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The rapid evolution of AI has facilitated innovative solutions in analysing different biomedical imaging
modalities. By leveraging the complementary information from eachmodality, multimodal AI solutions
have shownahugepotential to gobeyondhumancapabilities andoffer advances in bioimaging. At the
same time, new foundation models and transformer-based architectures are now poised to address
unsolved challenges in this field. This review aims to explore and discuss the state-of-the-art AI
techniques applied in multimodal biomedical imaging, presenting the key challenges and future
directions. We discuss several integration strategies to combine multiple biomedical imaging data
types. We also focus on methods to overcome the open challenges related to data quality, model
interpretability, and ethical implications.

Imaging plays a crucial role in biomedical research as it provides valuable
information about functional processes at the tissue, cellular, andmolecular
levels1, and its applications are widely used in early disease detection and
therapeutic response monitoring2–4. For instance, several non-invasive
imaging techniques, including X-rays, Computed Tomography (CT) scans,
Magnetic Resonance Imaging (MRI), and Optical Coherence Tomography
(OCT), are regularly used for disease diagnosis, disease progression mon-
itoring, and therapeutic efficacy assessment2,3,5. Beyond disease diagnostics
andmonitoring, high-resolution biomedical imaging (e.g., microscopic and
spectroscopic imaging) has recently provided new opportunities to inves-
tigate several biological processes, including the inner workings of cells and
the tumour microenvironment, which plays a critical role in disease pro-
gression and treatment monitoring.

Traditionally, individual imaging techniques have provided unique
perspectives on biological tissues and disease states. However, considering a
single modality may not provide a comprehensive view of the disease.
Hence, the need to learn from different modalities has driven the shift
towards multimodal biomedical imaging techniques, where different ima-
ging techniques are integrated to provide a holistic view of the biological
mechanism of the disease1. By integrating patient-specific, structural,
functional, andmolecular insights from various imaging types, multimodal
biomedical imaging frameworks can leverage complementary information
from each modality to enhance the understanding of biological processes
anddiagnostic accuracy6. This integratedapproachhas the potential todrive

the next frontier in precision medicine, offering more robust tools for dis-
ease characterisation and paving the way for tailored therapeutic strategies.

Recent advancements in Artificial Intelligence (AI) have reshaped the
landscape of biomedical imaging, offering solutions that bridge various
imaging modalities to deliver more precise diagnostics and facilitate preci-
sionmedicine7,8. Specifically, AI has been used widely to analyse biomedical
images from segmenting regions of interest to diagnosis, prognosis, and
response to treatment4,9.

AI techniques, particularly deep learning models (e.g., Convolutional
Neural Networks (CNNs), Variational Autoencoders (VAEs), Generative
Adversarial Networks (GANs), and transformers), have demonstrated an
exceptional ability to automate complex image analysis tasks, extract
intricate information, and infer meaningful conclusions4,10,11. AI has also
proven capable of handling massive and high-resolution data, while
enabling the integration of information fromvarious imaging types7. In fact,
by leveraging unique insights from eachmodality, the application of AI in a
multimodal bioimaging context can enhance the model performance and
provide a comprehensive view of diseases. Recently, foundation models
have also been proposed to enable universal medical image tasks, enabling
accurate predictions across multiple tasks, including disease diagnosis and
tumour segmentation8,12.

Due to the continuous evolution of AI techniques to integrate different
biomedical imaging data types, the current literature lacks a comprehensive
review of the latest AI integration approaches for multimodal biomedical
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data. For instance, many surveys have mainly focused on specific aspects in
biomedical applications, including model-specific innovations (e.g., foun-
dation and vision-language foundation models13,14), imaging-specific
modality (e.g., radiological imaging15 and histopathological imaging16),
and fusion-specific strategies (e.g., intermediate fusion17). In contrast, our
review provides a comprehensive overview of several imaging fusion stra-
tegies (e.g., pixel, feature, decision, and hierarchical-level approaches) for
integrating multiple types of biomedical imaging (e.g., radiological, optical,
microscopic, and spectroscopic modalities). While other review studies
focus on multimodal AI across both imaging and non-imaging modalities
(e.g., electronic health records (EHRs) and omics)18,19, our work focuses on
integration strategies and technical issues specifically tailored tomultimodal
biomedical imaging. Beyond this, we provide a detailed discussion of how
complementary structural, functional, and molecular imaging can be
exploited to improve the clinical decision-making process and outline
emerging directions in the field.

Specifically, this review focuses on multimodal biomedical imaging,
highlightingAI applications in image-to-image integration.Additionally,
we address and discuss technical challenges unique to integrating ima-
ging data (e.g., modality heterogeneity, image enhancement, spatial
misalignment, and data augmentation methods), which are often
underexplored in general multimodal reviews. We then examine and
discuss several integration strategies to merge multiple biomedical ima-
ging types, highlighting key challenges and proposing potential solutions
to improve data fusion, model performance, and clinical applicability.
Moreover, ethical considerations with explainability in multimodal AI
approaches are also discussed, offering a unique perspective on inter-
pretability and ethical challenges. To contextualise these advances, we
review and discuss the major AI developments over the past fifteen years,
highlighting the AI innovation and emerging role of multimodal inte-
gration in biomedical imaging. Finally, we present the future directions,
including multimodal large language models (MLLMs) and specialist AI
agents, to further enhance the successful applications of AI inmultimodal
biomedical imaging. By integrating technical, clinical, and ethical per-
spectives, our work presents a holistic view of multimodal AI applica-
tions, addresses current challenges, and guides future research in
biomedical studies, thereby offering new insights and directions for
the field.

Biomedical imaging and the shift towards multimodal AI
techniques
Multimodal biomedical imaging includes a variety of imaging techniques,
each contributing specific advantages in capturing structural, functional,
and molecular aspects of the disease under investigation (as detailed in
Box 1). Each biomedical imaging modality has unique characteristics, and
by combining them, multimodal biomedical imaging enhances our
understanding of biological processes at the organ (patient), tissue, and
cellular levels, while improving diagnostic accuracy.

At the patient level, radiological imaging (Fig. 1A), including X-rays,
ultrasound,CT, andMRI, plays a critical role in healthcare by characterising
structural and morphological information and functional activity within
tissues and offering a foundation for comprehensive diagnostic and prog-
nostic assessments20. While the use of single-modality radiological images
remains crucial to investigate specific anatomical and functional char-
acteristics, their integration has recently become necessary due to the
growing complexity of clinical cases and the need for comprehensive
diagnostic insights. For example, ultrasound, a non-invasive diagnostic
technique that uses high-frequency sound waves to generate real-time
images, is optimal for multimodal AI applications, where its immediate
feedback is combined with other radiological images (e.g., CT or MRI) to
improve interventions (e.g., guiding biopsy)21. Additionally, Positron
Emission Tomography (PET) and Single-Photon Emission Computed
Tomography (SPECT) are nuclear imaging techniques that provide infor-
mation onmetabolic and functional activities, such as glucose uptake,which
is indicative of cellular metabolism and is often high in cancerous tissues.
The integrated analysis of PET with MRI and CT scan images provides
detailed metabolic and functional information, complementing the high-
resolution anatomical detail offered by MRI and CT and allowing the
localisation of lesions and identification of structural abnormalities22.
Hence, the integration of these image modalities leverages the strengths of
each imaging type to generate a holistic picture of both structural and
functional information, improving diagnostic precision23.

While radiological imaging provides anatomical information at the
patient-level, microscopic (e.g., histological and histopathological) and
spectroscopic imaging (e.g., Raman, fluorescence, infrared, hyperspectral
imaging, and Mass Spectrometry Imaging (MSI)) offer high-resolution
views on the morphology and molecular information at the tissue level24,25.

Box 1 | BioimagingModalities

1. Radiological imaging
Radiological imaging is one of the most common biomedical imaging
modalities used in healthcare for diagnosis and treatment monitoring.
These techniques can characterise anatomical and functional features of
both tissues and organs.

Ultrasound imaging is a non-invasive diagnostic technique based on
high-frequency sound waves to create real-time images.

Magnetic Resonance Imaging (MRI) employs magnetic fields and
radio waves to generate highly detailed soft-tissue images.

Computed Tomography (CT) uses X-rays to produce cross-sectional
images of the body’s structures (e.g., bones, organs, and blood
vessels).

Positron Emission Tomography (PET) and Single-Photon Emission
Computed Tomography (SPECT) are nuclear imaging techniques that
provide information on metabolic and functional activity in the body.
2. Microscopic and spectroscopic imaging
Microscopic imaging provides detailed information on tissue morphol-
ogy, while spectroscopic techniques offer insights into molecular-level
and chemical compositions.

Histological imaging involves the microscopic study of tissue anat-
omy to understand the organisation and structure of normal tissues.

Histopathological imaging, including whole slide images, is used to
study disease-related changes at the tissue level.

Raman spectroscopy is a non-invasive and label-free technique using
inelastic scattering of light to produce a molecular fingerprint of a
sample.

Fluorescence imaging employs fluorescent markers by illuminating
the sample with a light source of a specific wavelength to highlight spe-
cific components (e.g., proteins, biomolecules, and nanoparticles) within
cells and tissues.
3. Optical imaging
Optical imagingmodalities utilise light todetect anomalieswithin tissues,
providing insights into tissue structure, physiology, and biochemical
processes.

Optical coherence tomography (OCT) is an optical method that uses
light waves to capture high-resolution cross-sectional images of biolo-
gical tissues. OCT can capture intricate structural details, allowing the
detection of small structural changes in tissues and organs.

Optoacoustic imaging (OI) is an optical technique that can leverage
the advantages of rich optical contrast with a high ultrasonic spatial
resolution to capture morphological, functional, and molecular
information.
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Combining microscopic and spectroscopic imaging modalities offers a
multidimensional view of tissue health and pathology. For instance, the
integration of histopathological and Raman spectroscopy imaging has been
shown to enhance cancer diagnosis by associating morphological changes
from histopathological images with molecular profiling information from
the spectral intensities of Raman images on the same tissue sample26. Hence,
the integration of histopathological and spectroscopic imaging can over-
come the limitations of each modality, providing complementary infor-
mation for precise molecular-level analysis. Recently, due to its spatially
resolved multi-omics molecular mapping (e.g., metabolomics and pro-
teomics), MSI has been increasingly integrated with other biomedical
imaging (e.g., immunofluorescent and histopathological) and has shown
great potential in identifying biomarkers and investigating tumour het-
erogeneity at cellular and subcellular levels6. Integrating the metabolomics
information from MSI and immunophenotype information from imaging
mass cytometry has been shown to provide better insights into metabolic
heterogeneity across several cell types (e.g., immune cells and cancer cells)27.
Furthermore, the integration of microscopic and spectroscopic imaging
with radiological imaging also has the potential to provide a comprehensive
view of molecular information with abnormal tumour regions for precise
diagnosis at the patient level28.

Finally, optical imaging techniques have also been used increasingly to
investigate themorphological, functional, andmolecular information at the
tissue and subcellular levels. The integration of OCT and Optoacoustic

Imaging (OI) with spectroscopic imaging (e.g., Raman and multi-spectral)
complements the structural imaging with biochemical information of the
tissue29. Additionally, the combined analysis ofOIwith radiological imaging
and other biomedical imaging has been widely applied in guidance for
biopsy, improving tumour phenotype characterisation30,31. Specifically, the
fusion ofOI andMRI has allowed the enhancement of the visibility of blood
vessels, including oxygenation levels and haemoglobin concentration from
OI, to provide tumour boundary and vascular network details from MRI
simultaneously. Such integration offers both structural and functional
insights and provides a more comprehensive visualisation of the tumour
microenvironment31.

By leveraging the complementary information from each biomedical
imaging (e.g., structural, functional, andmolecular aspects), the integration
of multimodal biomedical imaging within an AI framework can provide a
comprehensive understanding of disease phenotypes and biological pro-
cesses. However, before integratingmultimodal biomedical images, specific
preprocessing techniques must be applied to enhance image quality, nor-
malise data, and reduce noise, which successively improve the accuracy and
reliability of AI models, as discussed in the following section.

AI-driven biomedical image processing methods
In multimodal biomedical imaging integration, image processing is the
fundamental component required to ensure data quality, reliability, and
compatibility across diverse imaging sources. Each biomedical imaging
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Fig. 1 | Overview of multimodal biomedical imaging and processing techniques.
AMultimodal biomedical imaging techniques providing complementary biological
insights into tissue function and structure, where brain tumour is considered as an
example. Microscopic imaging captures the tissue architecture and cell morphology,
while spectroscopic imaging detects metabolic and molecular profiles of the tissue.
Similarly, radiological images (e.g., Computed Tomography (CT), Magnetic Reso-
nance Imaging (MRI), and Positron Emission Tomography (PET)) capture the
patient-level image, characterising anatomical and functional features of both tissue
and organ.B Image processing techniques, including (i) normalisation, which allows
for standardising the intensity values across images using Hematoxylin and Eosin

(H&E) stain normalisation. Gigapixel images are patched into smaller sizes and
patch pixels are normalised; (ii) traditional data augmentation techniques (e.g.,
flipping, scaling, and rotation), and (iii) denoising and artefact correction, where
noise and artefacts from the initial image are removed by applying filtering tech-
niques (e.g., Gaussian- or Wavelet-denoising) or AI-based techniques. C Strategies
for image augmentation using generative models: (i) generative adversarial net-
works; (ii) variational autoencoders; and (iii) diffusionmodels. The human icon was
adapted from the NIAID NIH BioArt Source (bioart.niaid.nih.gov/bioart/519).
Radiological and histological images were adapted from The Cancer Genome Atlas
(TCGA)176.
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modality is characterised by distinct spatial resolutions, contrast mechan-
isms, and artefactual noise patterns. Hence, integrating heterogeneous
imaging data requires robust processing techniques that can normalise
imaging features and suppress noise and artefacts.

Radiological imagingmodalities suchasMRI,CT, andPET inherently
contain noise artefacts due to image acquisition parameters, devices, and
patient-motion artefacts. These also include non-standardised intensity
scales, modality-specific artefacts (e.g., motion blur in MRI, metal streak
artefacts in CT), and spatial resolution mismatches across scanners or
imaging protocols. Image processing is therefore required for ensuring
consistency, reliability, and quantitative interpretability across imaging
modalities. Furthermore, microscopic images like tissue Whole Slide
Images (WSIs) are high-resolution gigapixel images and cannot be directly
integrated with other imaging modalities due to variation in image reso-
lution, memory and computational constraints. To address this, WSIs are
typically split into smaller, more manageable image patches. Processing
steps, such as tiling, backgroundfiltering, and the removal of artefact-laden
or out-of-focus regions help ensure that only high-quality, informative
tissue areas are retained for multimodal integration and downstream
analysis32.

Traditional image processing techniques, such as normalisation, flip-
ping, scaling and rotating (Fig. 1B(i) and (ii)), do not sufficiently resolve
critical degradations in image quality, such as noise, artefacts, tissue folding,
or device-specific distortions. These quality degradations can impair mul-
timodal integration and analysis, potentially leading to clinical mis-
interpretations. Therefore, a deeper exploration of AI-driven processing
techniques is requiredwhen integratingmultimodal biomedical imaging. In
this section, we explore how several AI-driven techniques are applied in
processing biomedical images (Fig. 1B, C) to improve image quality and
support data augmentation. Table 1 reports the latest papers applying AI-
driven processing techniques in biomedical imaging, emphasising the
growing role of AI in improving biomedical image quality and usability.

Biomedical image denoising and artefact correction
Biomedical imaging quality is crucial to accurately capture biologically
meaningful information across different tissues, organs, and pathological
states. However, the quality of biomedical images is often compromised by
motionartefacts arising, for example, from intricate respiratorypatterns and
involuntary movements, or device noise. Image noise and artefacts impact
multimodal model performance, downstream analyses, and clinical

Table 1 | AI-driven processing techniques for biomedical imaging

Processing Method Model Name AI Method Imaging Modality Target Application Ref

Artefact correction HM-EDM DPM CT Motion artefact correction in portable head CT scans. 46

Denoising Noise2Void CNN PET Unsupervised denoising of PET brain images to improve image
quality and quantitative accuracy, especially under low-dose or
short-scan conditions.

39

Denoising CoCoDiff DPM CT Denoising of low-dose CT images using a residual-based
diffusion model and contextual slice information.

35

Denoising MFG-Diff DPM PET Low-count PET image denoising using MRI-guided multimodal
feature fusion; enabling SPET-quality image generation with
reduced radiation dose while preserving diagnostic fidelity and
anatomical detail.

36

Denoising - GAN Ultrasound Real-time denoising of ultrasound images across anatomical
districts; enhancing edge preservation and reducing speckle
noise to improve visual assessment

33

Denoising PADS-Net GAN Transcranial ultrasound Simultaneous denoising and segmentation of midbrain in
transcranial ultrasound.

40

Denoising DeepTFormer Transformer-based Mammography Denoising of mammogram images to enhance visualisation of
subtle features such as microcalcifications.

38

Data augmentation RED-CNN CNN CT Denoising of low-dose CT images using residual learning and
deep convolutional-deconvolutional architecture.

34

Data augmentation - GAN MRI Motion artefact correction and severity assessment in brainMRI;
improving image clarity and diagnostic accuracy without
requiring paired training data.

43

Data augmentation MedGAN GAN Dermatoscopic/ Macroscopic Medical image synthesis and augmentation for few-shot
learning; supporting lesion localisation and disease
classification in scenarios with limited annotated data.

44

Data augmentation TumorGANet GAN MRI Brain tumour classification using augmented MRI data;
improving accuracy and generalisation by addressing dataset
imbalance.

49

Data augmentation TMP-GAN GAN Mammography, CT Pancreatic lesion detection through classification of augmented
datasets.

50

Data augmentation Counter-Synth GAN MRI Gender and age prediction using augmented datasets to
address demographic imbalances; improving model fairness
and generalisability.

51

Data augmentation PGGAN, MUNIT GAN MRI Tumour detection in high-grade glioma patients, enhancing
classification performance through synthetic data generation.

54

Data augmentation - GAN Histopathology High-fidelity histopathological image synthesis; expanding rare
disease datasets and improving diagnostic classifier
performance via realistic tissue augmentation.

55

Data augmentation DR-VAE VAE MRI Modelling brain states through classification of augmented data. 56

The table reports themost recent papers applyingAI-based techniques for biomedical imagingprocessing. For eachpaper, the table includes theprocessingmethodused, the nameof theproposedmodel
(if available), themainAI architecture applied, the imagemodalities used, a brief description of the target application (e.g., tumour detection, lesion segmentation, or predictivemodelling), and the reference.
AI Methods: CNN convolutional neural networks, DPM diffusion probabilistic models, GAN generative adversarial network, VAE variational autoencoder. Imaging Modalities: CT computed tomography,
MRImagnetic resonance imaging, PET positron emission tomography.
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interpretation, particularly in tasks involving image fusion or quantitative
biomarker extraction. Enhancing spatial resolution and reducing noise
allows for improved delineation of anatomical structures, such as cortical
folds in neuroimaging, microvasculature in retinal imaging, or tumour
boundaries in oncology.

Traditional image denoising methods, including median filtering,
Gaussian filtering, and total variation denoising, rely on mathematical
assumptions and manually crafted priors, Fig. 1B(iii). These methods are
sensitive to hyperparameters and often face challenges with modality-
specific noise patterns and artefact types inherent to different imaging
modalities. In contrast, deep learning models offer content and modality-
aware image enhancement by learning complex mappings from noisy
inputs to clean outputs directly from data while preserving biologically
meaningful features33. Supervised deep learning, such as CNN-based
models like RED-CNN34, and perceptual frameworks using GANs, have
shown strong performance in biomedical denoising and artefact
correction35,36. Furthermore, transformer-based models like DeepTFormer,
TED-net, and TransCT improve traditional denoising approaches by
leveraging global context through attention mechanisms37,38.

Despite their widespread use, these supervisedmethods require a large
amount of labelled data. To address this limitation, self-supervised and
unsupervised methods such as Noise2Void and CycleGAN have emerged,
allowing models to learn denoising directly from noisy or unpaired data by
leveraging blind-spot networks and domain translation39,40. Additionally,
generativemodels likeVAEsanddiffusionmodels have advanceddenoising
and artefact correction capabilities. VAEs, for example, learn structured
latent representations that capture essential image features, enabling the
reconstruction of clean images by filtering out noise. Denoising Diffusion
ProbabilisticModels (DDPMs), on theother hand, simulate a gradual noise-
removal process through iterative steps, reversing a noise-adding sequence
to produce high-quality images with intricate details preserved. Moreover,
diffusion models, such as DiffusionMBIR and Deep Diffusion Image Prior,
have also demonstrated strong capability for solving inverse problems in
biomedical image restoration and reconstruction, where they function as
unsupervised priors41,42.

Besides diffusion models, in artefact correction, such as mitigating
motion artefacts in MRI or enhancing low-dose CT scans, GANs-based
methods like CycleGAN andMedGAN excel by training on paired datasets
to map corrupted images to their artefact-free counterparts, with cycle-
consistency ensuring fidelity in critical details43,44. Similarly, diffusion-based
models, such as the conditional diffusion model for portable head CT,
iteratively refine images by modelling noise distributions, demonstrating
improvements in motion artefact correction45,46.

Generative strategies for data augmentation
The generation of synthetic biomedical data, particularly data augmenta-
tion, has emerged as a crucial strategy to address limited data availability in
multimodal imaging pipelines. In real-world clinical contexts, complete
multimodal datasets are often unavailable due to cost, patient-related con-
straints, or imaging heterogeneity. Traditional augmentation techniques,
such as flipping, rotation, scaling, and cropping, have been widely used to
introduce statistical variability and increase diversity47. However, while
effective in many applications, these methods fall short in specificity,
especially in multimodal applications, where every modality must be han-
dled with attention to detail, and where tissue-specific patterns or rela-
tionships across imaging types need to be taken into account.

To address these challenges, recentAI-based generativemodels such as
GANs and VAEs have shown strong potential to augment the data using
available modalities, while incorporating clinical information48. GANs
(Fig. 1C(i)) have shown strong potential in both augmenting limited data-
sets and inferringmissingmodalities inmultimodal biomedical imaging. By
generating anatomically plausible synthetic images, GAN-augmented data
and imputed modalities can enhance training robustness, improve classi-
fication performance, and expand sample diversity, particularly for under-
represented conditions suchas rare tumours49–51. Recentmethods, including

Unified multimodal Image Synthesis, have demonstrated the ability to
generate any missing MRI modality from available ones using a shared-
discrepant encoding framework52. However, challenges such as mode col-
lapse, non-convergence, and training instability can compromise image
diversity and clinical reliability, especially in applications requiring fine-
grained anatomical accuracy53,54. Tomitigate these issues, recentworks have
explored architectural improvements, regularisation strategies, and hybrid
model designs53,55. Despite these advances, further validation is needed to
ensure that generated images support consistent and interpretable outcomes
in clinical workflows.

VAEs, on the other hand, are commonly employed in biomedical
image processing for synthetic data augmentation (Fig. 1C(ii)). By learning
latent distributions from existing imaging data, VAEs can generate anato-
mically plausible samples to improve model training for tasks such as seg-
mentation and classification56,57. However, compared to GANs and
transformers, VAEs pose challenges such as blurry outputs, weak cross-
modal fidelity, and latent space entanglement58. Enhancements like auto-
regressive decoders, VAE-GAN hybrids, and supervised disentanglement
strategies have been proposed to address these issues, but further work is
needed to make them viable for clinical-grade inference across hetero-
geneous modalities59.

Beyond GANs and VAEs, other deep-learning frameworks have also
been developed to advance data augmentation in biomedical imaging.
These include diffusion models (Fig. 1C(iii)), multimodal autoencoders,
transformers, and hybrid encoder-decoder architectures that learn shared
feature representations from partial modality inputs. Particularly, latent
Diffusion Models (LDMs) can effectively capture long-range dependen-
cies, enabling the generation of realistic MRI synthesis60. These synthetic
datasets are widely applied for addressing class imbalance and simulating
rare disease cases. Despite their promising performance, translating these
AI-driven approaches to the biomedical domain remains a challengedue to
a lack of standardised imaging process, domain shifts, and protocol
variability.

Data-driven imaging techniques
Beyond synthetic data generation, AI is widely used in data-driven imaging
techniques, representing a significant advancement in biomedical research
by enabling deeper insights into disease mechanism. Data-driven imaging
techniques extract deep learning and imaging-derived features from high-
dimensional biomedical images to provide quantitative information and
reveal underlying biological patterns that are not easily visually captured.
Early convolutional layersmay act as edge or texture detectors, while deeper
layers capturemore abstract representations such as tumourmorphology or
tissue patterns. Pretrained models (e.g., ResNet, EfficientNet) and founda-
tion models (e.g., BEPH61 and RadFM62) have been increasingly applied on
biomedical imaging datasets to extract feature representations for several
downstream tasks. These learning-based feature representations have pro-
ven more robust to variations in acquisition settings, noise, and patient
anatomy.

Radiomics and radiogenomics derived from data-driven imaging
techniques provide detailed insights into disease phenotype and asso-
ciated genetic characteristics. For example, radiomics can derive tumour
information (e.g., tumour texture, shape, and intensity) from radiological
images, and radiogenomics correlates radiomics features with genetic pro-
files of the imaged tissue. These data-driven biomedical imaging offer a
quantitative viewof tumourphenotype andmolecular biology,whichcanbe
integrated with the spatial and morphological information from other
biomedical imaging to provide a holistic understanding of the disease.
PyRadiomics63 is a widely adopted framework that provides standardised
feature definitions and extraction pipelines, enabling reproducibility and
facilitating large-scale radiomics studies. With the support of AI, radiomics
and radiogenomics are now widely integrated with several biomedical
imaging modalities (e.g., radiological and histopathological images) to
visualise and characterise tumour tissues and improve precise diagnosis,
prognosis, and therapeutic responses64–66.
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Integrating AI with multimodal biomedical imaging
The integration ofmultimodal biomedical imagingwithin anAI framework
is revolutionising disease diagnosis, prognosis, and treatment planning67.
This section discusses the main AI-based data fusion strategies (e.g., pixel
level, feature level, decision level, and hierarchical level) across different
biomedical imaging modalities (e.g., radiological, microscopic, spectro-
scopic, and optical imaging). In particular, we emphasise how different

fusion approaches are used in a multimodal AI framework (Fig. 2A) to
facilitate a variety of downstream tasks, including risk prediction, cancer
detection, cell type identification and annotation (Fig. 2B). Lastly, Table 2
reports the recent multimodal AI applications in biomedical imaging,
showcasing advancements in disease diagnosis, prognosis, and tumour
segmentation, highlighting the role of multimodal AI for biomedical ima-
ging in healthcare and medical research.

A. Multimodal fusion strategies

iii) Decision-level fusion

Modalities

Pixel
integration

i) Pixel-level fusion

iv) Hierarchical-level fusion

Output

Output

Integrated
features

ii) Feature-level fusion
Latent

representation

Integration
model

Aggregation

Integration
level 1

Integration
level 2

OutputIntegrated
image

CNN-based encoders Modalities Encoders

Modalities Encoders Decisions

Preserves cross-modality spatial information, both at 
local and global levels.

Integrate latent features extracted from
each modality into a unified feature space.

Ensemble predictions
from each modality

Multi-level approach that gradually integrates
information at multiple abstraction levels.

Modalities Encoders Latent
representation

B. Downstream tasks and biological insights

• SHAP
• Grad-CAM
• Attention

map

ii) Classification tasks

• Malignant/benign
• Subtypes
• Cell types
• Cancer stages

+ + + + +++ ++ + +++++
+ + +++ +++++++++++++++++

+

++

+
+

++

++++++++++

i) Risk prediction

High Risk
Low Risk

• Estimate hazard
ratio

• Stratify patients
into risk groups • Cell type annotation

• Cell segmentation

iii) Explainability iv) Tissue analysis

Fig. 2 | Multimodal AI fusion strategies and applications in biomedical imaging.
A AI fusion strategies to combine and analyse multimodal biomedical images. (i)
Pixel-level fusion: raw pixel intensity values from different imaging modalities (e.g.,
MRI and PET) are combined to generate superimposed images; (ii) Feature-level
fusion: latent representations from each modality are concatenated to form inte-
grated features. These integrated latent representations are then fed into a neural
network for downstream analysis; (iii) Decision-level fusion: the predictions from
each modality are ensembled using majority voting or weighted averaging approa-
ches to generate the final prediction; (iv) Hierarchical-level fusion: the latent

representations from each modality are integrated at multiple abstraction levels.
BDownstream tasks and biological insights. Themultimodal integrated architecture
can be applied for estimating (i) patients' survival or risk group stratification, and (ii)
classification tasks, including subtype or cancer-stage classification. (iii) Explain-
ability techniques (e.g., SHapley Additive exPlanations (SHAP), Gradient-weighted
Class ActivationMapping (Grad-CAM) and attention maps) can then be applied to
highlight important regions across multimodal images. (iv) Finally, tissue analysis
can be performed for cell type annotation or cell segmentation tasks. Radiological
and histological images were adapted from TCGA176.
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Integrating different imaging modalities: data fusion techniques
Data fusion strategies inbiomedical imaging integratemultiplemodalities to
enhance the understanding of anatomical structures and physiological
processes, thereby improving disease diagnosis, prognosis and therapeutic
monitoring67. These strategies, including pixel-level, feature-level, decision-
level, andhierarchical-level fusion approaches (schematically represented in
Fig. 2A), can leverage the complementary information that captures
structural, functional, and molecular aspects of diseases to improve the
predictive power of the AI model and mitigate individual modality
limitations.

Pixel-level fusion. Pixel-level fusion (also referred to as early fusion,
Fig. 2A(i)) combines different biomedical imagingmodalities of the same

sample region at a pixel-level to create a single and enhanced image68.
Two main techniques, including spatial domain and frequency domain
fusion (i.e., multi-scale-based transform), are often used in pixel-level
fusion to improve image quality and generate less spatial distortion69.
Spatial domain fusion utilises basic pixel-level techniques, such as aver-
age/weighted average, maximum, principal component analysis, and
gradient filtering, to fuse biomedical images. On the other hand, fre-
quency domain fusion (e.g., multi-scale transformation and pyramidal
methods) aims to fuse the frequency quantities extracted from several
biomedical images via Fourier transform or deep learning approaches,
followed by inverse transformation to obtain the final fused image. For
instance, combining pixel-level information from CT,MRI, and PET has
been shown to enhance the spatial and anatomical features of biomedical

Table 2 | Recent multimodal AI fusion strategies applications in biomedical imaging, listed by fusion technique, pixel-level,
feature-level, decision-level, and hierarchical-level fusions

Integration
techniques

Imaging modalities Downstream tasks Anatomical sites Ref

Pixel-level MRI, PET Preserving imaging details from both modalities to enhance clinical
diagnosis

Brain 70

MRI, PET Enhancing image quality and visualisation (higher brightness and
clearer edges) to improve the clinical diagnosis

Brain 71

MRI (T1, T2), PET, SPECT Preserving imaging details from both modalities to enhance clinical
diagnosis

Brain 72

MRI, PET Avoiding blurring and reducing visible texture detail loss to improve the
clinical diagnosis

Brain 76

MRI, SPECT Improve radiological image characterisation by combining anatomical
soft-tissue structures with functional metabolic features in brain
imaging

Brain 77,78

MRI, PET Alzheimer’s disease detection Brain 73

Feature-level OCTA, OCT (structure), ultrasound (B-
scan flow)

Age-related macular degeneration diagnosis Eyes 84

Raman, FTIR spectroscopy Thyroid tumour diagnosis Cervical region 82

MRI and fMRI Schizophrenia diagnosis Brain 81

MRI (T1, T1c, T2, FLAIR) Brain tumour Brain 80

Raman, FTIR spectroscopy Cancer diagnosis (e.g., lung cancer, glioma, and thyroid) Lung, brain, neck 107

WSI, MRI Mutation status prediction Brain 28

Mammography, ultrasound Breast cancer subtype identification Breast 86

MSI, WSI Lung cancer subtyping area segmentation Lung 111

Mammography, ultrasound Breast cancer screening Breast 83

Decision-level Radiomics (extracted from CT), WSI Ovarian cancer risk stratification Ovary 65

Microscopic imaging (AFMI, BFMI,
and OPMI)

Breast cancer diagnosis Breast 87

Radiomics (extracted from CT), WSI Prostate cancer progression risk prediction Prostate gland 88

MRI, WSI Brain tumour subtype identification Brain 85

MRI (T1, T2, DCE) Breast cancer diagnosis Breast 89

MRI (T1, T1c, T2, FLAIR) Brain tumour subtype identification Brain 90

LIBS and Raman Lung cancer stage prediction Lung 110

Hierarchical-level MRI (T1, T1c, T2, FLAIR) Brain tumour segmentation Brain 94,102

CT, WSI Gastric cancer diagnosis Stomach 92

CT, MRI Brain image quality enhancement Brain 93

Fundus retinal photography, OCT,
fluorescein angiography

Treatment-requiring retinal vascular disease detection Eyes 114

CT, MRI, endoscopy Med-SAM, a foundation model for universal medical image
segmentation

Multiple 8

The table also reports the imaging modalities used in each study, the downstream tasks, the anatomical site, and the corresponding reference. AFMI autofluorescence multispectral imaging, BFMI
backgroundedmembrane imaging,CT computed tomography, fMRI functional magnetic resonance imaging, FTIR fourier transform infrared, LIBS laser-induced breakdown spectroscopy,MRImagnetic
resonance imaging (T1, T1-weighted imaging with contrast (T1c), T2, FLAIR fluid-attenuated inversion recovery, DCE dynamic contrast-enhanced are different types of MRI sequences),MSImass
spectrometry imaging,OCT optical coherence tomography,OCTA optical coherence tomography angiography,OPMI operatingmicroscope imaging, PET positron emission tomography, SPECT single-
photon emission computed tomography, WSI whole slide imaging.
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images.70–73. Such integration not only preserves the original information
from each original modality (e.g., tissue structure) but also enhances
complementary insight and interrelations acrossmodalities74. As a result,
pixel-level fusion can improve the image quality (e.g., colour brightness,
edge and local features) compared to using a single modality only71,75.

Deep learning-based approaches (e.g., CNNs, GANs, and transfor-
mers) have also been increasingly used to transform the spatial or signal
information of eachmodality throughpixel-level fusion76–78. For instance, in
pixel-level fusion, CNNs have been employed to capture spatial hierarchies
from MRI and SPECT images, while transformer-based approaches and
attention mechanisms have been applied to integrate these features and
generate amore accurate representation of anatomical and functional tissue
aspects77.

Pixel-level fusion has proven effective in enhancing the visualisation
quality, segmentation, and characterisation of biomedical imaging, pro-
vidingmore informative images and facilitating better disease diagnosis and
screening68. By integrating complementary information from different
imaging modalities of the same body region (e.g., the brain), pixel-level
fusion can combine functional information (e.g., metabolic activity from
PET and SPECT) with precise anatomical detail (e.g., tissue structure from
MRI andCT) to generate a clearer andmore comprehensive image, thereby
supporting better-informed treatment decisions23,70. However, pixel-level
fusion combines raw images, and it can only be applied to imaging repre-
senting the same sample region. Hence, this fusion technique is sensitive to
image quality and misalignment between images. For example, a mis-
alignment between modalities such as MRI and PET will result in artefacts
(e.g., blurring and noise amplification) and structural distortions, reducing
the diagnostic quality of the output. Therefore, when noise and misalign-
ment are present in imaging modalities, additional preprocessing, such as
image registration and denoising, is required before integration (as dis-
cussed in Section “Biomedical image denoising and artefact correction”).
Registration error can also be applied to determine the spatially matched
region locally (e.g., regions of interest) or globally (e.g., entire image section)
before pixel-level fusion79.

Feature-level fusion. Feature-level fusion (also referred to as inter-
mediate or joint fusion, Fig. 2A(ii)), in contrast, can overcome the
challenges of pixel-level fusion by using deep learning models to extract
meaningful features or latent representations from each modality before
integrating them for downstream analysis67. By leveraging extracted
features rather than raw pixel data from each modality, feature-level
fusion has demonstrated greater robustness in handling misalignment
and noise compared to pixel-level fusion67. The modality-specific noise,
redundant information, and imaging quality variability are reduced
during the extraction of the latent representation using advanced deep-
learning-based approaches. In particular, CNNs, RNNs, VAE, and vision
transformers are often applied to extract latent representation in feature-
level fusion to enhance interpretability and predictive performance of
multimodal AI80–83.

Additionally, feature-level fusion also offers more flexibility in the
regions of interest to be integrated. Unlike pixel-level fusion, which requires
exact pixel alignment between input images, feature-level fusion allows for
the integration of features extracted from different regions, enabling amore
holistic understanding of the patient’s condition. For instance, feature-level
fusion of different biomedical imaging, such as optical imaging (e.g., OCT
and OCT angiography), radiological imaging (e.g., ultrasound and MRI)
and spectroscopic imaging (e.g., Raman and infrared spectroscopy), has
demonstrated improvement in disease diagnosis82,84. Histopathological
imaging has been integrated with multi-sequence MRI scans through
feature-level fusion, combining information frommultiple views, including
molecular-level and cellular-level (from histopathological imaging), and
texture-level information (from MRI). Such integration has provided a
more comprehensive perspective and enhanced clinical diagnosis28.

Feature-level fusion has been successfully applied in many biomedical
tasks since it ismore robust to noise and imagemisregistration compared to

pixel-level integration. However, due to the complexity of the AI approach
used for fusing the features from different modalities, feature-level fusion
often requires a complex architecture, and it is computationally expensive,
especially when working with high-resolution biomedical images. Addi-
tionally, the choice between integrating the same or different regions
depends on the nature of the dataset and clinical objective. While same
region feature-level fusion enhances the diagnostic accuracy and inter-
pretability of the multimodal AI, different region fusion supports a more
comprehensive, systemic understanding of disease processes.

Decision-level fusion. To overcome the limitations of feature-level
fusion, in decision-level fusion (also referred to as late fusion,
Fig. 2A(iii)), the decisions or predictions from each modality are com-
bined using mathematical operations, such as majority voting or
weighted average, to generate the final outputs67. Moreover, by com-
bining high-level decisions inferred from individual modalities, this
fusion strategy has shown robust results inmany applications since it can
handle data misalignment and noise between multiple imaging mod-
alities. Decision-level fusion can integrate predictions from different
biomedical imaging modalities, such as radiological (e.g., MRI, ultra-
sound, and mammography), radiomics, and microscopic imaging (e.g.,
WSI) to generate a more robust and accurate disease diagnosis and
improve subtype identification65,85–88. It has also been applied to fuse
different MRI perfusion techniques (e.g., T1, T2, and dynamic contrast-
enhanced) and improve breast cancer detection89,90. Moreover, decision-
level fusion has also improved cancer patients’ outcomes by integrating
biomedical imaging from different biological views, such as radiomics
from CT scans and histopathological features from WSI65. CNNs, espe-
cially pre-trained networks (e.g., ResNet), have also been widely used in
decision-level fusion to generate predictions from each biomedical
imaging modality89,90. Due to the flexibility in the selection of modality-
specific architecture in decision-level fusion, foundation models are also
increasingly applied to enhance the accuracy, robustness, and gen-
eralisability of multimodal approaches8,91.

Decision-level fusion is promising for handling high-resolution images
and generating more robust predictions. Similar to feature-level fusion, it
can also deal with heterogeneous data and preserve the modality-specific
features, facilitating the integration of different biological organisations.
Hence, decision-level fusion is commonly used when biomedical imaging
originates from different regions, particularly when integrating multi-level
imaging (e.g., patient-level, tissue-level, and molecular-level). However,
since the input data is not integrated directly, but the decision-level fusion
combines a higher level of abstraction (i.e., predictions), the detailed
information (e.g., morphological and functional) present in the original
images might be lost. Moreover, the running time of decision-level fusion
approachesmight be impactedby the image resolutionof eachmodality. For
instance, due to the high-resolution nature of most biomedical imaging,
patching-based techniques are required when working with microscopic
imaging (e.g., WSI), while this is not required for radiological imaging,
introducing further challenges when applying decision-level fusion
techniques.

Hierarchical-level fusion. To mitigate the limitation of multiple-
resolution image integration, hierarchical-level fusion (Fig. 2A(iv))
combines multiple abstraction levels (e.g., pixel-level, feature-level, and
decision-level) to improve image quality and increase the accuracy and
robustness of the resulting AI model67. By integrating information at
different levels from pixel- to decision-level, hierarchical fusion can
combine the strengths of different fusion types, providing a more com-
prehensive understanding of the disease and biological processes.
Hierarchical-level fusion is often applied to integrate gigapixel imaging
(e.g., histopathological imaging) and radiological images (e.g., MRI and
CT) to improve survival prediction and interpretability of AI models92. It
can also handle biomedical imagingwith huge differences in spatial scales
between patch-level and region-level on WSI and tissue-level on MRI92.
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Hierarchical-level fusion is particularly effective in capturing spatial
dependencies in modalities, such as MRI and CT, which involve three-
dimensional spatial information and require specialised processing pipelines
and architectures tailored to their unique features. Additionally, a multi-scale
hierarchical fusion approach that combines lower-scale features (e.g., pixel
intensities, local details, and texture information) and higher-scale features
(e.g., global structures) has been recently applied to integrateCT andMRI and
generate better-fused images in terms of image quality and richer details and
textures93.CNNsare commonlyused inhierarchical-level fusion toextract and
compute features, while vision transformers and attention mechanisms have
been recently applied to capture long-range dependencies within high-
resolution images, leading to more accurate and interpretable results92–94.

Hierarchical-level fusion remains a promising approach since it can
overcome the limitations of other fusion approaches (i.e., it is robust to noise
and it can deal with large differences in spatial scales and image resolutions).
It also providesmoreflexibility in designing andoptimising fusion strategies
by enabling the selection and combination of various fusion strategies at
different levels. Despite its promising performance, combining multiple
abstraction levels requires complex architectures, resulting in higher com-
putational costs compared to other fusion strategies. Although tailored
approaches are applied to accommodate the differences in scale and reso-
lution (e.g., Mixture of Experts (MoEs), where modality-specific expert
networks are assigned to process different imaging modalities95), achieving
effective optimisation and information fusion across heterogeneous mod-
alities in hierarchical-level fusion remains a challenge. Additionally, when
misalignment and noise are present in the imaging modalities, additional
preprocessing (e.g., image registration and resizing) and multiple trans-
formation steps are required before and during the integration. Therefore,
although hierarchical-level fusion offers improvements in model perfor-
mance and flexibility, it still requires careful consideration of the trade-offs
between model performance and complexity67.

Downstream tasks and biological insights
The integration of multimodal imaging within an AI framework has been
increasingly used to enhance diagnosis, prognosis, subtype identification,
treatment response, and understanding of tissue heterogeneity, as sche-
matically represented in Fig. 2B.

Different types of radiological images (e.g., mammography, MRI, and
CT) have been recently integrated with multimodal AI to improve sensi-
tivity in cancer risk assessment, and enhance the accuracy of tumour and
lesion detection used for preoperative planning and prediction of
metastasis96–99. Integrating complementary information from multiple
sequencing techniques in cardiac magnetic resonance (e.g., auxiliary and
late gadolinium enhancement) has also improved the segmentation results
and reliability compared to using one imaging modality only100,101.

Recently, transformer-based models, such as Swin UNETR, incorpo-
rate self-attention mechanisms to efficiently capture long-range depen-
dencies and multi-scale contextual features, enhancing tumour
segmentation accuracy from multimodal radiological images (e.g., MRI)
and multi-scale structures often observed in tumour regions102,103. These
models are particularly effective for MRI due to their ability to model
complex anatomical structures. Also, PET and SPECT scans integrations
have been successfully applied to enhance metabolic and anatomical ana-
lysis andprovide a richer perspective in complex cases such as the analysis of
head and neck cancer23. Other commonly applied combination approaches
are based on CT and MRI images, which contribute to high-resolution
anatomical details. In fact, CT and MRI are often combined with PET to
provide complementary insights into metabolic activities (e.g., glucose
uptake) from PET and anatomical details from CT and MRI and improve
diagnostic andprognostic accuracy22. Saliencymapshavebeenused to guide
the fusion process, enhancing the explainability of multimodal biomedical
imaging by ensuring that the fused images highlight visually and clinically
relevant features70. The synergy across radiological imaging modalities has
been shown to improve predictive capabilities and has the potential to
further enhance AI systems’ relevance in healthcare104,105.

The integration of different types of microscopic and spectroscopic
imaging has also provided the opportunity to gain more comprehensive
information by correlating structural (from microscopic imaging) and
functional information (spectroscopic imaging), thereby leading to more
accurate diagnosis, subtype, and biomarker identification26,106,107. For
example, multimodal AI integrating digital histopathological and Raman
spectroscopy imaging has shown improvement in cancer diagnostic accu-
racy compared with unimodal AI26. Besides, histopathological imaging has
also been integrated with radiological imaging (e.g., MRI) to improve the
robustness and predictive performance of multimodal AI models in pre-
dicting mutation status and classifying cancer subtypes28,108. Additionally,
Raman spectroscopy imaging is a common modality integrated with other
biomedical imaging, such as infrared spectroscopy and fluorescence ima-
ging, to enhance disease diagnosis, biomarker detection, and better quantify
the metabolic activities of different cancer subtypes82,106,109,110. Moreover,
hyperspectral imaging andMALDIMSIoffer thepotential tomoreprecisely
delineate tumour margins by exploiting spectral contrasts between healthy
and diseased tissue and enabling the generation of virtual histological stains
to reduce the cost and variability of conventional chemical staining and
conserve precious tissue samples111,112.

The advancement of AI and data integration methods has also facili-
tated the integration of high-resolution imaging, such as optical and data-
driven biomedical imaging. Their integration has shown great potential in
better characterising disease, enhancing the risk stratification of patients,
accurate diagnosis, and identifying biomarkers and investigating
disease6,31,65,113. For example, by integrating OI and OCT with other radi-
ological, microscopic, and spectroscopic imaging modalities, including
MRI, X-ray, Raman spectroscopy, and fluorescence imaging, it has been
possible to leverage the complementary information from each modality
and enhance clinical cancer diagnosis and therapeutic monitoring31,113.
Moreover, OCT and OI have also been integrated with other ophthalmic
imaging methods, such as fundus photography and fluorescein angio-
graphy, to facilitateAI-drivendiagnosis of complex retinal diseases114.OCT-
derived structural features, including the retinal nerve fibre layer and the
ganglion cell-inner plexiform layer, have also been used to predict neuro-
degenerative conditions such as Alzheimer’s disease and mild cognitive
impairment, highlighting the role of multimodal AI to enhance the preci-
sion of disease diagnosis115.

Although multimodal biomedical imaging provides a promising
solution to enhance clinical decisions, translation of these AI models often
faces several challenges related to scalability, cross-modality generalisation,
and adaptability to complex clinical scenarios. Foundation models like
MedSAM8,BiomedParse116, andBiomedGPT12, further push theboundaries
of multimodal applications by offering generalisability and robust perfor-
mance across multiple imaging modalities, outperforming traditional and
specialist models in accuracy and adaptability. They leverage pre-trained
embeddings and attention mechanisms to adaptively refine segmentation
outputs, marking a key step towards universal biomedical segmentation
solutions8.

Finally, to fully exploit the potential of AI in bioimaging, it remains
essential to integrate imaging data with other biomedical sources, including
omics (e.g., transcriptomics, proteomics, and genomics), EHRs, and time-
series data fromwearable devices. In fact, cross-modality algorithms enable
AI systems to combine these diverse data sources to offer a comprehensive
understanding of patient health and disease progression117,118. For instance,
integrating imaging with genomic data can reveal links between structural
abnormalities and molecular profiles, which enhances understanding of
disease mechanisms117,119,120. This synergy enhances the ability to identify
biomarkers that correlate imaging phenotypes with genetic variations.
Additionally, linking cardiac MRI with genomic data has identified loci
associatedwith aortic dimensions, offeringmechanistic insights into cardiac
function that single-modality analyses might miss121,122. Similar strategies
have been used to improve prognostic models in cancer by connecting gene
expression profiles with visual patterns in biomedical images to enablemore
accurate prediction of recurrence risk in breast cancer patients123. Beyond
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prognosis, early detection is another key benefit. Since molecular changes
often occur before structural abnormalities appear, combining omics with
imaging allows for earlier identification of disease or detection of patients at
higher risk, even before symptoms are visible124.

In parallel, EHR data contextualises imaging findings within patient
histories and as a result, improves diagnostic relevance, while wearable
devices provide real-time monitoring that complements static imaging
scans. Together, these modalities complement imaging by adding clinical
and functional dimensions and enable a more complete and time-resolved
understanding of patient health.

Furthermore, the development of MLLMs enables the integration of
biomedical images (e.g., radiological and pathological) with natural lan-
guage descriptions to enhance biological and clinical insights and improve
explainability125. Additionally, text integration supports zero-shot learning
by enabling the development of generalistmodels126. Integration of textwith
single imaging modalities, such as histopathology125,127,128 or radiology129–131,
remains an active area of research and continues to yield important
advances. In fact, more recently, there has been increasing interest in fra-
meworks that integrate multiple imaging modalities alongside text132–134 to
enable more comprehensive analyses and deeper insights into complex
biological systems.

Evolution of AI in Multimodal Biomedical Imaging
The advances outlined above reflect the AI innovations in biomedical
imaging over the past fifteen years, as illustrated in Fig. 3. The field was
initially dominated by traditional machine learning approaches (e.g.,

Support Vector Machine (SVM) and Random Forest (RF)) applied to
single-modality imaging data (e.g., MRI, CT and X-rays) in the early 2010s.
However, insufficient computational powerand the scarcity of largepublicly
available datasets have limited the performance and applications of AI in
biomedical imaging. The success of AlexNet135 in the ImageNet challenge
has opened a new era of applying deep learning, particularly CNNs and
pretrained models, to biomedical imaging136. Architectures, such as
U-Net137, GANs138, and diffusionmodels139, subsequently revolutionised the
applications of AI, enablingmodels to focus on regions of interest, improve
image quality and data augmentation, and thereby enhancing diagnostic
precision. The rise of deep learning also fostered the growth of data-driven
imaging approaches (e.g., radiomics and radiogenomics) connecting ima-
ging features to disease phenotypes140 and facilitated advanced analyses in
cell and molecular signatures from high-resolution imaging (e.g., micro-
scopic and spectroscopic)141. From 2016, the field expanded rapidly toward
multimodal integration, incorporating multiple imaging types (e.g., radi-
ological, microscopic imaging and data-driven imaging) to gain more
insights into diseasemechanisms. The introduction of the transformers and
attention mechanisms142 further advanced the biomedical imaging field,
enhancing model performance and interpretability. In parallel, the emer-
gence of generative large languagemodels (LLMs), such as GPT and BERT,
extended AI applications to the biomedical domain with natural language
generation and mining. Vision-language models in healthcare, like CLIP
introduced in 2021143, have improved generalisability, reduced reliance on
manual annotationandopened aneweraof personalisedmedicine and real-
time monitoring. More recently, foundation models and MLLMs, trained

2012 2014 - 2015

201620172019 - 2020

2021 2024

Traditional machine learning 
(ML) for single-modality
• Early ML techniques (e.g., SVM and RF)
applied to single-modality (e.g., MRI and CT)
• Small datasets
• Limited computational power

Breakthrough in 
image recognition
• AlexNet wins the 
ImageNet challenge

Application of CNNs in biomedical imaging
• CNN adoption in medical imaging
• Transfer learning applied on biomedical imaging, allowing networks
pre-trained on large image datasets to be fine-tuned for medical tasks
• Introduction of advanced architectures (e.g., U-Net, GAN, and diffusion 
models) improving image segmentation and model performance

Growth of data-driven imaging
• Radiomics and radiogenomic linked
biomedical imaging with phenotypes

Introduction of transformer and
attention mechanisms
• Development of advanced architectures like
transformers and attention mechanisms, enhancing
model performance and interpretability

Emergence of generative 
large language models (LLMs)
• Applications of generative LLMs  
(e.g., GPT and BERT) to biomedical domain

The rise of deep learning

Multimodal data integration adoption

Vision language model 
in healthcare
• Introduction of CLIP, a vision-
language model, applied to 
healthcare for multimodal learning

2025 forward

Advancements in disease detection 
with MLLMs and foundation models
• Emergence of foundation models in healthcare 
• Pre-trained on large datasets to generalise across tasks
• Rise of Multimodal LLMs (MLLMs) integrating imaging, 

text, and EHR data

AI agents and transparent AI systems
• Rise of multimodal integration of imaging, wearable
devices, and EHRs to enhance AI health monitoring
• Adoption of AI agents for real-time analysis, planning,
 and clinical interaction
• Emergence of specialist multimodal healthcare agents
• Ethical and transparent AI systems for clinical practices

Personalised medicine and real-time monitor with specialist AI agents

Evolution of multimodal AI for biomedical imaging

Before 2010s

Fig. 3 | The evolution of AI in multimodal biomedical imaging. Early approaches
relied on traditional machine learning (e.g., Support Vector Machine (SVM) and
Random Forest (RF)) applied to a single imaging modality. The breakthrough in
image recognitionwith the success of AlexNet in the ImageNet challenge has opened
a new era of deep learning from 2012, with more applications of CNNs and pre-
trained networks on large image datasets to be fine-tuned for biomedical tasks. Since
2016, the field has expanded rapidly toward multimodal integration, driven by the
growth of data-driven imaging and the integration of multiple imaging types to gain

more biological insights. The emergence of transformers and LLMs have extended
AI applications to the biomedical domain with natural language generation and
mining. More recently, foundation models and multimodal large language models
(MLLMs) have demonstrated the capacity to generalise across several downstream
tasks without the need for task-specific architectures. Looking ahead, the rise of AI
agents, especially specialist multimodal healthcare agents, is anticipated to stream-
line workflows.
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on extensive multimodal datasets incorporating biomedical imaging, clin-
ical notes and EHRs, have demonstrated the capacity to generalise across a
wide range of downstream tasks (e.g., diagnosis, prognosis and biomarker
identification) without the need for task-specific architectures8,144,145.
Importantly, the field has shifted from a single and isolated imaging mod-
ality to a multimodal and patient-centric paradigm, enabling a deeper
understanding of underlying biological insights of the disease and sup-
porting the development of personalised medicine.

Looking ahead, the integration of diversified multimodal biomedical
imaging offers an opportunity for the rise of new AI systems like AI-agents
to integrate AI models with the clinical bioimaging ecosystem, including
biomedical databases, diagnostic tools, and analytical software. These agents
can streamline workflows by incorporating imaging, wearable devices, and
EHRs, and providing real-time analysis, planning and monitoring. These
multimodal proactive AI-driven health monitoring systems will not only
support real-time analysis and clinical decision-making but also provide
tools for planning and continuous interaction between clinicians and AI,
which later support the development of specialist multimodal healthcare
agents to enhance diagnostic precision and personalised care. Importantly,
these AI innovations must be accompanied by a strong emphasis on ethical
and transparent AI design, ensuring that clinical practices benefit from
systems that are explainable, trustworthy, and aligned with patient safety
and regulatory standards.

Challenges in AI and multimodal bioimaging
Although the integration of AI into biomedical imaging has improved
diagnostics and treatment planning, several challenges still remain. For
example, data variability, noise, and inconsistencies across protocols and
demographics must be considered before combining different imaging
modalities. The black-box nature of AI also raises concerns about inter-
pretability, clinical trust, and ethical factors, including privacy, security, and
bias. This section discusses the key challenges of multimodal AI in bioi-
maging, from data variability to model interpretability and ethical con-
siderations, while proposing potential solutions and future research
directions to address these issues.

Data quality and variability
Biomedical imaging data often come from diverse sources, increasing their
variability and affecting the overall dataset quality146. Hence, the success of
AI applications in biomedical imaging heavily depends on data quality and
data variability. Data quality refers to the reliability and suitability of ima-
ging data for AI use. Accurate images and high-quality annotations are
essential for building robust AI models147, since poor-quality data, with
noise, artefacts, or inconsistencies, can hinder AI’s ability to learn mean-
ingful features and bring about reduced model accuracy and robustness148.
Similarly, data variability, which represents inherent differences in imaging
datasets, arises frompatients’diversity, acquisition parameters, and imaging
modality structure149. As expected, integrating multiple modalities adds
complexity, as small sample sizes from paired modalities often fail to
represent all conditions, which sequentially leads to biases and limited
generalisability118. Additionally, temporal changes in patient conditions and
treatment responsespose further challenges tomaintainingdataconsistency
and ensuring fairness10,150.

In order to tackle the challenges of data quality and variability, several
strategies have been developed. For example, data curation and harmoni-
sation, involving standardised protocols for image acquisition, annotation,
and data management, can help minimise variability and improve data
quality in medical AI applications147.

Moreover,missingdatamodalitiesposeanother challengewhenworking
withmultimodal biomedical imaging. Recently, cross-modal data imputation
has leveraged generative models and attention mechanisms to synthesise
missing modalities from available data151,152. In parallel, contrastive learning
approaches have been used to align modalities in a shared latent space,
allowing models to leverage correlations and similarities across modalities,
evenwhenmodalities aremissing153. Leveragingdata enhancement techniques

(e.g., data augmentation for transforming images and generative AI for syn-
thetic biomedical imaging generation and translation) can also expand the
diversity and size of the training datasets, enhancing model robustness when
working on noisy biomedical images or integratingmultiplemodalities across
complex biological systems154,155. Additionally, developing robust AI algo-
rithms that are inherently resistant to noise and data variability is essential.
This can be achieved by adopting transfer learning approaches based on large
pre-trained models that capture useful low-level features, or by incorporating
data augmentation to simulate biologically relevant perturbations (e.g., var-
iations in staining intensity, imaging artefacts, or cell morphology).

By using multi-task learning strategies that combine diverse biome-
dical datasets and label types (e.g., cell types, disease states, or pathway
activity), or employing techniques that systematically account for batch
effects and technical variations across different data sources of multi-
platform biomedical datasets can also address the issue of low data quality
and variability and develop more accurate, robust, and fair AI models that
will lead to improvement in patient care and advance medical research156.

Interpretability of multimodal AI approaches
The application of multimodal AI in biomedical imaging has demonstrated
improvement in predictive performance by combining complementary
information across various imaging modalities (e.g., MRI, CT, PET scans,
and histopathological images). However, despite their advantages, multi-
modal frameworks introduce multiple interpretability and explainability
challenges. Hence, developing effective interpretability methods remains
crucial to uncover biologically and medically relevant regions or insights
from biomedical images157. To address this challenge, multimodal inter-
pretability techniques can be applied to underline the modality-specific
features contributing towards prediction and elucidate whether any mod-
ality overshadows the others. Such transparency is necessary to ensure that
multimodal frameworks uniformly utilise each modality’s unique features,
preventing the suppression or overshadowing of potentially important data.

While post-hoc model-agnostic interpretation techniques, such as
SHAP (SHapley Additive exPlanations), LIME (Local Interpretable Model-
agnostic Explanations), and permutation-based feature importance, have
gained popularity due to theirflexibility, these techniques aremainly limited
to the interpretation of single modality approaches158. In fact, these tech-
niques often lack the ability to capture complex interactions between
modalities or interpret cross-modality relationships effectively.

Model-specific interpretation techniques, like Grad-CAM (Gradient-
weighted Class Activation Mapping), Grad-CAM++, and attention-based
mechanisms, have shown promise in interpreting complex models159.
Model-specific approaches provide precise interpretability by highlighting
crucial features within high-dimensional data. For instance, attention layers
in CNN-based models can highlight relevant regions in medical imaging,
such asMRI scans, allowing thesemodels to generate explanations that align
closely with the medical decision-making process118,160. While these tech-
niques have been successfully applied in single-modality models, multi-
modal adaptation brings additional challenges in balancing computational
costs with the accuracy of modality interpretations. Moreover, model-
specific approaches also struggle with cross-modal interpretations, espe-
cially in multimodal frameworks, where diverse data types (e.g., MRI and
CT scans) must be interpreted in a unified manner. The complexities of
recently developed transformer-based and multimodal models in biome-
dical imagingpresent further interpretability challenges, as existingmethods
often fail to elucidate inter-modality interactions, limiting their effectiveness
in leveraging multimodal data103,161.

Ethical considerations in AI applications
The rapid integration of AI technologies in biomedical imaging brings
several ethical challenges, ranging from patient privacy and data security to
biases in diagnostic algorithms and the transparency ofAI-driven decisions.
Given the sensitivenature ofmedical data, ensuringpatient confidentiality is
paramount. AI systems often require vast amounts of data to perform
accurately,making theuse and storage of patient images a critical concern162.
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Particularly, the deployment of emerging techniques in multimodal bio-
medical imaging, such as foundation andMLLMs, raises privacy concerns.
Adherence to data protection regulations such as the EU’s General Data
Protection Regulation (GDPR) and the Health Insurance Portability and
Accountability Act (HIPAA) in the U.S. is essential. Ethical frameworks
must prioritise secure, anonymised handling of patient data to safeguard
privacy163, especially following the COVID-19 pandemic164.

Additionally, computational resources present another challenge in
adopting multimodal biomedical imaging, particularly with the
deployment of emerging techniques like MLLMs. These models are
resource-intensive, often requiring high-specification hardware or
cloud-based processing, which can involve sensitive patient data and
necessitate robust governance frameworks to ensure responsible use145.
Running MLLMs locally demands substantial infrastructure, which
limits their adoption in resource-constrained settings like hospitals or
research labs. Developing lightweight models could help address these
barriers to enable accessibility.

Bias in healthcare and AI algorithms is another critical concern in
biomedical imaging. Trainingmodels ondatasets that lackdiversity can lead
to biased outcomes, limiting the model’s effectiveness across diverse
populations. This risk is heightened in biomedical imaging, where under-
represented groupsmay face disproportionate impacts if the training is done
onhomogeneous datasets.Hence, ethical AI developmentmust incorporate
fairness andmitigationby ensuring representativedatasets and rigorousbias
assessment165. Lastly, accountability in AI systems should be delineated,
since cases of diagnostic errors or adverse clinical outcomes need to be
assigned clear responsibilities, from the AI developers to the healthcare
providers and institutions. Establishing a well-defined accountability fra-
mework can aid in resolving issues related to AI-assisted healthcare166.

Several AI-based approaches have been recently proposed to address
the above challenges. In the following section, we present the emerging
solutions and propose future directions.

Perspective section: future directions
With increasing access to large, high-resolution datasets, advances in AI are
transforming image analysis, enhancing data integration, and providing
insights for precision medicine74,167. In this section, we highlight the emer-
ging AI techniques that will likely have a strong impact on multimodal
bioimaging applications.We briefly describe their role and potential impact
on clinical efficiency and personalised care. We also present the impact of
the integration of imaging data with other modalities, including omics and
electronic health records, to provide a more comprehensive understanding
of the disease under investigation.

Emerging techniques in multimodal bioimaging
AI techniques for harmonising different bioimaging datasets have recently
been applied to overcome common challenges in resolution, scale, and
acquisition methods68,168. Specifically, AI enhances dataset alignment and
fusion to ensure an accurate integration of complementary data. In direct
imaging like PET and MRI, deep learning-based methods have been
employed to improve the registrationof simultaneously acquireddata,while
in indirect combinations like Raman spectroscopy with MRI, multimodal
AIs have been used to resolve spatial mismatches and enhance co-
localisation of heterogeneous data types74. The emerging applications of
generativeAImodels can also address the lack of data in somemodalities by
generating synthetic data ormaking accurate predictions when only limited
information is available169.

Foundation models and MLLMs are recently emerging as powerful
techniques in multimodal bioimaging. These models, trained on extensive
and diverse datasets, can perform a multitude of tasks with minimal fine-
tuning,making themparticularly valuable in bioimagingwhere labelled data
are scarce and costly. By leveraging transfer learning and pretraining on
large-scale unlabelled data, foundation models can learn generalisable pat-
terns,whichmakes themadaptable to various imaging taskswhilemitigating
the variability introduced by different imaging protocols and sources170.

MLLMs extend this potential by integrating text-based metadata with
imaging data, enabling richer contextual understanding95. These models
boost the capabilities of foundation models and remove the need for task-
specific fine-tuning171, although their application in biomedical imaging still
faces several challenges. Aligning visual featureswith biomedical language is
a primary hurdle, as medical images often lack clear object boundaries or
categorical labels, and associated text may be incomplete or inconsistent172.
This misalignment complicates training, particularly with limited or noisy
data, which can hinder the connection between visual tokens and semantic
meaning. This semantic gap between imaging data and biomedical termi-
nology requires specialised approaches that can handle the ambiguity in
medical image features.

While attention mechanisms and image-text grounding can improve
explainability inMLLMs170, they often lack the precision needed for clinical
decision support. To address this limitation, pixel-level awareMLLMs have
been recently developed that extend beyond image-level processing to
provide more granular feature attribution133,134. However, these approaches
are still nascent, and their reliability in clinical settings requires further
validation. Importantly, the integration of multiple imaging modalities
further amplifies the challenges of interpretability, as models must disen-
tangle and attribute features acrossheterogeneousdata sources in a clinically
meaningful way.

Looking ahead, MLLMs have the potential to substantially advance
bioimaging by enabling integrated analysis and deeper contextual under-
standing across diverse imaging and textual modalities. Building on this
foundation, emerging agentic systems, which use MLLMs as their core
reasoning engines, further extend these capabilities through autonomous
decision-making, intelligent tool selection, and workflow automation.
Nevertheless, key challenges remain in aligning features across modalities,
ensuring clinical interpretability, addressing missing data, and facilitating
responsible deployment. Addressing these issues will be crucial for the
effective translation of multimodal AI from research to routine biomedical
practice.

Potential impact on clinical practices
Integrating AI into clinical bioimaging has the potential to enhance diag-
nostic accuracy and efficiency, and enable earlier and more precise disease
detection, which is particularly impactful for conditions where timely
intervention is critical. Specifically, by combining imagingdatawithpatient-
specific information,AI can support the development of tailored treatments
and enable more precise prognostic predictions173,174. AI systems also sup-
port real-time decision making, which provides immediate insights during
procedures and evaluations, and, through predictivemodelling, can assist in
long-term care planning146.

Among recent innovations, AI-agents, systems that integrate AI
models with biomedical databases, diagnostic tools, and analytical software,
offer new opportunities for clinical bioimaging practice. These agents can
streamline workflows by reducing the time clinicians spend on image
analysis to allow greater focus on patient care. In particular, agenticMLLMs
enable these agents to move beyond passive image interpretation. By
leveraging their ability to autonomously select relevant imaging modalities,
retrieve and synthesise biomedical information, perform complex analyses,
and generate structured clinical reports, agentic MLLMs help unite analy-
tical and operational tasks within a single system175. By combining these
capabilities, AI-agents have the potential to improve consistency, efficiency,
and thepotential formorepersonalised and timely clinical decision-making.

To fully realise the potential of AI in clinical bioimaging, future devel-
opmentsmust focusoncreatingAImodels that arenotonly interpretable, but
also capable of providing real-time explanations. Thesemodels should alsobe
trained on diverse datasets that account for the variability in imaging con-
ditions. At the same time, standardising imaging acquisition methods is
essential to improve consistency. Addressing these barriers will help build
trust in AI systems, enabling their large-scale adoption in clinics. With these
improvements, AI-agents integrated with biomedical databases and clinical
decision support tools will enhance accuracy, efficiency, and personalised
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care, ultimately transforminghealthcare by streamliningworkflows, enabling
earlier disease detection, and supporting long-term care planning.

Conclusion
AI techniques have demonstrated outstanding improvement in biomedical
image analysis. While each biomedical imaging modality has unique char-
acteristics, combiningmultiple imaging techniques viamultimodal AI holds
promise to improve patient outcomes and advance personalised medicine.

In this review, we discussed several AI techniques to integrate multi-
modal biomedical imaging, the pros and cons of each integration strategy
and highlighted the emerging AI techniques (e.g., MLLMs and foundation
models) that can further improvebiomedical imaging integration.However,
integrative analysis of multimodal biomedical imaging poses several chal-
lenges. Hence, we explored the key challenges in multimodal biomedical
image analysis, including the availability of good-quality data, multimodal
model interpretation and ethical considerations. Finally, we discussed
emerging techniques and future directions for improving multimodal bio-
medical analysis.

In conclusion, multimodal AI holds huge potential in clinical trans-
lation due to its capability of providing real-time explanations. Moreover,
the application of large-scalemultimodal AI in the clinic can overcome data
diversity challenges and provide a global standard for biomedical imaging
analysis.However, furtherwork is needed to effectively integrate biomedical
imaging with other omic data, ultimately transforming healthcare by
streamlining workflows, enabling earlier disease detection, and supporting
long-term care planning.

Data availability
This review is based onpreviously published studies. All datasetsmentioned
are available in the public domain as indicated in the citations throughout
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