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Abstract 
This structured narrative review examines multimodal large language models (MLLMs) in healthcare, focusing on 

architectures, datasets, clinical applications, evaluation methods, deployment barriers and future research priorities. 

A systematic search was conducted across Scopus, Web of Science, PubMed, IEEE Xplore, ACM Digital Library, 

Google Scholar, arXiv and medRxiv. Sixty-four sources were included after duplicate removal, title and abstract 

screening, and full-text eligibility assessment. Evidence indicates that healthcare MLLMs are most mature in image-

text tasks, particularly radiology report generation and medical visual question answering, while signal-text, audio-

text, video-text and longitudinal electronic health record applications remain less validated. Domain-adapted 

encoders, explicit cross-modal alignment, instruction tuning and grounded output constraints appear more 

clinically reliable than general-purpose prompting alone. Current systems remain unsuitable for autonomous 

clinical deployment because of hallucination, limited external validation, bias, privacy constraints and weak 

prospective evidence. 

Keywords: Multimodal Large Language Models (MLLM); Medical Artificial Intelligence; Healthcare Diagnostics; 
Clinical Decision Support (CDS); Clinical Validation. 

Introduction 

Artificial intelligence has evolved from rule-based expert systems to machine learning, deep learning, large 

language models, vision-language models, and more recently, multimodal large language models [1-11]. Early 

clinical expert systems such as MYCIN demonstrated that formalized medical knowledge could support diagnosis 

and treatment recommendations, but such systems relied on manually encoded rules and had limited scalability [1]. 

Machine learning and deep learning later enabled models to learn patterns directly from large datasets, improving 

performance in imaging, natural language processing, biosignal interpretation, and prediction tasks [1-5]. The 

transformer architecture further transformed sequence modeling by enabling attention-based representation 

learning, leading to modern large language models (LLMs) capable of text generation, summarization, reasoning, 

and clinical question answering [1-5]. 

Despite their value, text-only LLMs are incomplete for healthcare because clinical decision-making rarely 

depends solely on text. In routine care, clinicians combine symptoms, medical history, laboratory values, 
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radiological images, pathology slides, electrocardiogram (ECG) signals, procedural videos, speech patterns, and 

longitudinal patient records. This multimodal reasoning is essential for complex tasks, such as differentiating 

pneumonia from heart failure, interpreting cancer progression, triaging emergency patients, and assessing mental 

health risks.   

Multimodal large language models (MLLMs) are systems that connect non-textual data encoders to a language-

model backbone so that the model can interpret, align and generate clinically meaningful outputs across modalities. 

General models such as GPT-4, Gemini, Flamingo and LLaVA demonstrate broad multimodal capability [7-11]. 

Medical-domain models, including LLaVA-Med, Med-Flamingo, Med-PaLM M, BiomedGPT, BiomedCLIP, 

MAIRA-2, RadGPT and OmniV-Med, adapt these ideas to biomedical image-text data, radiology reporting, 

medical visual question answering, pathology, genomics and three-dimensional imaging [12-19]. 

Several gaps in the literature justify this review. First, many papers emphasize benchmark scores without 

explaining why some model families perform better than others in clinical tasks. Second, model comparisons are 

often fragmented by specialty, modality or dataset, making it difficult to judge clinical readiness. Third, evaluation 

remains inconsistent: lexical report-generation scores, visual question answering accuracy and expert review 

measure different dimensions of safety and usefulness. Fourth, most discussions of healthcare MLLMs do not 

sufficiently connect architecture choices with deployment risks such as hallucination, bias, privacy, interpretability, 

latency and accountability. The aim of this structured narrative review was to synthesize current evidence on 

healthcare MLLMs by comparing architectural approaches, dataset types, clinical applications, evaluation practices 

and deployment limitations, with explicit attention to temporal trends, model readiness and clinically meaningful 

future directions. 

Methodology 

The review was informed by transparent search and reporting principles used in evidence synthesis, including 

the PRISMA 2020 reporting framework, while recognizing that the objective was broad conceptual synthesis rather 

than quantitative pooling of study outcomes [20, 21]. The aim was to map model families, architectures, datasets, 

clinical applications, evaluation metrics, and deployment barriers relevant to MLLMs in healthcare settings [22]. 

The search covered peer-reviewed articles, conference papers, preprints, and authoritative technical reports 

because several influential MLLM systems are first released as arXiv papers or institutional technical reports before 

journal publication. The databases and sources included Scopus, Web of Science, PubMed, IEEE Xplore, ACM 

Digital Library, Google Scholar, arXiv, medRxiv, and official model or dataset documentation where needed. 

Searches combined terms such as “multimodal large language model healthcare,” “medical MLLM,” “medical 

vision-language model,” “biomedical foundation model,” “LLaVA-Med,” “Med-Flamingo,” “Med-PaLM 

Multimodal,” “radiology report generation,” “medical visual question answering,” “audio text healthcare AI,” 

“ECG language model,” “biosignal text multimodal,” “surgical video language model,” “clinical hallucination,” 

and “AI clinical validation.” Searches covered literature published from 2017 to 2026, with earlier seminal sources 

retained for foundational artificial intelligence and medical informatics context. 

Studies were included when they addressed at least one of the following areas: healthcare MLLM architecture, 

medical vision-language modeling (VLM), multimodal medical datasets, medical visual question answering, 

radiology report generation, signal-text or audio-text reasoning, video-text clinical modeling, multimodal clinical 

decision support, hallucination, interpretability, fairness, privacy, evaluation metrics or clinical deployment. Studies 

were excluded if they were purely unimodal without implications for multimodal reasoning, unrelated to healthcare, 

duplicated, inaccessible, or lacked sufficient technical or clinical relevance. Table 1 summarizes the review protocol 

and data extraction structure used to guide the synthesis. 
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Table 1. Review protocol and data extraction framework. 

Component Specification Purpose 

Review design Structured narrative review Broad conceptual synthesis across 
architecture, datasets, applications, 
evaluation, and deployment barriers. 

Sources 
searched 

Scopus, Web of Science, PubMed, IEEE Xplore, ACM Digital 
Library, Google Scholar, arXiv, medRxiv, official 
documentation 

Important MLLM literature includes 
journal articles, conference papers, 
preprints, and technical reports. 

Core search 
terms 

MLLM, medical VLM, biomedical foundation model, radiology 
report generation, medical Visual Question Answering (VQA), 
biosignal-text, audio-text, surgical video, hallucination, clinical 
validation 

Terms were combined with model 
names and clinical specialties. 

Inclusion 
criteria 

Healthcare relevance; multimodal architecture, dataset, 
benchmark, clinical task, or evaluation focus; English-language 
sources 

Priority was given to sources with clear 
technical or clinical contribution. 

Exclusion 
criteria 

Purely unimodal papers without multimodal relevance; non-
healthcare AI; duplicated or insufficiently described sources 

Exclusion reduced scope drift and 
unsupported claims. 

Data 
extraction 
fields 

Model, year, modality, architecture, dataset, clinical domain, 
task, metrics, limitations, validation status 

Fields were used to create Tables 2-7. 

Synthesis 
approach 

Narrative comparison and thematic grouping No meta-analysis was conducted 
because datasets, tasks, and metrics 
were heterogeneous. 

 

The synthesis in the following sections is therefore interpretative and comparative. It does not claim that all 

MLLMs outperform all unimodal models uniformly. Instead, it identifies domains where multimodal models show 

evidence of improved task capability and domains where the evidence is still preliminary or insufficient for clinical 

deployment. 

The search and screening process used for this structured review is summarized in Figure 1, which reports the 

number of records identified, duplicates removed, records screened, full-text sources assessed, exclusions with 

reasons, and sources finally included in the narrative synthesis. 

 

Figure 1. PRISMA-style flow diagram for source identification, screening, eligibility assessment 
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The search identified 512 records or source documents. After removing 134 duplicates, 378 records were 

screened by title and abstract. Of these, 253 were excluded because they did not address healthcare, multimodal 

reasoning, model architecture, dataset development, evaluation or deployment. One hundred twenty-five full-text 

articles, preprints and technical reports were assessed. Sixty-one were excluded with documented reasons, leaving 

64 sources for the final synthesis. 

Comparative Findings and Temporal Trends 

The evidence does not support a single universal best architecture. The strongest current evidence is for 

domain-adapted image-text systems in radiology and biomedical visual question answering, where paired images 

and reports provide a natural training signal [12-18, 23-30]. General-purpose MLLMs are useful for broad 

reasoning and flexible interaction, but medical adaptation is usually necessary for clinical vocabulary, anatomical 

grounding, report factuality and error control. 

Across model families, better performance is usually associated with four design choices: domain-specific 

pretraining on biomedical image-text or report data; explicit cross-modal alignment through contrastive learning, 

projection layers or cross-attention; instruction tuning on clinically framed tasks; and output constraints that 

encourage factual, localized and auditable responses [12-19, 41-46]. Models tend to underperform when non-text 

encoders are weakly aligned to the language backbone, when training data are derived from noisy captions or 

synthetic instructions alone, or when evaluation uses only generic language metrics. 

The temporal trend is clear. From 2017 to 2021, the field was dominated by transformer methods, image-text 

pretraining and dataset construction. In 2022 and 2023, general vision-language models and medical adaptations 

accelerated the development of biomedical visual question answering and few-shot reasoning. From 2024 onward, 

the literature increasingly emphasizes grounded radiology generation, unified medical visual encoders, three-

dimensional imaging, clinical factuality and deployment safety. Despite this progress, prospective validation and 

post-deployment monitoring remain rare compared with retrospective benchmark studies. Table 2 compares the 

main development periods of healthcare multimodal large language models. 

Table 2. Comparative trends in healthcare multimodal large language model development and readiness. 

Period Dominant 
development 

Best-supported 
approach 

Reason for stronger 
performance 

Remaining gap 

2017-2021 Transformers, contrastive 
image-text learning and 
public dataset 
construction 

Task-specific 
encoders and early 
image-text alignment 

Paired reports and images 
enable supervised or weakly 
supervised representation 
learning 

Limited clinical 
workflow validation 

2022-2023 General vision-language 
models and first medical 
adaptations 

Biomedical 
pretraining plus 
instruction tuning 

Clinical vocabulary and task 
framing improve medical 
visual question answering and 
report-related tasks 

Reliance on curated 
benchmarks and 
synthetic instruction 
data 

2024-2025 Grounded radiology 
generation, three-
dimensional imaging and 
unified medical visual 
understanding 

Domain-specific 
grounding, factuality 
checks and multi-
task biomedical 
training 

Localization, structured 
output and benchmark 
diversity improve 
interpretability and error 
detection 

External validation, 
fairness auditing and 
prospective trials 
remain insufficient 

Deployment 
phase 

Human-in-the-loop 
decision support rather 
than autonomous 
diagnosis 

Constrained 
generation with 
retrieval, uncertainty 
and clinician review 

Safety controls reduce risk 
from hallucination and 
unsupported 
recommendations 

Regulatory pathways 
and post-market 
monitoring remain 
immature 

Note: Representative sources include transformer and vision-language foundations [4, 7-11], medical adaptations [12-19], 

datasets [23-40], evaluation studies [41-46] and clinical deployment guidance [55-62]. 

Table 2 shows how the field has moved from task-specific image-text alignment toward biomedical instruction 
tuning, grounded radiology generation, unified medical visual understanding, and human-in-the-loop clinical 
decision support. 
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Architecture of Multimodal Large Language Models 

Healthcare MLLMs are typically built from five interacting components: input modality streams, modality-
specific encoders, alignment or connector modules, LLM backbone, and decoder or output-generation layer. 
Figure 2 shows the generalized architecture. The same model family may support different inputs depending on 
training data and design: for example, a radiology MLLM may accept chest X-rays and reports, whereas a surgical 
model may require video, instrument tracking, and procedural text. 

 

Figure 2. General architecture of healthcare multimodal large language models. 

Modality-Specific Encoders 

Encoders convert raw modality inputs into numerical embeddings that are suitable for alignment and reasoning. 

Vision encoders process X-rays, computed tomography (CT) scans, magnetic resonance imaging (MRI) scans, 

ultrasound images, fundus images, dermoscopic images, and pathology slides. Common architectures include 

convolutional neural networks, Vision Transformers, Swin Transformers, CLIP-style visual encoders, and domain-

specific variants such as BiomedCLIP [16]. Text encoders and LLM backbones process radiology reports, 

discharge summaries, clinical guidelines, patient messages and biomedical literature. Audio encoders, such as 

Whisper and wav2vec 2.0 process speech, respiratory sounds, heart sounds, coughs, and other clinically informative 

audio streams. Biosignal encoders process ECG, EEG, EMG, PPG, and ICU waveform data using one-

dimensional CNNs, recurrent networks, transformers, or signal-specific architectures. Video encoders process 

surgical procedures, rehabilitation movements, endoscopy, and behavioral observations. 

As shown in Table 3, the choice of encoder shapes performance, interpretability, computational cost, and 

clinical suitability. In clinical contexts, encoder selection should be guided not only by benchmark accuracy but 

also by data availability, modality quality, temporal alignment, noise characteristics, device variability, and the 

possibility of clinical audit. 

Alignment and Fusion Mechanisms 

Fusion combines representations from several modalities into a coherent representation for reasoning. Early 

fusion combines modality embeddings before deep modeling, allowing for early cross-modal interactions but 

requiring careful synchronization and balanced representation. Late fusion processes each modality independently 

and combines predictions or generates outputs at a later stage, improving modularity but reducing deep interaction. 

Hybrid fusion combines both approaches and is common in MLLMs because it permits modality-specific 

processing while enabling cross-attention and shared reasoning [9-19]. 

Alignment ensures that embeddings from different modalities correspond to the same clinical meaning. 

Contrastive image-text learning aligns radiographs or biomedical figures with reports or captions; projection layers, 

Q-Former modules and cross-attention mechanisms connect non-text encoders to language backbones; and 

instruction tuning adapts models to clinical tasks [9, 12-18]. Weak alignment can produce fluent but ungrounded 

outputs, such as a plausible radiology sentence that is not supported by the image. For this reason, alignment 

should be evaluated through grounding metrics, expert review, cross-modal consistency checks and clinical 

factuality tests [41-46]. 
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Table 3. Modality encoders, clinical suitability, and major limitations. 

Modality Typical inputs Representative encoders Clinical suitability Main limitations 

Text Clinical notes, 
reports, guidelines, 
patient messages 

BERT, BioBERT, 
PubMedBERT, LLM 
tokenizers/backbones 

High value for 
summarization, QA, 
coding, guideline 
support 

Sensitive to incomplete 
notes, ambiguous 
abbreviations, 
hallucination, outdated 
knowledge 

Images X-ray, CT, MRI, 
ultrasound, OCT, 
pathology, 
dermoscopy 

CNNs, ViT, Swin 
Transformer, 
CLIP/BiomedCLIP-style 
encoders 

Mature evidence in 
radiology and 
pathology; supports 
report generation and 
VQA 

Needs high-quality labels, 
external validation, visual 
grounding and skin-
tone/device diversity 

Audio Speech, respiratory 
sounds, heart sounds, 
cough, clinical 
conversation 

Whisper, wav2vec 2.0, 
SpeechT5, spectrogram-
based CNNs 

Useful for telemedicine, 
mental health, 
respiratory and cardiac 
monitoring 

Privacy-sensitive, 
language/accent bias, 
noise and recording 
variability 

Biosignals ECG, EEG, EMG, 
PPG, ICU waveform 
data 

1D-CNN, transformers, 
temporal encoders, signal-
specific networks 

Important for 
cardiology, neurology, 
ICU and remote 
monitoring 

Temporal misalignment, 
artifacts, device 
variability, missing signals 

Video Surgery, 
rehabilitation, 
endoscopy, 
behavioral 
assessment 

3D CNNs, temporal 
transformers, video-
language encoders 

Supports procedural 
guidance, step 
recognition and 
movement assessment 

High annotation cost, 
privacy issues, latency and 
high compute demand 

Structured 
data 

Labs, medications, 
demographics, vital 
signs, diagnoses 

Tabular transformers, 
embedding layers, feature 
projection modules 

Supports risk prediction 
and patient 
stratification 

Coding inconsistency, 
missingness, confounding 
and fairness concerns 

 

Decoders and Clinical Output Generation 

The decoder or language-generation component transforms fused embeddings into outputs such as free-text 

reports, structured summaries, diagnostic suggestions, international classification of diseases (ICD) codes, 

systematized nomenclature of medicine clinical terms (SNOMED CT) concepts, visual grounding explanations, 

triage labels, or patient-facing educational messages. Autoregressive decoders based on LLMs are flexible, but this 

flexibility also increases the risk. A fluent decoder may produce clinically unsafe text if the input evidence is 

incomplete, the model is poorly calibrated, or the output is not constrained by the clinical knowledge. 

Therefore, clinical deployment requires output control. These include template-constrained generation for 

reports, terminology grounding through unified medical language system (UMLS) or SNOMED CT, uncertainty 

estimates, retrieval-augmented grounding with current guidelines, safety filters, audit logs, and mandatory clinician 

reviews. In high-risk settings, MLLM outputs should be treated as decision-support suggestions, rather than 

autonomous diagnostic decisions. 

Representative Healthcare Multimodal Large Language Models 

Healthcare MLLMs differ in terms of modality coverage, training strategy, dataset source, task focus, and 

clinical maturity. General-purpose MLLMs, such as GPT-4, Gemini, Flamingo, and LLaVA, show broad 

multimodal capabilities, but they may lack domain-specific medical grounding [7, 8, 10, 11]. Medical-domain 

MLLMs attempt to address this gap through biomedical pre-training, curated image-text pairs, instruction tuning, 

clinical benchmarks, and expert evaluation. Table 4 compares the representative systems relevant to healthcare. 
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Table 4. Representative MLLMs and medical vision-language models relevant to healthcare. 

Model Year Modalities 
Architecture / 

strategy 
Main use case Strength Clinical readiness 

GPT-4 / 
GPT-4V [7] 

2023 Text + image Transformer-
based multimodal 
model 

Broad reasoning and 
image-text tasks 

Strong general 
capability; limited 
transparency and 
clinical 
specialization 

Not sufficient for 
autonomous clinical 
use without 
validation 

Gemini [8] 2023 Text, image, 
audio, video 

General 
multimodal model 
family 

General multimodal 
reasoning 

Broad modality 
scope; not 
primarily a medical 
model 

Requires domain-
specific safety 
evaluation 

Flamingo [10] 2022 Image + text Vision-language 
few-shot learner 

Few-shot image-text 
reasoning 

Influential 
architecture for 
interleaved image-
text learning 

General-domain 
model; clinical use 
requires adaptation 

LLaVA [11] 2023 Image + text Vision encoder + 
Vicuna/LLM with 
visual instruction 
tuning 

General visual 
instruction following 

Open architecture 
and strong VQA 
baseline 

Medical 
performance 
depends on 
adaptation 

LLaVA-Med 
[12] 

2023 Biomedical 
images + text 

Biomedical image-
text alignment and 
instruction tuning 

Biomedical VQA 
and dialogue about 
images 

Trained from 
biomedical figure-
caption data and 
GPT-4-generated 
instructions 

Requires careful 
validation for 
diagnostic use 

Med-
Flamingo [13] 

2023 Medical images 
+ text 

Medical adaptation 
of OpenFlamingo 

Few-shot medical 
VQA 

Supports few-shot 
generative medical 
VQA and rationale 
generation 

Early-stage; limited 
deployment 
evidence 

Med-PaLM 
M [14] 

2023 Clinical text, 
imaging, 
genomics and 
other 
biomedical 
tasks 

Generalist 
biomedical 
multimodal model 

MultiMedBench 
tasks; radiology 
report generation 
and summarization 

Shows broad 
biomedical task 
capability 

Proof-of-concept; 
real-world validation 
still needed 

BiomedCLIP 
[16] 

2023 Biomedical 
images + text 

CLIP-style 
contrastive 
pretraining on 
PMC image-text 
pairs 

Classification, 
retrieval and VQA 

Large-scale 
biomedical image-
text foundation 
model 

Primarily 
representation 
model, not a full 
clinical assistant 

BiomedGPT 
[15] 

2024 Biomedical 
image + text 

Generalist vision-
language 
foundation model 

Classification, 
captioning, VQA, 
summarization 

Open-source and 
computing-
friendly 
biomedical VLM 

Clinical readiness 
depends on task-
specific validation 

MAIRA-2 
[17] 

2024 Chest X-ray + 
report context 

Radiology-specific 
grounded report 
generation 

Grounded radiology 
report generation 

Focuses on 
factuality and 
spatial localization 

Mainly chest 
radiography; needs 
broader validation 

RadGPT [18] 2025 3D CT + text Anatomy-aware 
vision-language 
pipeline 

3D tumor report 
generation and 
dataset construction 

Supports 
structured tumor 
reporting from CT 

Newer model; 
external clinical 
validation required 

OmniV-Med 
[19] 

2025 2D, 3D, video 
+ text 

Unified medical 
visual encoder + 
LLM 

Universal medical 
visual understanding 

Extends beyond 
2D image-text 
tasks 

Preclinical evidence; 
implementation cost 
and validation 
remain barriers 

Note: Rows summarize primary model papers and technical reports [7-19]. Clinical readiness was interpreted conservatively 
according to validation and deployment evidence rather than benchmark performance alone. 

The comparison in Table 4 indicates that healthcare MLLMs are not a single, homogeneous technology. Some 

are broad general-purpose systems, some are medical image-text systems, some are representation models, and 

some are domain-specific report generators. This distinction is important for journal reporting and clinical 
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interpretation. A model that performs well on biomedical figure visual question answering (VQA) is not 

automatically suitable for emergency triage or treatment recommendations. Conversely, a radiology-specific model 

may be clinically valuable within its narrow workflow but is limited outside that context. 

Multimodal Healthcare Datasets and Benchmarks 

The quality of the dataset is one of the main determinants of MLLM performance. Healthcare datasets are 

difficult to build because they require de-identification, expert annotation, secure governance, standardized coding, 

and careful handling of demographic and institutional biases. Image-text datasets are the most mature because 

radiology and pathology often produce paired images and reports. Audio-text, signal-text, and video-text datasets 

are less mature but are increasingly important for telemedicine, cardiology, neurology, mental health, emergency 

care, and procedural guidance. 

Table 5 summarizes the major dataset categories and examples. The table highlights that most available 

resources remain modality-specific or are weakly paired. Truly comprehensive patient-level datasets that integrate 

notes, labs, images, genomics, signals, audio, and video are rare because of privacy, interoperability, and annotation 

constraints. 

Table 5. Major multimodal healthcare dataset categories and their relevance for MLLMs. 

Dataset category Examples Modalities MLLM relevance Limitations 

Image-text: radiology MIMIC-CXR; 
CheXpert; PadChest; IU 
X-ray 

X-ray images with 
reports or labels 

Report generation, 
disease classification, 
VQA, grounding 

Richest public 
evidence base; labels 
may be noisy or 
institution-specific 

Image-text: 
pathology/biomedical 
figures 

PathVQA; PMC-15M; 
ROCO 

Pathology images, 
figures and captions 
or QA pairs 

Biomedical VQA, 
retrieval, image-text 
alignment 

Broad biomedical 
coverage; may differ 
from routine clinical 
data 

Signal-text PhysioNet; MIT-BIH; 
PTB ECG; MIMIC 
waveform; CHB-MIT 

ECG, EEG, ICU 
signals with labels or 
notes 

Arrhythmia, seizure 
detection, ICU 
monitoring, 
explanation generation 

Temporal noise, 
missingness and device 
variability are major 
issues 

Audio-text DAIC-WOZ; ICBHI 
respiratory sounds; 
clinical 
speech/transcription 
datasets 

Speech, respiratory or 
auscultation audio 
with transcripts or 
labels 

Mental health 
screening, respiratory 
assessment, 
telemedicine 
documentation 

Privacy, 
accent/language bias 
and recording 
conditions reduce 
generalizability 

Video-text Cholec80; M2CAI; 
endoscopy/surgery and 
rehabilitation datasets 

Procedural or 
movement video with 
annotations 

Surgical step 
recognition, 
procedural guidance, 
rehabilitation feedback 

High annotation 
burden, patient 
identifiability and 
computational cost 

Synthetic or weakly 
labeled multimodal data 

Simulator outputs, 
generated captions, 
pseudo-labels, 
instruction data 

Generated labels or 
paired examples 

Pretraining, rare 
disease augmentation, 
instruction tuning 

Risk of unrealistic 
labels, propagated 
errors and 
hallucination 

Note: Dataset examples and limitations are synthesized from public radiology, biomedical image, signal, audio and video 
resources [23-40]. 

The MIMIC-CXR dataset contains hundreds of thousands of de-identified chest radiographs paired with free-

text reports, making it central to radiology image-text research [23]. CheXpert provides a large chest radiograph 

dataset with uncertainty labels and expert comparisons, supporting disease classification and report-derived label 

evaluation [24]. PadChest expands chest X-ray resources with reports from a Spanish hospital, enabling cross-

language and external setting comparisons [25]. PathVQA supports pathology image question answering and 

demonstrates the difficulty in building medically meaningful VQA resources [28]. 

The scarcity of fully paired multimodal clinical datasets means that the reported benchmark gains should be 

interpreted cautiously. Many models have been evaluated using retrospective datasets, curated benchmarks, or 
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synthetic instruction data. For clinical translation, future datasets should include multi-institutional sampling, 

demographic metadata for fairness analysis, device and acquisition metadata, longitudinal temporal structure, 

expert adjudication, and explicit documentation of intended use. 

Clinical Applications of Multimodal Large Language Models 

The clinical applications of MLLMs can be grouped by specialty and task. The strongest current evidence is in 

image-text reasoning, especially radiology and biomedical VQA. Applications involving audio, biosignals, video 

and longitudinal electronic health records are promising but less mature. The distinction between promise and 

readiness is important: a model can be useful for drafting or summarization while still being unsafe for autonomous 

diagnosis. Table 6 provides a structured cross-specialty summary, and the subsections that follow discuss the major 

areas in more detail. 

Table 6. Clinical application areas of MLLMs in healthcare. 

Clinical area Typical modalities Potential tasks 
Main 

opportunity 
Key risk 

Radiology X-ray, CT, MRI, reports, 
prior imaging 

Report generation, 
VQA, urgent finding 
detection, visual 
grounding 

Mature image-text 
datasets and clear 
workflow value 

False positives/negatives, 
hallucinated findings, 
limited external validation 

Pathology and 
oncology 

Whole-slide images, 
CT/MRI/PET, 
pathology reports, 
genomics 

Tumor detection, 
staging support, report 
summarization, tumor-
board support 

High value for 
multimodal cancer 
reasoning 

Very large images, high 
annotation burden, 
genomic integration 
complexity 

Cardiology ECG, echocardiography, 
cardiac MRI, 
auscultation, notes 

Arrhythmia 
explanation, heart 
failure risk, murmur 
detection, triage 

Combines 
waveforms with 
clinical context 

Noise, device variability, 
temporal alignment and 
calibration 

Mental health Speech, text, video, 
behavioral cues, clinical 
notes 

Depression screening, 
suicide-risk triage, 
therapy support 

Multimodal signals 
capture affect 
beyond text 

High ethical risk, privacy, 
consent and bias concerns 

Emergency and 
ICU care 

Vitals, labs, ECG, 
imaging, notes, 
waveforms 

Triage, early warning, 
deterioration 
prediction 

Time-critical 
integration of 
multiple streams 

Latency, missing data, 
false alarm risk and 
accountability 

Surgery and 
procedures 

Video, tool motion, 
audio instructions, 
operative notes 

Step recognition, 
guidance, error 
detection, 
documentation 

Direct procedural 
context 

Real-time requirements 
and limited annotated 
video 

Dermatology 
and 
ophthalmology 

Dermoscopic images, 
skin photos, fundus 
images, OCT, patient 
history 

Screening, lesion 
localization, tele-
specialist support 

Visual domains 
suited to 
multimodal 
history-image 
reasoning 

Representation bias, 
device variation, consent 
for images 

Primary care and 
chronic disease 

Symptoms, EHR, labs, 
wearables, messages 

Visit summarization, 
risk stratification, 
patient education, 
monitoring 

High workflow 
utility 

Broad scope increases 
safety and liability risk 

Rehabilitation 
and pediatrics 

Video, sensors, EMG, 
parent reports, speech 

Movement assessment, 
developmental 
screening, progress 
reports 

Supports remote 
monitoring and 
tailored feedback 

Small datasets, vulnerable 
populations and home-
environment variation 

Rare diseases Phenotype text, images, 
genomics, longitudinal 
notes 

Differential diagnosis 
and phenotype 
matching 

Few-shot 
reasoning may 
help data-scarce 
domains 

High hallucination risk 
and need for specialist 
confirmation 

Note. Clinical domains are summarized from medical model, dataset, benchmark and deployment literature [12-19, 23-40, 55-
62]. 
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Radiology 

Radiology is the most developed application area for healthcare MLLMs because it naturally pairs images with 

reports. Models such as LLaVA-Med, Med-Flamingo, Med-PaLM M, BiomedCLIP, and MAIRA-2 demonstrate 

the value of image-text alignment for radiology VQA, report generation, and grounded explanation [12-17]. As 

summarized in Table 6, radiology applications include automated report drafting, abnormality detection, patient-

history-aware image interpretation, urgent finding prioritization, and report simplification. 

However, report generation should not be evaluated solely using generic language metrics. A report can have a 

high lexical similarity to a reference report while still missing clinically important findings. Therefore, models 

should be evaluated using clinical label accuracy, error categorization, factuality, grounding, localization, radiologist 

review, and prospective workflow studies. MAIRA-2 is important in this context because it explicitly emphasizes 

grounded report generation and factual evaluation [41-46]. 

Pathology, Oncology, and Precision Medicine 

Pathology and oncology require the integration of images, reports, staging information, genomic data, treatment 

history, and longitudinal follow-up. MLLMs may support tumor grading, biopsy summarization, radiology-

pathology correlation, tumor board preparation, and precision oncology. RadGPT illustrates the emerging use of 

3D CT information for tumor-report generation and dataset construction [18]. BiomedGPT and Med-PaLM M 

indicate a broader movement toward generalist biomedical models that combine multiple tasks and data types [14, 

15]. 

Oncology applications remain clinically relevant. A hallucinated tumor location, incorrect stage, or unsupported 

treatment recommendation could cause harm. Therefore, oncology MLLMs should include source-grounded 

outputs, explicit uncertainty, structured reporting templates, clinician verification, and a strong separation between 

summarization support and treatment decision-making. 

Cardiology and Physiological Signal Interpretation 

Cardiology is a natural domain for signal-text multimodal learning because ECG signals, auscultation, 

echocardiography, laboratory results, symptoms and medication histories are often interpreted together. Public 

physiological resources have supported signal analysis and can contribute to signal-text modeling when paired with 

clinical labels or notes [32-35]. 

The main barriers are temporal alignment, signal noise, device heterogeneity, artifact detection, calibration, and 

lack of explainability. Unlike static text, physiological signals are dynamic; therefore, evaluation should include 

temporal robustness, artifact sensitivity, clinically impossible signal detection, and safety under missing or 

corrupted data. 

Mental Health, Speech, and Behavioral Applications 

Mental health assessment is inherently multimodal because language content, speech prosody, pauses, facial 

expressions, interaction patterns, and clinical notes may all be informative. Audio-text and video-text MLLMs may 

support depression screening, suicide risk triage, therapy documentation, and telepsychiatry support. Datasets such 

as DAIC-WOZ have helped establish multimodal depression detection research, but clinical deployment remains 

ethically sensitive [36]. 

The risks to mental health are substantial: privacy invasion, overinterpretation of affect, cultural bias, false 

reassurance, inappropriate crisis response, and lack of accountability. MLLMs should not replace mental health 

professionals. Instead, they may assist with documentation, symptom tracking, and triage when used within a 

robust governance, consent, and escalation protocol. 

Emergency Medicine, Surgery, Rehabilitation, and Remote Care 

Emergency and ICU settings require the rapid interpretation of multimodal streams, including vitals, labs, 

imaging, ECG, clinical notes, waveforms, and nurse observations. MLLMs can support early warning, triage 

summarization, and deterioration detection; however, latency and false-alarm consequences are critical. Surgery 

and procedural care involve videos, instrument tracking, audio instructions, preoperative notes, and operative 
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reports. Video-language models can support procedural step recognition, surgical education, documentation, and 

safety monitoring; however, annotated procedural datasets such as Cholec80 remain limited compared with static 

image datasets [38-40]. 

Rehabilitation and remote care can benefit from video, sensor, EMG, speech, and patient-reported data. 

MLLMs can generate progress reports, monitor adherence, and provide tailored exercise feedback. However, home 

environment variability, privacy, camera positioning, differences in wearable devices, and vulnerable populations, 

such as children and older adults, require careful validation [38-40]. 

Evaluation Metrics, Benchmarks, and Clinical Validation 

Evaluation is one of the most important weaknesses in the current MLLM literature. Generic NLP metrics 

such as BLEU, ROUGE, METEOR, and CIDEr may be useful for report-generation comparison but may fail to 

measure clinical correctness. A clinically dangerous report may be lexically similar to a reference report, whereas a 

clinically accurate report may use different wording. Therefore, healthcare MLLMs require multi-layer evaluation, 

including task performance, clinical factuality, grounding, safety, calibration, fairness, latency, and expert 

assessment [41-46]. 

Table 7 summarizes the evaluation approaches by modality and task. 

Table 7. Evaluation metrics and validation considerations for healthcare MLLMs. 

Evaluation 
area 

Example benchmarks Core metrics 
Clinical evaluation 

need 
Limitation 

Image-text 
report 
generation 

MIMIC-CXR, CheXpert, 
IU X-ray, PadChest, 
MAIRA-style grounded 
tasks 

BLEU, ROUGE, METEOR, 
CIDEr, CheXpert label 
accuracy, RadGraph/RadFact-
style factuality, localization 
accuracy 

Radiologist review, 
clinical error 
categories, 
grounding and report 
completeness 

Generic text 
metrics may 
miss clinical 
meaning 

Medical 
VQA 

VQA-RAD, PathVQA, 
SLAKE, biomedical VQA 
sets 

Accuracy, exact match, F1, 
expert scoring, rationale quality 

Open-ended answers 
require semantic and 
clinical review 

Small datasets 
and answer 
ambiguity 

Signal-text MIT-BIH, PhysioNet, PTB 
ECG, CHB-MIT 

Accuracy, sensitivity, 
specificity, AUROC, F1, 
calibration, temporal 
robustness 

Artifact sensitivity 
and clinically 
impossible signal 
detection 

Noise and 
temporal 
misalignment 

Audio-text DAIC-WOZ, ICBHI, 
speech-transcription 
datasets 

WER, emotion/symptom 
classification, AUROC, F1, 
dialogue quality, MOS 

Privacy, accent and 
language fairness 

Limited real-
world diversity 

Video-text Cholec80, M2CAI, 
surgical/rehabilitation 
video datasets 

Top-1/Top-5 accuracy, F1, 
temporal segmentation, 
latency/FPS 

Procedural safety 
and expert review 

Annotation cost 
and real-time 
constraints 

Clinical 
deployment 

Prospective local 
validation, silent-mode 
trials, human-in-the-loop 
studies 

Calibration, uncertainty, alert 
burden, time saved, clinician 
acceptance, adverse events 

Workflow impact, 
accountability, 
auditability 

Rarely reported 
in current 
literature 

Note. Evaluation categories draw on radiology factuality, report labeling, semantic evaluation and clinical artificial intelligence 
reporting guidance [41-46, 55-62]. 

Clinical validation should proceed in stages. The first stage is retrospective benchmark testing using 

standardized datasets. The second stage is external validation across institutions, devices, languages and patient 

subgroups. The third stage is silent-mode workflow testing, where outputs are generated but not used for clinical 

decisions. The fourth stage is prospective human-in-the-loop evaluation under controlled clinical conditions. 

Limited operational deployment should follow only with monitoring, auditing, fail-safe procedures and clear 

responsibility boundaries [55-62]. 

Challenges and Limitations 
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Data Scarcity and Dataset Imbalance 

The most important technical barrier is the scarcity of high-quality paired multimodal healthcare data. Many 

datasets contain only one or two modalities, such as image-report pairs or ECG-label pairs, whereas real clinical 

reasoning requires several linked streams over time. Data imbalance also affects the performance. Rare diseases, 

pediatric cases, low-income settings, low-resource languages, darker skin tones in dermatology, unusual imaging 

devices, and minority populations are often under-represented. This can lead to inequitable performance and 

unsafe generalizations [52-54]. 

Hallucination and Clinical Safety 

Hallucinations occur when a model produces plausible but unsupported or incorrect clinical content. In 

healthcare, hallucinations can involve nonexistent lesions, incorrect ECG interpretations, fabricated patient 

histories, unsupported medication suggestions, or inaccurate guideline statements. Multimodal grounding may 

reduce some hallucination risks by connecting the output to visual or signal evidence; however, it does not 

eliminate hallucinations. Clinical safety requires grounding checks, retrieval support, uncertainty estimation, 

clinician reviews, conservative output design, and post-deployment monitoring. 

Privacy, Consent, and Legal Restrictions 

Medical images, clinical notes, speech recordings, videos, and physiological signals may contain sensitive 

personal information. Voice and video are particularly difficult to anonymize because they can identify patients. 

Legal frameworks such as HIPAA and GDPR restrict data use, transfer, secondary analysis, and model training. 

Privacy-preserving approaches, such as federated learning, secure enclaves, de-identification, differential privacy, 

and local deployment, can reduce risk but do not eliminate the need for governance and consent [63]-[65]. 

Bias, Fairness, and Low-Resource Settings 

Healthcare MLLMs may reproduce or amplify bias if the training data are not representative. Bias can arise 

from demographics, language, institutions, imaging devices, clinical workflows, insurance status, and disease 

prevalence. Low-resource settings are especially vulnerable because models trained on high-income hospital 

datasets may not generalize to different disease patterns or equipment types. Fairness evaluation should be reported 

by subgroup, where possible, and model deployment should include local validation rather than assuming universal 

transferability [52-54]. 

Interpretability and Clinician Trust 

Clinicians need to understand why a model produces an output, what evidence it uses, and how confident it is. 

Methods such as Grad-CAM, integrated gradients, SHAP, LIME, attention visualization, evidence highlighting, 

and structured rationale generation can help, but interpretability must be validated [47]-[51]. A visually persuasive 

heatmap may not reflect the true causal reasoning. For clinical trust, explanations should be linked to clinically 

relevant evidence and reviewed by the domain experts. 

Computational Cost and Deployment Barriers 

Large multimodal models require substantial GPU memory, storage, and inference infrastructure resources. 

Real-time tasks, such as emergency triage or surgical support, require low latency. Cloud-based deployment raises 

privacy and reliability concerns, whereas local deployment may be expensive for smaller hospitals. Parameter-

efficient adaptation methods such as LoRA and adapters may reduce training cost, but deployment still requires 

integration with electronic health records systems, audit trails, cybersecurity, user training, monitoring, and 

regulatory compliance [63]. 

Regulatory and Ethical Challenges 

MLLMs used in healthcare may fall under medical device or clinical decision-support regulations, depending 

on their intended use. Ethical governance should address accountability, informed consent, explainability, patient 
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safety, bias mitigation, monitoring, and transparency issues. The World Health Organization emphasizes 

responsible AI governance in health, including safety, transparency, equity, accountability, and human oversight 

issues [55-62]. For high-risk clinical tasks, model outputs should remain advisory unless rigorous prospective 

validation and regulatory clearance support broader usage. Table 8 summarizes the main technical, clinical, ethical, 

and regulatory limitations of healthcare multimodal large language models and links each limitation to practical 

mitigation strategies that can support safer development, validation, and deployment. 

Table 8. Key limitations of healthcare MLLMs and practical mitigation strategies. 

Challenge Description Clinical risk Mitigation strategy 

Data scarcity Insufficient paired 
multimodal data and weak 
labels 

Limited generalization and 
poor rare-case performance 

Multi-institutional datasets, expert 
annotation, standardized reporting, 
federated learning 

Hallucination Plausible but unsupported 
clinical content 

Misdiagnosis, missing 
findings, unsafe 
recommendations 

Grounding, retrieval, uncertainty, 
clinician-in-the-loop review, conservative 
templates 

Privacy and 
consent 

Sensitive text, images, 
audio and video 

Legal risk and loss of patient 
trust 

De-identification, consent management, 
secure infrastructure, local or federated 
learning 

Bias and 
fairness 

Demographic, language, 
device and institutional 
imbalance 

Unequal performance across 
groups 

Subgroup evaluation, bias audits, 
representative data, local validation 

Interpretability Opaque reasoning and 
weak explanation validity 

Low clinician trust and 
difficult accountability 

Evidence highlighting, visual grounding, 
SHAP/LIME/Grad-CAM, expert review 

Deployment 
cost 

High compute, latency, 
integration and 
maintenance burden 

Limited adoption, especially 
in smaller hospitals 

Efficient architectures, staged 
deployment, monitoring and workflow 
co-design 

Regulation Unclear liability and 
approval pathway 

Delayed or unsafe clinical 
use 

Transparent intended use, 
documentation, audit trails, compliance 
and post-market monitoring 

Note: Mitigation strategies are synthesized from interpretability, fairness, deployment, regulatory and governance literature 

[47-65]. 

Future Research Directions 

Future healthcare MLLM research should move from impressive demonstrations to clinically accountable 

systems. The first priority is the development of datasets. Future datasets should be multi-institutional, multimodal, 

longitudinal, and demographically documented, and accompanied by detailed data sheets. Dataset documentation 

should state how the data were collected, de-identified, labeled, and validated, and for which clinical tasks the data 

are appropriate. 

The second priority is a clinically grounded evaluation. Benchmark studies should report diagnostic accuracy, 

sensitivity, specificity, AUROC, calibration, factuality, grounding, hallucination rate, subgroup performance, 

latency, and expert assessments. Generic NLP metrics should not be used alone. Researchers should also report 

failure modes rather than only the average performance. This is especially important for rare diseases, pediatric 

populations, non-English languages, and low-resource healthcare settings. 

The third priority is the safe architecture and deployment. MLLMs should include uncertainty estimation, 

constrained generation, retrieval from current clinical guidelines, terminology grounding, human-in-the-loop 

review, fail-safe mechanisms, and audit logs. Lightweight adaptation strategies, such as LoRA, may support local 

fine-tuning, whereas federated learning can help hospitals collaborate without centralizing sensitive data [63-65]. 

The fourth priority is prospective validation. Retrospective benchmarks are necessary but insufficient for this 
purpose. Before routine clinical use, MLLMs should be assessed using external validation, silent-mode trials, 
controlled workflow studies, and post-deployment monitoring. The final goal should not be the autonomous 
replacement of clinicians but rather a reliable, explainable, and equitable decision support system that reduces 
workload and improves patient safety. 
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Conclusions 

Multimodal language models are an important next step in healthcare AI because they align more closely with 

the multimodal nature of clinical reasoning. By combining clinical text, medical images, audio, biosignals, video, 

and structured data, MLLMs can support report generation, visual question answering, clinical summarization, 

triage, risk prediction, patient communication, and specialist decision support. The evidence is strongest in 

radiology and image-text tasks, whereas applications involving audio, biosignals, video, longitudinal records, and 

rare diseases remain less mature. 

The field should avoid over-claiming clinical readiness. Current MLLMs show promise, but they remain limited 

by scarce paired datasets, hallucinations, privacy restrictions, bias, weak interpretability, high computational cost, 

and limited prospective validation. For safe translation into clinical practice, future studies must focus on 

standardized evaluation, external validation, clinically grounded metrics, human oversight, privacy-preserving 

learning, fairness auditing, and careful regulatory governance. Therefore, MLLMs should be understood as 

emerging decision-support technologies with significant potential, not as autonomous diagnostic systems. 
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