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Abstract

Deep learning has transformed healthcare by enabling the analysis of complex, high-dimensional,
and heterogeneous data. However, traditional unimodal approaches often fail to capture the mul-
tifaceted nature of human health, as patient information is inherently distributed across multiple
data modalities. Multimodal machine learning (MML) has therefore emerged as a framework for
integrating complementary sources such as medical images, clinical text, electronic health records
(EHRs), and physiological signals to support more comprehensive modeling of health and disease.
This narrative review provides a structured overview of MML in healthcare, focusing on representative
data modalities, fusion strategies, advanced architectures, and clinically relevant design trade-offs. In
particular, we distinguish between stage-based fusion strategies, which determine when modalities
are combined, and feature integration mechanisms, which define how modality representations are
merged. We synthesize applications across major domains, including brain disorders, cancer pre-
diction, chest-related conditions, and skin diseases, highlighting both the potential benefits and the
limitations of multimodal approaches. We further discuss key challenges related to data heterogeneity,
cross-modal alignment, missing modalities, and the complexity of effective fusion design, along with
broader issues in clinical translation. Finally, we outline future directions centered on foundation
models, causal reasoning, privacy-preserving learning, and integrated healthcare data infrastructures.

Keywords: multimodal machine learning; healthcare Al; data fusion; heterogeneous data; clinical
decision support; medical imaging; electronic health records; time series analysis; fusion strategies;
deep learning in medicine

1. Introduction

Deep learning has reshaped modern healthcare by enabling the analysis of complex, high-
dimensional data across tasks such as medical image interpretation, clinical prediction, and language
understanding [1-3]. Yet many clinically important decisions do not depend on a single source of
information. Diagnosing disease, estimating prognosis, and selecting treatment often require reasoning
across imaging findings, clinical notes, laboratory values, physiological signals, demographics, and
molecular profiles. Models built around only one modality can therefore miss interactions that are
central to patient status and care [1,2]. This limitation has helped drive growing interest in multimodal
machine learning (MML), which aims to integrate complementary data sources into a more complete
representation of health and disease.

In healthcare, the motivation for MML is especially strong because the available data are inherently
heterogeneous. Medical images capture anatomical and functional structure, clinical text records
symptoms and physician reasoning, tabular records summarize demographics and laboratory results,
time-series signals reflect dynamic physiology, and omics data provide molecular context [4-6]. When
these modalities are meaningfully aligned, multimodal models can improve diagnosis, prognosis, risk
stratification, and treatment planning by uncovering patterns that are difficult to recover from any
modality in isolation [1,3,4,6]. Representative examples include combining pathology or radiology
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images with genomic data in precision oncology [7], integrating diverse clinical signals for decision
support [8], and using multimodal multitask learning to improve performance across medical tasks [9].
At the same time, the value of MML depends not only on model capacity, but also on data quality,
modality complementarity, alignment, and practical availability in real clinical workflows [10,11].

These considerations make healthcare MML both promising and challenging. Real-world clinical
data are often incomplete, weakly synchronized, institution-specific, and collected under different
protocols. As a result, the central questions are not merely how to fuse modalities, but when multi-
modality is genuinely useful, how to handle missing or mismatched inputs, and what is required for
reliable clinical translation.

Motivated by this need, the present review provides a structured overview of MML in healthcare
from both methodological and translational perspectives. We first outline representative healthcare
data modalities and the main challenges they introduce, including heterogeneity, alignment, and
missing-modality issues. We then examine stage-based fusion strategies, feature integration mech-
anisms, and more advanced approaches such as attention-based models, cross-modal embeddings,
generative methods, and graph neural networks. Finally, we synthesize representative applications
across major clinical domains and discuss the conditions under which multimodal systems are most
likely to be clinically useful. By emphasizing both technical foundations and deployment realities, this
review aims to clarify where MML adds value, where its limitations remain substantial, and what is
needed for responsible clinical adoption.

2. Review Scope and Methodological Positioning

This study is conducted as a narrative review that aims to provide a structured and comprehen-
sive overview of multimodal machine learning in healthcare. The literature was identified through
broad searches of PubMed, Scopus, Web of Science, IEEE Xplore, and arXiv, with primary focus on
publications from 2015 to 2025. The search included terms such as “multimodal machine learning”,
“healthcare Al”, “data fusion”, “medical imaging”, “clinical text”, and related keywords.

Studies were selected based on their relevance to multimodal learning in healthcare, method-
ological contribution, and influence on the field. Since this work was designed as a narrative review
rather than a systematic review, formal study counts and dual-reviewer screening procedures were
not applied. Accordingly, this review should be interpreted as a structured, concept-driven synthe-
sis intended to summarize methodological foundations, representative applications, and important
challenges for clinical translation.

3. Fundamentals of Multimodal Machine Learning

This section provides a detailed review of the basics of MML, delving into the various data
modalities commonly found in healthcare, the intrinsic challenges in integrating such complex data,
and sophisticated fusion strategies applied at both modality and feature levels.

3.1. Representative Healthcare Data Modalities

This subsection highlights the modalities that most frequently appear in multimodal systems
and clarifies why they are complementary rather than interchangeable. Table 1 provides a concise
comparison of the representative modalities discussed below.

3.1.1. Medical Imaging

Medical imaging provides anatomical, functional, and morphological evidence that is often diffi-
cult to recover from any other modality. X-ray and computed tomography (CT) are frequently used for
cardiopulmonary assessment, emergency triage, and oncologic workups, whereas magnetic resonance
imaging (MRI) remains especially important for neurology, musculoskeletal analysis, and cardiovascu-
lar characterization [12-15]. Ultrasound offers real-time, radiation-free imaging at relatively low cost,
and dermoscopy provides fine-grained skin-surface information that is highly relevant for lesion analy-
sis [16-19]. In practice, imaging rarely acts alone in healthcare MML. Its value is often amplified when
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paired with clinical context, pathology, reports, or patient metadata, especially when preprocessing
accounts for artifact removal, region-of-interest extraction, and protocol variability [20-22].
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Figure 1. Overview of representative healthcare data modalities used in multimodal machine learning.

3.1.2. Text Data

Textual data are a major source of clinical context because they capture symptoms, clinician
reasoning, diagnoses, procedures, and follow-up decisions that imaging or physiological signals
often miss [23,24]. Common examples include discharge summaries, progress notes, referral letters,
radiology reports, and medication records. Because these sources are largely unstructured, natural
language processing (NLP) is needed to extract clinically meaningful information and align it with other
modalities [25,26]. Methods such as transfer learning, active learning, and synthetic note generation
are increasingly used to reduce annotation burden and improve data efficiency in healthcare NLP
pipelines [27,28].

3.1.3. Time Series Data

Time series data arise from vital signs, bedside monitors, laboratory trajectories, medication histories,
and wearable sensors. Their value lies in preserving temporal evolution, which is essential for deterio-
ration prediction, event detection, and longitudinal disease modeling [29-31]. At the same time, these
data are often irregular, noisy, and incomplete, making alignment with imaging or clinical documentation
difficult [32,33]. Classical forecasting tools such as autoregressive integrated moving average (ARIMA)
remain useful in some settings, but deep sequence models such as Long Short-Term Memory (LSTM)
networks are often better suited to the nonlinear dynamics of healthcare monitoring data [34-37].

3.1.4. Tabular Data

Tabular data remain indispensable because they provide concise patient-level summaries of
demographics, diagnoses, and standardized clinical scores [38—40]. In real-world healthcare models,
these structured variables are often the easiest modality to integrate and therefore commonly serve
as a practical partner to imaging or text [20,41]. In more complex settings, genomic and other omics
measurements add molecular specificity that can refine prognosis, subtype discovery, and treatment-
response prediction, especially in oncology [7,42]. However, these data are often sparse, inconsistently
collected, and difficult to standardize across institutions.
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Table 1. Comparison of representative healthcare data modalities used in multimodal machine learning.

Modality Typical Data Main Contribution C.O mmon Fusion Suitability
Limitations

Xeray, CT, MRI, Captures anatomical Protocol variability,

Medical imaging glet;;sg;r;;’y patterns cost, artifacts High
Text data iiﬁﬁzl notes, Ef()oxiﬁiiigzntextual Unstructured, noisy High
Time-series data Vital signs, sensors Captures temporal Mlssmg data, . High
patterns irregular sampling
Tabular data Demographics, labs  Structured features lelted. Moderate
expressiveness

3.2. Challenges in Multimodal Machine Learning

MML in healthcare brings together data from different sources to support better patient care. At
the same time, this integration introduces several challenges that must be addressed if models are to
be both effective and dependable.

3.2.1. Heterogeneity of Modalities

Healthcare data take many forms, including structured laboratory results, unstructured clinical
text, images such as X-rays and MRIs and continuous streams from wearable sensors. Each modality
has its own characteristics and therefore requires preprocessing and analysis methods tailored to that
type of data. For instance, NLP is needed to extract relevant information from clinical notes [1,43],
whereas computer vision (CV) methods are needed to interpret medical images [44]. Likewise,
advances in next-generation sequencing have made it possible to analyze complex genomic data
for clinical use [45], while wearable sensors generate continuous streams that come with their own
preprocessing challenges [46]. Differences in scale, units, and statistical properties across modalities
make them difficult to combine into a coherent model. These differences also create challenges for
preprocessing, feature extraction, and normalization, all of which are foundational to robust machine-
learning models [47]. As a result, multimodal healthcare systems depend on strong fusion strategies
that can handle the diversity and complexity of these datasets [43].

3.2.2. Alignment

Another important challenge is alignment, particularly the temporal and spatial synchronization
of data from different modalities. Data collected from different sources are often not aligned in time or
space [49]. Wearable devices can produce continuous physiological streams, whereas imaging studies
and laboratory tests are usually collected intermittently [50-52]. Clinical notes may be recorded hours or
even days after patient encounters, creating additional temporal discrepancies [53]. Spatial misalignment
can also arise when imaging data capture different anatomical views or resolutions, or when anatomical
variation between patients introduces added complexity [54]. These forms of misalignment make it harder
to correlate events across modalities and often complicate model design, especially when architectures
must also handle missing or asynchronous data points [55]. Addressing alignment is therefore essential
for effective multimodal integration and for the development of reliable machine-learning models.

3.2.3. Fusion Strategies

Effective fusion strategies are indispensable for combining information from multiple modalities,
but they are also one of the main sources of modeling difficulty. Early fusion may create high-
dimensional feature spaces that increase computational cost and overfitting risk, especially in small
datasets [56]. Intermediate or joint fusion can preserve modality-specific encoders, yet it introduces
difficult design choices about where fusion should occur and how to prevent one modality from
dominating the others [57]. Late fusion is operationally simpler and often more robust to heterogeneous
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pipelines, but it may miss clinically meaningful cross-modal interactions. Hybrid fusion can partially
reconcile these strengths, although it typically requires more computation, more careful tuning, and
more training data [58,59]. In practice, strong regularization, calibration, and cross-validation are
usually needed, and the cost of training large multimodal systems remains non-trivial [60].

A closely related challenge is that real-world healthcare datasets are rarely complete or stan-
dardized across institutions. A patient may have MRI but not PET, imaging and notes may not be
collected at the same visit, and laboratory units, coding systems, scanner protocols, or documentation
templates may vary substantially from one hospital to another. Without stronger interoperability and
standardization across institutions, a multimodal model may learn site-specific shortcuts rather than
clinically meaningful relationships [8,10,48]. These issues directly affect missing-modality handling,
external validation, fairness, and the ability to deploy models across institutions.

3.3. Techniques for Multimodal Machine Learning

Fusion strategies are central to MML because they determine how complementary clinical signals
are combined. In this review, we distinguish between two complementary views of fusion: stage-based
fusion strategies, which describe when modalities are combined in the pipeline, and feature integration
mechanisms, which describe how modality representations are mathematically merged. This distinc-
tion improves terminological consistency because the same feature integration mechanism, such as
concatenation or attention, may appear inside different stage-based designs.

3.3.1. Stage-Based Fusion Strategies

Stage-based fusion refers to the point in the learning pipeline at which information from different
modalities is combined. The main approaches are early fusion, intermediate (joint) fusion, late fusion,
and hybrid (mixed) fusion. Table 2 summarizes their principal trade-offs.

a) Early Fusion:

Early fusion [61-63] combines raw inputs or modality-specific features near the beginning of
the learning pipeline. In practice, it is often implemented through concatenation or related feature-
integration operations, allowing the model to learn joint patterns and cross-modal correlations from
the outset.

In early fusion, features are typically extracted from each modality, concatenated, and then used
for model training (see Figure 2(a)). For each modality m in the set of modalities M, the extracted
features are denoted by x(") € R, where d,, is the dimensionality of that modality’s feature space.
The feature vectors from all modalities are then concatenated into a single vector:

X = [x(l);x(z);...;x(M)] € RY,
where

M
d — Z dm,
m=1

and [-; -] denotes the concatenation operation.
A machine learning model f is trained on the concatenated feature vector x to predict the target
variable y:

y=f(x) :f([x(l);x(z);...;x(M)]).

In a supervised learning scenario, the objective is to learn a function f that minimizes a loss
function L over the training data

{(xm,x@,- e X(M)/yi)}filf

1 1 1

where N is the number of training samples. The optimization problem is defined as:
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L1 (1,0, . (M)
mfmﬁl;L(yi,f([xi XX ]))
For instance: In regression tasks, L could be the mean squared error (MSE):
L(yi,9i) = (vi — )"

In classification tasks, L could be the cross-entropy loss.

(a) Early Fusion (b) Intermediate Fusion (b) Late Fusion

Loss Loss

Machine Learning Machine Learning o 2
Model Model ggregator

1 1

Machine Learning
lodel 1

Feature Extraction
Model 1

i
% e
CERIEED Eee) Eee)

Feature Extraction
Model 2

Feature Extraction
Model 2

Machine Learning
Model 2

A Modality 1 Modality 2 @ Raw Data D Extracted Features
@ Feature-level Fusion O Outcome Prediction ' Final Outcome

Figure 2. Comparison of stage-based fusion strategies in multimodal learning: (a) early fusion integrates raw or
extracted features before the final predictor; (b) intermediate fusion combines modality-specific representations
within a unified model; and (c) late fusion aggregates outputs from separately processed modalities.

The main benefit of early fusion is that it allows the model to learn relationships and dependencies
across modalities from the very beginning. By processing the combined features simultaneously, the
model can capture complex patterns that may not be evident when the modalities are analyzed
separately [57]. This unified representation can also simplify the architecture and reduce the need for
complicated synchronization mechanisms. Performance may improve further when the modalities
provide genuinely complementary information. However, early fusion also has several drawbacks.
Concatenating feature vectors from many modalities can create a very high-dimensional feature space,
increasing computational cost and the risk of overfitting when training data are limited [64]. It also
assumes that the modalities are aligned, an assumption that can be difficult to satisfy in real-world
applications. In addition, if one modality has many more features or much stronger predictive power,
it may dominate learning and obscure useful information from the others [65]. As the number of
modalities and feature dimensions grows, the model can also become harder to scale efficiently.

b) Intermediate Fusion or Joint Fusion:

Intermediate fusion [63,66], also known as joint fusion [61,62], fuses multiple modalities at one or
more intermediate layers of a model rather than only at the input or output stage (see Figure 2(b)). This
contrasts with early fusion, where modalities are combined at the input level and may lose modality-
specific nuances before higher-level feature extraction. In intermediate fusion, the loss function is
back-propagated through each modality-specific feature extractor so that those representations can be
fine-tuned during training [61].
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In this framework, each modality m € {1,2,..., M} provides input data x(M)  which is first
processed independently by a modality-specific model or layer. Parameterized by ("), this model
transforms the raw input into a higher-level feature representation:

B — flm) (m), g(m)y.

For example:

*  Visual data may be processed by convolutional neural networks (CNNs).
*  Text data could be processed by recurrent neural networks (RNNs) or transformers.

These /(") vectors capture the salient features of each modality separately.

Fusion occurs at one or more intermediate layers, where these modality-specific representations
are combined to form a joint representation h(F). The fusion function Fusion may be a simple operation
such as concatenation or addition, or a more complex mechanism such as attention or gating:

h(F) = Fusion (h(l), h(z), .., h(M)) .

For instance, if concatenation is used:

h) — {h(l);h(Z);. ) .;h(M)}

Alternatively, if an attention mechanism is employed, the fusion might involve learned weights
that modulate the influence of each modality:

where
a(™) = softmax (wTh(m)) .

Here, w is a parameter vector learned during training, and (") represents the attention weight
for modality m.

After fusion, the joint representation h(F) is processed through additional layers f(F) with param-
eters (F) to produce the final output y:

y:ﬂm@mﬁm)

Intermediate fusion offers both strengths and trade-offs. A key advantage is balanced process-
ing: it allows deep, modality-specific feature extraction before fusion, helping preserve the unique
characteristics of each modality. It can also model complex cross-modal relationships because fusion
at intermediate layers enables the model to learn interactions that may be missed by purely early or
late fusion approaches. However, intermediate fusion also increases model complexity, since separate
networks for each modality and additional fusion layers raise computational requirements and the
risk of overfitting. It also introduces architectural design challenges, particularly in choosing the most
effective fusion method and determining where in the network the modalities should be combined.

Applications of intermediate fusion span a variety of fields. In multimodal sentiment analysis,
Zadeh et al. [67] introduced the Memory Fusion Network (MFN), which processes language, visual,
and acoustic modalities through separate LSTM networks and fuses their outputs at intermediate layers
using a multi-view gated memory mechanism. In medical image analysis, Suk et al. [59] introduced
a deep learning framework for Alzheimer’s disease diagnosis that processes MRI and PET images
through separate convolutional layers and fuses modality-specific features at intermediate layers to
form a joint representation for classification. In multimodal machine translation, Calixto et al. [68]
introduced a neural machine translation model that processes textual and visual information separately

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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and fuses them at intermediate layers to improve translation quality. Together, these examples illustrate
the flexibility and effectiveness of intermediate fusion for difficult multimodal problems.

¢) Late Fusion:

In MML, late fusion [51,61,63], also known as decision-level fusion [69-71], processes each
modality independently using separate models or pipelines and combines their outputs at the end of
the learning process to make a final prediction [56,72]. This approach is simple and modular because
each modality can be handled with the most appropriate method without requiring compatibility
at the feature level. It is especially useful when the modalities are highly heterogeneous or when
combining raw data or features directly is infeasible. In late fusion, each modality m in the set of
modalities M is processed by its own machine learning model f("), parameterized by 6("). The input
data x(") for each modality produce an output y("):

y(m) :f(m) (x<m>;9<m>), form=1,2,..., M.

These outputs y(") may represent class probabilities, regression estimates, or other task-relevant
predictions. They are then combined using a fusion function Combine to produce a final output y:

y = Combine (y(l), y(z), ceey y(M)) .

The fusion function can be implemented in various ways, including averaging, majority voting,
weighted summation, or training a meta-classifier on the outputs of the individual models. For
instance, in weighted summation, weights w(") are assigned to each modality’s output based on its
reliability or importance:

M M
y=1Y, w™y(m - with ) w™ =1,
m=1 m=1

After the outputs are combined, the final prediction is derived from the aggregated result (see
Figure 2(c)). In classification tasks, this may involve selecting the class with the highest combined
probability or applying a threshold to determine the class label.

One of the most obvious advantages of late fusion is simplicity and flexibility. Since each modality
can be processed independently, implementation and debugging are much easier. Models can be
developed and updated independently without affecting the whole system; also, new modalities
can be added or old ones removed without retraining the whole system. Moreover, late fusion is
robust to modality-specific noise or failure, in the sense that if one modality provides poor-quality
data, the others can still contribute to the final decision. On the downside, late fusion suffers from a
number of disadvantages due to its limited ability to capture interactions between modalities during
learning. Processing each modality independently may prevent the model from fully exploiting the
rich correlations and complementary information that exist between modalities. Such limitations
might translate to suboptimal performance with regard to those methods that are integrated earlier in
the learning process by modalities.

A good example of late fusion can be found in the analysis of multimedia content. Snoek et al. [64]
compared early and late fusion methods for semantic video analysis. In their late fusion approach,
they trained separate classifiers on visual and textual features extracted from videos and combined the
output of the classifiers using weighted summation. They showed that late fusion, while simpler to
implement and more flexible, might not model synergies between modalities as well as early fusion
does. Their work exposes the trade-offs entailed by the choice of fusion strategy.

d) Hybrid fusion or Mixed Fusion:

Hybrid Fusion [10,56,66], also known as Mixed Fusion, is an MML method that combines early
and late fusion in order to harvest their benefits. This means that data from different modalities
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are fused at multiple levels in the model, allowing modality-specific processing and cross-modal
interactions at various points of the learning process. By doing so, it decreases the modality imbalances
sometimes introduced in early fusion while still modeling inter-modality dependencies that late fusion
alone cannot capture [56,66,73].

Key Idea:

¢  Early Fusion can cause imbalance if one modality dominates at the raw feature level.

¢  Late Fusion might miss subtle inter-modality interactions.

e  Hybrid Fusion tries to find a tradeoff by processing each modality to some optimal extent before
and after their combination [74-77].

While hybrid fusion has the advantage of dealing with modality imbalances, designing such
networks is challenging because deciding where in the processing pipeline the modalities should be
combined needs to be done very carefully [78].

An example of hybrid fusion in practice is the Tensor Fusion Network (TFN) introduced by Zadeh
et al. [73] for multimodal sentiment analysis. The TFN performs hybrid fusion by capturing both
individual modality features and their interactions. Modality-specific features from text, audio, and
video are first extracted and then fused using a tensor outer product to capture high-order interactions:

hfusion = htext 02y haudio ® hvideo-

This fused representation is then used for sentiment prediction. The TFN also considers modality-specific
predictions, combining them with the joint prediction at the decision level to enhance performance [73].

In healthcare practice, no single stage-based strategy is universally optimal. Early fusion can work
well when measurements are synchronized and paired datasets are sufficiently large; intermediate
fusion is often preferable when each modality needs its own encoder; late fusion is attractive when
one expects missing modalities or separate institutional pipelines; and hybrid fusion is most useful
when clinically relevant interactions exist at multiple levels. Importantly, multimodal systems may fail
to outperform strong unimodal baselines when the added modality is noisy, weakly aligned, available

only for a small subset of patients, or operationally unavailable at inference time.

Table 2. Comparison of stage-based fusion strategies in multimodal learning.

Strategy

Fusion Point

Main Strengths

Main Limitations

Early fusion

Intermediate
fusion

Late fusion

Hybrid fusion

Input or feature
level before the main
predictor

One or more hidden
layers after
modality-specific
encoders

Decision level after
separate unimodal
models

Multiple stages
across the pipeline

Learns cross-modal
interactions from the
beginning and maintains
a simple pipeline

Preserves
modality-specific
representations while
modeling rich
cross-modal dependencies

Modular, flexible, and
robust when modalities
are heterogeneous or
partially missing

Balances unimodal
specialization with
cross-modal interaction
and supports complex
multimodal settings

High-dimensional inputs,
strong alignment
requirements, and risk of
modality dominance

Requires careful design,
more tuning, and higher
implementation
complexity

May miss important
cross-modal interactions
due to late integration

More computationally
expensive and harder to
design and optimize
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3.3.2. Feature Integration Mechanisms

Feature integration mechanisms describe how modality representations are mathematically
merged once a model reaches a fusion point. The most common mechanisms are concatenation,
operation-based fusion, and learning-based fusion. These mechanisms can appear inside early, in-
termediate, or hybrid multimodal models. Figure 3 provides a schematic overview, while broader
taxonomies are discussed elsewhere [56,79-81]. Table 3 highlights the main differences among these
mechanisms.

(a) Concatenation (b) Operation-based (c) Learning-based

1

s B ot @

Figure 3. Feature integration mechanisms: (a) end-to-end concatenation of feature vectors; (b) element-wise
operations or attention mechanisms for aligned feature representations; and (c) learning-based methods for
constructing shared multimodal representations.

a) Concatenation:

Concatenation is one of the simplest methods for feature-level fusion in MML. It involves com-
bining feature vectors extracted from different modalities into a single, unified feature vector by
horizontally stacking them (see Figure 3(a)) [79]. For each modality m in the set of modalities M,
relevant features are extracted, resulting in feature vectors x(m) ¢ R, where d,, is the dimensionality
of that modality’s feature space. These extracted feature vectors are concatenated to form a single
feature vector:

X = {x(l);x(z);...;x(M)} € R4,
where

M
d= 2 A,
m=1
and [-; -] denotes the concatenation operation.

Optionally, normalization techniques such as min-max scaling or z-score normalization [82] can
be applied to each feature vector, before or after concatenation, to ensure compatibility between the
features from the different modalities.

A machine learning model f is then trained on the combined feature vector x to predict the target
variable y, expressed as:

y=f(x0),

where 0 represents the model parameters.

This method is straightforward and easy to implement, hence attractive for initial experiments or
in cases where computational resources are limited [83]. By concatenating all features, it ensures that no
information from any modality is thrown away, potentially providing a very rich set of features that the
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model can learn from. However, The resulting feature vector can be of high dimension, especially for
multiple modalities with large feature spaces. This will not only increase computational complexity but
may also lead to the "curse of dimensionality,” in which the volume of the feature space becomes so large
that the available data becomes sparse. In addition, concatenation may include redundant or irrelevant
features that do not contribute much to the model’s predictive power but can hurt the performance.
With high-dimensional input, models are more prone to overfitting, especially if the amount of training
data is limited relative to the number of features [20,34,84]. In order to reduce the problems of high
dimensionality, dimensionality reduction techniques like Principal Component Analysis (PCA) [85] or
Linear Discriminant Analysis (LDA) [86] can be applied before or after concatenation to reduce the
feature space. Feature selection [82] methods can also be used to select the most relevant features from
each modality before concatenation, which helps to eliminate redundant or irrelevant information and
improves the model performance. Features should be normalized to a common scale so that no single
modality dominates the learning process due to differences in feature value ranges.

b) Operation-Based Fusion:

It is a feature-level fusion method where features of different modalities are combined using
element-wise mathematical operations such as addition, multiplication, or averaging. The operations
are performed on corresponding elements in two or more feature vectors of the same dimensions [10]
(see Figure 3(b)). Operation-based fusion captures patterns of similarity, interaction, or synergy
between modalities by emphasizing relationships between aligned features and producing a composite
feature vector integrating the fused information. Contrary to concatenation, which involves a simple
stacking of feature vectors and thus increase in dimensionality, operation-based fusion requires its
feature vectors to be of the same shape [10] and applies element-wise or channel-wise operations
directly, often leading to a much more compact representation. This approach pays attention to shared
or complementary information in modalities while keeping computational efficiency.

In operation-based fusion, feature vectors x{") € R are extracted from each modality m in the
set of modalities M. The extracted features are combined using an element-wise operation. For two
modalities 1 and mjy, the combined feature vector z can be computed as:

7 = x(ml) ® x(mz),

where © represents an element-wise operation such as:

e Addition:

2= x™) 4 xlm)

e  Multiplication:

2 = xl(ml) % x(mz)’
e  Averaging:
zZi = 5

For multiple modalities, these operations can be generalized to combine all feature vectors
element-wise. For instance, an average-based fusion for M modalities can be expressed as:

L §~ o)
z=— Y x\".
M m=1
The resulting composite feature vector z is then used as input to a machine learning model f to
predict the target variable y:

y = f(z90),
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where 0 represents the model parameters.

In more advanced forms, operation-based fusion extends to channel-wise multiplication, where
entire channels are multiplied (treating each channel as a single entity, or specific dimensions in a
multi-dimensional array). For example, the technique has proven effective in CNNs for combining
multi-channel feature maps in tasks such as image classification and medical image analysis [87,
88]. Furthermore, tensor-based fusion applies outer products between feature vectors in order to
encode higher-order interactions, providing a richer representation but with increased computational
complexity [7,79,89]. Examples include [7] where the authors used tensor-based fusion to correlate
pathological images with genomics data to improve diagnostic accuracy. Another variation involves
attention-based fusion, where one feature vector is used as attention weights for another. This allows
the model to focus on important features of one modality, as indicated by knowledge from the other,
thus strengthening the representational power of the fused vector [79,90-92]. Common applications of
these attention mechanisms include tasks like image-caption generation [93] and audio-visual emotion
recognition [94].

¢) Learning-Based Fusion:

Learning-based fusion is a more advanced approach to the integration of multi-modal data,
where machine learning models [82] are used to learn an optimal way of combining features from
different modalities (see Figure (3c)). This approach goes beyond simple methods like concatenation
or operation-based fusion, since algorithms and architectures are designed to automatically identify
relationships and interactions between modalities. These models are especially good at capturing
complex nonlinear relationships and generalizing across different types of data and tasks.

In learning-based fusion, the process begins with feature extraction for each modality. For a set
of modalities M, feature vectors x(™) € Ran are extracted from each modality m, where d,, is the
dimensionality of the feature space for modality m. These features are then passed through a fusion
model, trained to learn joint representation. The fusion model may take a number of forms, depending
on the task at hand and the nature of the data.

One common approach is the use of autoencoders, which are neural networks trained to re-
construct input features. In multimodal learning, autoencoders are extended to process multiple
modalities simultaneously [95]. Let z represent the joint representation learned by the autoencoder,
obtained as:

Z = fencoder (x(l),x(z), . ..,x(M);O),

where foncoder is the encoder function parameterized by 6. The goal is to minimize the reconstruc-
tion error:

2
rrleion(l), X(z), ceey X(M) - fdecoder(Z; 9)

S
where fgecoder i the decoder function.

Another method is Canonical Correlation Analysis (CCA) [96,97], which finds linear projections
of the feature vectors from each modality into a shared latent space such that the correlations between
the projected features are maximized. For two modalities x(1 and x(?), the projections u = WlTx(l)
andv =W, x(?) are learned by maximizing:

uTv

corr(W,¥) = T

CCA and its non-linear extensions, such as Deep CCA [97], are widely used for learning joint
representations in multimodal data.

Neural networks, and particularly those with attention mechanisms, constitute another strong
learning-based fusion tool. This will learn to highlight the feature in each modality that most helps

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.1445.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 June 2026

d0i:10.20944/preprints202512.1445.v2

13 of 33

the fusion by attributing the highest weights to those. For example, the joint representation z can be
computed as:

where a(") are attention weights learned during training, often computed as:

a(Mm = softmax (WTx(m)) ,

with W as learnable parameters.

Once the fusion model has learned the joint representation z, this representation is used as
input for downstream tasks such as classification, regression, or clustering. The combined feature
representation enables the model to leverage complementary information from multiple modalities
effectively.

The key advantage of learning-based fusion is that it can learn the best fusion strategy directly
from data without pre-defined operations. That imbues adaptability into the model, enabling the
learning of complex nonlinear relations between the modalities, hence suitable for a large number of
tasks and types of data. Moreover, it is capable of dynamic adaptation to the modalities with different
levels of importance or reliability, like in the case of attention-based approaches. Nevertheless, there are
some challenges associated with learning-based fusion. The increased model complexity often requires
more data and computational resources for training and bears a higher risk of overfitting, especially
for small or imbalanced training datasets. It also takes more time to design and tune such models
compared with simpler fusion methods. It has to be noted that the data requirements and overfitting
problems common in multimodal fusion are generally overcome using data augmentation, transfer
learning, and regularization. For example, pretraining on large datasets followed by fine-tuning on
multimodal tasks will help alleviate overfitting and result in better generalization. Besides, hybrid
approaches, by which learning-based fusion is combined with simpler methods like concatenation,
can reduce computational costs while maintaining performance.

Table 3. Comparison of common feature integration mechanisms in multimodal learning.

Mechanism Core Idea Main Strengths Main Limitations
Can create
Stacks modality feature Simple, transparent, ;'and hlgh—dlmensmnal inputs,
. . . easy to use as a baseline include redundant
Concatenation vectors into a single

Operation-based
fusion

Learning-based
fusion

representation

Combines aligned features
using addition,
multiplication, averaging,
or similar element-wise
operations

Learns the fusion strategy
using models such as
autoencoders, CCA
variants, or
attention-based networks

while retaining all
modality features

Produces compact fused
representations and can
efficiently highlight shared
or complementary signals

More adaptive and
expressive, with strong
ability to capture nonlinear
and task-specific
relationships

features, and require
normalization or feature
selection

Requires matched feature
dimensions and may fail to
capture complex nonlinear
interactions

Higher data and
computational demands,
reduced interpretability,
and risk of overfitting
without regularization

4. Advanced Multimodal Machine Learning

Over the past decade, advances in representation learning, neural architectures, and large-scale

training methodologies have led to incredible progress in MML. This has supported applications
ranging from vision-language understanding and medical diagnostics to multimedia retrieval, human-
computer interaction, and robotics. This section covers state-of-the-art approaches in MML, with
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special emphasis on attention mechanisms, cross-modal embeddings, generative models, and graph
neural networks. We review their recent advances, point to representative works, and outline signifi-
cant challenges and future directions.

4.1. Attention Mechanisms for Multimodal Integration

Attention mechanisms have been a powerful tool for selectively focusing on the most relevant
parts of input data, hence providing dynamic and contextual integration across multiple modalities.
Based on the Transformer architecture [98], attention enables models to go beyond the uniform
encoding strategies and assign higher weights to salient features, tokens, or regions. In this way, the
attention-based multimodal models are better equipped to represent complex relationships between
the modalities compared to the traditional fusion methods.

The Transformer [98] fundamentally changed the paradigm in sequence modeling from recurrent
to an attention-centric one. Although developed for text initially, the conceptual framework of self-
attention and cross-attention proved to be readily adaptable to multi-modal data. Early work in
multi-modal attention began with image captioning tasks, where models like "Show, Attend and
Tell" [99] used spatial attention over image regions as the model generated descriptive captions. The
model learned to "attend" to specific parts of an image at each word generation step, aligning visual
features with linguistic concepts.

In Visual Question Answering (VQA), attention is used to align the relevant parts of an image with
the respective words in a question. The work of Bottom-Up and Top-Down Attention [100] introduced
object-level attention by extracting region features (detected objects) and a top-down mechanism for
selecting the most informative visual elements conditioned on the question. Follow-up work leveraged
Transformers to process visual and textual input jointly. For example, LXMERT [77] and ViLBERT [76]
proposed to use separate streams for vision and language and then applied co-attention layers to
enable cross-modal interaction. These methods achieved significant improvements on benchmarks
such as VQA v2 and GQA.

More recent models have integrated modalities more tightly by directly applying transformers to
both text and image patches, eschewing dependence on external object detection frameworks. ViLT
(Vision-and-Language Transformer) [101] eliminated region-based features by directly processing raw
image patches along with textual tokens in a single transformer. This simplification reduced compu-
tational overhead and improved efficiency. ALBEF (Align Before Fuse) [102] combined contrastive
learning with attention-based fusion and aligned textual and visual space before fusing them, which
achieved strong performance on the downstream tasks of image-text retrieval and VQA. Likewise,
UNITER [103] pre-trained a single Transformer model on multiple vision-language tasks simulta-
neously and utilized attention to associate textual tokens with their corresponding visual regions
based on learned alignments. Attention mechanisms have also proven invaluable in more dynamic
multimodal tasks. In vision-language navigation [104], an agent follows language instructions to
navigate through a simulated 3D environment. Attention allows the agent to associate particular
phrases in the instruction with visual information in its current field of view, so that it can perform the
appropriate actions given the context. Attention comes in handy for tasks that are audio-visual, like
video question answering or audio-visual speech recognition (AVSR), by matching spoken words or
environmental sounds with their corresponding visual frames.

Beyond simple token-level or patch-level attention, recent work has also considered hierarchical
attention mechanisms that operate over more than one level of granularity. For instance, hierarchical
attention can decide first which modality or data source is most helpful at this moment and select
relevant features for that modality. For instance, Zou et al. [105] introduces a hierarchical attention
network to model the structure in each modality and the correlations across modalities, hence capturing
the complicated interactions in multimodal data. Similarly, the HAMLET framework utilizes a
hierarchical attention mechanism for disentangling unimodal features in computing multimodal
representations for tasks such as human activity recognition [106].
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While attention-based multimodal models have been shown to achieve impressive feats, they
do not come without challenges. Especially, learning stable and interpretable attention patterns is
usually hard, which becomes even more difficult when the number of modalities and data complexity
increases. There is a further need for developing stronger evaluation metrics that can tell whether
models really learn meaningful cross-modal correspondences or exploit dataset biases. Furthermore,
the most promising direction is to combine attention with other paradigms like reinforcement learning
for interactive tasks or graph neural networks for structured reasoning.

4.2. Cross-Modal Embeddings and Alignment

At the core of MML lies the problem of aligning heterogeneous data sources—images, text, audio,
structured signals—into a common latent space. In this space, cross-modal comparison, retrieval, and
joint reasoning are greatly simplified. Historical approaches like CCA [107] and Kernel CCA [108]
pioneered foundational methods that gave linear or kernel-based projections to correlate pairs of
modalities. However, these traditional approaches usually suffered from the presence of complex, high-
dimensional, and nonlinear relationships in real-world multimodal data. Advances in deep learning
allowed models to capture significantly more complex correlations and nonlinear relationships between
modalities. Early deep multimodal embeddings used either stacked autoencoders or deep canonical
correlation variants to learn joint representations of paired inputs [97]. By optimizing objectives that
encourage correlated latent features, these methods transformed the problem of cross-modal alignment
from shallow, linear projections to deep, expressive embeddings.

Recent breakthroughs have been achieved by large-scale training on gigantic, weakly-labeled
datasets of image-text pairs crawled from the web. For instance, CLIP (Contrastive Language-Image
Pretraining) [109] and ALIGN [110] are trained on hundreds of millions of image-text pairs. Using a
contrastive objective—whereby the model is encouraged to bring closer the embeddings of matching
image-text pairs and push apart those of mismatched pairs—these models learn robust, semantic-rich
embeddings. Crucially, CLIP and ALIGN enable zero-shot transfer: without explicit fine-tuning,
they are found to perform competitively in many downstream tasks, ranging from image classifica-
tion to retrieval, by simply prompting the text encoder with adequate class descriptions or queries.
Such a large-scale pretraining paradigm revolutionized the field of image-text alignment by making
models generalize well beyond their training distribution. Furthermore, these embeddings provide
backbones for a broad class of applications—image retrieval, caption generation, and visual question
answering—that largely obviate the requirement for task-specific labeled data.

Outside of general web data, multimodal embeddings have been promising in specialized do-
mains. In healthcare, the integration of clinical notes, EHRs, and medical imaging presents unique
challenges; learned embeddings, however, can bring these diverse data types into a single semantic
space, aiding in disease diagnosis, prognosis modeling, patient stratification, and personalized treat-
ment planning [111]. For example, representations that combine chest X-ray images and radiology
reports allow for faster and more accurate triaging and decrease the cognitive burden on physicians.
Likewise, embeddings of genomic data combined with imaging and textual EHR notes might help
to pinpoint biomarkers associated with particular disease subtypes. An additional paradigm shift
has been the emergence of multimodal large language models (MLLMs), which use language as
an interface for cross-modal reasoning over images, reports, structured records, and other clinical
evidence [11]. In healthcare, these systems are attractive because they can support retrieval, sum-
marization, report drafting, and clinician-facing question answering in a single framework. At the
same time, they raise concerns about hallucination, provenance tracking, calibration, and the risk
of generating plausible but clinically unsafe explanations. As a result, MLLMs should be viewed as
promising reasoning layers rather than as drop-in replacements for carefully validated task-specific
models. As multimodal embeddings are increasingly applied to a lot of applications, ensuring their
robustness, interpretability, and fairness has been a major goal of research [56,112]. Another major
challenge is interpretability; although multimodal embeddings capture the semantic relationships, it
is very difficult to exactly understand why some items are clustered and how the model aligns the
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features across modalities [113,114]. There is a growing need for further research to make multimodal
embeddings understandable to both domain experts and end-users.

4.3. Generative Models for Multimodal Data Synthesis

Generative modeling takes MML beyond purely discriminative tasks and toward creative synthe-
sis and transformation, enabling models to generate new data in multiple modalities. This capability
opens doors to a variety of applications, including text-to-image generation, image-to-text captioning,
and even video generation conditioned on textual descriptions. It allows the researcher to fill in
missing modalities, to augment scarce datasets, and to create more flexible and adaptive multimodal
systems using generative frameworks.

Foundational generative models, such as Variational Autoencoders (VAEs) [115] and Generative
Adversarial Networks (GANs) [116], laid the foundations for learning latent representations from
which new data points could be sampled. The first multimodal extensions of these models looked at
basic modality pairs, e.g., images with textual descriptions or the combination of audio and video.
Through its ability to encode shared latent factors across modalities, such approaches made possible
cross-modal generation, e.g., generating images from text or completing missing audio tracks given
visual context. Text-to-image synthesis has been one of the most visible areas of rapid progress.
The first approaches were not capable of generating coherent or detailed images; however, with
better architectures and training strategies, there are now models like DALL-E [117] and Stable
Diffusion [118] that have capabilities never seen before. DALL-E maps natural language prompts into
diverse, high-fidelity images, capturing very fine details and even complicated semantic relations.
Stable Diffusion helps to redefine generative processing via diffusion models, achieving remarkable
clarity and consistency even in challenging prompts. More generally, text-to-image models can be
used as basic building blocks for more complex multimodal pipelines, e.g., generating images for
downstream tasks such as image captioning or video summarization. The more challenging generation
of videos from textual or audio descriptions has also seen progress, enabling the creation of synthetic
video clips for training data augmentation. One of the powerful aspects of multimodal generative
models is that they can be used to synthesize missing modalities. For example, in such situations
when only a subset of modalities is available at inference time, generative models may "impute" or
hallucinate the data that is missing in order to create full multimodal input for further processing. Early
work by Ngiam et al. [57] showed how multimodal deep learning could reconstruct missing audio
from video or vice versa, while more recent methods extend these ideas to more complex modalities.

Multimodal generative models help to alleviate data scarcity through data augmentation. Under
conditions where large-scale dataset collections are infeasible—because of privacy constraints, the
rarity of some medical conditions, or the cost of specialized equipment—synthetic samples can be
generated to enrich the training distribution with the help of generative models. The synthetic samples,
if carefully controlled and validated, could help improve model robustness and generalization.

Despite recent rapid progress, there remain several notable challenges that generative multimodal
models face. The first is that ensuring fidelity and coherence across all modalities is non-trivial,
especially since the systems deal with high-dimensional data. Another pressing challenge is that of
quality assurance and validation; in sensitive domains such as healthcare, generated data must be
plausible but also preserve critical medical properties so that reliable clinical decisions can be supported.
Medical image synthesis and translation approaches will need to embrace domain knowledge and
uncertainty quantification for results that are both safe and clinically meaningful. [119]. Moreover,
as generative models increasingly interact with diverse populations and data distributions, fairness
and bias control must be addressed. This is an active area of research on techniques for detecting,
mitigating, and explaining biases to ensure that generated outputs do not inadvertently perpetuate
societal stereotypes or mislead end-users [120].
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4.4. Graph Neural Networks for Structured Multimodal Reasoning

While attention mechanisms and Transformers are incredibly effective at modeling sequential and
pairwise relationships, many real-world tasks involve complicated relational structures that go beyond
simple token-level interactions. Graph Neural Networks (GNNSs) [121] provide a natural framework
for modeling such relational data, allowing MML systems to represent entities, concepts, and events as
nodes in a graph with edges capturing their relationships. Through this structure, GNNs can combine
several sources coming from different modalities—images, text, audio, and sensor data—into a single
model that explicitly represents relational information.

GNNs generalize message passing and convolutional operations to irregular graph domains. Ar-
chitectures like Graph Convolutional Networks (GCNs) [122], Graph Attention Networks (GATs) [123],
Graph Isomorphism Networks (GINs) [124], and GraphSAGE [125] enable each node to iteratively
aggregate information from its neighbors. Stacking multiple layers allows the model to propagate
features across the graph, capturing higher-order dependencies. These approaches have demon-
strated effectiveness in node classification, link prediction, and graph-level classification tasks in both
unimodal and multimodal settings.

In multimodal settings, GNNs can encode complex relational structures by building heteroge-
neous or multimodal graphs. For example, in vision-language tasks, nodes can represent image
regions, objects, textual tokens, or semantic concepts, while the edges represent spatial proximity,
co-occurrence, semantic similarity, or syntactic relationships [126]. Messages passed through the edges
allow the GNN to learn joint representations that fuse information across modalities and capture
intricate interactions that might be missed by sequence-based models alone.

Many studies apply GNNs to fuse visual and textual information for tasks such as visual question
answering (VQA) and video reasoning. For example, multimodal graph reasoning methods construct
graphs from image objects and question words so that the model can perform reasoning over object-
object and object-language relations [103,127]. This approach brings improvement in performance
on benchmarks that require detailed relational understanding. Still, GNN-based multimodal models
suffer from a set of challenges. Scaling GNNs to massive, dynamic graphs calls for efficient sampling,
incremental training, and distributed computation. Noise, incomplete data, and uncertainty manage-
ment continue to be crucial, as real-world multimodal data are typically messy and changing [128].
Techniques for robust training, adversarial defense, and uncertainty quantification is an active research
area. In addition, future work may investigate how to best fuse multiple data types into a single
graph, how to adapt graphs when adding new modalities or data sources, and how to learn graph
structures end-to-end from raw input. As GNN-based methods mature, their integration in multimodal
foundation models and large-scale pretraining paradigms could lead to the development of yet more
expressive and versatile systems capable of structured reasoning in a wide range of applications.

5. Applications of Multimodal Machine Learning in Healthcare

The integration of multimodal deep learning techniques in healthcare has led to significant
advancements across various domains. By leveraging heterogeneous data sources, these models
provide more comprehensive insights into patient health, enhance diagnostic accuracy, personalize
treatment plans, and support clinical decision-making. This section explores the key applications of
multimodal deep learning in healthcare. Table 4 summarizes the major application domains reviewed
in this section.

5.1. Multimodality Approaches in Brain Disorder

Recent research in multimodal deep learning for medical image analysis has leveraged a broad
spectrum of data types to enhance predictive tasks across various neurological and psychiatric
conditions. For instance, Parisot et al. [129] integrated T1-weighted structural MRI and pheno-
typic/demographic features to construct population graphs for classifying both autism spectrum
disorder and Alzheimer’s disease (AD). Similarly, Huang and Chung [130] introduced an edge-
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variational GCN framework that uses structural imaging data along with uncertainty-aware graph
connections, thereby strengthening disease prediction robustness. In the context of longitudinal model-
ing, Li and Fan [131] combined baseline hippocampal MRI and 1-year follow-up cognitive assessments
in an RNN to forecast early progression to AD dementia.

Moving into more complex multimodal fusions, Dwivedi et al. [81] exploited MRI, PET, and
clinical/neuropsychological measures in a deep learning network for AD diagnosis, while Zhou et
al. [132] employed a stage-wise deep architecture to systematically fuse structural MRI, PET, and
potentially cerebrospinal fluid (CSF) biomarkers for dementia classification. Studies focused on
missing or incomplete data—such as Thung et al. [133] demonstrated that multi-task deep learning can
effectively handle datasets where some subjects lack certain imaging modalities, improving multi-stage
AD diagnosis. Along the same lines, El-Sappagh et al. [134] combined time series data from cognitive
tests, clinical evaluations, and imaging biomarkers to detect AD progression stages more accurately.

Early work from Suk et al. [59] showcased how stacked autoencoders, trained on MRI and PET
scans, could learn hierarchical features for AD vs. mild cognitive impairment (MCI) classification.
Further advances came from Spasov et al. [135], who devised a multimodal CNN to jointly analyze
MRI and PET data for more robust AD prediction. To incorporate clinical or demographic attributes
in imaging-based models, Polster] et al. [92] introduced a dynamic affine feature map transform that
fuses 3D MRI with tabular features, adapting the network’s spatial transformations based on each
patient’s unique profile. Venugopalan et al. [136] also combined MRI, PET, and clinical measures (e.g.,
demographics, neuropsychological scores) in a unified deep learning pipeline to identify early AD
stages.

Beyond AD and dementia, Achalia et al. [137] demonstrated that combining neuroimaging (both
structural and functional) and neurocognitive measures can yield predictive biomarkers for bipolar
disorder. In a related vein, Ceccarelli and Mahmoud [31] used multimodal temporal signals—including
behavioral and physiological data—to recognize bipolar disorder and depression states. Qiu et al. [138]
showed that fusing structural MRI with standard cognitive evaluations (MMSE and logical memory
tests) amplifies the detection of MCI. From the perspective of multiple sclerosis (MS), Yoo et al. [139]
focused on user-defined MRI-based lesion features and additional clinical metrics to predict which
patients with clinically isolated syndrome (CIS) would convert to full-blown MS. Other researchers,
such as Ghosal et al. [140], expanded into imaging-genetics by combining brain scans with genetic
data (e.g., single nucleotide polymorphisms) to uncover biologically meaningful disease signatures.
Moreover, Zheng et al. [35] applied a multiscale deep neural network to EEG and clinical variables for
predicting neurological outcomes in comatose patients after cardiac arrest.

Across these studies, the primary prediction tasks include binary or multi-class disease classifi-
cation (e.g., AD vs. controls, bipolar vs. healthy), disease staging (e.g., MCI vs. AD), or forecasting
transition/conversion risks (e.g., MCI to AD, CIS to MS). Some works explore mood-episode detection
in bipolar or depression, while others target short- and long-term prognosis, such as neurological
recovery in intensive care settings. By integrating structural /functional imaging, clinical assessments,
cognitive test scores, and even genetic factors, these investigations consistently affirm that multi-
modal approaches enhance predictive accuracy, interpretability, and clinical applicability compared to
unimodal models.

5.2. Multimodality Approaches in Cancer Prediction

Nie et al. [141] used multimodal neuroimaging data, such as T1- and T2-FLAIR MRI scans, to
train a multi-channel 3D deep learning model for predicting survival time in brain tumor patients.
In a similar vein, Braman et al. [89] fused radiology, pathology, genomic, and clinical information
to discover multimodal prognostic biomarkers for improving cancer outcome predictions. Focusing
on breast cancer, Duanmu et al. [142] leveraged integrative imaging (MRI), molecular profiles, and
demographic data in a deep learning framework to estimate pathological complete response to
neoadjuvant chemotherapy. Yala et al. [143] constructed a mammography-based deep model for
enhanced breast cancer risk assessment, while Yan et al. [84] proposed a richer fusion network that
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combines multiple imaging and non-imaging features to improve breast cancer classification. Liu
and Hu [144] employed denoising autoencoders on genomic data to extract deep genomic features
associated with breast cancer subtypes, and Li et al. [145] fused pathological images with genomic
data to predict breast cancer survival outcomes. Similarly, Holste et al. [83] demonstrated an end-to-
end approach for fusing breast MRI with tabular clinical descriptors to boost classification accuracy.
Kharazmi et al. [146] targeted basal cell carcinoma detection by combining dermoscopic images and
patient profiles in a feature-fusion system, whereas Hyun et al. [147] applied PET-based radiomics to
distinguish histological subtypes in lung cancer. Vanguri et al. [42] expanded the scope of multimodal
fusion—integrating radiology images, pathology slides, and genomic features—to predict response
to PD-(L)1 blockade therapy in non-small cell lung cancer. Vale Silva and Rohr [90] developed
a pan-cancer prognosis model using multimodal deep learning, an approach echoed by Cheerla
and Gevaert [148], who combined multi-omic data for pan-cancer survival prediction. Beyond these
examples, Rubinstein et al. [149] introduced an unsupervised technique for tumor detection in dynamic
PET/CT scans of the prostate, while Reda et al. [150] highlighted how deep learning can aid in the
early diagnosis of prostate cancer. Schulz et al. [91] similarly deployed a multimodal deep learning
pipeline to forecast prognosis in renal cancer patients. Guo et al. [151] provided a broader perspective
on deep learning-based segmentation techniques for multimodal medical imaging, illustrating the
central role of robust image analysis in supporting clinical workflows. Lastly, Chen et al. [7] presented
“Pathomic Fusion,” an integrated framework that unites histopathology images and genomic features
for both cancer diagnosis and outcome prediction, underscoring the power of data-driven multimodal
strategies across diverse oncology applications.

5.3. Multimodality Approaches in Chest Related Conditions

Palepu and Beam [152] developed TIER (Text-Image Entropy Regularization), a method designed
for CLIP-style vision-language models that integrates a learned entropy penalty into the contrastive
training objective. Their work demonstrates how carefully controlling feature entropy can enhance the
alignment of text and image representations, leading to improved robustness and interpretability in
multimodal tasks. Duvieusart et al. [20] addressed cardiomegaly classification by extracting digital
biomarkers from chest X-rays—such as heart size indices—and merging them with patient metadata
(e.g., vital signs, laboratory values). Their multimodal approach outperformed imaging-only baselines,
highlighting the value of combining subtle radiographic cues with non-imaging clinical features for
more accurate detection of enlarged hearts. Bagheri et al. [153] tackled cardiovascular risk prediction by
building a multimodal model around EHR data, including both structured data (e.g., diagnoses, medi-
cation history) and unstructured text. Their system leveraged deep learning architectures to capture
complex interactions between demographic variables, comorbidities, and other risk factors, thereby
offering more precise predictions for potential cardiovascular events. Similarly, Grant et al. [154]
proposed a deep neural network for detecting cardiomegaly in an ICU setting. In addition to analyzing
chest radiographs, the model incorporated ICU-specific information such as vital sign trends, ventilator
settings, and lab results. This integrated design allowed the authors to identify critical risk patterns
that purely image-based methods might overlook, thereby improving classification performance. By
contrast, Baltruschat et al. [155] conducted a comprehensive evaluation of multiple deep learning
architectures for multi-label pathology classification on chest X-ray datasets (e.g., ChestX-ray14). Their
comparison encompassed convolutional networks and transfer learning setups, ultimately providing
guidelines on which configurations performed best across different pathological findings, such as
cardiomegaly, effusion, and infiltration. In the context of acute ischemic stroke, Brugnara et al. [156]
built a multimodal machine-learning framework that incorporated CT imaging, perfusion maps, and
clinical factors (e.g., stroke severity scores, time since symptom onset) to predict patient outcomes
after endovascular treatment. Their results demonstrated that the fusion of neuroimaging and clinical
variables improved prognostic accuracy over single-modality methods. Along similar lines, Samak et
al. [157] combined clinical, radiological, and procedural data to forecast functional outcomes following
thrombectomy, showing how integrated models can inform more personalized stroke management
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strategies. Walker et al. [34] tackled a different cardiac challenge—heart murmur detection—Dby intro-
ducing the Dual Bayesian ResNet. Their system leverages phonocardiogram signals (audio recordings)
and Bayesian inference to handle uncertainty, showcasing how deep learning can detect subtle acous-
tic markers of valvular heart conditions. Meanwhile, Nishimori et al. [158] analyzed ECG signals,
electrophysiology lab data, and clinical attributes using a multimodal deep neural network to localize
accessory conduction pathways, an important step in treating arrhythmias such as Wolff-Parkinson-
White syndrome. Chauhan et al. [159] concentrated on pulmonary edema assessment, jointly modeling
chest X-ray images and corresponding radiology reports. By using natural language processing for
text and CNN-based feature extraction for images, they learned a shared representation that yields
more nuanced severity estimates than visual inspection or text parsing alone. In the realm of infectious
diseases, Xu et al. [41] utilized a late fusion strategy that aggregates CT imaging features, clinical lab
results, and demographic variables to distinguish COVID-19 patients from other viral pneumonia cases
and healthy controls. Fang et al. [160] likewise applied deep learning to chest CT scans—alongside
vital sign and lab data—to predict which COVID-19 patients were at higher risk of “malignant” or
severe disease progression. Finally, Zhou et al. [161] introduced a cohesive multi-modality fusion
network to estimate the severity of COVID-19 infection. Their model integrates CT-based lesion
metrics, laboratory markers (e.g., blood oxygen levels), and demographic or clinical data through a
carefully designed feature fusion pipeline. This holistic approach demonstrated superior performance
in triaging patients according to severity risk, underscoring the continued importance of multimodal
integration in critical care settings.

5.4. Multimodality Approaches in Skin Related Conditions and Other Diseases

Taleb et al. [162] presented a multimodal self-supervised learning strategy for medical image anal-
ysis, combining different imaging modalities under a shared representation space to reduce reliance on
large labeled datasets. In a similar vein, Huang et al. [163] introduced GLoRIA, a global-local represen-
tation learning framework that links localized medical image features with corresponding text labels,
enabling label-efficient medical image recognition. Addressing hematological disorders, Purwar et
al. [164] leveraged CBC parameters and microscopic blood film images, extracting CNN-based features
for classifying microcytic hypochromic anemia with various downstream classifiers. By contrast, Jin et
al. [165] aimed to improve hospital mortality prediction through a multimodal architecture that fuses
EHR data—including medical named entities—with other patient information, ultimately enhancing
prediction accuracy. Salekin et al. [37] proposed a spatio-temporal deep learning model that integrates
video, audio, and physiological data to assess postoperative pain in neonates, demonstrating the
viability of multimodal inputs for more sensitive pain evaluation. Tiulpin et al. [166] merged standard
radiographs with clinical variables to predict knee osteoarthritis progression; their machine learning
model underscored how radiographic and patient metadata can provide complementary prognostic
insights. Rodin et al. [167] introduced a multitask and multimodal neural network for X-ray interpreta-
tion, offering explainable outputs across multiple clinical tasks and emphasizing interpretability in
medical Al systems. In dermatology, Yap et al. [18] utilized a multimodal deep learning framework
that draws on dermoscopic images and metadata to enhance skin lesion classification, while Gessert
et al. [19] demonstrated how multi-resolution EfficientNets and auxiliary patient data (e.g., lesion
location, demographic information) can be ensembled for robust skin lesion classification. Finally,
Kawahara et al. [21] extended a multitask multimodal approach using both clinical and dermoscopic
imaging to implement the seven-point checklist for skin lesion analysis, showing how task-specific
subnetworks can be trained in parallel to systematically address different diagnostic criteria.

Across these application domains, one recurring lesson is that multimodal learning is most
valuable when each modality contributes non-redundant clinical information and when the paired
data can be aligned reliably. Imaging plus structured clinical variables is often easier to deploy than
imaging plus omics because tabular EHR data are collected more routinely, whereas multi-omics
cohorts remain relatively small. Likewise, multimodal gains can shrink or disappear when an added
modality is noisy, weakly synchronized, unavailable at inference time, or already implicitly encoded
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in another source. These recurring patterns motivate the more critical synthesis in the following
discussion section.

Table 4. Overview of major healthcare application domains for multimodal machine learning, including represen-
tative fusion strategies in the reviewed studies.

Domain Common Modalities Reported Fusion Strategy = Representative Tasks Main Clinical Value

Combines structural,
functional, cognitive,

MRI, PET, EEG,
and molecular

cognitive scores,

Brain disorders . Mostly joint/intermediate  Classification; staging; evidence for
demographics, 7 - . 2 .
: fusion; also hybrid, progression forecasting; improved
genetics . . .
graph-based, and outcome prediction neurological
stage-wise fusion characterization
Improves patient
Radiology, pathology, stratification and
Cancer genomics, clinical Mostly early/feature-level =~ Diagnosis; subtype blomar_k er d 1scovery
L variables, AN . e . by linking imaging
prediction d . and joint/intermediate classification; prognosis; .
emographics N - with molecular
fusion; some hybrid treatment-response context
approaches prediction; survival
modeling
Enhances
Chest X-ray or CT, cardiopulmonary
Chest-related lgboratory tests, vital Late fusion in several Cardiomegaly detection; dec1s1p n support by
o signs, EHR data, . : o combining imaging
conditions L COVID-19 studies; risk prediction; . X €
ECG, clinical text . .. . with physiological
otherwise early and joint ~ pneumonia/COVID-19 context
fusion severity assessment;
outcome prediction
Dermoscopic and Extends multimodal
clinical images, learning to diverse
Skin-related metadata, EHR data, Mostly early and joint Lesion classification; Fhmcal settlngs} with
. blood parameters, . . N . improvements in
conditions and R . fusion; some hybrid disorder detection; . .
- audio-video— . . - . . diagnosis and
other diseases multitask fusion mortality prediction; pain

physiological signals monitoring

assessment; prognosis

6. Discussion and Future Directions

MML has developed into a strong paradigm, enabling more robust, accurate, and interpretable
modeling in several application domains: medical imaging, language processing, robotics, and beyond.
In the health domain, this integration of different modalities, such as MRI, PET, CT scans, EHR data,
clinical notes, and genetic information, has led to significant gains in performance in disease diagnosis,
prognosis, and patient management. Below, we distill the lessons learned from recent advances and
identify open challenges and research directions that are promising for the next generation of MML
systems.

6.1. When Multimodality Helps—and When It Does Not

Multimodal learning is often beneficial in healthcare because different data sources describe
different aspects of disease: imaging reflects anatomy, text captures clinical interpretation, physiological
signals preserve temporal dynamics, and omics data reveal molecular variation. However, the gains are
not universal. Multimodal systems are most helpful when the modalities are complementary, reliably
aligned, and available at inference time. By contrast, multimodal models may offer only marginal
improvement—or even underperform strong unimodal baselines—when additional modalities are
noisy, weakly paired, sparsely available, or operationally difficult to collect in routine care. The
key question is therefore not whether multimodality is always better, but under what clinical and
infrastructural conditions it is worth the added complexity. Table 5 summarizes practical guidance
for selecting among early, intermediate, late, and hybrid fusion strategies under different healthcare
deployment conditions.
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Table 5. Practical guidance for choosing multimodal fusion strategies in healthcare.

Fusion
strategy

Best used when

Use caution when

Healthcare deployment note

Early fusion

Intermediate
(joint) fusion

Late fusion

Hybrid fusion

Modalities are well aligned
at the patient or feature level
and consistently available at
inference time

Each modality requires its
own encoder and clinically
meaningful cross-modal
interactions are expected

Modalities originate from
separate pipelines or
institutions, or one modality
is often unavailable at
runtime

Important interactions occur
at multiple levels and the
task justifies a more complex
modeling pipeline

Missing data are frequent,
feature scales differ
substantially, or
dimensionality is high
relative to sample size

Paired multimodal training
data are limited or the
architecture cannot be
carefully tuned and
validated

Fine-grained cross-modal
dependencies are critical and
cannot be recovered from
separate unimodal
predictions

Interpretability,
computational budget,
dataset size, or deployment
simplicity are primary
constraints

Simplest end-to-end option,
but typically requires careful
preprocessing, normalization,
and imputation design

Often provides a strong
balance between
representation power and
flexibility, but with higher
validation effort

Easiest to maintain and
integrate into existing
workflows; supports graceful
fallback when a modality is
missing

Best suited for high-value use
cases where the added
complexity is justified by clear
clinical benefit

6.2. Clinical Translation and Deployment Considerations

Beyond benchmark performance, clinically useful MML systems must satisfy operational con-

straints that are often under-discussed in the modeling literature. First, multimodal data availability is
uneven. A model trained on imaging, text, genomics, and dense laboratory panels may look attractive
in a tertiary-care dataset but become unusable in community or low-resource settings where only a
subset of modalities is routinely available [8,10]. Second, external validation remains essential because
multimodal models can silently encode institution-specific workflows, scanner settings, note-writing
habits, or demographic imbalances. Third, regulatory and workflow considerations matter: clinicians
need traceable inputs, calibrated outputs, fallback behavior when a modality is missing, and evidence
that the model improves decisions rather than merely improving retrospective AUC [11,48].

For these reasons, deployable multimodal systems should be designed with modality dropout,
missing-data pathways, and institution-aware validation protocols in mind. They should also be
accompanied by interoperable data standards, robust preprocessing pipelines, and post-deployment
monitoring for calibration drift, bias amplification, and failure modes. In many practical settings, a
slightly less accurate model that uses routinely available modalities and can be externally validated
may be more valuable than a highly complex multimodal architecture that depends on data rarely
available in clinical workflows.

6.3. Challenges in Attention-Based and Transformer Models

While attention mechanisms and Transformer-based architectures have revolutionized multi-
modal integration, allowing for fine-grained alignments at the token, patch, or image-region level,
many practical and theoretical challenges persist:
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e Interpretability and Reliability: Attention scores do not necessarily reflect true causal impor-
tance, and high-dimensional attention maps can be difficult to validate clinically. More robust
interpretability strategies are needed for transparency.

e Data Scale and Quality: Transformers typically require large-scale, high-quality datasets. In
health care, data are often siloed, limited in size, noisy, or otherwise difficult to scale in training.
A few methods, such as self-supervised learning, efficient pretraining, and model distillation, can
help mitigate these data bottlenecks.

*  Modality Balancing: Differences in information density among modalities—for instance, rich
imaging data versus sparse text notes—can skew attention and degrade downstream performance.
Balancing the relative contributions of each modality remains a key research question.

6.4. Graph Neural Networks for Structured Reasoning

GNN’s enable elegant encoding of structured relationships among entities. However, while
successful in tasks such as visual question answering and disease progression modeling, GNN-based
approaches also present their own set of challenges:

e  Graph Construction and Heterogeneity: It is non-trivial to decide how to encode diverse data,
be it images, clinical metrics, or genomic markers, as nodes or edges in a graph. Automating the
process of graph construction that adapts to the diversity of clinical scenarios remains an active
research area.

®  Scalability and Dynamic Graphs: Large patient cohorts and real-time streams of data call for
scalable GNNs, which can efficiently handle dynamic updates, new modalities, or newly acquired
data for patients.

¢ Uncertainty and Noise: Real-world clinical data are usually incomplete or noisy. There is a strong
need for effective uncertainty modeling and robust training strategies of GNNs to make reliable
predictions.

6.5. Generative Models in Healthcare

Many possiblities emerge with VAEs, GANs, and Diffusion Models, like data augmentation,
missing-modality completion, or synthetic data generation:

e Data Augmentation for Rare Conditions: Generative models can synthesize realistic exam-
ples of rare diseases, which may help to mitigate class imbalance and improve the training of
discriminative models.

e  Clinical Validity: It is important that the generated samples retain medically valid features.
Small deviations in synthetic medical images can have a huge impact on diagnosis or treatment
planning downstream.

e Ethical and Regulatory Concerns: Synthetic data has to ensure the privacy of patients and
meet regulatory standards. Methods of privacy-preserving generation—for example, through
differential privacy—and transparent validation are vital for clinical adoption.

6.6. Multimodal Learning in Specialized Healthcare Domains
a) Neurological and Psychiatric Disorders:

Studies in Alzheimer’s disease, multiple sclerosis, and bipolar disorder have demonstrated the
need for longitudinal modeling and integration of complex data streams. Future work should focus
on:

* Longitudinal Consistency: How to capture progressive and temporal features of neurodegenera-
tive diseases using recurrent networks or temporal transformers.

¢ Standardized and Open Data Repositories: Good quality longitudinal datasets are still very
limited. The creation of larger, more heterogeneous, and carefully annotated databases is thus
important for model development and benchmarking.
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b) Oncology and Cancer Prediction:

Recent studies emphasize the strong complementarity of imaging and genomic data in tumor
subtyping and treatment response prediction. Next steps include:

e  Explainable Al for Oncology: Clinicians require transparent explanations of model predictions
when managing critical decisions like chemotherapy regimens or immunotherapies.

¢ Integration of Liquid Biopsy and Proteomic Data: Beyond imaging and genomics, molecular
profiles (e.g., circulating tumor DNA) and proteomic features may further refine and personalize
treatment strategies.

c) Cardiovascular and Pulmonary Applications:

Research in cardiomegaly detection and COVID-19 severity prediction underscores the importance
of combining imaging with real-time vitals, lab results, and textual physician notes:

¢  Streaming Data Integration: Continuous patient monitoring devices produce dynamic, high-
frequency data. Incorporating these signals into multimodal networks can facilitate early warning
systems and preventive care.

¢  Generalization to Low-Resource Settings: Automated methods that perform reliably even where
medical data is sparse or of lower quality (e.g., remote regions) can help address global healthcare
disparities.

6.7. Interpretability, Fairness, and Ethical Considerations

As multi-modal models become more complex, concerns about interpretability and fairness
become harder to ignore. In healthcare, these considerations are paramount:

¢  Human-Centered Interpretability: Clinicians and patients need to understand the rationale
behind a model’s prediction, especially for high-stakes decisions. Techniques such as attention
visualization, saliency maps, concept-based explanations, and post-hoc analysis can increase
trust.

*  Bias and Fairness: Disparities in dataset demographics can result in biased models that under-
perform in certain subpopulations. Addressing these issues may involve collecting more diverse
datasets, performing bias audits, or adopting fairness-aware training objectives.

* Robustness and Safety: Medical data can contain noise, artifacts, or adversarial corruption
(e.g., sensor errors, malicious attacks). Ensuring robustness against such distortions is critical,
particularly for real-world deployment in critical care environments.

6.8. Path Forward
Looking ahead, several key themes stand out:

1.  Unified Foundation Models in Healthcare: Inspired by CLIP, ALIGN, and multimodal large lan-
guage models, future research may seek to develop foundation models that can handle imaging,
textual EHRs, laboratory data, and genetic information in a single framework. However, their
usefulness will depend on whether they can operate under the practical constraints emphasized
throughout this review: missing modalities, uneven modality availability, institution-specific vari-
ation, and the need for calibrated and traceable outputs. Accordingly, foundation-model research
in healthcare should prioritize modality-dropout robustness, provenance tracking, uncertainty
estimation, and evaluation under realistic deployment conditions rather than only benchmark
performance.

2. Causality and Counterfactual Reasoning: Current MML approaches excel at correlational rea-
soning but often fail to capture causal relationships. This limitation is especially important
in healthcare because multimodal datasets frequently contain confounding from site-specific
workflows, documentation habits, treatment-selection effects, and demographic imbalance. De-
veloping causal representation learning methods that disentangle these effects may improve
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generalization, make predictions more clinically interpretable, and support more reliable reason-
ing about interventions rather than only associations.

3. Multimodal Reinforcement Learning (RL): Interactive clinical tasks—such as robotic procedures,
closed-loop monitoring, or adaptive therapy optimization—may benefit from combining RL
with multimodal understanding. Yet this direction also inherits the challenges discussed earlier,
including noisy streams, asynchronous inputs, safety constraints, and limited tolerance for errors.
Progress will therefore require simulation-to-clinic transfer strategies, uncertainty-aware policies,
human oversight, and explicit fallback mechanisms when one or more modalities are missing or
unreliable.

4.  Privacy-Preserving and Federated Learning: As patient data typically reside in multiple in-
stitutions with strict privacy regulations, federated and privacy-preserving ML approaches
are essential for building large-scale multimodal models without centralizing sensitive data.
This direction is particularly important for addressing one of the major bottlenecks identified
in this review: the lack of external validation across heterogeneous institutions. Future work
should therefore focus not only on privacy guarantees, but also on harmonization across sites,
communication-efficient training, bias monitoring, and robust aggregation when participating
institutions differ in modalities, sample sizes, and patient populations.

5.  Standardization and Interoperable Data Infrastructures: Progress in multimodal healthcare will
depend not only on better models but also on better data plumbing. Harmonized acquisition
protocols, consistent coding and laboratory units, interoperable record standards, and institution-
spanning quality control are basic but essential requirements for reliable cross-site fusion and
external validation. In practical terms, this is the clearest path toward reducing alignment errors,
preventing site-specific shortcut learning, improving missing-modality handling, and making
multimodal systems portable across real clinical environments.

In sum, the future of multimodal learning in healthcare is both exciting and challenging. Continued
advances in model architectures, representation learning, generative techniques, and robust evaluation
frameworks may expand what multimodal systems can do, but the field will move forward only if
those advances are tied directly to the unresolved problems identified throughout this review: hetero-
geneity, alignment, missing modalities, institutional variation, interpretability, fairness, robustness,
and workflow integration. By addressing these methodological and translational challenges together,
researchers can ensure that multimodal systems are not only technically impressive but also clinically
trustworthy, safe, and useful.

7. Conclusion

MML has become an important part of next-generation healthcare by bringing together diverse
data types. From foundational fusion strategies—early, intermediate, late, and hybrid—to advanced
techniques involving attention-based transformers, cross-modal embeddings, generative modeling,
graph neural networks, and emerging MLLM-style reasoning layers, MML has demonstrated strong
potential for capturing the complexity of patient health. Across neurology, oncology, cardiopulmonary
medicine, dermatology, and monitoring applications, multimodal systems can improve diagnostic
accuracy, disease staging, prognosis prediction, and clinical decision support when the contributing
modalities are truly complementary and operationally available.

At the same time, this review highlights that MML is not inherently superior to unimodal
modeling. The effectiveness of MML depends not only on model architecture, but also on how well
data characteristics and clinical constraints are addressed. Challenges such as cross-modal alignment,
data heterogeneity, missing modalities, and variability across institutions can limit performance and
generalizability. These issues are further compounded by practical considerations in clinical translation,
including interpretability, robustness, fairness, and external validation. Looking forward, progress
in MML for healthcare will require a balanced focus on methodological innovation and real-world
deployment. Advances in foundation models, cross-modal reasoning, privacy-preserving learning,
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and integrated healthcare data infrastructures may expand the capabilities of MML, but their impact
will depend on rigorous validation and alignment with clinical workflows. Overall, the successful
adoption of MML will depend on integrating diverse data sources in ways that are not only technically
effective, but also reliable, transparent, and clinically meaningful.
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