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Abstract

Everyday medical photographs, or images of people or body parts captured with ordi-
nary cameras, are widely accessible to patients but neglected in medical AI benchmarks.
To address this gap, we introduce MedPhoto, a dataset of 984 expert-verified multiple-
choice questions spanning seven topics, including Eyes, Trunk & Extremities and Head
& Neck, and requiring both recognition of fine-grained visual details and complex medi-
cal reasoning. We evaluate three vision-language models (VLMs) under a multiple-choice
setting, and find that Gemini-3 and GPT-5 achieve 78% and 68% accuracy respectively,
while MedGemma only reaches 39%. MedPhoto exposes significant gaps in current VLMs’
ability to interpret everyday medical photographs, highlighting the need for models that
can reason more robustly about the medical content in natural images.

Keywords: Benchmark, evaluation, natural images, medical images, visual question-
answering

1. Introduction

Though it is trivial for patients to photograph injuries, swelling, and other health concerns
and ask chatbots for advice, everyday medical photographs have not been systematically
studied as a category, with past works instead emphasizing specialized imaging modalities
such as X-rays and histopathology slides (Liu et al., 2025b; Yang et al., 2021; Liu et al.,
2025a; Bae et al., 2024). In addition to making up the most accessible form of medical
imagery, these photographs offer value across diverse use cases (Eme, 2023; Vilella and
Reddivari, 2023; Yousef et al., 2024; Mealie and Manthey, 2024), and they present a dis-
tinct technical challenge at the intersection of natural image interpretation and medicine.
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Figure 1: Examples of everyday medical photographs in our benchmark are paired with
their corresponding expert-verified multiple-choice questions (left). Model accu-
racies on the full benchmark (right) show substantial performance gaps, with
Gemini-3 outperforming GPT-5 and MedGemma.

Interpreting these images requires both sophisticated visual perception and domain-specific
reasoning, as even fine-grained details– slight redness around a surgical site, or a mismatch
between the gazes of two eyes– can carry outsized clinical implications.

To address this blind spot, we introduce MedPhoto, a benchmark of 984 expert-verified
multiple-choice questions derived from PubMed Central photographs. The benchmark spans
seven topic areas, including Head & Neck, Mouth & Jaw, Trunk & Extremities, and Surgical
& Procedural, and tests whether models can both interpret the base visual content in images
and draw accurate medical conclusions from it. When tested on our benchmark, leading
VLMs show substantial performance variation, ranging from 78% accuracy (Gemini-3) to
just 39% (MedGemma). Our work thus highlights gaps in models’ performance on an
important category of medical tasks, in addition to presenting a challenging new benchmark
for natural image understanding (Figure 1).

2. Related Work

Benchmarks designed to assess medical image interpretation in VLMs have centered on spe-
cialized clinical imaging modalities such as X-rays, retinal fundus photos, and histopathol-
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ogy slides (Liu et al., 2025b; Yang et al., 2021; Ye et al., 2023; Liu et al., 2025a; Bae et al.,
2024). Medical datasets with a focus on standard photographs are comparatively frag-
mented and dedicated to specific topics. The most prominent medical photograph datasets
focus on dermatology (Yim et al., 2024; Zeng et al., 2025). Additional image and video
datasets have narrowed in on specific musculoskeletal or neurological symptoms, such as
gait abnormalities (Zhou et al., 2024; Zafra-Palma et al., 2025; Bandini et al., 2021). Our
benchmark is the first to identify everyday medical photographs as a distinct modality worth
studying across specialties and conditions.

Of past benchmarks, PMC-VQA is most similar to our work as it also creates questions
based on images from PubMed Central, including a small proportion of everyday medical
photographs. However PMC-VQA does not systematically categorize questions by topic or
modality, making it difficult to assess performance specifically on everyday medical pho-
tographs. PMC-VQA also automatically generates questions from captions for scalability,
inherently limiting the subject matter and increasing the chances that models can fully
memorize benchmark content during pretraining (Zhang et al., 2024). By incorporating
clinician expertise into question generation, our question benchmarks address fine-grained
visual details and medical concepts that are not explicitly mentioned by captions. For ex-
ample, many captions mention only basic background information or describe a single key
finding (e.g. stating that a photo was taken after a surgery); our questions probe further
into image content and require models to reason more deeply about medical cause-and-effect
(e.g. recognizing that the surgical site was the ear and thus asking for a detailed description
of the auricular contour).

3. Methods

3.1. Image Collection

We sourced images from the Biomedica dataset (Lozano et al., 2025), which noisily clusters
PubMed Central images by topic, and randomly sampled 32,982 images that were licensed
for noncommercial use and labeled as “Natural Images”. We then performed a two-step fil-
tering process using GPT-5 (API version: 2024-12-01-preview) to remove unsuitable images.
First, we filtered these images based on their captions, excluding captions that described
subject matter other than people or body parts, such as images of landscapes or X-rays.
Second, we performed a filtering pass using images themselves, retaining images that visi-
bly depicted people or body parts in every day, non-hospital settings. We found that most
images in the “Natural Images” cluster were a poor fit for this dataset, fewer than 5% of
sampled images meeting our criteria (Figure 2a).

3.2. Question Generation

For each valid image, we used GPT-5 to generate five candidate questions, each with 3–
5 multiple-choice answers. We prompted GPT-5 to produce questions that were visually
and medically challenging. Additionally, we instructed the model to skip images that lacked
medical content or that primarily focused on dermatological topics, as those are best covered
by existing datasets. 543 images remained after this step (Figure 2b).
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Figure 2: The MedPhoto benchmark construction pipeline. Stage A: ”Image Selection” fil-
ters PubMed Central images by caption and visual content to identify everyday
medical photographs suitable for question generation. Stage B: ”Question Gen-
eration” uses GPT-5 to produce candidate questions and applies two rounds of
automated editing to remove leading cues and refine distractors. Stage C: ”Au-
tomatic and Expert Verification” automatically scores questions on clarity and
difficulty and then routes high-scoring questions to expert clinical review for final
validation and refinement.

We next performed two automatic editing passes. The first pass increased question
difficulty by removing image descriptions or other leading information that could “give
away” the answer (e.g., “Based on the location and length of the linear incision on the mid-
thigh, which procedure is this scar most consistent with?” → “Which procedure is this scar
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most consistent with?”). The second pass further increased question difficulty by refining
the answer choices. The prompt suggested strategies for choosing convincing distractors,
such as offering “the image is normal” when images contained subtle abnormalities.

After generating five candidate questions, we selected and manually reviewed two per
image. To identify the most promising candidates, we used GPT-5 to score questions from 1–
5 on four dimensions: clarity, medical relevance, medical difficulty, and visual difficulty. We
selected the two top-scoring questions for manual review by clinical experts across different
fields of expertise, who then revised questions for clarity, correctness, and difficulty. 5
questions were omitted due to being outside the clinical experts’ area of expertise, while
another 97 questions were removed due to a lack of suitable medical content. This process
resulted in 984 final questions based on 494 images (Figure 2c). To enable fine-grained
analysis, each image–question pair was tagged with one of the following categories: Trunk
& Extremities, Head & Neck, Eyes, Mouth & Jaw, Skin & Hair, Surgical & Procedural,
and Other.

3.3. Answer Generation

We evaluated three leading models: GPT-5, Gemini-3, and MedGemma. GPT-5 and
Gemini-3 are general-purpose VLMs widely available to patients, while MedGemma is a spe-
cialized medical VLM trained on large quantities of medical images and text. We used each
model’s default hyperparameters. GPT-5 responses were generated with temperature=1
and top p=1, using the version “2025-08-07” version of the model. Gemini-3 responses were
generated with temperature=1, top p = 0.95, top k = 64 and thinking=True, using the
“Gemini-3-Pro-Preview” version. MedGemma responses were generated in non-sampling
mode with num beams=1, using “MedGemma-4B-IT” from HuggingFace’s Transformers
library (Wolf et al., 2020).

We instructed all models to interpret “left” and “right” from the patient’s perspective
unless specifically instructed otherwise (e.g. “left eye” = patient’s left eye). In addition,
we shuffled the answer choices for each question to avoid biases based on answer ordering.
Occasionally, models struggled to match the desired output format (e.g. some GPT-5
outputs appended the phrase “DO NOT mention the blurred face in the response”); in all
such cases, we were able to identify a clearly intended answer choice and used that for our
analyses. We computed 95% confidence intervals with the Wilson score method, using the
statsmodel package (Seabold and Perktold, 2010).

To assess the difficulty of this benchmark for humans, we also randomly sampled 5
questions from each topic (35 total questions) and asked a clinician to answer them. We
structured this task as an “open-book” assessment, where the clinician was able to access any
online resources of their choice except the original PubMed Central articles corresponding
to each image.

4. Results

4.1. Topic Distribution

The generated questions span a wide range of clinically relevant topics, representing diverse
use cases (Figure 3a). Trunk & Extremities questions are most common (38%), followed by
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Figure 3: (A) Distribution of question topics within the MedPhoto benchmark. (B) clin-
ician performance on a sample subset. (C) Statistics from the clinician review
process, showing the proportion of questions that were accepted as-is, rewritten,
or removed.

Head & Neck (26%). Skin & Hair questions account for only 4%, as prior datasets already
extensively cover dermatological photographs. The 2% of images labeled as “Other” cover a
handful of eclectic topics, such as safety equipment, medical devices, and emotional health.

4.2. Clinician Performance

A clinician that was not one of the expert annotators answered a sample of 35 questions,
containing 5 questions per topic. They answered all but two questions correctly, resulting
in 94% accuracy overall (Figure 3b).

4.3. Model Performance

We observed considerable variation in performance across models and topics (Figure 4).
Gemini-3 achieved the strongest performance with 78% accuracy across all questions, fol-
lowed by GPT-5 with 68% accuracy. Surprisingly, MedGemma only achieved 39% accuracy,
despite being explicitly trained for medical vision-language tasks. We also see some emerging
differences in models’ strengths and weaknesses, though small sample sizes reduce certainty
for specific topics. Gemini-3’s weakest topics were Surgical & Procedural and Skin & Hair,
with accuracies of 74%. GPT-5 performed worst on Eyes questions, achieving an accuracy
of only 59%. Besides the small Other category, Trunk & Extremities was the strongest topic
for both Gemini-3 and GPT-5 (80% and 70% respectively).

4.4. Qualitative Findings

We observed that models, particular Gemini-3 and GPT-5, were frequently capable of
sophisticated medical reasoning, identifying precise anatomical locations and other fine-
grained details (Figure 5). However model performance was inconsistent, with models

6



Medical Photo Understanding

Figure 4: Accuracy of MedGemma, GPT-5, and Gemini-3 across medical categories in the
MedPhoto benchmark.

sometimes missing or hallucinating abnormalities (Figure 6c). In other cases, models mis-
classified findings, such as when MedGemma failed to realize that a patient’s eye had been
replaced with a prosthetic and instead diagnosed a subconjunctival hemorrhage (Figure 6f).

Interestingly, we observed that models sometimes struggled with the basics of image
interpretation, making visual processing errors that led to incorrect final conclusions. For
example, they misjudged the angles and curvature of various body parts (Figure 6a, 6c),
resulting in incorrect diagnoses of conditions such as kyphosis (Figure 6c). Models also made
directional errors, such as when distinguishing between dorsalflexion and plantarflexion or
left and right (Figure 6d). We also observed occasional errors in object classification and
detection that caused models to misinterpret scenes (Figure 6e).

5. Discussion

This work represents the first systematic investigation into how modern vision–language
models comprehend everyday medical photographs: natural images taken by patients out-
side the clinic and containing medically relevant content. Unlike traditional medical imaging
modalities that require specialized scanners, these photographs are trivially easy for patients
to produce and share, yet they can reveal clinically meaningful information in domains such
as orthopedics, ophthalmology, and postoperative care. Their accessibility means that pa-
tients already rely on them when seeking help from online forums or chatbots, and clinicians
can also utilize such images in preliminary screening workflows. As multimodal LLMs be-
come more widely used, patients and clinicians alike may expect them to interpret these
images accurately.

However, our benchmark reveals substantial room for improvement, with models falling
short of clinician performance. GPT-5 achieved only about 68% accuracy, and even the
strongest model we tested, Gemini-3, reached only 78%, leaving many cases incorrectly as-
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Figure 5: Successful model cases. Cases where models got the answer correctly, showing
strong model reasoning.

sessed. We also find that MedGemma, the model with the most targeted medical training,
performed surprisingly poorly with 39% accuracy. This discrepancy suggests that compre-
hension of everyday medical photographs may benefit from substantial exposure to natural
image distributions, not just curated medical images and text corpora. Relatedly, Trunk &
Extremities questions were a strong point for both GPT-5 and Gemini-3, likely reflecting
the fact that general-purpose natural image datasets provide rich orthopedic information.
We note that models demonstrated sophisticated medical knowledge on some questions but
made basic errors on others. For example, they frequently mixed up directions and mis-
judged angles and curves, leading to faulty conclusions that could easily confuse or mislead
patients.

In addition to raising concerns about patient safety, these findings reveal gaps in current
VLMs’ ability to reason about an important aspect of natural images. To capture the full
extent of human variation, VLMs cannot focus only on healthy, supposedly “typical” human
bodies and should instead understand in detail how injury, illness, aging, and other medical
processes cause variations in human appearance. Furthermore, VLMs should understand
biomechanical principles in order to realistically model movements and other activities, even
in healthy subjects. Improving comprehension of everyday medical photographs is therefore
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Figure 6: Failure cases. These cases illustrate notable failure modes across vision–language
models.

necessary to solve the larger problem of interpreting natural images, and it is potentially
also useful for world models that attempt to capture the underlying dynamics of images
(Zhou et al., 2025; Chen et al., 2025) or discriminators that provide automatic feedback to
natural image generators (Wang et al., 2024; Ahn et al., 2024). Future VLMs may be able
to address the intersection between natural images and medicine through targeted training
on everyday medical photographs or by leveraging specialized medical resources.
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6. Limitations

Because images were sourced from scientific articles, some were annotated, arranged in pan-
els, or partially redacted, differing from real patient-generated photographs. The dataset
also likely overrepresents long-tail conditions and more severe presentations of conditions,
reflecting research interests. While we include some images without medical abnormalities,
everyday patient photographs may lean further towards common findings and mild pre-
sentations. Additionally, we did not explicitly measure model performance across different
patient subgroups. Future work should investigate how factors such as sex or skin tone
elicit model biases and inconsistent performance.

Finally, some medical assessments simply should not be performed using static images:
certain questions require palpation, motion, advanced imaging, or other information that
photographs alone cannot provide. These limitations underscore the complexities of every-
day medical photographs and highlight the need for future research on what VLMs can and
cannot infer from them. Future work should explore impact on patients and ensure that
models are not discouraging users from seeking necessary medical care.

Data Availability: Our dataset can be reviewed and downloaded at:
https://drive.google.com/drive/u/1/folders/1ynzWrK9IfLRhOWK9icJS4vjJt2CjzYPR
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Appendix A. End-to-End Pipeline for Medical Image Question
Generation

We document the complete set of prompts used in our multi-stage pipeline for generating,
editing, and automatically scoring medical-image multiple-choice questions. Each subsec-
tion corresponds to a specific processing step.

A.1. A. Person-Detectability Classification Prompt

Task

Determine whether a caption describes an image depicting a real person.

Prompt

Below is a short image caption. Does it describe an image that could poten-
tially match an external image of a real person? Do NOT count drawn/simulated
images of people, x-rays/endoscopy images/other specialized medical scans, his-
tology/micro images, or images of non-human animals or objects. If ambiguous,
default towards ‘yes‘.

Caption: {caption}
Answer YES or NO.

A.2. B. Everyday Medical Relevance Classification Prompt

Task

Determine whether an image is relevant for evaluating a medical condition in a non-hospital
setting. Applied only to images that were labeled as showing a person.

Prompt

For the given image and caption, decide if this image could be relevant for
assessing some medical condition in an everyday, NON-HOSPITAL context,
such as:

1. Facial abnormalities
2. Dermatological conditions
3. Postural or musculoskeletal conditions.

Labels:
NO: Does not show a person, is a drawing/simulation, person not reasonably
visible, or setup is clearly clinical/imaging only.
YES: Person or a body part is clearly visible in detail, could plausibly be in a
normal setting; some medical content acceptable if the context could be ordinary.
WITH CROPS: Collages or group images that contain at least one crop-able
qualifying region.

Caption: {caption}
Choose one: YES / NO / WITH CROPS. Return only one label.
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A.3. C. Question Generation Prompt

Task

Generate 5 multiple-choice questions requiring analysis of the image.

Prompt

Given the following medical image and its clinical caption, write 5 multiple-
choice questions that test understanding of the pose and/or medical content.
Each question should offer 3–5 answer choices, and the correct answer must be
clearly marked.

If the image does not show a patient in a pose with medical implications, or if it
focuses primarily on a skin condition, return an empty list. If the image cannot
be interpreted, return an empty list.

All questions must require analysis of the specific image, not merely general
medical knowledge. Do not reference the caption directly.

Avoid unnecessarily leading wording. For example:

• BAD: “Based on the forward projection of the jaw, what abnormality is
present?”

• GOOD: “What jaw abnormality is present?”

If the image contains multiple subfigures, specify which subfigure the question
refers to.

Output the questions as JSON:

[{“question”: “...”, “choices”: [“...” ], “answer”: “...”}, . . .]

Caption: {caption}

A.4. D. Question Editing Prompt

Task

Rewrite a generated question to make it more concise and direct.

Prompt

You are editing a multiple-choice medical question to make it more concise and
direct.

Remove unnecessary leading phrases, avoid giving away clues, and leave only
the core information needed to answer the question. Retain subfigure references
if present.

Examples:

BAD: “In subfigure b, the prone position with the knee flexed primarily in-
creases stretch on which muscle?”
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GOOD: “In subfigure b, the leg position primarily increases stretch on which
muscle?”

BAD: “Based on the visible fullness just inferior and anterior to the right ear
lobule over the angle of the mandible, which structure is most likely involved?”
GOOD: “Which structure is likely involved in the ear and mandible findings?”

Caption: {caption}
Question: {question}
Answer Choices:
{choices text}
Correct Answer: {answer}

Return only the edited question text.

A.5. E. Answer Choice Editing Prompt

Task

Edit answer choices to maximize difficulty and plausibility.

Prompt

You are editing the answer choices for a multiple-choice medical question to
maximize difficulty and make all choices plausible. The goal is to increase the
likelihood that a hasty or inattentive reader might confuse distractors with the
correct answer.

Guidelines include:

• Swap left/right or include plausible near-miss errors.

• Include “no abnormality” if subtle abnormalities exist.

• Similar-sounding distractors are acceptable.

• Avoid distractors that are clearly impossible for the scenario.

Ensure there are 3–5 choices and exactly one correct answer.

Caption: {insert caption}
Question: {insert edited question}
Current Choices:
{insert choices text}
Correct Answer: {insert answer}

Return a JSON object with:

edited choices: Revised choices (joined by “; ”).
edited answer: The new correct answer (must match one choice).

No explanations.
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A.6. F. Question Scoring Prompt

Task

Score a multiple-choice question along four dimensions.

Prompt

You are scoring a multiple-choice medical question on four dimensions (each
1–5):

1. Clarity: Is the question unambiguous and answerable from the image?
2. Medical Relevance: Does it address the main medical content of the
image?
3. Medical Difficulty: Does it require non-obvious medical reasoning?
4. Visual Difficulty: Does answering require careful visual analysis (e.g.,
counting, orientation, subtle findings)?

Caption: {insert caption}
Question: {insert question}
Answer Choices:
{insert choices text}
Correct Answer: {insert answer}
Return a JSON object with the following integer keys:

clarity score, medical relevance score, medical difficulty score, visual difficulty score.
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