGE
dataset from South Asia. Because the label spaces dif-
fered between the datasets, those of HyperKvasir and Gas-
troVision were mapped onto SAGE's label space, consider-
ing class hierarchy and Gl expert judgment. Samples with
classes not present in SAGE were removed. The complete
experimental details are available in our code repository.

The results are reported in Table 6, which shows that
the performance of models trained on European datasets
decreases substantially when evaluated on the South Asian
dataset. For HyperKvasir-trained models, the F1 score
drops by 0.7543 for ResNet and by 0.6691 for DenseNet; a
similar trend is observed for the GastroVision-trained mod-
els. This highlights the need for more geographically di-
verse and inclusive datasets, which would aid the deploy-
ment of health Al models in low and middle income coun-
tries.

Table 6: In-domain vs. external (ours) performance of
ResNet-50 and DenseNet-121 trained on HyperKvasir and
GastroVision, illustrating the impact of population shift.
F1/P and FSAGE represent the F1 score on their own test
set and on SAGE dataset, respectively.

Dataset Model F1/0  F15AGE

Hyperkvasir  ResNet-50 0.8707 0.1164
DenseNet-121  0.8382  0.1691

Gastrovision ResNet-50 0.5738  0.1265
DenseNet-121  0.5650 0.2431

6.4 Benchmarking Contemporary LMMs

Having established that task-specific classifiers trained on
European data degrade sharply under population shift, we
ask whether general-purpose LMMs inherit the same fragility
and how reliably they perform on South Asian Gl endoscopy.
We benchmark five contemporary LMMs on SAGE dataset:
each model generates a caption per image, which is con-
verted into QA pairs for fine-grained evaluation across six
clinically relevant tasks and scored against ground truth
using the GREEN model (Ostmeier et al., 2024), where
a higher score indicates closer clinical agreement. Overall
per-model scores and per-category breakdown are reported
in Figure 4.

Unlike the narrow classifiers, contemporary LMMs re-
mains comparatively robust overall with Gemma 4 31B the
strongest at mean GREEN score of 0.73. This aggregate
robustness, however, masks where the models fail. The
per-category scores in the Figure 4 show performance col-
lapsing on abnormality detection which falls to low as 0.23
and on landmark identification, which ranges from only
0.23 to 0.41 across all the models, even as some models

Gemini 3 Flash 1 0. 0.88 | 0.90 [oXI-M 0.71 | 0.95 _ 1.0

2

Grok 4.3 - 0.23 ﬂ 0.42 0.64‘ 8

[

z

[0)

c

Claude Sonnet 4.6 - 0.32 0.23 0.49 gexcPAH | 0.60 3
=

Qwen 2.5-VL 72B - 0.26 ﬁ 0.45 0.96 NI 0.0

!

0.31 [ E 0.41 067 [N < Ave.
{ 7 X )
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F& T & ¢ L&
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Figure 4: GREEN score of contemporary LMMs across six
clinically relevant task. Higher is better. Average values
are denoted by grayscale cells.

score up to 0.96 on infection.

Failure on abnormality detection and anatomical land-
mark identification is especially concerning, as these tasks
require Gl-specific clinical knowledge and Gl scene under-
standing capability. This weakness is shared by every model
rather than confined to one, a consistency that points to a
limitation of current LMMs on this dataset rather than a
quirk of any single system. High aggregate scores therefore
offer little assurance of clinical safety: a model can caption
common findings well while still failing on the cases that
matter most. Closing this gap calls for geographically repre-
sentative, expert-annotated data such as SAGE, not as an
out-of-distribution test set, but integrated into the training
and evaluation of LMMs.
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