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7. The details of involved datasets

To construct comprehensive evaluation benchmark, we col-
lect numerous medical datasets and convert them into VQA
format. In Table 8 and Table 9, we provide a list of all
the datasets included in OmniMedVQA, along with their
modality information, the number of utilized images and
QA items, and the access condition. It’s worth noting that
RadImageNet [80] stands out as one of the largest datasets
in the biomedical field, containing 1.35 million radiologic
images encompassing CT and MRI modalities, spanning 11
anatomical regions, and covering 165 different diseases. As
a result, RadImageNet constitutes a significant portion of
our OmniMedVQA dataset.

Additionally, 3D Modality is our self-construction
dataset, incorporating data from 17 different medical
datasets. The involved 17 datasets are ISLES SPES[79],
ISLES2016[115], ISLES2017[115], ISLES2018[31, 54],
ISLES2022[57], AMOS[61], Longitudinal Multiple Scle-
rosis Lesion Segmentation[28],VALDO[29], PICAI[98],
ASC18[118], BraTS2013[65, 83], BraTS2018[22, 23, 83],
MSSEG2016[38], CMRxMotions[114], MRBrainS13[82],
BrainTumour[19], MRBrain18[68]. We leverage these
datasets to create questions about more fine-grained modal-
ity recognition, such as Magnetic Resonance T1-weighted,
Magnetic Resonance T2-weighted, Magnetic Resonance
T1-weighted Inversion Recovery, Computed Tomography
Cerebral Blood Volume, Computed Tomography Time to
Maximum et al.

We release the OmniMedVQA according to the license
and permission. Specifically, there are 42 dataset are com-
pletely open access. Thus, we directly provide the images
with the corresponding QA items. Meanwhile, there are 31
datasets are restricted access. For these datasets, we only
release the evaluation QA items and provide the instruction
guidelines, based on which you can associate each QA item
with the corresponding images. Researchers only need to
download the original datasets and then combine them with
the provided QA items according to the guidelines.

For the convenience of future research, in Table 11, Ta-
ble 12 and Table 13, we provide the evaluation results on
the completely open-access datasets. If you do not want to
download each restricted access dataset one by one, these
results could help you establish the benchmark and analyse
the experimental results quickly.

8. The distribution of our dataset
We illustrate the distribution of different classes within
Modality Recognition, Anatomy Identification and Disease
Diagnosis in Fig. 4. We can find there is no significant
bias in our OmniMedVQA and the distribution remains bal-
anced. This demonstrates the effectiveness of the sampling
process when we develop the dataset.

9. The details of modalities
In this section, we provide an overview of the number of
images and QA items associated with various modalities
in OmniMedVQA. As detailed in Table 10, we incorpo-
rate data from 12 different modalities. Moreover, to better
present the characteristic of different modalities, we illus-
trate the images with the corresponding QA items in Fig. 5
and Fig. 6.

10. The details of multi-choice questions
As introduced in Sec 3, we generate a set of incorrect op-
tions for each item, which are utilized to construct multiple-
choice question-answer pairs. The number of candidate op-
tions of each question ranges from 2 to 4. In Fig. 7, we
illustrate the QA items with different number of options.
As depicted, questions with two options are “Yes/No” se-
lection. On the other hand, questions with three options
predominantly focus on Lesion Grading, which judges the
severity of the disease.
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Table 8. The information of involved dataset in OmniMedVQA. Notably, Co denotes Colposcopy, CT denotes Computed Tomography,
DP denotes Digital Photography, FP denotes Fundus Photography, IRI denotes Infrared Reflectance Imaging, MR denotes Magnetic
Resonance Imaging, OCT denotes Optical Coherence Tomography, Der denotes Dermoscopy, End denotes Endoscopy, Mic denotes
Microscopy Images, US denotes Ultrasound.

index Dataset Modality # Imgs # QA Items Access
1 TCB Challenge [56] X-Ray 18 32 Restricted Access
2 Oral Cancer kaggle [4] DP 27 34 Restricted Access
3 Dental Condition Dataset [5] DP 2281 2752 Restricted Access
4 Cervical Cancer Screening [25] Co 319 338 Restricted Access
5 Chest CT Scan [1] CT 382 871 Open Access
6 Covid CT [2] CT 135 199 Open Access
7 SARS-CoV-2 CT-scan [107] CT 461 910 Open Access
8 RadImageNet [80] CT,MR,US 55443 56697 Open Access
9 Fitzpatrick 17k [50, 51] Der 1450 1552 Open Access

10 ISBI2016 [53] Der 348 681 Open Access
11 ISIC2018 [36, 112] Der 185 272 Open Access
12 ISIC2019 [3] Der 1860 1952 Open Access
13 ISIC2020 [97] Der 1499 1580 Open Access
14 MED-NODE [49] Der 34 38 Restricted Access
15 Monkeypox Skin Image 2022 [58] Der 154 163 Open Access
16 PAD-UFES-20 [91] Der 401 479 Open Access
17 PH2 [81] Der 36 45 Restricted Access
18 AIDA [8] End 207 340 Restricted Access
19 Kvasir [94] End 1225 1537 Restricted Access
20 ACRIMA [44] FP 129 159 Open Access
21 Adam Challenge [45] End 78 87 Open Access
22 AIROGS [42] FP 3853 4004 Restricted Access
23 APTOS2019 Blindness [62] FP 544 625 Restricted Access
24 AVN Assessment [87] FP 18 22 Restricted Access
25 DeepDRiD [78] FP 131 131 Open Access
26 Diabetic Retinopathy [9] FP 1996 2051 Open Access
27 DRIMDB [102] FP 122 132 Open Access
28 GAMMA [6] FP 20 20 Restricted Access
29 Glaucoma Detection [7] FP 121 142 Restricted Access
30 JSIEC [30] FP 177 220 Open Access
31 Messidor-2 [17, 43] FP 270 321 Restricted Access
32 OLIVES [95] FP 534 593 Open Access
33 PALM2019 [46] FP 451 510 Open Access
34 Refuge2 [72, 88] FP 128 145 Restricted Access
35 Cataract dataset kaggle [10] FP 120 138 Restricted Access
36 Yangxi [76] FP 1446 1515 Open Access
37 BCNB [119] MR 4334 4806 Restricted Access
38 BRIGHT Challenge [11] MR 675 890 Restricted Access
39 BreakHis [108] MR 684 735 Open Access
40 NLM- Malaria Data [12] MR 67 75 Open Access
41 CRC100k [63] MR 1186 1322 Open Access
42 DigestPath19 [40] MR 81 95 Restricted Access
43 His Can Det [39] MR 7381 7572 Restricted Access
44 lc25000 [26] MR 1796 1903 Restricted Access
45 MAlig Lymph [89] MR 75 149 Open Access
46 MRL Eye [47] IRI 9477 9785 Restricted Access
47 BioMediTech [86] Mic 345 511 Open Access
48 Blood Cell [13] Mic 1092 1175 Open Access
49 CornealNerve [99] Mic 18 25 Restricted Access
50 Cervix93 [93] Mic 434 664 Restricted Access
51 HuSHeM [103] Mic 41 89 Open Access
52 BACH2018 [20] Mic 80 102 Restricted Access
53 ALL Challenge [52] Mic 295 342 Open Access
54 MHSMA [60] Mic 1196 1282 Open Access
55 Nerve Tortuosity [100] Mic 5 6 Restricted Access
56 Br35h [55] MR 382 429 Restricted Access
57 OCT & X-Ray 2017 [64] OCT,X-Ray 1066 1301 Open Access
58 Retinal OCT-C8 [14] OCT 3224 4016 Open Access
59 Knee Osteoarthritis [33] X-Ray 518 518 Open Access
60 RUS CHN [15] X-Ray 1642 1982 Open Access



Table 9. Continued from Table 8. The information of involved dataset in OmniMedVQA. Notably, Co denotes Colposcopy, CT denotes
Computed Tomography, DP denotes Digital Photography, FP denotes Fundus Photography, IRI denotes Infrared Reflectance Imaging, MR
denotes Magnetic Resonance Imaging, OCT denotes Optical Coherence Tomography, Der denotes Dermoscopy, End denotes Endoscopy,
Mic denotes Microscopy Images, US denotes Ultrasound.

index Dataset Modality # Imgs # QA Items Access
61 Pulmonary Chest Shenzhen [59] X-Ray 131 296 Open Access
62 Chest X-Ray PA [21] X-Ray 664 850 Open Access
63 CoronaHack [37] X-Ray 476 684 Open Access
64 Covid-19 tianchi [16] X-Ray 66 96 Open Access
65 Covid19 heywhale [35] X-Ray 550 690 Open Access
66 COVIDGR [110] X-Ray 156 220 Restricted Access
67 COVIDx CXR-4 [113] X-Ray 335 485 Open Access
68 MINIJSRT [106] X-Ray 133 257 Restricted Access
69 MIAS [109] X-Ray 65 142 Open Access
70 Mura [96] X-Ray 1277 1464 Open Access
71 Pulmonary Chest MC [59] X-Ray 28 38 Open Access
72 SIIM-ACR [124] X-Ray 1036 1286 Restricted Access
73 3D Modality MR,CT 426 426 Partially-Open Access

(a) Modality Recognition (b) Anatomy Identification (c) Disease Diagnosis

Figure 4. We illustrate the distribution of different classes within Modality Recognition, Anatomy Identification and Disease Diagnosis.

Table 10. The numbers of images and QA items sourced from
different modalities in our OmniMedVQA.

Modality # Images # QA Items
Colposcopy 319 338
CT 14457 15836
Digital Photography 2308 2786
Fundus Photography 10108 10815
Infrared Reflectance Imaging 9477 9785
MR 31917 32705
Optical Coherence Tomography 3791 4646
Dermoscopy 5967 6762
Endoscopy 1432 1877
Microscopy Images 19785 21743
X-Ray 7594 9711
Ultrasound 10855 10991
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Q: What body structure 
does this image depict?

A: Wrist

B: Toe

C: Cervix

D: Earlobe
Q: What modality is 
used to take this image?

A: Angiography

B: Colposcopy

C: Endoscopy

D: Mammography
Q: What is the 
anatomical location of 
the depicted structure 
in this image?

A: Elbow

B: Thigh.

C: Kidney

D: Cervix

Q: What stage of 
cancer is depicted in 
the image?

A: Stage Ib.

B: Stage IIIb

C: Stage IIIc

D: Stage Ic. Q: Which specific 
organ is affected in 
this CT scan image?

A: Lungs

B: Stomach

C: Bladder

D: HeartQ: Which imaging 
technique was used to 
obtain this image?

A: Magnetic Resonance Cerebral 
Blood Volume

B: Computed Tomography

C: Magnetic Resonance T2-Weighted 
Fluid-Attenuated Inversion Recovery

D: Magnetic Resonance T1-weighted 
with Gadolinium Contrast.

Q: What abnormality 
is present in this image?

A: Ulcerative Colitis

B: Gastritis.

C: Hemorrhoids.

D: Villous Atrophy (VA) Q: What pathological 
condition is visible in 
this image? 

A: Normal z line

B: Normal cecum

C: Ulcerative colitis

D: EsophagitisQ: What can be seen 
in this picture?

A: Abnormal z line

B: Abnormal peristalsis

C: Normal z line

D: Visible esophagus

Q: What abnormality is 
present in this image?

A: Candidiasis

B: Enamel erosion

C: Gingivitis

D: caries
Q: Through which 
diagnostic technique 
was this picture 
obtained?

A: digital photography of oral cavity.

B: Barium swallow radiography of 
oral cavity.

C: Magnetic Resonance Imaging 
(MRI) of oral cavity.

D: Magnetic resonance angiography 
(MRA) of oral cavity.

Q: What abnormality 
is present in this 
image?

A: Oral hemangioma

B: Oral submucous fibrosis

C: Pulpitis

D: oral cancer.

Q: What category 
does this abnormality 
in the image belong 
to?

A: Genetic.

B: Congenital.

C: Degenerative.

D: Inflammatory.
Q: What is the specific 
diagnosis associated 
with the abnormality 
observed in this 
dermoscopy image?

A: Seborrheic Keratosis.

B: Psoriasis.

C: Basal Cell Carcinoma.

D: Squamous Cell Carcinoma.
Q: What modality is 
used to capture this 
image?

A: Electroencephalogram imaging

B: Dermoscopic imaging

C: Ultrasound imaging

D: Endoscopy imaging

Q: What does this 
image show in terms of 
a specific abnormality?

A: Severe macular degeneration.

B: Retinal detachment.

C: Moderate diabetic retinopathy.

D: Mild diabetic retinopathy. Q: What is the visual 
anomaly observed in 
this fundus image?

A: Glaucoma.

B: Conjunctivitis.

C: Proliferative diabetic retinopathy 
(PDR).

D: Age-related macular degeneration 
(AMD).

Q: What is the specific 
type of abnormality 
shown in this image?

A: The abnormality shown in this 
image is an inflammation.

B: The abnormality shown in this 
image is a fracture.

C: The abnormality shown in this 
image is a hernia.

D: There are no specific 
abnormalities observed in this image.

Q: What is the specific 
abnormality shown in 
this oct image?

A: Astigmatism

B: Glaucoma.

C: Nystagmus.

D: Drusen Q: What are the 
distinguishing features 
of the abnormality 
depicted in this image?

A: The abnormality in this image is due 
to a deficiency of nutrients in the outer 
retina.

B: The abnormality in this image is 
caused by a blockage of blood vessels 
in the optic nerve.

C: The abnormality in this image is 
caused by excessive blood flow to the 
central retina.

D: The condition is characterized by 
the accumulation of fluid in the central 
retina.

Q: What is the medical 
term for the specific 
abnormality visible in 
this image?

A: Optic nerve atrophy

B: Glaucoma

C: Corneal ulcer

D: Central Serous Retinopathy (CSR)

Figure 5. The representative samples from different modalities. From the above to bottom, we illustrate the samples from 7 different
modalities in each row, i.e., Colposcopy, CT, Dermoscopy, Digital Photography, Endoscopy, Fundus Photography and OCT. Notably, each
dashed box corresponds to a specific option, and the red dashed box indicates the correct option.



Q: What is the sex of 
the individual shown in 
the thermal imaging?

A: Woman.

B: Intersex

C: Male

D: Transgender
Q: What imaging 
modality was used to 
capture this picture?

A: Ultrasound imaging

B: Infrared imaging

C: PET scan imaging

D: Mammogram imaging
Q: Is the person in this 
thermal image 
wearing glasses?

A: Yes.

B: No.

Q: What is the HER2 
status of the cell in this 
image?

A: Positive

B: Negative.

Q: What cells are 
present in the image?

A: Red blood cells

B: monocytes

C: Mast cells

D: B-cells

Q: What is the term used 
to describe the anomaly 
displayed in this image? D:Atypical Ductal Hyperplasia

A: Inflammatory Breast Cancer

C:Invasive Lobular Carcinoma

B: Flat Epithelia Atypia

Q: What is depicted in 
this image?

A: Brain MRI Image that are tumorous.

B: A colonoscopy image of the large 
intestine with no polyps or tumors

C: A PET scan of the lungs with no 
abnormalities

D:A chest X-ray of the lungs with no 
signs of infection or tumors.

Q: Does this image 
display any 
abnormality in it?

A: I'm not sure, but there might be a 
slight abnormality.

B: No, It's normal.

C: It's difficult to determine if there 
is an abnormality based on this 
image.

D: I can't say for sure, but it looks 
abnormal.

Q: What imaging 
technique is utilized 
to obtain this image?

A: Computed Tomography Time to 
Maximum

B: Magnetic Resonance T1-weighted 
with Contrast

C: Magnetic Resonance Cerebral 
Blood Volume

D: Magnetic Resonance Cardiac 
Magnetic Resonance

Q: What abnormalities 
can be seen in this 
image?

A: Pulmonary edema

B: Sarcoidosis

C: pneumothorax.

D: Tuberculosis
Q: What type of 
abnormality is depicted 
in this image?

A: Smooth tumors

B: Fibrous nodules

C: Spiculated masses

D: Calcified nodules
Q: What imaging modality 
is utilized for this picture?

A: Chest X-ray

B: Blood test

C: Ultrasound

D: MRI scan

Q: What structure is 
depicted in this 
ultrasound image?

A: Small intestine

B: Thyroid gland

C: uterus

D: Pancreas
Q: What type of 
medical imaging was 
employed to obtain 
this picture?

A: Bone scan

B: Doppler Imaging

C: Colonoscopy

D: Ultrasound
Q: What is being 
depicted in this 
ultrasound image?

A: Heart

B: thyroid

C: Spleen

D: Intestines

Figure 6. Continued from Fig. 5. The representative samples from different modalities. From the above to bottom, we illustrate the samples
from 5 different modalities in each row, i.e., Infrared Reflectance Imaging, Microscopy Images, MR, X-Ray and Ultrasound. Notably, each
dashed box corresponds to a specific option, and the red dashed box indicates the correct option.
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Chennamsetty, Mohammed Safwan, Varghese Alex,
Bahram Marami, Marcel Prastawa, Monica Chan, Michael
Donovan, et al. Bach: Grand challenge on breast cancer his-
tology images. Medical image analysis, 56:122–139, 2019.
2

[21] Amanullah Asraf and Zabirul Islam. Covid19, pneumonia
and normal chest x-ray pa dataset. Mendeley Data, 1, 2021.
3

[22] Spyridon Bakas, Hamed Akbari, Aristeidis Sotiras, Michel
Bilello, Martin Rozycki, Justin S Kirby, John B Freymann,
Keyvan Farahani, and Christos Davatzikos. Advancing the
cancer genome atlas glioma mri collections with expert seg-
mentation labels and radiomic features. Scientific data, 4

https://tianchi.aliyun.com/dataset/93853
https://tianchi.aliyun.com/dataset/93853


Q: Is there any 
abnormalities detected 
in this image?

A: Yes

B: No.

Q: Is there any visible 
anomaly in this picture?

A: No.

B: Yes.

Q: Is there any 
abnormality revealed in 
this image?

A: Yes.

B: No.

Q: What is the quality of 
the retinal image using a 
three-class grading 
system that includes good, 
bad, and outlier classes?

A: It's a good retinal image.

B: It's a outlier retinal image.

C: it's a bad retinal image.

Q: What level of corneal 
nerve tortuosity does this 
image exhibit?

A: high

B: mid.

C: low.

Q: Does the axillary 
lymph node in the 
provided image show 
any signs of metastasis?

A: N0, indicating no 
metastasis in the axillary 
lymph node.

B: N+(1-2), which means 
there is metastasis in the 
axillary lymph node, but it is 
limited to 1-2 nodes.

C: N+(>2), indicating 
metastasis in more than 2 
axillary lymph nodes.

Q: What imaging 
technique is utilized to 
obtain this picture?

A: Positron Emission 
Tomography

B: Computed Tomography 
Time to Maximum

C: Magnetic Resonance T1-
weighted Inversion Recovery

D: Magnetic Resonance Dual 
Phase

Q: What abnormality 
is present in this image?

A: Tooth Discoloration

B: Angular cheilitis

C: Hairy leukoplakia

D: Tooth resorption
Q: What part of the body 
is shown in this image?

A: Hip region

B: Chest region.

C: Upper arm region

D: Lower back region.

Figure 7. Illustration of representative samples with different numbers of candidate options.

Table 11. The accuracy of representative LVLMs on completely open-access data of our OmniMedVQA in terms of five different question
types. Notably, we report the Question-answering Score and Prefix-based Score before and after “/”, respectively. Meanwhile, in each
column, the best performance is marked in red, while the second best performance is marked in blue.

Model
Modality

Recognition
Anatomy

Identification
Disease

Diagnosis
Lesion

Grading
Other Biological

Attributes Overall

Random Guess 25.00 25.67 25.12 27.86 25.48 26.91
MiniGPT-4 [128] 26.43 / 25.85 28.88 / 30.19 30.47 / 19.31 34.56 / 40.04 30.36 / 39.25 29.74 / 23.44
BLIP-2 [73] 68.19 / 46.75 44.39 / 72.43 44.51 / 23.64 29.03 / 24.31 67.95 / 33.85 48.12 / 36.08
InstructBLIP [41] 75.27 / 24.15 44.35 / 57.56 32.29 / 24.97 59.25 / 56.91 23.72 / 36.65 40.40 / 32.10
mPLUG-Owl [123] 28.95 / 9.30 24.83 / 32.18 30.13 / 25.39 43.61 / 86.84 28.62 / 34.25 29.25 / 26.35
Otter [70] 24.50 / 7.96 25.81 / 25.24 27.74 / 22.73 37.37 / 41.71 26.33 / 28.07 27.13 / 21.93
LLaVA [77] 21.36 / 14.94 25.86 / 15.16 29.10 / 20.50 43.95 / 24.07 31.90 / 36.11 27.96 / 19.49
LLaMA Adapter v2 [48] 37.29 / 40.36 33.72 / 43.30 31.19 / 23.52 41.99 / 37.13 34.22 / 41.25 32.82 / 30.38
VPGTrans [125] 26.80 / 31.81 31.06 / 37.95 30.05 / 17.62 30.60 / 40.75 29.67 / 39.31 29.81 / 24.62
Med-Flamingo [84] 30.19 / 24.25 24.93 / 25.57 38.90 / 24.29 30.74 / 52.48 14.18 / 38.25 34.03 / 25.73
RadFM [117] 13.31 / 51.76 21.69 / 30.11 30.35 / 28.30 26.64 / 33.56 43.85 / 40.28 26.99 / 32.27
MedVInT [127] 68.10 / 33.61 40.26 / 23.27 35.78 / 28.29 12.77 / 5.29 30.30 / 23.58 40.04 / 27.32
LLaVA-Med [71] 26.93 / 13.06 29.53 / 22.47 29.22 / 32.50 34.18 / 30.41 33.08 / 22.70 29.25 / 27.69
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