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Abstract001

While large multimodal models have achieved002
remarkable success in general domains, adapt-003
ing them to medical imaging faces a fundamen-004
tal dimensionality gap: transition from 2D snap-005
shots to 3D volumetric data (e.g., CT, MRI).006
This review systematically examines 37 studies007
on 3D Vision-Language Models in healthcare,008
capturing the rapid research surge of 2024-2025009
in this emerging field. We further propose a010
categorical framework that classifies these stud-011
ies by multimodal fusion mechanisms (projec-012
tion, attention, and adapters), volumetric encod-013
ing strategies (slice-based vs. native 3D), and014
language processing (encoder vs. foundation015
model). Our analysis highlights the growing016
adoption of parameter-efficient fine-tuning due017
to computational constraints, but significant018
challenges remain, including hallucinations, a019
lack of spatial grounding, and misalignment020
between evaluation metrics and clinical utility.021
This survey aims to clarify current methodolo-022
gies and identify future directions in volumetric023
medical AI.024

1 Introduction025

The integration of Computer Vision (CV) and Nat-026

ural Language Processing (NLP) has fundamen-027

tally reshaped artificial intelligence research, en-028

abling models to jointly reason over visual and lan-029

guage modalities (Karpathy and Fei-Fei, 2015; Lu030

et al., 2019; Tan and Bansal, 2019; Radford et al.,031

2021). General-domain Foundation Models (FMs)032

and Vision-Language Models (VLMs), such as033

CLIP (Radford et al., 2021) and GPT-4V (OpenAI034

et al., 2023), have demonstrated exceptional perfor-035

mance in cross-modal representation learning and036

generation. Despite this progress, a critical bottle-037

neck limits their adoption in clinical settings: the038

dimensionality mismatch between general-purpose039

VLMs and medical imaging data. Most exist-040

ing VLMs are designed for 2D images (Lu et al.,041

2019; Tan and Bansal, 2019; Radford et al., 2021),042
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Figure 1: The relationships between data modality,
downstream vision-language task, and evaluation met-
rics examined in this review.

whereas key diagnostic modalities, such as Com- 043

puted Tomography (CT) and Magnetic Resonance 044

Imaging (MRI), produce three-dimensional vol- 045

umes (Milletari et al., 2016). Modeling volumetric 046

data exponentially increases computational com- 047

plexity and requires preserving spatial and depth 048

information, which is often lost in 2D pre-trained 049

encoders (Yang et al., 2021; Zhang et al., 2021). 050

Consequently, simply extending 2D architectures 051

to 3D medical imaging often yields degraded per- 052

formance or unjustifiable computational costs. 053

In response to this challenge, recent research 054

activity has rapidly expanded around 3D Medical 055

VLMs (hereafter 3D-MedVLMs) (Lu et al., 2025; 056

Chang et al., 2025; Xin et al., 2025) (Figure 1). 057

Proposed solutions range from decomposing 3D 058

volumes into pseudo-2D sequences to developing 059

native volumetric encoders and utilizing Large Lan- 060

guage Models (LLMs) via lightweight adaptation 061

mechanisms (Dack et al., 2023; Kakkar et al., 2024; 062

Liu et al., 2025; Luo et al., 2025). However, these 063

efforts remain fragmented across design choices, 064

such as different feature fusion, pre-training objec- 065

tives, and evaluation metrics, making systematic 066

comparison difficult. 067
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Unlike general or 2D-focused surveys (Caffagni068

et al., 2024; Sim et al., 2025), this review fo-069

cuses on the unique challenges of 3D-MedVLMs.070

Furthermore, we distinguish our work from the071

clinically-oriented roadmap of Wu et al. (2025) by072

identifying a broader set of studies and by focusing073

on the unique methodological and practical chal-074

lenges posed by volumetric data in clinical settings.075

Our contributions are threefold: (i) Systematic076

Classification: We provide a framework to catego-077

rize 3D-MedVLMs based on vision encoding and078

multimodal fusion techniques (Figure 4). (ii) Rea-079

soning Analysis: We analyze how recent models080

capture intrinsic medical dependencies. (iii) Clini-081

cal Alignment: We identify persistent challenges082

in clinical evaluation, highlighting the discrepancy083

between standard NLP metrics and clinical factual084

correctness for 3D-MedVLMs.085

2 Scope and Literature Selection086

Our scoping review adheres to the Preferred Re-087

porting Items for Systematic reviews and Meta-088

Analyses extension for Scoping Reviews (Fig-089

ure 2) (Tricco et al., 2018). We searched 4090

databases: PubMed1, IEEE Xplore2, ACM Digital091

Library3, and ACL Anthology4, covering studies092

published from 2021 to 2025. Our search strategy093

was designed to systematically identify studies at094

the intersection of volumetric imaging and mul-095

timodal learning. We employed Boolean queries096

that combined three primary concept groups: (i) 3D097

imaging modalities, (ii) multimodal architectures,098

and (iii) clinical text or downstream tasks. The099

complete list of database-specific search queries is100

detailed in Appendix A.101

We then screened the articles based on their ti-102

tles and abstracts according to predefined criteria.103

Inclusion criteria required studies (i) were pub-104

lished in English, (ii) underwent peer review, and105

(iii) presented and benchmarked a model. Exclu-106

sion criteria filtered out (i) studies unrelated to 3D-107

MedVLMs, (ii) non-English publications, and (iii)108

secondary literature such as systematic reviews,109

case studies, or descriptive studies lacking experi-110

mental results. After screening, we extracted meta-111

data from each included study, such as models,112

datasets, applications, results, and reported limi-113

tations. To ensure accuracy, two annotators cross-114

1https://pubmed.ncbi.nlm.nih.gov/
2https://ieeexplore.ieee.org/
3https://dl.acm.org/
4https://aclanthology.org/
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Figure 2: PRISMA-ScR flow diagram.

verified the study selection and metadata extraction, 115

with a third one resolving any disagreements. 116

From an initial set of 974 papers retrieved from 117

databases, we removed 643 duplicates. During the 118

initial screening, 6 papers were excluded, and 3 119

additional papers were excluded for misaligned ob- 120

jectives or lack of relevance to 3D medical VLMs. 121

Ultimately, 37 studies met the inclusion criteria 122

and form the basis of this review. Important meta- 123

data, including resource links, architectures, train- 124

ing strategies, and downstream tasks for the studies, 125

are presented in Table 1. 126

3 Multimodal Fusion 127

The core challenge in developing 3D-MedVLMs 128

lies in aligning 3D volumetric data with textual rep- 129

resentations. Existing approaches can be broadly 130

categorized into three interaction paradigms, dis- 131

tinguished by the level at which visual and textual 132

modalities intersect (Figure 3). 133

3.1 Global Alignment (Dual-Encoder) 134

Global alignment strategies prioritize computa- 135

tional efficiency by encoding visual and textual 136

modalities in separate streams that interact only 137

at the final embedding stage. This Dual-Encoder 138

approach is well-suited to zero-shot classification 139

and retrieval. Within this paradigm, methods differ 140

in how cross-modal interaction is realized. 141

Projection-based alignment, popularized by 142

CLIP (Radford et al., 2021), employs lightweight 143

linear layers to map modalities into a shared la- 144

tent space. Extensions such as RadCLIP (Lu et al., 145

2025) introduce slice-pooling adapters that aggre- 146

gate 2D slice embeddings into a unified volumetric 147

representation, enabling global image-text match- 148
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Figure 3: Overview of vision-language model architectures. This figure illustrates three architectural paradigms for
studies integrating 3D medical imaging and clinical text. a, Dual-Encoder employs separate encoders to process
visual and textual data in parallel, followed by multimodal fusion to achieve global alignment (e.g., CLIP (Radford
et al., 2021) and ALIGN (Jia et al., 2021)). b, Fusion-Encoder utilizes a vision encoder and adapter module to
connect vision embeddings with tokenized text for unified decoding (e.g., LLaVA (Liu et al., 2023), BLIP-2 (Li
et al., 2023), and Flamingo (Alayrac et al., 2022)). c, Unified-Encoder bypasses complex fusion mechanisms by
projecting both visual and textual inputs into a unified language model token space (e.g., Med3DVLM (Xin et al.,
2025) and RadGenome-ChestCT (Zhang et al., 2025)).

ing. Similarly, HCL-AL (Gao et al., 2025) aligns149

3D features with text through learned projections150

for anatomical retrieval. Concatenation-based151

fusion, on the other hand, directly concatenates152

features from independent encoders before a task-153

specific head. Zhao et al. (2025) follows this ap-154

proach by joining ultrasound video features with155

clinical text embeddings to predict thyroid nodule156

invasiveness, while MultiModalGAN (Ghadekar157

et al., 2025) concatenates CNN image features with158

BERT embeddings to condition generative adver-159

sarial networks for image synthesis.160

While Dual-Encoder offers computational effi-161

ciency, it often sacrifices fine-grained contextual162

information (Wang et al., 2022).163

3.2 Dense Interaction (Fusion-Encoder)164

Dense interaction paradigms address the above lim-165

itation by integrating visual and textual modali-166

ties at intermediate layers, enabling discriminative167

tasks such as segmentation and grounding. These168

Fusion-Encoder architectures leverage attention-169

based deep fusion to capture token-level interac-170

tions between visual and textual sequences.171

Such a strategy is essential for tasks that re-172

quire precise semantic grounding. For example,173

Ye et al. (2024) employs bi-attention blocks that174

combine self-attention over instructions with cross-175

attention over MRI features to drive text-prompted176

segmentation. Some architectures further adopt 177

the Encoder-Decoder framework, pairing a fusion 178

encoder with a shared language decoder (e.g., VL- 179

BERT (Liu et al., 2021b)). 180

Despite their effectiveness in localization and 181

grounding, Fusion-Encoder incurs higher computa- 182

tional overhead than Dual-Encoder (Li et al., 2022). 183

3.3 Generative Alignment (Unified-Encoder) 184

Unlike previous paradigms that coordinate sepa- 185

rate encoders, Generative Alignment harnesses 186

the unified processing capabilities of foundation 187

models to jointly handle visual and textual modali- 188

ties. These Unified-Encoder models project 3D 189

visual features directly into the token space of an 190

LLM, thereby eliminating explicit fusion mecha- 191

nisms and capitalizing on pre-trained foundation 192

models. 193

In this approach, the “architecture” is defined by 194

the adapter-based mechanism that bridges modal- 195

ities. For example, Med3DVLM (Xin et al., 196

2025) maps 3D visual features into a Qwen-based 197

LLM (Qwen et al., 2024), enabling joint reason- 198

ing over 3D visual tokens and textual instructions. 199

Given the high cost of full fine-tuning, frameworks 200

like RadGenome-ChestCT (Zhang et al., 2025) em- 201

ploy Parameter-Efficient Fine-Tuning (PEFT) by 202

inserting trainable bottleneck adapters into frozen 203

Llama (Grattafiori et al., 2024) backbones, thereby 204

3



A
su

rv
ey

of
3D

M
ed

ic
al

V
L

M

Multimodal
Fusion

Global
Alignment

RadCLIP (2025), Petersen et al. (2025), PMC-MSA (2024), Dack et al. (2023), HCL-AL (2025), Liu et al.
(2025), Zhang et al. (2025), Tomassini et al. (2025), Batool et al. (2025), MultiModalGAN (2025), Medical-
VLBERT (2021b), Chen et al. (2025c), Wang et al. (2025), UTV-ST Swin Kansformer (2025), TGCFA (2024)

Dense Interaction
HAV-DF (2025), Shi et al. (2023), BrainGPT (2025a), Nagao et al. (2025), VISTA-Prompt (2026),
Med3DInsight (2025c), Ye et al. (2024), Makram and Mohammed (2025), 3DLVR (2024a), DILBERT (2025d)

Generative
Alignment VividMed (Luo et al., 2025), Argus (Liu et al., 2024), Med3DVLM (2025), Zhang et al. (2025), FLIQA-AD (2025b)

Vision
Processing

Slice-based

Liu et al. (2025), Yamamoto and Kikuchi (2025), Tomassini et al. (2025), Batool et al. (2025), RadCLIP (2025),
MultiModalGAN (2025), Medical-VLBERT (2021b), Chen et al. (2025a), Makram and Mohammed (2025),
PMC-MSA (2024), Dack et al. (2023), Wang et al. (2025), TGCFA (2024), Shi et al. (2023), LMOD (2024),
LUMEN (2025), BrainGPT (2025a), NeuroInfinity (2025), Hassan et al. (2018), Nagao et al. (2025), VISTA-
Prompt(2026)

Voxel-based Med3DVLM (2025), Petersen et al. (2010), Med3DInsight (2026), HCL-AL (2025), 3DLVR (2024a)

Adapter-based VividMed (2025), Argus (2024), Zhang et al. (2025), FLIQA-AD (2025b), Ye et al. (2024)

Spatiotemportal DILBERT (2025d), UTV-ST Swin Kansformer (2025), HAV-DF (2025), Tonguescape (2025), Dramma2Brain (2024)

Language
Processing

Discriminative
Encoders

Liu et al. (2025), Yamamoto and Kikuchi (2025), Tomassini et al. (2025), Batool et al. (2025), RadCLIP (2025), Pe-
tersen et al. (2025), MultiModalGAN (2025), Med3DInsight (2025c), Medical-VLBERT (2021b), Ye et al. (2024),
PMC-MSA (2024), HCL-AL (2025), Wang et al. (2025), TGCFA (2024), DILBERT (2025d), UTV-ST Swin Kans-
former (2025), HAV-DF (2025), Shi et al. (2023), Yoon et al. (2025), NeuroInfinity (2025), Hassan et al. (2025)
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Figure 4: Categorical framework of 3D medical VLM research and representative studies included in this work.

preserving general-world knowledge in LLM while205

adapting to 3D medical data. Hybrid approaches206

such as FLIQA-AD (Chen et al., 2025b) integrate207

3D adapters directly within Vision Transformers208

before feeding features into text generators such as209

FLAN-T5 (Chung et al., 2022).210

While Unified-Encoder offers strong flexibility211

and performance, it remains susceptible to halluci-212

nation when the LLM relies on parametric knowl-213

edge rather than visual input (Li et al., 2023).214

4 Single Modal Representation215

While multimodal fusion enables cross-modal rea-216

soning, the efficacy of 3D-MedVLMs relies on ro-217

bust feature processing. The primary challenge lies218

in the vision processing, where models must219

efficiently process high-dimensional 3D data. In220

parallel, language encoders require strategies tai-221

lored to specific downstream tasks. This section222

examines the encoding mechanisms for them.223

4.1 Vision Processing224

The dimensionality mismatch between 2D models225

and 3D volumetric medical data (CT, MRI, PET)226

has led to four main encoding strategies.227

Slice-based Feature Extraction decomposes228

volumes into 2D slices processed by 2D con-229

volutional or Transformer pretrained on large230

datasets (Deng et al., 2009; Mei et al., 2022).231

It is computationally efficient at the cost of full-232

volumetric context, or when aggregating 2D slices233

provides sufficient contextual information (Lu234

et al., 2025; Kunhimon et al., 2024).235

Native 3D architectures operate directly on 236

voxel patches to capture the intricate spatial depen- 237

dencies inherent in volumetric organs. This strat- 238

egy is essential for tasks requiring precise anatom- 239

ical localization along the Z-axis but entails high 240

memory and computational demands. To overcome 241

these challenges, Chen et al. (2025c); Xin et al. 242

(2025) incorporate specialized transformer-based 243

models to efficiently capture volumetric features. 244

Adapter-Based Strategies extends 2D encoders 245

for volumetric data by combining 2D pretraining 246

with 3D spatial awareness (Chen et al., 2025b). 247

These approaches “inflate" pretrained 2D back- 248

bones by inserting lightweight adapters, allowing 249

3D input processing while retaining large-scale 2D 250

pretraining, as seen in FLIQA-AD (Chen et al., 251

2025b) and VividMed (Luo et al., 2025). 252

Spatiotemporal Modeling treats depth or time 253

as a sequence, and applies specialized attention 254

or convolutional mechanisms to capture temporal 255

continuity (Chen et al., 2025d). For example, Zhao 256

et al. (2025) applies a Video Swin (Liu et al., 2021c) 257

backbone to ultrasound videos to learn temporal 258

consistencies for predicting thyroid nodule inva- 259

siveness. However, spatiotemporal modeling re- 260

mains relatively unexplored in medicine. 261

4.2 Language Processing 262

Clinical text processing in 3D-MedVLMs has pro- 263

gressed from simple semantic-embedding extrac- 264

tion to complex autoregressive reasoning, reflect- 265

ing a shift from static image-text alignment to 266

instruction-following and generative capabilities. 267

Existing studies identify two primary paradigms. 268
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Discriminative Encoders are suitable for seg-269

mentation, and classification tasks. These encoder-270

only models map clinical text to a fixed la-271

tent space (Liu et al., 2025), primarily using272

transformer-based encoders such as BERT and273

CLIP (Liu et al., 2021b, 2025). Beyond free-274

text, Petersen et al. (2025) encodes tabular health275

data into natural-language descriptions, thereby en-276

abling alignment with 3D MRI features.277

Generative Foundation Models have recently278

been adopted to address complex language un-279

derstanding and reasoning tasks, such as report280

generation and visual question answering (VQA).281

Med3DVLM (Xin et al., 2025) exemplifies this282

line of work by integrating Qwen2.5-7B (Qwen283

et al., 2024), allowing the system to process284

3D visual tokens alongside textual instructions.285

Similarly, Argus (Liu et al., 2024), RadGenome-286

ChestCT (Zhang et al., 2025), and BrainGPT (Li287

et al., 2025a) adopt Llama models (Grattafiori et al.,288

2024) as their linguistic backbone, leveraging their289

broad real-world knowledge to generate detailed,290

contextually accurate radiology reports.291

5 Training Strategies292

Pre-training. 3D-MedVLMs’s capacity to in-293

terpret clinical text is established through pretrain-294

ing objectives. Two primary pretraining strategies295

are commonly used. (1) Contrastive Learning296

aligns the global image features with correspond-297

ing text reports. Standard CLIP uses softmax loss,298

which requires large batch sizes to provide suf-299

ficient negative samples. However, this is often300

impractical for 3D-MedVLMs due to GPU mem-301

ory constraints (Li et al., 2019). To address this,302

approaches such as SigLIP employ a pairwise Sig-303

moid loss that decouples performance from batch304

size (Xin et al., 2025), enabling effective alignment305

even with small batch sizes. However, such global306

alignment methods may associate a medical term307

(e.g., “pneumonia”) with broad visual patterns (e.g.,308

general hazy texture), without accurately localiz-309

ing the pathology. (2) Masked Signal Modeling310

(MSM) complements contrastive learning by learn-311

ing dense, local dependencies through reconstruct-312

ing masked portions of input. This encourages the313

encoder to model the underlying structure of 3D314

volumes or clinical text rather than solely on high-315

-level semantics (Chen et al., 2025d; Ye et al., 2024).316

However, MSM can be computationally expensive317

for volumetric data and may overfit to low-level318

noise if not combined with a discriminative loss. 319

Still, it provides the fine-grained spatial precision 320

that is lost in global contrastive methods. 321

Fine-Tuning. As 3D-MedVLMs scales to bil- 322

lions of parameters, full model fine-tuning be- 323

comes computationally burdensome and prone to 324

forgetting. Parameter-Efficient Fine-Tuning 325

(PEFT) addresses this by only updating a fraction 326

of the model’s weights. Additive methods intro- 327

duce new trainable parameters to fixed backbones. 328

Common approaches include Adapters, which in- 329

ject bottleneck layers (Chen et al., 2025b), and 330

Head Tuning, which fine-tunes only the lightweight 331

decision heads (Luo et al., 2025). However, these 332

methods rely heavily on the relevance of the 333

frozen features (Liu et al., 2021b). Selective 334

methods fine-tune a subset of existing parame- 335

ters. Approaches such as Medical-VLBERT (Liu 336

et al., 2021b) employ alternate learning to se- 337

lectively optimize the language decoder sepa- 338

rate from joint multimodal updates. However, 339

the performance of this strategy is highly sen- 340

sitive to the training schedule, requiring a bal- 341

anced ratio of pretraining to transferring itera- 342

tions to prevent performance degradation. Finally, 343

Reparameterization methods (e.g., LoRA) con- 344

strain optimization to a low-rank subspace to re- 345

duce memory consumption while maintaining fine- 346

tuning efficiency (Liu et al., 2024). However, 347

shared low-rank constraints often fail to capture 348

unique intra-group heterogeneity, leading to demo- 349

graphic fairness disparities (Li et al., 2025b). 350

6 Reasoning 351

3D-MedVLMs require advanced reasoning capa- 352

bilities. Here, we summarize how included studies 353

capture the intrinsic dependencies of medical data. 354

Spatial and Topological Reasoning. Standard 355

global embeddings often discard the anatomical hi- 356

erarchy and connectivity required for advanced rea- 357

soning. Recent methods address this by explicitly 358

encoding 3D geometry and enforcing fine-grained 359

visual-textual alignment. Du et al. (2024a) intro- 360

duces a Topological Feature Extractor based on per- 361

sistent homology to capture structural invariance 362

beyond pixel-level features. Gao et al. (2025) pro- 363

poses Hierarchical Contrastive Learning to enforce 364

semantic alignment across coarse-to-fine anatomi- 365

cal hierarchies and establishes a broad anatomical 366

context (e.g., body region) before refining its fo- 367

cus to specific substructures. VividMed (Luo et al., 368
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2025) further bridges semantic understanding and369

localization by integrating a VLM with a localiza-370

tion module that utilizes the hidden states of special371

enclosure tokens to generate segmentation masks372

and bounding boxes for both 2D and 3D inputs.373

Temporal and Longitudinal Reasoning. Di-374

agnostic reasoning also requires capturing both375

the longitudinal progression of pathology and the376

spatiotemporal continuity of real-time imaging.377

3DVLR (Du et al., 2024a) models “evolve anatom-378

ical landscapes” by using optimal transport theory379

to align feature distributions across different time380

stamps, thus distinguishing stable anatomical struc-381

tures from changing pathological conditions (e.g.,382

tumor growth) and enabling the generation of nar-383

ratives that reason about disease progression. For384

dynamic imaging, Chen et al. (2025d) propose DIL-385

BERT, which aggregates visual geometric features386

with named entity linguistic features across video387

frames and employs multimodal distillation to align388

dynamic visual evidence with diagnostic text, en-389

suring consistent interpretation of real-time scans390

such as ultrasound.391

Clinical Chain-of-Thought (CoT) and Causal392

Reasoning. Medical diagnosis also involves a de-393

ductive process of hypothesis generation and verifi-394

cation, rather than single-step classification, moti-395

vating a shift towards CoT reasoning to mirror clin-396

ical workflows. Gai et al. (2025) trains models to397

output intermediate reasoning steps using datasets398

(e.g., R-RAD, R-SLAKE) annotated with reason-399

ing traces. Holistic Narrative Synthesis extends400

reasoning to 3D data by structuring visual findings,401

such as lesion location and size, into logically flow-402

ing narratives. For example, BrainGPT (Li et al.,403

2025a) produced narratives rated indistinguishable404

from human-written reports in 74% of cases. Mak-405

ing up for the lack of reasoning-focused metrics,406

RaTEScore (Zhao et al., 2024) assesses factual407

correctness of key medical entities (e.g., diagnos-408

tic outcomes, anatomical details), and FORTE (Li409

et al., 2025a) captures report completeness.410

7 Benchmark Dataset411

In the 3D medical domain, datasets have histori-412

cally lagged behind 2D counterparts. Our review413

highlights that 3D datasets are typically smaller,414

less accessible, and often lack associated reports415

in prior studies. To address this gap, increasing416

efforts have focused on curating large-scale public417

3D image datasets with text annotations (Zhang418

et al., 2025) or employing synthetic data augmenta- 419

tion (Ghadekar et al., 2025; Chen et al., 2025a) to 420

increase both dataset size and diversity (Table 2). 421

Among these, CT-RATE (Hamamci et al., 2025a) 422

is particularly noteworthy. With more than 50,000 423

volumes from over 20,000 patients, it offers a sub- 424

stantial scale advantage over other datasets. Ad- 425

ditionally, text reports were authored by multiple 426

radiologists with varied writing styles, further en- 427

hancing the dataset’s robustness. 428

Other datasets, such as Ichinose et al. (2023) and 429

RadGenome-ChestCT (Zhang et al., 2025), address 430

a different need: image grounding. While many 431

datasets provide image-text pairs, such as a slice of 432

the lungs with the caption “nodule in both lungs”, 433

they often lack precise localization. Grounding- 434

focused datasets address this gap, enabling models 435

like VividMed (Luo et al., 2025) to produce both 436

textual reports and corresponding bounding boxes 437

or segmentation masks, thereby bridging the se- 438

mantic gap between “what” and “where”. 439

Another group of datasets moves beyond sim- 440

ple answers to include rationales and explanations. 441

While traditional datasets like VQA-RAD (Lau 442

et al., 2018) and SLAKE (Liu et al., 2021a) in- 443

cluded short-form answers, newer initiatives such 444

as R-RAD and R-SLAKE have annotated the in- 445

termediate reasoning steps required for medical 446

decision-making (Gai et al., 2025). Similarly, 447

instruction-response datasets like M3D (Bai et al., 448

2024) have emerged to support complex reasoning. 449

In contrast to these text-rich initiatives, the visual 450

backbones often rely on anatomical understanding 451

through segmentation masks. Leading this cate- 452

gory is TotalSegmentator (Wasserthal et al., 2023), 453

which provides 5,000 CT volumes with compre- 454

hensive masks for 117 anatomical classes. Sim- 455

ilarly, AbdomenAtlas (Li et al., 2025c), a large- 456

scale dataset comprising over 8,000 volumes, and 457

AbdomenCT-1K (Ma et al., 2022) exemplify ongo- 458

ing efforts to scale segmentation benchmarks. 459

8 Evaluation Metrics 460

Evaluating 3D-MedVLMs requires a comprehen- 461

sive assessment of technical performance, clinical 462

utility, and robustness. Accordingly, metrics should 463

jointly capture vision-task accuracy and text qual- 464

ity, including fidelity to visual evidence, linguistic 465

coherence, and clinical relevance (Liu et al., 2024; 466

Xin et al., 2025; Zhang et al., 2025). 467

Geometric and Segmentation Metrics. For 468
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anatomical segmentation and visual grounding, ge-469

ometric metrics quantify spatial accuracy. Volu-470

metric overlap between predicted and ground-truth471

masks is commonly measured using the Dice Simi-472

larity Coefficient (DSC) and the Intersection over473

Union (IoU) (Ye et al., 2024; Wang et al., 2025).474

Boundary accuracy is assessed using the 95th-475

percentile Hausdorff Distance (HD95) and Mean476

Surface Distance (MSD), which capture worst-case477

and average deviations between predicted and ref-478

erence contours, respectively (Ye et al., 2024). In479

addition, pixel-level metrics such as Root Mean480

Square Error (RMSE) assess decomposition preci-481

sion (Wang et al., 2025).482

Clinical (Retrieval, Classification, and Synthe-483

sis) Metrics. In image–text retrieval, Recall@K484

measures whether the correct reference appears485

among the top-K results (Xin et al., 2025). Classi-486

fication performance is commonly assessed using487

Accuracy, F1-score, and AUC (Lu et al., 2025;488

Zhao et al., 2025). For text-guided image synthe-489

sis (e.g., generating tumor-bearing CT volumes490

from clinical descriptions), Root Mean Square Er-491

ror (RMSE) and Pearson correlation are used to492

verify anatomical consistency between generated493

and reference images (Chen et al., 2025a). Addi-494

tionally, in speech-oriented models, Medical Term495

Recognition Rate (MTRR) is used to ensure critical496

medical terminology is preserved (Lv et al., 2025).497

Lexical/NLP Metrics. For report generation498

and VQA, standard automatic metrics such as499

BLEU, ROUGE, METEOR, and CIDEr are com-500

monly used to quantify lexical similarity between501

generated text and reference reports. However,502

these surface-level metrics often fail to reflect the503

clinical correctness and diagnostic validity (Liu504

et al., 2024; Luo et al., 2025). To address these505

limitations, clinically-oriented evaluation506

measures have been increasingly adopted. Early507

work computes precision, recall, and F1 scores over508

extracted clinical findings using clinical labelers509

such as RadBERT (Yan et al., 2022). More re-510

cent metrics like GREEN (Ostmeier et al., 2024)511

and RaTEScore (Zhao et al., 2024) provide a finer-512

grained evaluation of radiological accuracy and513

report completeness (Liu et al., 2024).514

Human Evaluation. Beyond automated metrics,515

human evaluation remains the gold standard for as-516

sessing generated clinical text, with experts rating517

generated reports for correctness, completeness,518

and conciseness (Batool et al., 2025). However,519

evaluation protocols vary: some employ Likert-520

scale scoring to quantify clinical accuracy (Liu 521

et al., 2024; Batool et al., 2025), whereas others uti- 522

lize pairwise ranking in which annotators select the 523

best report among competing systems (Liu et al., 524

2021b). More recently, LLMs have been proposed 525

as automated judges, but evidence suggests that 526

they may systematically favor AI-generated text 527

over human reference, highlighting the continued 528

need for human evaluation (Batool et al., 2025). 529

9 Applications 530

3D-MedVLMs have been adapted for a diverse 531

array of clinical downstream tasks, which we cate- 532

gorize into five primary domains (Table 1). 533

Diagnostic Classification and Anatomical 534

Identification is a primary application of 3D- 535

MedVLMs in medical imaging. These models 536

extend beyond binary detection to recognize fine- 537

grained recognition of disease subtypes and spatial 538

localization (Gao et al., 2025; Lu et al., 2025). For 539

example, RadCLIP (Lu et al., 2025), a contrastive- 540

based model, demonstrates strong zero-shot gener- 541

alization. To address data scarcity, Petersen et al. 542

(2025) shows that scaling the number of negative 543

pairs enables training with 62 scans. In contrast, 544

task-specific architectures prioritize fine-grained 545

optimization and yield higher performance on tar- 546

geted tasks (Zhao et al., 2025; Wang et al., 2025). 547

Automated Report Generation converts vi- 548

sual findings to clinical narratives. Models 549

such as 3DLVR (Du et al., 2024a) and Medical- 550

VLBERT (Liu et al., 2021b) align visual and lin- 551

guistic features across modalities. Recent work 552

has extended report generation to dynamic or time- 553

sensitive applications, including spine CT (Batool 554

et al., 2025) and emergency head CT (Tomassini 555

et al., 2025). A central challenge is hallucination, 556

where the model generates clinically incorrect state- 557

ments. Consequently, evaluation practices have 558

shifted from surface-level lexical metrics to clini- 559

cally grounded measures (Liu et al., 2024). 560

Semantic Segmentation and Visual Ground- 561

ing seeks to align textual findings with anatomi- 562

cal coordinates in volumetric images, which can 563

improve spatial localization and downstream task 564

performance when incorporated in models (Luo 565

et al., 2025). When traditional visual prompts (e.g., 566

points or bounding boxes) are ineffective, particu- 567

larly for anatomies with sparse or fragmented tis- 568

sue, text-prompted pretraining has been proposed 569

to unify heterogeneous datasets and guide segmen- 570
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tation via semantic descriptions (Ye et al., 2024).571

Image Synthesis generates anatomically accu-572

rate visual pathologies from textual clinical descrip-573

tions. By conditioning generative models on struc-574

tured metadata, these approaches help mitigate data575

scarcity while maintaining adherence to medical576

guidelines. For example, diffusion-based methods577

have been used to synthesize renal tumors from578

nephrometry scores, allowing granular control over579

tumor morphology (Chen et al., 2025a). Similarly,580

adversarial frameworks have been applied to cross-581

modality tasks; MultiModalGAN synthesizes chest582

X-rays directly from text reports, while CycleGAN583

has been utilized to convert MRI scans into CT-like584

images, providing diagnostic alternatives when CT585

is unavailable (Ghadekar et al., 2025).586

Retrieval Tasks have recently shifted from587

purely technical optimization to enabling clini-588

cally robust applications and overcoming data589

scarcity. Med3DVLM (Xin et al., 2025) demon-590

strated that using pairwise sigmoid loss during con-591

trastive learning removed the need for large neg-592

ative batches and outperformed the SOTA model593

by 19%. Complementing these model-centric ad-594

vances, Yamamoto and Kikuchi (2025) tackled the595

bottleneck of dataset construction by incorporating596

lesion- and organ-aware supervision. Their method597

achieved a Top-1 accuracy of 51.7%, demonstrat-598

ing the feasibility of slice-based retrieval for au-599

tomating the curation of large-scale medical VQA600

datasets from routine clinical archives.601

10 Challenges and Future Direction602

While 3D medical VLMs have demonstrated im-603

pressive capabilities, they face challenges before604

they can be widely adopted as clinical assistants.605

We identify five key areas where future efforts need606

be directed: reliability, interpretability, data ecosys-607

tems, clinical alignment, and scalability.608

The major barrier to deploying 3D-MedVLMs609

is ensuring validity and reliability. Current610

models remain prone to hallucinations, where611

models generate plausible but incorrect medical as-612

sertions (Qin et al., 2024). This issue is exacerbated613

in 3D-MedVLMs because radiologists often rely614

on external information (e.g., prior reports), and615

models trained on such data are more prone to hallu-616

cination (Luo et al., 2025). Moreover, maintaining617

precise feature alignment in complex anatomical618

scenarios is also challenging, as simple approaches619

often struggle with large 3D batches or rich cross-620

modal interactions (Xin et al., 2025). Furthermore, 621

models often degrade under domain shift, with 622

variations in scanner protocols or imaging artifacts 623

significantly altering model behavior. Future work 624

should focus on robustness to these shifts, ensuring 625

models can generalize from curated datasets to the 626

real clinical environments (Hamamci et al., 2025b). 627

Clinical deployment requires transparency 628

and explainability, as trust relies on the ability 629

to audit the decision-making process. Future ar- 630

chitectures may emphasize glass-box designs to 631

offer transparent, guideline-aligned reasoning (Gai 632

et al., 2025). Promising directions include chain-of- 633

radiology-thought prompting combined with visual 634

grounding that links textual findings to voxel-level 635

evidence (Luo et al., 2025). Equally important is in- 636

tegrating uncertainty to identify low-confidence 637

predictions and reduce overconfident errors. 638

The third priority is building healthy data 639

ecosystems. Although hospitals generate abun- 640

dant raw data, high-quality, instruction-tuned 3D 641

pairs remain scarce. Future efforts should focus on 642

self-sustaining automatic data pipelines that 643

reduce reliance on manual annotation, for example, 644

using LLMs to transform noisy clinical reports into 645

machine-readable formats at scale (Zhang et al., 646

2025). Simultaneously, data access and diver- 647

sity constraints must be addressed, and synthetic 648

data generation may be leveraged to augment 649

rare pathologies, thereby improving model robust- 650

ness and fairness for long-tail conditions (Ghadekar 651

et al., 2025; Chen et al., 2025a; Lv et al., 2025). 652

Another direction is clinical alignment, as 653

a gap exists between standard technical evaluation 654

and clinical utility (Liu et al., 2024; Luo et al., 655

2025). Qin et al. (2024) shows that high scores on 656

lexical metrics (e.g., BLEU, ROUGE) do not guar- 657

antee clinically accurate reports, obscuring true 658

model readiness. To address this, the field should 659

establish standardized, clinically rigorous bench- 660

marks that reflect real-world workflows (e.g., diag- 661

nostic efficiency and clinician acceptance). 662

Finally, scalability remains a major bottle- 663

neck. The high computational cost of 3D data pro- 664

cessing limits the deployment of 3D-MedVLMs 665

in resource-constrained clinical environments (Xin 666

et al., 2025). Strategies such as downsampling 667

reduce computational overhead but inevitably sac- 668

rifice spatial details (Xin et al., 2025). Future work 669

should explore parameter-efficient mechanisms to 670

maintain diagnostic fidelity while lowering the 671

computational overhead (Chen et al., 2025b). 672
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Limitations673

While this survey provides a broad and systematic674

overview of recent VLLM research, our analysis675

is necessarily qualitative rather than exhaustively676

quantitative. The rapid evolution and wide scope677

of the field make detailed head-to-head benchmark-678

ing difficult, particularly given the heterogeneity679

of evaluation metrics, datasets, and experimental680

settings across studies. As a result, performance681

comparisons are presented primarily in terms of682

high-level trends rather than rigorous quantitative683

meta-analysis. In addition, our review is limited684

to English-language publications and prioritizes685

peer-reviewed work from major conferences such686

as ACL, CVPR, and MICCAI. Also, influential687

arXiv preprints and some emerging or non-English688

contributions may have been overlooked. Finally,689

the fast pace of industrial and academic progress690

means that certain cutting-edge methods may not691

yet be fully captured. In future work, we plan to692

incorporate more quantitative meta-analysis where693

feasible, integrate insights from large-scale indus-694

trial deployments, and continuously update the sur-695

vey to reflect ongoing advances in this rapidly de-696

veloping field.697
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A Search Query Variables1496

{3d_terms} = "CT"1497

OR "MRI"1498

OR "3D"1499

OR "volumetric"1500

OR "volume"1501

OR "computed tomography"1502

OR "magnetic resonance"1503

OR "3D image"1504

OR "biomedical image"1505

OR "3D reconstruction"1506

OR "point cloud"1507

1508

{model_terms} = "multimodal"1509

OR "vision-language"1510

OR "foundation model"1511

OR "self-supervised"1512

OR "contrastive"1513

OR "CLIP"1514

OR "LVLM"1515

OR "image-text"1516

OR "transformer"1517

OR "pretrain*"1518

OR "masked autoencoder"1519

OR "cross-modal"1520

OR "report-grounded"1521

OR "retrieval"1522

1523

{text_terms} = "radiology report"1524

OR "clinical text"1525

OR "report generation"1526

OR "text"1527

OR "language"1528

OR "PACS"1529

OR "DICOM"1530

OR "diagnosis"1531

OR "medical report"1532

OR "biomedical text"1533

1534

{video_terms} = "medical video"1535

OR "surgical video"1536

OR "ultrasound video"1537

OR "endoscopy video"1538

OR "cine MRI"1539

OR "temporal CT"1540
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Table 1: Overview of Included Studies.

VividMed (2025) Link ViT, SAM Vicuna Voxel ! E2E E2E CT, X-ray Q R S

Argus (2024) Link ViT Llama3 Voxel ! Vision E2E CT R

Liu et al. (2025) % ConvNeXt MedCLIP Slice % Vision E2E MRI S C

Zhang et al. (2025) Link 3D ConvNet Llama3 Voxel ! – Language CT R Q

Yamamoto and Kikuchi (2025) % ViT CLIP Slice % – E2E CT R

Tomassini et al. (2025) Link VGG16 LSTM, BERT Slice % – Language CT R

Batool et al. (2025) % ViT BioBERT,
MiniLM

Slice % E2E E2E CT R

FLIQA-AD (2025b) Link 3D ViT bioClinicalBert,
FLAN-T5

Voxel ! – E2E MRI C Q

Med3DVLM (2025) Link DCFromer Qwen2.5-7B-
Instruct

Voxel ! E2E E2E CT Q C R R

RadCLIP (2025) Link ViT CLIP Slice % E2E Vision CT, MRI C R

Petersen et al. (2025) % Swin-T,
MedNeXt,
ResNet

BERT Voxel % Vision E2E MRI C R

MultiModalGAN (2025) % CNN BERT Slice % – E2E MRI, X-Ray S

Med3DInsight (2025c) % nnFormer CLIP Voxel % E2E E2E CT, MRI S C

Medical-VLBERT (2021b) % DenseNet BERT Slice % E2E E2E CT R C

Chen et al. (2025a) % ViT-H SAM LLaVA-Med Slice ! E2E E2E CT S S

Ye et al. (2024) % ViT BERT Slice % Vision Vision MRI S

Makram and Mohammed (2025) % ViT, CLIP Vicuna, Mistral,
MPT, LLaMA,
GPT-4o

Slice ! – – CT, MRI C R Q

PMC-MSA (2024) % ViT CLIP Slice % – E2E CT, MRI C

Dack et al. (2023) % ViT, Swin-T,
ResNet

GPT2, BioClini-
calBERT,
PubMedBERT,
RadBERT

Slice % – E2E CT C

HCL-AL (2025) Link 3D ResNet CLIP Voxel % Language – PET, CT R

Wang et al. (2025) % Siamese CLIP Slice % Language – CT S

TGCFA (2024) % U-Net CLIP Slice % – Vision CT, Fundus, MRI S

3DLVR (2024a) % Transformer Transformer Voxel % – E2E CT R

DILBERT (2025d) % 3D CNN BERT Video % E2E E2E Ultrasound R

Zhao et al. (2025) % Video
Transformer

Kansformer Video % – E2E Ultrasound C

HAV-DF (2025) % 3D-Conv, ResNet LSTM Video % – E2E Audio, Video C

Tonguescape (2025) % Gemini 1.5 Pro, GPT-4o,
LLaVANeXT-Interleave,
Phi-3.5-vision-instruct,
Qwen2-VL-Instruct, VideoLLaMA2

Video ! – E2E MRI video Q

Drama2brain (2024) Link DeiT, ResNet,
GIT,
BridgeTower,
LLaVa-v1.5

Word2Vec, BERT,
GPT2, OPT,
Llama2

Video Both – – fMRI C

Shi et al. (2023) % ResNet101 – Slice % – E2E CT R

LMOD (2024) % LLaVA, InternVL, VILA, GPT-4o,
Yi-6B, Qwen

Slice ! – E2E CFP, LP, OCT,
SS, SLO

C Q

LUMEN (2025) % YOLOv9,
LlaMA-3-
VILA1.5,
LlaMA3-VILA-
M3

LlaMA-3-
VILA1.5,
LlaMA3-VILA-
M3, LlaMA 3.3

Slice ! – E2E CT C S R

Yoon et al. (2025) % ViT Transformer Voxel % E2E E2E MRI C

BrainGPT (2025a) Link ViT LLaMA Slice ! – E2E CT R

NeuroInfinity (2025) % ViT CLIP Slice % – E2E MRI C

Study Code Visionmodel LLM
3D
handling

Inst
follow Pretrained

Fine-
tuned Input Task

Continued on next page1542
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https://github.com/function2-llx/MMMM
https://github.com/cheliu-computation/Argus
https://github.com/xiaoman-zhang/RadGenome-ChestCT
https://github.com/S3l11/HeadCTRadRepo
https://github.com/junhao667/FLIQA-AD
https://github.com/mirthAI/Med3DVLM
https://github.com/luzhixiu/RadCLIP
https://github.com/HerrBaum-YR/HCL-AL
https://github.com/yu-takagi/drama2brain/tree/main
https://huggingface.co/Charliebear/BrainGPT


Table 1: Overview of Included Studies. (Continued)

Hassan et al. (2025) % ResNet-50, PVT,
ViT

BERT, Word2Vec,
XLNet

Slice % – E2E OCT C

Nagao et al. (2025) % BLIP, GiT BLIP, GiT Slice % – E2E CT R C

VISTA-Prompt (2026) % DCFormer Qwen-2.5 Slice ! – Language CT Q R

Study Code Visionmodel LLM
3D
handling

Inst
follow Pretrained

Fine-
tuned Input Task

Note: R - Report Generation, Q - Visual Question Answering, C - Diagnostic Classification and
Anatomical Identification, S - Segmentation and Visual Grounding, S - Image Synthesis and Modality
Conversion, R - Retrieval, Inst Follow - Instruction following, E2E - End-to-end 1543

19
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Table 2: Overview of recent benchmark datasets.

TotalSegmentator (2023) CT S 1,204 Link Single Clinical

VinDr-CXR (2022) X-Ray S C 18,000 Link Multiple Clinical

VQA-RAD (2018) CT, MRI, X-Ray Q 315 Link Single Clinical

SLAKE (2021a) CT, MRI, X-Ray Q 642 Link Multiple Clinical

VQA-Med (2024) Angiography, CT,
Mammograph, MRI, PET,
X-Ray, Ultrasound

Q 4,200 Link — Clinical

MIMIC-CXR (2019) X-Ray C R 377,110 Link Single Clinical

CT-RATE (2025a) CT C R 25,692 Link Single Clinical

BIMCV-R (2024) CT R 8,069 Link Single Clinical

INSPECT (2023) CT C R 23,248 Link Single Pulmonary

MRSpineSeg2021 (2021) MRI S 215 Link Single Orthopedics

RSNA Lumbar Spine
Degenerative (2024)

MRI C 1,975 Link Single Orthopedics

Tianchi Spinal Disease
(2020)

MRI S C 201 Link Single Orthopedics

Lumbar Spine MRI dataset
(2018)

MRI S R 515 Link Single Orthopedics

RadGenome-Chest CT
(2025)

CT (Chest) S R Q 25,692 Link Single Clinical

VerSe20 (2021) CT — 300 Link Single Orthopedics

ADNI (2010) MRI C 8,315 Link Multiple Neurology

OASIS-2 (2010) MRI C 373 Link Single Neurology

rtMRIDB MRI (Video) C 26K Link Single Otolaryngology

VowelVideo (2025) MRI (Video) C 120 Link Single Otolaryngology

drama2brain (2024) fMRI C 6 subjects Link Single Neurology

LMOD (2024) CFP, LP, OCT, SLO, SS S C Q 21,993 Link Multiple Ophthalmology

OASIS-3 (2019) MRI C 2,842 Link Single Neurology

OASIS-4 (2020) MRI C 676 Link Single Neurology

CQ500 (2018) CT R 1,154 Link Single Neuroradiology

ImagesOASIS (2007) MRI C 80,00 Link Single Neurology

MIRIAD (2013) MRI C 708 Link Single Neurology

Zhang dataset (2018) OCT C 109,309 Link Multiple Ophthalmology

Duke-1 (2014) OCT C 38,300 Link Multiple Ophthalmology

Duke-2 (2015) OCT C 610 Link Single Ophthalmology

Duke-3 (2014) OCT C 3,231 Link Multiple Ophthalmology

Rabbani (2018) OCT C 4,241 Link Single Ophthalmology

BIOMISA (2018) OCT C 4,163 Link Single Ophthalmology

PMC-VQA (2023) — Q 149K Link Multiple Clinical

M3D-Cap (2024b) CT Q 120k Link Multiple Clinical

M3D-VQA (2024) CT Q 660K Link Multiple Clinical

RadCLIP (2025) CT, MRI, X-Ray Q 1,210,083 Link Multiple Clinical

ChestXpert (2019) X-Ray C 224,316 Link Single Clinical

Crystal Clean Brain Tumor
(2023)

MRI C 3,264 Link — Neurosurgery

IXI Brain MRI C 600 Link Multiple Neurology

COVID-CT-MD (2021) CT C 23,349 Link Single Pulmonary

Dataset Name Data Modality
Annot.
Type

Scale
(# samples)

Public
URL Institution Clinical Specialty

Continued on next page1545
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https://zenodo.org/records/10047292
https://physionet.org/content/vindr-cxr/1.0.0/
https://osf.io/89kps/overview
https://huggingface.co/datasets/BoKelvin/SLAKE
https://zenodo.org/records/10499039
https://physionet.org/content/mimic-cxr/2.1.0/
https://huggingface.co/datasets/ibrahimhamamci/CT-RATE
https://huggingface.co/datasets/cyd0806/BIMCV-R
https://som-shahlab.github.io/inspect-website/
https://opendatalab.com/OpenDataLab/MRSpineSeg_Challenge
https://www.kaggle.com/competitions/rsna-2024-lumbar-spine-degenerative-classification
https://tianchi.aliyun.com/dataset/dataDetail?dataId=79463
https://data.mendeley.com/datasets/k57fr854j2/2
https://huggingface.co/datasets/RadGenome/RadGenome-ChestCT
https://verse2020.grand-challenge.org/
https://adni.loni.usc.edu/data-samples/adni-data/
https://sites.wustl.edu/oasisbrains/home/oasis-2/
https://rtmridb.ninjal.ac.jp/
https://github.com/sj-h4/tonguescape-builder
https://github.com/yu-takagi/drama2brain
https://kfzyqin.github.io/lmod/
https://sites.wustl.edu/oasisbrains/
https://sites.wustl.edu/oasisbrains/
https://www.kaggle.com/datasets/crawford/qureai-headct
https://www.kaggle.com/datasets/ninadaithal/imagesoasis
https://pmc.ncbi.nlm.nih.gov/articles/PMC3809512/
https://data.mendeley.com/datasets/rscbjbr9sj/3
https://people.duke.edu/~sf59/RPEDC_Ophth_2013_dataset.htm
https://people.duke.edu/~sf59/Chiu_BOE_2014_dataset.htm
https://people.duke.edu/~sf59/Srinivasan_BOE_2014_dataset.htm
http://www.biosigdata.com
https://biomisa.org/index.php/downloads/
https://huggingface.co/datasets/RadGenome/PMC-VQA
https://huggingface.co/datasets/GoodBaiBai88/M3D-Cap
https://huggingface.co/datasets/GoodBaiBai88/M3D-VQA
https://ieeexplore.ieee.org/document/11016939
https://aimi.stanford.edu/datasets/chexpert-chest-x-rays
https://www.kaggle.com/datasets/mohammadhossein77/brain-tumors-dataset
https://brain-development.org/ixi-dataset/
https://github.com/ShahinSHH/COVID-CT-MD


Table 2: Overview of recent benchmark datasets. (Continued)

BRAINS-45K (2024) MRI — 44,756 Link Multiple Neurology

Brain-TR-GammaKnife
(2023)

MRI Q 17,191 Link Single Neurosurgery

3DSeg-8 (2019) CT, MRI Q 25K Link Multiple Clinical

MM-WHS (2016) CT S 20 Link Single Cardiology

MSD-Heart (2022) CT, MRI S 30 Link — Cardiology

CHAOS (2021) CT, MRI S 80 Link Single Clinical

AbdomenCT-1K (2022) CT S 1,112 Link Multiple Clinical

VS (2025) MRI S 676 Link Multiple Neurosurgery

LiTs (Bilic et al., 2023) CT S 201 Link Single Hepatology

PPMI (2011) MRI C 582 Link Multiple Neurology

COVID-19 CT (2021b) CT R 1,104 Link Multiple Pulmonary

AbdomenAtlas (2025c) CT S 3.2m Link Multiple Clinical

WORD (2022) CT S 30,495 Link Single Clinical

KiTS23 (2023) CT S 599 Link Single Urology

ACDC (2018) MRI S 150 Link Single Cardiology

M&Ms (2021) MRI S 375 Link Multiple Cardiology

Wu and Zhuang (2020) MRI S 1,568 Link Multiple Cardiology

Emidec (2020) MRI S 150 Link Single Cardiology

MyoPS2020 (2022) MRI S 45 Link Single Cardiology

Eurorad CT, MRI R 5K Link — Clinical

Visible Human Project
(2022)

CT C 650 Link — Research

Auto-PET (2022) CT, PET C 1,169 Link Multiple Clinical

DL-spectral CT (2024) CT S 1,100 Link Synthetic Clinical

MedMNIST (2023) Dermatology, CT, MRI,
OCT, Pathology, Retina,
X-Ray, Ultrasound

C 718K Link Multiple Clinical

MS-CMR MRI S <1K Link — Clinical

RIGA+ (2022) Fundus S 750 Link Multiple Ophthalmology

BUSI (2020) Ultrasound R 780 Link Single Breast Surgery

USSS (2020) Ultrasound R 926 Link Synthetic Clinical, Simulation

MedDialog (2020) Audio D 260K Link Multiple Clinical

MedVidQA Video Q 6.4K Link Multiple Clinical, Educational

Dataset Name Data Modality
Annot.
Type

Scale
(# samples)

Public
URL Institution Clinical Specialty

Note: S - Segmentation Mask and Bounding Box, Q - Question-Answer Pair, C - Classification Label,
R - Report, D - Dialogue 1546
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https://github.com/asbjrnmunk/amaes
https://www.cancerimagingarchive.net/collection/brain-tr-gammaknife/
https://arxiv.org/abs/1904.00625
https://zmiclab.github.io/zxh/0/mmwhs/
http://medicaldecathlon.com/
https://chaos.grand-challenge.org/Data/
https://github.com/JunMa11/AbdomenCT-1K
https://www.cancerimagingarchive.net/collection/vestibular-schwannoma-mc-rc2/
https://competitions.codalab.org/competitions/17094
https://www.ppmi-info.org/
https://covid19ct.github.io/
https://github.com/MrGiovanni/AbdomenAtlas
https://github.com/HiLab-git/WORD
https://github.com/neheller/kits23
https://www.creatis.insa-lyon.fr/Challenge/acdc/databases.html
https://www.ub.edu/mnms/
https://github.com/FupingWu90/CT_MR_2D_Dataset_DA
https://emidec.com/
https://zmiclab.github.io/zxh/0/myops20/
https://www.eurorad.org/
https://datadiscovery.nlm.nih.gov/Diagnostic-Imaging/Visible-Human-Project/ux2j-9i9a/about_data
https://autopet.grand-challenge.org/Dataset/
https://zenodo.org/records/14262737
https://medmnist.com/
https://www.kaggle.com/datasets/anhoangvo/mscmrseg/data
https://zenodo.org/records/6325549
https://scholar.cu.edu.eg/?q=afahmy/pages/dataset
https://www.kaggle.com/datasets/ignaciorlando/ussimandsegm
https://huggingface.co/datasets/bigbio/meddialog
https://medvidqa.github.io/
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