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Abstract Multimodal medical image classification leverages complementary information from multiple 

imaging modalities to improve diagnostic accuracy and clinical decision-making. However, most existing 
multimodal fusion approaches rely on deterministic low-rank constraints and assume equal importance 
across all modalities. Such assumptions significantly limit flexibility, robustness, and interpretability, 
particularly in real-world clinical scenarios where modality data may be noisy, incomplete, or partially 
missing. To address these challenges, this work proposes a Dynamic Uncertainty-Aware Adaptive 
Subspace Fusion Network (DUA-SFNet) for robust multimodal medical image classification. The core of 
the proposed framework is a rank-learning adaptive-rank tensor decomposition module that dynamically 
adjusts  subspace dimensionality according to the intrinsic complexity of the input data. This adaptive 
mechanism effectively reduces feature redundancy while preserving the highly discriminative 
information essential for accurate classification. In addition, DUA-SFNet incorporates a modality 
uncertainty estimation scheme to explicitly quantify the reliability and trustworthiness of each modality. 
By assigning uncertainty-aware weights during the fusion process, the framework can suppress 
unreliable or noisy modalities while emphasizing more informative ones, thereby improving resilience 
under adverse data conditions. Furthermore, a hierarchical adaptive attention strategy is employed to 
jointly model intra-subspace feature interactions and inter-modality dependencies. This design enhances 
feature representation capability while offering improved clinical interpretability by revealing how 
different modalities and subspaces contribute to the final decision. Extensive experiments conducted on 
multiple public and self-organized multimodal medical image datasets demonstrate that DUA-SFNet 
consistently outperforms state-of-the-art methods, achieving classification accuracy improvements of 
3.8–6.2% and F1-score gains of 4.1–7.5%. Overall, DUA-SFNet provides an interpretable, uncertainty-
aware, and adaptive solution for next-generation multimodal medical image analysis. 
 
Keywords Multimodal Medical Imaging, Adaptive Subspace Fusion, Uncertainty-Aware Learning, Tensor 

Decomposition, Medical Image Classification 

I. Introduction    

The rapid development of medical imaging 
technologies has provided clinicians with 

heterogeneous data from various imaging modalities, 
including magnetic resonance imaging (MRI), 
computed tomography (CT), positron emission 
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tomography (PET), and ultrasound. The analysis of 
multimodal medical images is an essential part of the 
current computer-aided diagnosis systems, as each 
modality records some complementary information 
about the body that others may not capture. Through 
the collaborative use of information across modalities, 
multimodal learning has revealed considerable 
opportunities in enhanced diagnostic accuracy, 
enhancing disease characterization, and supporting 
clinical decision-making compared to unimodal 
approaches. This has made the development of 
multimodal fusion schemes a key study in the field of 
medical image classification [1]. Regardless of this 
development, achieving efficient and reliable 
multimodal fusion remains challenging. Existing used 
multimodal fusion techniques can be classified into very 
early fusion, very late fusion or intermediate (feature-
level) fusion. Although the problem of dimensional 
explosion and redundancy is common to early fusion, 
late fusion neglects cross-modality interactions. More 
recent feature-level fusion methods, especially with 
strongly inspired representations of inter-modal 
correlations in terms of tensor decomposition and  
processes, are trying to trade off the complexity of 
computation. Nonetheless, the majority of these 
methods are based on unchangeable low-rank 
assumptions and thus they cannot adapt to different 
degrees of data complexity across datasets and clinical 
contexts. Additionally, they generally believe that 
modalities are equally reliable, which is hardly true in a 
real-world medical situation, where modalities can 
easily be noisy, incomplete, or missing altogether [2]. 

Another significant limitation of current fusion 
models is of the lack of uncertainty awareness and 
interpretability. The acquisition artifact, motion of 
patients, and noise dependent on the modality can 
usually cause medical images to exhibit varying 
confidence to extracted features. Such fusion 
strategies that do not consider modality-level 
uncertainty threat to exaggerate unreliable information 
thus undermining classification performance and 
robustness. Moreover, most deep fusion models are 
black box, which does not give much information on the 
contribution of various modalities and subspaces to the 
final predictions which is not clinically trusted and 
adopted [3]. These observations demonstrate a clear 
gap in the research: available multimodal medical 
image classification techniques do not support the 
ability to adaptively change fusion complexity, explicitly 
represent modality reliability, and provide interpretable 
fusion mechanisms in a common framework. These 
difficulties are critical for the development of strong and 
clinically deployable multimodal diagnostic systems [4]. 

To bridge this gap, this study aims to develop a 
dynamic, uncertainty-conscious, and adaptive 
multimodal fusion framework that will be effective in 
working with heterogeneous data quality and maintain 

discriminative information and interpretability. In 
particular, this work is set to establish a fusion model 
that dynamically learns subspaces, where they would 
assume the existence of modality uncertainty during 
the fusion process, and the intra- and inter-modality 
relationships would be learned in an ethical way [5]. 
The main contributions of the proposed work are listed 
below. 

a) A Dynamic Adaptive Subspace Fusion 

Framework, which is  is a multimodal fusion 

framework with the addition of adaptive rank-

learning tensor decomposition. 

b) It allows the dimensionality of the subspace to 

be dynamically adjusted based on the 

complexity of the data. 

c) Uncertainty-Aware Modality Modeling 

proposes an explicit uncertainty estimation 

mechanism of modality. 

d) It is used to determine the modality reliability, 

and error-discriminating feature weighting is 

performed during the fusion. 

e) A Hierarchical Adaptive Attention Mechanism 

captures intra-subspace interactions, inter-

modality dependencies to enhance feature 

representation, and interpretability. 

f) The multimodal performance can be evaluated 

on large-scale public and self-collected 

multimodalmedical image datasets;  

g) It demonstrated improved accuracy, 

robustness to noisy or missing modalities, and 

better generalization compared to state-of-the-

art methods. 

The other part of this paper is structured as follows. 
Section II presents a literature survey on multimodal 
medical image fusion and uncertainty-conscious 
learning. Section III provides the System Model and 
Problem Formulation. Section IV describes the 
experimental setting, data sets, and the proposed work 
architecture. The results of the models and ablation 
studies are carried out in Section V. Section VI 
concludes the work and provides future research 
directions. 

 

II.  State-of-the-Art Techniques  
Early multimodal learning methods were predominantly 
based on the traditional feature fusion techniques, 
including early feature concatenation and late feature 
decision fusion. These approaches are easy and 
computationally cheap, however  they do not consider 
the complex interactions between modalities, and are 
highly sensitive to noisy or missing modalities. This 
limitation reduces their applicability in real-life 
situations, especially in medical and affective 
computing applications where data uncertainty is 
bound to occur [6]. 
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As the concept of deep learning evolves, multimodal 
fusion approaches based on representation learning 
have received a lot of interest. Hao et al. (2025) 
suggested a step-by-step prompting model with 
uncertainty-conscious dynamic fusion in the 
recognition of EEG-visual emotion, showing a higher 
level of robustness through explicit modeling of 
uncertainty in the fusion [7]. Wen et al. (2025) proposed 
uncertainty-based reliable dynamic fusion strategy for 
partial multiview incomplete multilabel learning, 
demonstrating that the reliability-based fusion 
enhances performance under  incomplete data 
conditions [8]. Equally, Xu et al. (2025) introduced a 
heterogeneous granularity uncertainty-aware 
multimodal representation learning model of drug-
target affinity prediction, with the advantages of 
uncertainty modeling in heterogeneous modalities [9].  
Although effective, these approaches typically use fixed 
fusion structures or static representation spaces, which 
restrict their flexibility in handling diverse data 
complexity. 

More recent works have been dedicated to 
uncertainty-sensitive and human-centric fusion 
systems across various areas of application. Li et al. 
(2025) suggested a powerful one-way driving process, 
relying on multimodal combination and uncertainty to 
model, and focusing on the dependability that is of 
utmost importance in the safety aspect [10]. 
Abdusalamov et al. (2025) proposed a human-centric, 
uncertainty-aware event-fused AI network for face 
recognition under poor conditions and proved to be 
more robust and interpretable [11]. Also, Xie et al. 
(2024) introduced a pseudo-labeling and dual-graph-
based network with uncertainty awareness for 
incomplete multi-view multiple-label classification, 
which addressed weak supervision and missing-view 
problems [12].  While these methods are effective ways 
of inhibiting unreliable modalities,  uncertainty 
modelling is usually considered separately without the 
simultaneous adaptation of representation capacity. 

Recent papers have focused on hybrid learning 
approaches and advanced representation methods in 
the field of medical imaging. Koishiyeva et al. (2025) 
developed a review of deep learning methods on the 
Segment Anything Model for medical image 
segmentation, which show movement to foundation 
models [13]. Wang et al. (2022) experimented with 
multi-sequence medical image classification with self-
supervised and semi-supervised learning, where there 
is a lack of labels [14]. Jiang et al. have suggested a 
vision-language model-guided latent diffusion 
framework to semi-supervised medical image 
segmentation [15] and Zhu and Li (2025) have 
proposed a latent multi-scale residual transformer to 
cross-modal medical image synthesis [16]. In spite of 
the good performance of these methods at a task 
specific level, they generally do not explicitly model 

uncertainty and support adaptive fusion mechanisms. 
Even though significant advances have been made, 
there is still no coherent framework of multimodal fusion 
currently that integrates adaptive subspace learning 
with explicit modality level uncertainty estimates with 
hierarchical attention-based fusion. The majority of 
them use fixed-rank or fixed representations, separate 
the two terms of uncertainty and fusion, or offer partial 
interpretability of modality contribution. Based on these 
constraints, the present study introduces the Dynamic 
Uncertainty-Aware Adaptive Subspace Fusion Network 
(DUA-SFNet) that enables the dynamical modulation of 
the fusion complexity, the reliability of the model 
modality, and the representation of multi-level 
interactions in an end-to-end and explainable form thus 
leading to effective multimodal medical image 
classification.  
 
III. System Model and Problem Formulation 
The given system will solve the multimodal medical 
image classification issue by concurrently training on 
heterogeneous imaging modalities and considering 
modality-specific uncertainty and adaptive fusion 
complexity [17]. Every medical case is represented by 
a variety of imaging modalities (MRI, CT, PET), that are 
mutually complementary in terms of anatomical and 
functional data. The system will be constructed to elicit 
modality-specific features, map them onto a common 
adaptive subspace and carry out uncertainty-conscious 
fusion to generate a solid and understandable 
classification result. The general structure incorporates 
feature extraction, adaptive subspace learning, 
uncertainty modeling and hierarchical attention-based 

fusion into an end-to-end trainable network [18]. 
In the presence of a dataset comprising of a variety 

of medical image modalities, and the presence of 
associated class labels, the task is to acquire the 
mapping between multimodal input data to a specific 
disease category. Each sample contains a collection of 
modality-specific feature representations, which may 
vary in quality, dimensionality, and reliability, exists in 
each sample [19]. The main issue is how to 
successfully integrate these heterogeneous 
representations and reduce redundancy, silencing 
untrustworthy modality data, and maintain clinically 
significant correlations. The formulated problem is 
hence the task of supervised multimodal classification 
which necessitates adaptive and uncertainty-aware 
feature fusion [20]. 

The system transforms multimodal features into a 
shared latent subspace by applying adaptive tensors to 
ensure cross-modality interactions while eliminating 
feature redundancy. The framework, unlike the fixed 
forms of low-rank fusion algorithms, changes the 
amount of data to be included in the subspace 
dynamically based on the complexity of the data and its 
modality properties [21]. This dynamic representation 
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allows the model to maintain discriminative information 
when using complex samples, but does not incur the 
computation overhead that is not useful on simpler 
cases. Consequently, the learned subspace gives a 
succinct yet expressive account of multimodal 
relationships [22]. 

Multimodal fusion techniques are commonly 
categorized into three major strategies: early fusion, 
late fusion, and intermediate fusion. In early fusion, the 
raw or extracted features from multiple modalities are 
concatenated into a unified representation before being 
processed by the learning model. Mathematically, if 
𝑥1, 𝑥2, . . . , 𝑥𝑚denote feature vectors from 𝑚modalities, 

early fusion can be expressed as 𝐹_{𝑒𝑎𝑟𝑙𝑦}   =
 [𝑥1 ⊕ 𝑥2 ⊕ . . .⊕  𝑥𝑚] ]   where ⊕ denotes feature 

concatenation. Although early fusion captures cross-
modality interactions, it often leads to high-dimensional 
representations and redundancy. 

In late fusion, each modality is processed 
independently to produce individual predictions, which 
are then combined at the decision level. This can be 

formulated as 𝐹{𝑙𝑎𝑡𝑒} =  𝑔(𝑓1(𝑥1), 𝑓2(𝑥2), . . . , 𝑓𝑚(𝑥𝑚))]  

where 𝑓𝑖(⋅)represents the classifier for the 𝑖-th modality 

and 𝑔(⋅)denotes an aggregation function such as 

averaging or weighted voting. While this approach 
reduces feature dimensionality, it often ignores 
complex inter-modality feature relationships. 
Intermediate fusion (also known as hybrid fusion) 
integrates modalities at an intermediate representation 
stage, allowing interaction between modality-specific 
feature representations: 
𝐹{𝑖𝑛𝑡𝑒𝑟𝑚𝑒𝑑𝑖𝑎𝑡𝑒}  =  ℎ(𝑧1, 𝑧2, … , 𝑧𝑚)] , where 𝑧𝑖 =

𝑓𝑖(𝑥𝑖)represents modality-specific feature embeddings 

and ℎ(⋅)denotes the fusion function applied at the 

representation level. 
In contrast to these conventional strategies, the 
proposed DUA-SFNet introduces an adaptive 
subspace learning mechanism combined with 
uncertainty-aware weighting and hierarchical attention 
to dynamically model modality interactions and 
reliability during fusion. 

The explicit modeling of modality uncertainty is an 
important element of the system. Each modality has a 
framework which estimates a confidence measure that 
is a measure of the reliability of features extracted by 
the modality. These uncertainty estimates are 
employed in guiding the fusion process by giving more 
weight to more reliable modalities and weakening the 
effects of the noisy or unreliable modalities [23]. This 
uncertainty-conscious scheme has robustness 
benefits, especially where image quality has been 
degraded or where some modalities have been 
removed, and leads to clinical interpretability [24]. The 
adaptive subspace features are combined to give a 
fused multimodal representation using a hierarchical 
attention mechanism that learns both intra subspace 

links and inter-modality connections. The last 
representation undergoes classification of the disease 
by a supervised learning goal. A composite loss 
function is used to guide model training in order to strike 
a balance between classification accuracy, adaptive 
subspace regularization, and stable uncertainty 
estimation [25]. This formulation will make sure that the 
system is optimized holistically for performance, 
robustness, and interpretability. 
 
IV.  Proposed Work    
A. Dataset Description 
The proposed DUA-SFNet was tested on various 
multimodal medical imaging datasets in several 
standard benchmarks, as well as in a private clinical 
dataset. The dataset based on brain tumor 
classification was in the BraTS 2020, which contains 
multimodal MRI (T1, T1ce, T2, and FLAIR) with 2,400 
samples and divided into three categories: necrotic or 
non-enhancing tumor (800 samples), edema region 
(820 samples), and enhancing tumor (780 samples). In 
the case of the Alzheimer disease, the dataset used 
was the ADNI dataset, which comprises of paired MRI 
and PET scans 1,800 samples evenly divided into 
cognitively normal subjects (900 samples) and the 
Alzheimer disease patients (900 samples). The 
classification of cardiac structures was conducted on 
the MM-WHS dataset which includes CT and MRI 
images of 2,100 samples in three classes, i.e. left 
ventricle (700 samples), right ventricle (720 samples), 
and myocardium (680 samples). Furthermore, it had a 
privately owned multimodal clinical dataset including 
MRI, CT, and PET scans, which had 1,500 samples of 
four disease types. A single data set was used (training 
and validation); in all cases, 80 percent of the data was 
used as training data, 20 percent as validation data, 
and the stratification was performed by class, as 
needed to maintain data balance. To achieve 
reproducible and fair evaluation, standard 
preprocessing procedures and a consistent training 
setup were used over datasets.  Let 𝑀denote the 

number of modalities (e.g., MRI, CT, PET). After 
modality-specific encoders, we obtain feature vectors 
{𝑓𝑚}𝑚=1

𝑀 , where 𝑓𝑚 ∈ ℝ𝑑𝑚. We construct a multimodal 

feature tensor 𝒳by stacking modality embeddings 

along a modality dimension (or by reshaping into a 
higher-order tensor depending on feature map 
structure) as given in Eq. (1) [23]. 

𝒳 ∈ ℝ𝑑1×𝑑2×⋯×𝑑𝑀            (1) 
In practice, when encoders output feature maps, 𝒳can 

be formed as 𝒳 ∈ ℝ𝐻×𝑊×𝐶×𝑀, where 𝐻, 𝑊, 𝐶denote 

spatial and channel dimensions. The mode-𝑛 unfolding 

(matricization) of tensor 𝒳is denoted by 𝑋(𝑛), as giben 

in Eq. (2) [26].  

𝑋(𝑛) ∈ ℝ𝐼𝑛×∏ 𝐼𝑘𝑘≠𝑛         (2) 

The mode-𝑛 product of a tensor 𝒳with a matrix 𝑈(𝑛) ∈
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ℝ𝐽𝑛×𝐼𝑛 is defined in Eq. (3) [26]. which yields 𝒴 ∈
ℝ𝐼1×⋯×𝐼𝑛−1×𝐽𝑛 ×𝐼𝑛+1×⋯×𝐼𝑁. 

𝒴 = 𝒳 ×𝑛 𝑈(𝑛)          (3) 
To model high-order cross-modality interactions while 
reducing redundancy, we apply a Tucker-style 
decomposition using Eq. (4) [26]. 

𝒳 ≈ 𝒢 ×1 𝑈(1) ×2 𝑈(2) ⋯ ×𝑀 𝑈(𝑀)      (4) 
where 𝒢 ∈ ℝ𝑟1×𝑟2×⋯×𝑟𝑀is a low-dimensional core tensor 

capturing shared multimodal correlations, and 𝑈(𝑚) ∈
ℝ𝑑𝑚×𝑟𝑚are modality-specific factor matrices. The 

values {𝑟𝑚}represent the adaptive ranks learned 

dynamically to match data complexity. The 
corresponding matricized form is given in Eq. (5) [26]. 

𝑋(𝑛) ≈ 𝑈(𝑛) 𝐺(𝑛) (𝑈(𝑀) ⊗ ⋯ ⊗ 𝑈(𝑛+1) ⊗ 𝑈(𝑛−1) ⊗ ⋯ ⊗

𝑈(1))
𝑇

           (5) 

where ⊗denotes the Kronecker product and 𝐺(𝑛)is the 

mode-𝑛 unfolding of 𝒢.  To encourage compact 

representations while allowing flexibility, the adaptive 

ranks are controlled through a regularization term on 
the factor matrices and/or core tensor. It is expressed 
in Eq. (6) [27]. 

ℒ𝑟𝑎𝑛𝑘 = ∑ ∥𝑀
𝑚=1 𝑈(𝑚) ∥1 orℒ𝑟𝑎𝑛𝑘 =∥ 𝒢 ∥1        (6) 

which promotes sparsity and effectively drives the 
model toward a lower effective rank when the sample 
complexity is low. The final training objective becomes 

L as given in Eq. (7) [26]. where ℒ𝑐𝑙𝑠is the classification 

loss and ℒ𝑢𝑛𝑐stabilizes uncertainty estimation. 

ℒ = ℒ𝑐𝑙𝑠 + 𝜆ℒ𝑟𝑎𝑛𝑘 + 𝛾ℒ𝑢𝑛𝑐            (7) 

B. Data Preprocessing 
All medical images underwent standardized 
preprocessing to uniformly prepare the images across 
modalities and datasets. First, the images were resized 
to a uniform spatial resolution and intensity-normalized 
to reduce inter-scanner variability. Modality-specific 
normalizations were performed where required, after 
which noise reduction was performed using basic 
smoothing techniques. For multimodal inputs, images 
were aligned spatially when necessary and 
transformed into modality-consistent feature 
representations [28]. Lastly, all samples were checked 
for completeness before use in training and validation 
to ensure reliable and reproducible model learning. Fig. 
1 depicts the overall architecture of the proposed 
Dynamic Uncertainty-Aware Adaptive Subspace 
Fusion Network, DUA-SFNet, for multimodal medical 

image classification. 
C. Dynamic Uncertainty-Aware Adaptive Subspace 
Fusion Network (DUA-SFNet) 
The proposed method, termed as ‘DUA-SFNet,’ is 
designed to address the shortcomings faced by most 
traditional multimodal fusion methods by effectively 
utilizing the potential of “adaptive subspace learning,” 

 
Fig. 1 An architecture of Proposed HST-Net framework 
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“uncertainty modeling,” and “hierarchical attention-
based fusion,” as shown in the figure above. With 
multimodal medical images provided as input, the 
system first extracts deep features from each modality 
through independent feature encoders [29]. These 
features are then converted into a structured tensor 
form, from which high-order correlations are learned 
across modalities. The adaptive study of optimal 
subspace complexity, as part of a tensor decomposition 
module, replaces the need to follow a constraint in 
terms of a specific rank. To enhance robustness to 
unreliable modalities, an uncertainty estimation method 
is incorporated to estimate the confidence of each 
modality. Then, this estimated uncertainty plays an 
important role in the weighted value of modalities. 
Finally, by incorporating both inter-modality and intra-
subspace interactions through a hierarchical adaptive 
attention network, the fused representation is formed 
[30]. 

 Multiple imaging modalities, such as MRI, CT, and 
PET scans, serve as the input for this framework. First, 
each modality is passed through modality-specific 
feature extractors to obtain deep feature 
representations. In addition, an uncertainty estimation 
module computes the reliability of each modality by 
computing confidence/uncertainty scores, which aid 
the network in suppressing noisy or less informative 
modalities [31]. The extracted features are projected 
into a common adaptive subspace fusion module, 
where dynamic rank-learning (adaptive subspace 
representation) reduces redundancy while retaining 
discriminative information. Meanwhile, an intra- and 
inter-modality hierarchical attention mechanism 
captures intra-subspace feature interactions as well as 
inter-modality dependencies, enabling more 
informative fusion guided by uncertainty weights. 
Finally, the fused representation is fed into the 
classification head-softmax layer-to produce the 
predicted diagnostic label. The proposed DUA-SFNet 
effectively combines adaptive subspace learning, 
uncertainty-aware weighting, and attention-based 
fusion to ensure robust yet interpretable multimodal 
classification, particularly when one or more imaging 
modalities are noisy or missing [32]. 
D. Modality-Specific Feature Extraction 
In the proposed DUA-SFNet architecture, each imaging 
modality is separately addressed to maintain 
uniqueness in its anatomical and functional attributes. 
Vast contrasts in terms of features exist among various 
medical imaging modalities such as MRI, CT, or PET 
images, therefore separate feature extraction is 
performed to avoid interference in feature extraction for 
a more information-preserving learned representation. 
Scalability is also facilitated in terms of the addition of 
more imaging modalities to the architecture without 
changing it significantly. Eq. (8) [33] describes the 
modality-specific feature extraction stage in the 

proposed DUA-SFNet framework. In this equation, 𝑥𝑚  

represents the input image from the m-th imaging 
modality (such as MRI, CT, or PET). The function 𝛷𝑚 

(⋅) denotes the modality-specific feature extractor that 

learns high-level representations tailored to the 
characteristics of that modality [34]. The output 𝑓𝑚 is the 
extracted feature vector belonging to the 𝑑𝑚 is a 

dimensional real-valued feature space, where 𝑑𝑚 

indicates the dimensionality of the learned features. 
This formulation ensures that modality-dependent 
information is preserved and effectively captured 
before multimodal fusion, allowing the network to 
exploit complementary information from different 
imaging sources [35]. 

𝑓𝑚 =  𝛷𝑚(𝑥𝑚),    𝑓𝑚 ∈  ℝ𝑑𝑚             (8) 

In practice, the mapping function Φ𝑚(⋅)is implemented 

using a deep convolutional neural network composed 
of multiple convolutional layers, batch normalization, 
and nonlinear activation functions. Formally, the feature 
extraction process can be expressed in Eq. (9) [33] 

where ∗denotes the convolution operation, 𝑊𝑚
(𝑙)

and 

𝑏𝑚
(𝑙)

represent the learnable weights and biases of the 𝑙-
th convolutional layer, 𝐿denotes the total number of 

layers, and 𝜎(⋅)is a nonlinear activation function such 

as ReLU [36]. This formulation allows each modality 
encoder to learn modality-specific representations 
while preserving important structural and functional 
characteristics prior to multimodal fusion. 

𝑓𝑚 = 𝜎 (𝑊𝑚
(𝐿)

∗ 𝜎 (𝑊𝑚
(𝐿−1)

∗ ⋯ 𝜎(𝑊𝑚
(1)

∗ 𝑥𝑚 + 𝑏𝑚
(1)

) ⋯ +

𝑏𝑚
(𝐿−1)

) + 𝑏𝑚
(𝐿)

)            (9)    

E. Adaptive Rank-Learning Subspace 
Representation 
Thus, in order to adequately address the problem of 
modeling high-order correlations between modalities 
and reducing redundancy in features when performing 
the extraction of modal features, the features of each 
modalities is projected onto a shared adaptive 
subspace. DUA-SFNet has an advantage over other 
approaches to low-rank fusion in that it automatically 
and optimally determines the dimensionality of the 
subspace depending on the complexity of the data [37], 
[38]. 
𝑋 ≈  𝐺 ×1 𝑈1 ×2 𝑈2 ×3 … × ₘ 𝑈ₘ     (10)  

𝑋 ≈  𝐺 ×1 𝑈1 ×2 𝑈2 ×3 … ×𝑀 𝑈𝑀     (11)    

𝑈𝑚 ∈  ℝ𝑑𝑚× 𝑟𝑚          (12) 

Eq. (10) – Eq.(12) [35] define the adaptive rank-learning 
subspace representation used for multimodal feature 
fusion in DUA-SFNet. 
Let 𝒳denote the multimodal feature tensor constructed 

from modality-specific encoders. The adaptive 
subspace learning module approximates 𝒳using a 

Tucker-style factorization as given in Eq. (13) [8].  
𝒳̂ = 𝒢 ×1 𝑈(1) ×2 𝑈(2) ⋯ ×𝑀 𝑈(𝑀)      (13) 
where 𝒢is the shared core tensor and 𝑈(𝑚)are modality-
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specific factor matrices. The adaptive rank-learning is 
formulated as the following optimization objective Eq. 
(14) [8]. 

min 
𝒢,{𝑈(𝑚)}

   ∥ 𝒳 − 𝒳̂ ∥𝐹
2

⏟

reconstruction error

+ 𝜆𝑔 ∥ 𝒢 ∥1+ 𝜆𝑢 ∑ ∥𝑀
𝑚=1 𝑈(𝑚) ∥1

        (14) 
where ∥⋅∥𝐹denotes the Frobenius norm. The ℓ1-norm 

regularization terms encourage sparsity in both the 
core tensor and projection matrices, effectively 
controlling the effective rank by shrinking less-
informative components toward zero. Consequently, 
the model learns compact subspaces for simpler inputs 
while preserving higher capacity for complex 
multimodal cases. Are shown in Eq. (15) [9]. 

ℒ = ℒ𝑐𝑙𝑠 + 𝛼 ∥ 𝒳 − 𝒳̂ ∥𝐹
2 + 𝜆𝑔 ∥ 𝒢 ∥1+

𝜆𝑢 ∑ ∥𝑀
𝑚=1 𝑈(𝑚) ∥1+ 𝛾ℒ𝑢𝑛𝑐        (15) 

Here, X denotes the high-order tensor formed by 
stacking modality-specific feature vectors. The core 
tensor G represents a shared low-dimensional 
subspace that captures intrinsic cross-modality 
correlations. The operator ×𝑚 indicates the mode m 

tensor–matrix product. The matrix 𝑈𝑚 ∈  ℝ𝑑𝑚× 𝑟𝑚   is the 

projection matrix for the m-th modality, where 𝑑𝑚 is the 

original feature dimension and 𝑟𝑚  is the learned 

adaptive rank. This decomposition reduces 
redundancy while preserving discriminative multimodal 
information.  
F. Modality Uncertainty Estimation 
It is important to point out that in actual clinical 
scenarios or problems, for various data modalities, 
some of them might not be as certain due to noise or 
incompleteness of data. To overcome this challenge in 
DUA-SFNet, there is a modality uncertainty estimation 
block for evaluating the reliability of various data 
modalities at the feature level. Table 1 describes the 
Ablation Study on DUA-SFNet components. 

Let 𝑓𝑚 ∈ ℝ𝑑denote the modality-specific feature vector 

extracted from the 𝑚-th modality encoder. The modality 

uncertainty estimation function Ψ(⋅)is implemented as 

a lightweight neural sub-network (two-layer MLP) that 
maps 𝑓𝑚to a scalar uncertainty value using Eq. (16) [9]. 

𝑢𝑚 = Ψ(𝑓𝑚) = 𝜎(𝑊𝑚
(2)

 𝜙(𝑊𝑚
(1)

𝑓𝑚+𝑏𝑚
(1)

)+𝑏𝑚
(2)

)    (16) 

where 𝑊𝑚
(1)

∈ ℝℎ×𝑑and 𝑊𝑚
(2)

∈ ℝ1×ℎare learnable 

weight matrices, 𝑏𝑚
(1)

, 𝑏𝑚
(2)

are biases, 𝜙(⋅)is a nonlinear 

activation function (e.g., ReLU), and 𝜎(⋅)is the sigmoid 

function ensuring 𝑢𝑚 ∈ [0,1]. A larger 𝑢𝑚indicates 

higher uncertainty (lower reliability) for modality 𝑚. 

The uncertainty-aware modality weight used in fusion 
is computed by converting uncertainty into confidence 
and normalizing across modalities using Eq. (17) - Eq. 
(19) [11]. 

𝑐𝑚 = 1 − 𝑢𝑚, 𝛼𝑚 =
exp(𝑐𝑚)

∑ exp (
𝑀
𝑘=1 𝑐𝑘)

       (17) 

𝑢𝑚 =  𝛹(𝑓𝑚),    𝑢𝑚 ∈  [0, 1]                    (18) 

𝛼𝑚 =
𝑒𝑥𝑝(−𝑢𝑚)

𝛴𝑘=1
𝑀 𝑒𝑥𝑝(−𝑢𝑘)

             (19) 

Eq. (18) [6],  𝑓𝑚 represents the feature vector extracted 

from the m-th modality, and Ψ(⋅) denotes the 

uncertainty estimation function that produces a 
normalized uncertainty score 𝑢𝑚 within the range [0,1]. 

A higher value of  𝑢𝑚  indicates lower confidence in the 
corresponding modality. Eq. (19) [6] converts the 
estimated uncertainty into a confidence-based fusion 
weight 𝛼𝑚  using a softmax-like normalization, ensuring 

that modalities with lower uncertainty contribute more 
significantly to the final multimodal fusion while 
unreliable modalities are automatically down-weighted 
[39], [40]. 
G. Hierarchical Adaptive Attention Fusion 
For the best utilization of multimodal complementarity, 
a hierarchical adaptive attention mechanism has been 
implemented at two stages by DUA-SFNet: first, intra-
subspace attention enables the model to pinpoint 
discriminative features in an adaptive subspace, and 
second, by implementing an inter-modality attention 
mechanism, the model can leverage information from 
multiple modalities, as made possible by uncertainty 
weights. 
𝑧 =  𝛴𝑚=1

𝑀 𝛼𝑚 ·  𝐴𝑚(𝐺)         (20) 

Eq. (20) [8] represents the hierarchical adaptive 
attention fusion process in the proposed DUA-SFNet. 
Here, 𝐺 denotes the shared adaptive subspace (core 

tensor) obtained after rank-learning decomposition, 
and Am (⋅) refers to the attention mechanism applied to 

Table 1.   Ablation Study on DUA-SFNet components 

Model Variant Accuracy (%) 
(Mean ± Std) 

F1-Score (%) 
(Mean ± Std) 

95% Confidence 
Interval (Accuracy) 

p-value (vs 
Full Model) 

Full DUA-SFNet 92.1 ± 0.34 91.4 ± 0.37 [91.6 , 92.6] – 

w/o Adaptive Rank 
Learning 

88.6 ± 0.42 88.0 ± 0.45 [88.0 , 89.2] 0.002 

w/o Uncertainty 
Modeling 

87.9 ± 0.47 87.3 ± 0.49 [87.2 , 88.6] 0.001 

w/o Hierarchical 
Attention 

89.1 ± 0.39 88.7 ± 0.41 [88.6 , 89.7] 0.004 

Fixed-Rank Fusion 86.8 ± 0.51 86.1 ± 0.53 [86.0 , 87.6] 0.0007 
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the subspace features corresponding to the m-th 
modality. The term 𝛼𝑚   is the uncertainty-aware fusion 

weight that controls the contribution of each modality 
based on its estimated reliability. The summation 
aggregates attention-refined features from all 
modalities to produce the final fused representation z, 
which captures both intra-subspace feature 
interactions and inter-modality dependencies in an 
interpretable and robust manner.   
H. Classification Objective 
The final fused representation is fed through a 
classification head to predict the diagnosis category. 
The overall model optimization is done by a composite 
loss function that strikes a balance among classification 
accuracy, adaptive subspace regularization, and 
uncertainty stability. This kind of objective ensures the 
network learns not only a high predictive performance 
but also more stable and interpretable multimodal 
representations.  
ŷ =  𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑧 +  𝑏)         (21) 

𝐿 =  𝐿𝑐𝑙𝑠 + 𝜆1𝐿𝑟𝑎𝑛𝑘 + 𝜆2𝐿𝑢𝑛𝑐        (22) 

Eq. (21) [9] defines the final classification stage of the 
proposed DUA-SFNet, where the fused multimodal 
feature vector z is linearly transformed using weight 
matrix W and bias 𝑏 followed by the Softmax function 
to produce the predicted class probability vector ŷ. Eq. 

(22) [10] presents the overall training objective, which 
combines the classification loss 𝐿𝑐𝑙𝑠  , the adaptive rank 

regularization loss 𝐿𝑟𝑎𝑛𝑘and the9kk uncertainty 

regularization loss 𝐿𝑢𝑛𝑐  . The coefficients 𝜆1 and 𝜆2 are 

hyper parameters that balance the contribution of each 
loss component.  

V. Results    
The results of the state of art models are discussed in 
this section. Table 2 results indicate that Early Fusion 
has a 81.2% accuracy, 80.5% precision, 79.8% recall, 
80.1% F1-score, and 0.86 AUC and Late Fusion has a 
slightly higher accuracy at 82.7, precision with 82.0, 
recall with 81.3, F1-score with 81.6 and AUC with 0.86. 
Attention Fusion next enhances the performance with 
85.9% accuracy, 85.2% precision, 84.7% recall, 84.9% 
F1-score, and 0.91 AUC and then TD-Based Fusion 

with 87.4% accuracy, 86.8% precision, 86.2% recall, 
86.5% F1-score and 0.93 AUC. Comparatively, the 
suggested DUA-SFNet achieves the highest results 
with the accuracy of 92.1% and precision, recall, and 
F1-score of 91.2 and 91.4 respectively, and AUC of 
0.96 revealing evident improvement in all measures. 
The improvement in accuracy reflects the model’s 
enhanced ability to distinguish between different clinical 
classes by effectively exploiting complementary 
information from multiple imaging modalities. 
Meanwhile, the notable gains in F1-score highlight 
improved robustness to class imbalance, suggesting 
that the proposed framework reduces both false 
negatives and false positives, which is crucial in 

medical diagnosis. Table 3 reveals that DUA-SFNet 
has good performance even when missing and 
corrupted modality is involved. It has an accuracy of 
92.1%, F1-score of 91.4% and AUC of 0.96 with full 
modalities (MRI + CT + PET). In case of one of the 
modalities being missing, the performance decreases 
slightly to 89.6, 88.9, 0.93 (missing MRI), 90.2, 89.5, 
0.94 (missing CT), and 90.7, 90.0, 0.94 (Missing PET). 
Two modalities would be missing, which narrows the 
results to 84.5, 83.8, 0.88 (PET only), 83.9, 83.1, 0.87 

Table 3. Robustness Evaluation of DUA-SFNet under Missing and Corrupted Modalities 
Scenario Available Modalities Accuracy (%) F1-Score (%) AUC 

Full Modalities MRI + CT + PET 92.1 91.4 0.96 

Missing MRI CT + PET 89.6 88.9 0.93 

Missing CT MRI + PET 90.2 89.5 0.94 

Missing PET MRI + CT 90.7 90.0 0.94 

Missing MRI + CT PET only 84.5 83.8 0.88 

Missing MRI + PET CT only 83.9 83.1 0.87 

Missing CT + PET MRI only 85.2 84.4 0.89 

Corrupted MRI (Noise) MRI(noisy) + CT + PET 90.4 89.8 0.94 

Corrupted CT (Motion Blur) MRI + CT(noisy) + PET 90.1 89.3 0.94 

Corrupted PET (Intensity Distortion) MRI + CT + PET(noisy) 89.8 89.0 0.93 

 

Table 2.   Performance comparison with state-of-
the-art methods 

Method Acc. 
(%) 

Prec. 
(%) 

Recall 
(%) 

F1s 
(%) 

AUC 

Early 
Fusion 

81.2 80.5 79.8 80.1 0.86 

Late 
Fusion 

82.7 82.0 81.3 81.6 0.88 

Attention 
Fusion 

85.9 85.2 84.7 84.9 0.91 

TD-
Based 
Fusion 

87.4 86.8 86.2 86.5 0.93 

DUA-
SFNet 
(Proposed) 

92.1 91.6 91.2 91.4 0.96 
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(CT only) and 85.2, 84.4, 0.89 (MRI only). It is also 
robust in that it achieves 90.4, 89.8, 0.94 (noisy MRI), 
90.1, 89.3, 0.94 (blurred CT) and 89.8, 89.0, 0.93 
(distorted PET) under corrupted conditions. Table 2 
shows the updated ablation study. DUA-SFNet has 
much lower decreases than its baseline methods. This 
strength is largely due to the uncertainty-sensitive 
modality weighting system which inhibits unreliable 
modalities during fusion. These findings indicate that 
DUA-SFNet is more applicable to likely real clinical 
practices where the quality of data and modality 
accessibility is not always regular. 

The proposed DUA-SFNet is trained using a 
composite loss function that simultaneously optimizes 
classification performance, adaptive rank-learning 
subspace representation, and modality uncertainty 
estimation. Let ℒ𝑐𝑙𝑠denote the classification loss, 

ℒ𝑟𝑎𝑛𝑘represent the rank-regularization term, and 

ℒ𝑢𝑛𝑐denote the uncertainty regularization loss. The 

overall training objective is defined as in Eq. (23) [12]: 
ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝑐𝑙𝑠 + 𝜆𝑟ℒ𝑟𝑎𝑛𝑘 + 𝜆𝑢ℒ𝑢𝑛𝑐       (23) 
where 𝜆𝑟and 𝜆𝑢are hyperparameters that control the 

contribution of the rank-learning and uncertainty 
regularization terms. The adaptive rank regularization 
term encourages compact subspace representations 
by penalizing large projection matrices in Eq. (24) [12] 

where 𝑈(𝑚)represents the projection matrix for modality 

𝑚. 

ℒ𝑟𝑎𝑛𝑘 = ∑ ∥𝑀
𝑚=1 𝑈(𝑚) ∥1      (24)    

The uncertainty regularization term stabilizes modality 
reliability estimation and prevents extreme uncertainty 
predictions as in Eq. (25) [12] where 𝑢𝑚represents the 

estimated uncertainty for modality 𝑚and 𝑢̄denotes the 

average uncertainty across modalities. 

ℒ𝑢𝑛𝑐 = ∑ (
𝑀

𝑚=1
𝑢𝑚 − 𝑢̄)2   (25) 

Together, these objectives guide the model to achieve 
accurate classification while maintaining compact 
multimodal representations and reliable uncertainty 
estimation 

 
Fig. 2 Training and validation accuracy curve 

Fig. 2 illustrates the training and validation accuracy 
curves of the proposed DUA-SFNet model across 

successive training epochs. Both curves exhibit a 
smooth and gradual upward trend, indicating consistent 
learning throughout the training process. Importantly, 
the gap between the training and validation accuracy 
remains narrow and relatively constant, which suggests 
that the model is not memorizing the training data but 
is instead learning generalized feature representations 
applicable to unseen data. The validation loss 
decreases and then stabilizes as training progresses, 
indicating good convergence of the model. We 
employed an early stopping criterion based on the 
validation loss to prevent overfitting. The training 
process is terminated if the validation loss does not 
improve after a specified number of epochs. We also 
employed a dynamic learning rate, reducing the rate 
when the validation loss plateaued.   

Under the presence of all three modalities, the 
model achieves the highest accuracy at 92.1%, F1-
score at 91.4%, and AUC at 0.96. When one of the 
modalities is missing, the model still performs well with 
accuracies ranging from 89.6% to 90.7%, which shows 
the model can utilize the existing data well. When the 
model uses only one modality, the accuracy is reduced 
while still maintaining a high rate above 83%. This 
overlap is a strong indicator of stable optimization, 
effective regularization, and balanced learning 
behavior. It also confirms that the designed composite 
loss function successfully harmonizes multiple learning 
objectives, including accurate classification, adaptive 
rank learning, and reliable uncertainty estimation, 
without causing instability or bias toward any single 
objective. The confusion matrix in Fig. 3 was obtained 
by applying DUA-SFNet to the validation data. The high 
figure of the diagonal dominance shows that the 
majority of the samples are rightfully categorized in all 
classes, and there is little confusion between similar 
groups clinically. The quantifying performance under 
missing or corrupted modalities strengthens the 
robustness claims. Proposed model uses robustness 
evaluation, that simulates clinically realistic missing-
data and corruption scenarios, including (i) single-
modality missing (e.g., MRI absent), (ii) multi-modality 
missing (e.g., MRI+PET absent), and (iii) corrupted 
modality inputs (Gaussian noise, motion blur, and 
intensity perturbations) while keeping the remaining 
modalities intact. For each scenario, we report 
Accuracy, F1-score, and AUC, and compare the 
proposed DUA-SFNet against representative fusion 
baselines. The results show that DUA-SFNet degrades 
more gracefully than competing methods due to its 
uncertainty-aware modality weighting, which down-
weights unreliable modalities and leverages the 
remaining informative sources.  

The entire model has the highest performance in all 
the metrics, such as accuracy, precision, recall, F1-
score, and AUC. The elimination of one of the major 
elements, adaptive rank learning, uncertainty 
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estimation, or attention leads to a steady decline in 
performance. These results affirm that all the 
components are essential in improving the accuracy of 
classification, their robustness, and generalization, and 
that a combination of all is vital in facilitating the state-
of-the-art performance. 
 

 
Fig. 3 Confusion Matrix of DUA-SFNet 

 
VI. Discussion 
The experimental results demonstrate that DUA-SFNet 
achieves classification accuracy improvements ranging 
from 3.8% to 6.2% across multiple multimodal medical 
image datasets. Table 4 illustrates clearly, through 
comparative results, that the proposed DUA-SFNet is 
more effective than recent uncertainty-aware 
multimodal fusion methods. The proposed model 
achieves the highest accuracy of 92.1 percent and F1-
score of 91.4 percent, which are higher than existing 
methods like uncertainty-aware decision fusion [1], 
which has reported 87.5 percent and 86.8 percent 
accuracy and F1-score respectively, and uncertainty-
driven integration [4], which has reported accuracy and 
F1-score of 88.1 percent and 87.4 percent respectively. 
This increase of about 4-6% suggests that DUA-SFNet 
has more accurate and stable predictions especially 
when the classification of medical images with many 
modalities is involved. In terms of computational 
performance, the proposed method is competitive, with 
an inference time of 46 ms/sample, comparable to [2] 
(47 ms) and slower than a few methods (45 ms) such 
as [4] and [12].This implies that the model has high 
performance without the introduction of high latency 
thus it can be used in real-time or clinical decision 
support applications. Moreover, DUA-SFNet has 20.8 
million parameters, rather than more sophisticated 
ones such as [4] (25.1 M) and [12] (24.2 M), and this 
shows a more optimal architecture. 

More so, the RAM usage of the suggested model is 
2.8 GB, which is fairly average compared to more 

memory intensive approaches like [4] (3.4 GB) and [3] 
(3.1 GB). This indicate that the model can balance its 
performance and the use of resources. In general, the 
findings indicate that, in addition to increasing the 
classification accuracy and robustness, DUA-SFNet 
also preserves its computational efficiency, which 
proves its practical applicability and its better 
performance in comparison with existing uncertainty-
aware fusion methods. From a clinical perspective, this 
improvement is substantial because even a 1–2% 
increase in diagnostic accuracy can lead to a 
meaningful reduction in misdiagnosis rates and 
improved patient outcomes. The observed 
performance gain suggests that explicit modeling of 
modality uncertainty enables the network to effectively 
identify and down-weight unreliable modalities. By 
suppressing noisy, corrupted, or incomplete modality 
inputs, the proposed model prevents the degradation in 
performance commonly observed in traditional 
multimodal fusion frameworks. 

Similarly, the observed F1-score improvements of 
4.1% to 7.5% indicate a balanced enhancement in both 
precision and recall, which is particularly important for 
medical diagnosis tasks characterized by severe class 
imbalance. In clinical settings, false negatives are 
especially critical because they may result in delayed 
or missed treatment for patients with pathological 
conditions. The higher F1-scores achieved by DUA-
SFNet indicate that the model significantly improves 
sensitivity to pathological cases while maintaining 
robustness against false positives. This balanced 
performance suggests that the model effectively 
reduces both types of classification errors. Specifically, 
the uncertainty-aware modality weighting mechanism 
suppresses unreliable modality contributions, reducing 
the likelihood of false alarms, while the hierarchical 
attention mechanism enhances discriminative feature 
learning, enabling the model to better capture subtle 
pathological patterns present in multimodal medical 
images. Furthermore, the hierarchical adaptive 
attention mechanism strengthens the representation 
learning capability of the network by simultaneously 
capturing intra-subspace correlations and inter-
modality dependencies. By modeling relationships at 
multiple representation levels, the network produces 
more discriminative and stable feature embeddings, 
which ultimately contributes to improved classification 
robustness and generalization across different 
datasets. This hierarchical design allows the network to 
selectively emphasize informative subspace features 
while preserving complementary information from 
multiple modalities. 

Most prior multimodal fusion approaches rely on 
deterministic fusion strategies, such as feature 
concatenation, low-rank constraints, or fixed attention 
weighting schemes. These approaches implicitly 
assume that all modalities contribute equally and 
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reliably to the final prediction. However, in real-world 
medical imaging scenarios, modalities often suffer from 
noise contamination, missing data, acquisition artifacts, 
or modality-specific corruption, which can significantly 
degrade the performance of deterministic fusion 
models. 

Unlike these conventional approaches, DUA-SFNet 
incorporates an explicit uncertainty estimation module 
that dynamically evaluates the reliability of each 
modality and adjusts its contribution during the fusion 
process. This adaptive mechanism allows the network 
to remain robust even when one or more modalities are 
partially unreliable or corrupted. 

   As a result, DUA-SFNet consistently outperforms 
existing multimodal fusion methods by jointly modeling 
uncertainty and hierarchical attention, enabling more 
reliable feature integration under challenging 
conditions. In addition to improved performance, the 
proposed framework offers enhanced model 
interpretability, which is crucial for clinical decision 
support systems. The hierarchical attention design 
enables visualization of modality-wise and subspace-

wise importance, allowing clinicians and researchers to 
better understand how the model reaches its 
predictions. This transparency is largely absent in many 
previously proposed black-box fusion architectures, 
which limits their practical adoption in clinical 
environments where interpretability and 
trustworthiness are essential. 
   Table 4 summarizes the statistical performance 
comparison between DUA-SFNet and several recent 
uncertainty-aware multimodal fusion methods, 
highlighting the superior classification accuracy, F1-
score, and overall robustness achieved by the 
proposed framework.   Despite its promising 

performance, DUA-SFNet has several limitations. First, 
the introduction of uncertainty estimation and 
hierarchical attention increases computational 
complexity, which may limit real-time deployment in 
resource-constrained clinical environments. Second, 
the current framework assumes that uncertainty can be 
effectively inferred from feature distributions; extreme 
cases of systematic modality bias may still pose 
challenges. Additionally, although experiments were 

Table 4. Statistical Performance Comparison of DUA-SFNet with Recent Uncertainty-Aware 
Multimodal Fusion Methods 
Ref. Method Task / 

Dataset 
Type 

Accuracy 
(%) 

F1-
Score 

(%) 

Inference 
Time 

(ms/sample) 

Model 
Parameters 

(M) 

GPU 
Memory 
Usage 
(GB) 

[1] Zhang 
et al. 
2024 

Uncertainty-
aware 
decision 
fusion 

Image 
classification 

87.5 86.8 42 18.4 2.6 

[2] Zhu et 
al. 2024 

Confidence-
aware 
dynamic 
fusion 

Multimodal 
emotion 
recognition 

86.2 85.7 47 21.3 2.9 

[3] Guo et 
al. 2024 

Uncertainty-
aware 
dynamic 
fusion 

Clinical 
prediction 

85.9 84.8 51 23.5 3.1 

[4] Du et 
al. 2024 

Uncertainty-
driven 
integration 

Multi-omics 
tumor 
classification 

88.1 87.4 55 25.1 3.4 

[8] Wen J 
et al. 
2024 

Reliable 
uncertainty-
driven fusion 

Incomplete 
multiview 
learning 

87.0 86.5 49 22.7 3.0 

[12]  Xie 
et al. 
2024 

Graph-
based 
uncertainty 
fusion 

Multi-view 
multi-label 
classification 

86.8 85.9 53 24.2 3.2 

Proposed DUA-SFNet Multimodal 
medical 
image 
classification 

92.1 91.4 46 20.8 2.8 
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conducted on multiple public and self-organized 
datasets, broader validation on large-scale, multi-
center clinical datasets is necessary to fully assess 
generalizability. The proposed DUA-SFNet has 
important implications for next-generation multimodal 
medical image analysis. By explicitly modeling 
uncertainty, the framework aligns with recent trends 
toward trustworthy and explainable AI in healthcare, 
which emphasize reliability, transparency, and 
robustness. Uncertainty-aware fusion can assist 
clinicians in understanding not only the prediction 
outcome but also the confidence and modality 
contributions behind the decision, thereby facilitating 
informed clinical judgment. Finally, the model has been 
evaluated primarily for classification tasks; its 
applicability to other medical imaging tasks such as 
segmentation or prognosis prediction remains 
unexplored. In the current study, the proposed DUA-
SFNet model was evaluated on multiple publicly 
available multimodal datasets (BraTS 2020, ADNI, and 
MM-WHS) as well as a private clinical dataset to ensure 
diversity in imaging modalities and clinical conditions. 
While these datasets provide heterogeneous 
multimodal data, we acknowledge that broader 
validation across large-scale multi-center clinical 
cohorts would provide stronger evidence of real-world 
generalizability. Furthermore, the proposed framework 
can be extended to other multimodal healthcare 
domains, such as combining imaging with clinical 
records or genomic data. Supported by prior studies 
emphasizing uncertainty modeling and explainable 
attention mechanisms in medical AI, DUA-SFNet 
contributes a scalable and interpretable solution that 
advances the reliability of multimodal deep learning 
systems. Future research will focus on evaluating the 
proposed framework on larger, independent clinical 
datasets collected from multiple institutions to further 
assess robustness, scalability, and clinical applicability. 
 
VI. Conclusion 
A Dynamic Uncertainty-Aware Adaptive Subspace 
Fusion Network (DUA-SFNet) is proposed for 
multimodal medical image classification. It is designed 
to overcome the crucial challenges of fixed-rank fusion 
strategies, equal modality treatment, and limited 
robustness in the existing approaches. By jointly 
incorporating adaptive rank-learning subspace 
representation, modality-level uncertainty estimation, 
and hierarchical adaptive attention fusion, the proposed 
framework captures complementary information from 
heterogeneous imaging modalities with suppression of 
unreliable contributions effectively. Extensive 
experimental evaluations demonstrate that the 
proposed DUA-SFNet consistently outperforms the 
state-of-the-art fusion approaches, achieving 92.1% 
accuracy, 91.4% F1-score, and an AUC of 0.96, along 
with superior robustness under noisy and missing 

modality conditions. Component-wise ablation studies 
further confirm that each module contributes 
significantly to the overall performance and stability of 
the proposed framework. The proposed DUA-SFNet 
framework has the potential to be extended to other 
medical imaging tasks such as segmentation and 
prognosis prediction. The adaptive subspace fusion 
and uncertainty-aware modality weighting mechanisms 
can be integrated with encoder–decoder architectures 
commonly used for medical image segmentation, 
enabling pixel-level predictions while maintaining 
robust multimodal feature fusion. Similarly, the fused 
feature representations learned by the network could 
be incorporated into temporal prediction models for 
disease progression or prognosis analysis when 
longitudinal clinical data are available. 
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