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Introduction: As a progressive neurodegeneration, Alzheimer's disease (AD)
represents the primary etiology of dementia among the elderly. Early
identification of individuals with mild cognitive impairment (MCI) who are
likely to convert to AD is essential for timely diagnosis and therapeutic
intervention. Although multimodal neuroimaging and clinical data provide
complementary information, existing fusion models often face challenges such
as high computational complexity and limited interpretability.

Methods: To address these limitations, we introduce TriLightNet, an innovative
lightweight triple-modal fusion network designed to integrate structural MRI,
functional PET, and clinical tabular data for predicting MCI-to-AD conversion.
TriLightNet incorporates a hybrid backbone that combines Kolmogorov-Arnold
Networks with PoolFormer for efficient feature extraction. Additionally, it
introduces a Hybrid Block Attention Module to capture subtle interactions
between image and clinical features and employs a MultiModal Cascaded
Attention mechanism to enable progressive and efficient fusion across the
modalities. These components work together to streamline multimodal data
integration while preserving meaningful insights.

Results:  Extensive experiments conducted on the Alzheimer's Disease
Neuroimaging Initiative (ADNI) dataset demonstrate the effectiveness of
TriLightNet, showcasing superior performance compared to state-of-the-art
methods. Specifically, the model achieves an accuracy of 81.25%, an AUROC of
0.8146, and an F1-score of 69.39%, all while maintaining reduced computational
costs.

Discussion: Furthermore, its interpretability was validated using the Integrated
Gradients method, which revealed clinically relevant brain regions contributing
to the predictions, enhancing its potential for meaningful clinical application. Our
code is available at https://github.com/sunyzhi55/TriLightNet.

KEYWORDS

Alzheimer's disease, mild cognitive impairment, triple-modal fusion, lightweight neural
network, attention mechanism, integrated gradients
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1 Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative
disorder characterized by irreversible cognitive decline,
significantly impacting the daily functioning of affected individuals
(Wen et al,, 2020; Francesconi et al., 2025). The Alzheimer’s
Association reports that over 50 million people globally are affected
by AD, with projections indicating that the number of patients
in the United States will more than double by 2050 (Moradi
et al, 2015). As AD advances, individuals often suffer from
severe deterioration in cognitive functions, including memory
loss, language difficulties, and impaired reasoning (Grigas et al.,
2024). The prodromal stages of AD, categorized by the severity of
cognitive decline, include subjective cognitive decline (SCD) and
mild cognitive impairment (MCI) (Elazab et al., 2024). Patients in
the MCI stage already show noticeable cognitive deficits. Currently,
there is no effective treatment to reverse AD or MCI, and only a
limited number of medications can alleviate symptoms. In clinical
practice, progressive mild cognitive impairment (pMCI) refers to
patients who are likely to convert to AD within ~3 years, whereas
stable MCI (sMCI) describes those whose cognitive condition
remains unchanged during the same period (Gaser et al.,, 2013).
Accurately predicting pMCI is crucial for early intervention, which
can delay the onset of AD.

Advances in neuroimaging have significantly enhanced our
ability to gather detailed anatomical and functional information
about the brain using techniques such as magnetic resonance
imaging (MRI) and positron emission tomography (PET). MRI
offers high-resolution structural details, distinguishing between
gray and white matter, while PET detects functional changes
in brain metabolism, providing insights into neurodegenerative
processes. Leveraging this data, computer-aided diagnostic (CAD)
systems have been developed to aid in the early differentiation
between pMCI and sMCI (El-Gamal et al, 2021). Alongside
imaging data, clinical information, including demographic details,
laboratory test results, and neurological assessments, offers valuable
insights into AD. Building on this wealth of information,
machine learning (ML) techniques have been widely applied to
analyze clinical data related to AD. For instance, Moradi et al.
(2015) utilized a random forest (RF) classifier to predict the
early conversion from MCI to AD. Similarly, Mathew et al.
(2016) integrated principal component analysis, discrete wavelet
transform, and support vector machines for AD classification.
While these traditional ML approaches have shown promise,
they heavily depend on handcrafted features, which require
considerable domain expertise and are often influenced by
subjective interpretations.

Recently, deep learning techniques such as ResNet (He
et al, 2016), EfficientNet (Tan and Le, 2019), and Vision
Transformer (ViT) (Dosovitskiy et al., 2020) have been increasingly
applied to AD diagnostic tasks. Wang et al. (2024) introduced
the HOPE framework, which leverages MRI features from
various disease stages to predict the conversion from MCI to
AD with promising results. Zhang et al. (2025a) developed
a spatiotemporal transformer-based approach for constructing
asynchronous functional brain networks. Several studies have
shown significant progress in MRI-based AD diagnosis (Atitallah
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et al, 2024; Lei et al, 2024; Jabason et al., 2025; Haq et al,
2025). However, relying solely on MRI does not capture crucial
metabolic information in the brain, underscoring the limitations of
single-modality approaches. To address these shortcomings, Kang
et al. (2023) introduced the Visual Attribute Prompt Learning
(VAPL) to integrate MRI with clinical tabular data, while Duenias
etal. (2025) proposed the hyperfusion framework, which combines
medical imaging with clinical features. The fusion of MRI and PET
has also emerged as a common multimodal strategy, providing
a comprehensive understanding of brain pathology through
structural and functional imaging. Li et al. (2025) presented
the Diamond framework based on ViT, using dual attention
mechanisms to model inter-modal similarities. Other methods,
such as MMGPL (Peng et al, 2024) and MDL (Qiu et al,
2024), have also achieved competitive performance. Moreover, the
problem of missing modalities is commonly encountered in real-
world scenarios, and previous studies have also explored this issue
(Liu et al,, 2022; Hu et al., 2025). Our work is currently conducted
under the setting of complete modalities, and addressing modality
missing will be a key direction for future research.

Many current models face challenges in effectively integrating
more than two modalities, complicating comprehensive diagnoses
that require structural imaging, functional imaging, and clinical
data. To tackle this issue, Li et al. (2023) introduced the IMF
framework, which enhances inter-modal interactions through a
two-stage fusion design. The Modality-Flexible Framework offers
adaptive diagnosis using diverse clinical data (Zhang et al., 2025b),
while the longitudinal prediction method incorporates modality
uncertainty to boost robustness (Dao et al., 2025). Innovative
approaches have also emerged, such as the adversarial learning
(Baytas, 2024) and the flexible Mixture-of-Experts architecture
(Yun etal,, 2024). Despite these advancements, current multimodal
fusion methods often rely heavily on deep convolutional layers and
repetitive attention mechanisms, resulting in high computational
overhead and increased model complexity. Streamlining these
processes remains a critical area of research to enhance efficiency
without sacrificing diagnostic accuracy.

To overcome the limitations of current models, we propose
TriLightNet, a novel and lightweight triple-modal framework
designed for predicting the conversion from MCI to AD.
This MRI  (sMRI),
Fluorodeoxyglucose clinical

model effectively integrates structural
PET (FDG-PET),

data while maintaining low computational demands. The main

and tabular

contributions of this work are summarized as follows:

e We develop a new backbone network, blending the
representational power of Kolmogorov-Arnold Networks
(KAN) (Liu et al., 2024) with the efficiency of PoolFormer (Yu
et al., 2022). This fusion supports compact and robust feature
extraction from clinical data, crucial for medical applications
where computational resources may be limited.

We present the Hybrid Block Attention Module (HBAM),
designed for AD diagnostic tasks, capturing intricate
interactions between imaging modalities and clinical tabular
variables. This module allows the model to take into account
both spatial brain patterns and essential clinical indicators
such as cognitive scores and patient history.
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e We propose the MultiModal Cascaded Attention (MMCA),
a scalable and memory-efficient fusion strategy inspired by
Cascaded Group Attention (CGA) (Liu et al, 2023). This
mechanism progressively aggregates multimodal features,
enhancing cross-modal synergy and addressing challenges
related to modality imbalance, often encountered in real-
world AD datasets.

e We perform comprehensive experiments using benchmark
AD datasets, including comparative experiments, ablation
studies, and interpretability analyses. The results show that
TriLightNet not only surpasses existing multimodal baselines
in accuracy and efficiency but also offers clinically meaningful
visualizations that can facilitate medical decision-making.

2 Related work

2.1 Neural network backbones

Traditional image encoders, such as convolutional neural
networks (CNNs) and Vision Transformer (ViT) (Dosovitskiy
et al, 2020), have achieved remarkable performance across a
wide range of visual tasks. While CNNs like ResNet are known
for their efficiency and effectiveness, ViT typically needs higher
computational resources and larger model sizes (He et al., 2016).
To address these limitations, Yu et al. (2022) proposed PoolFormer,
which eschews attention mechanisms in favor of spatial pooling
and global token mixing, achieving competitive performance with
reduced computational demands.

Recently, Liu et al. (2024) introduced the KAN, a novel
architecture based on the Kolmogorov-Arnold representation
theorem. KAN replaces the linear transformations in traditional
multilayer perceptron (MLP) with learnable spline-based functions,
offering a flexible and interpretable modeling framework with
strong approximation capabilities, particularly beneficial in low-
data scenarios and for capturing complex nonlinear relationships.
Several studies have explored KAN in Alzheimer’s disease. For
example, Verma et al. (2025) combined KAN with Visual Geometry
Group (VGQG) for Alzheimer’s disease prediction and achieved
promising results. Others have integrated KAN with graph neural
networks to further enhance modeling capabilities (Wang, 2025;
Ding et al, 2025). In addition to its role as a classifier, KAN
has recently been applied to tabular feature extraction tasks and
demonstrated notable effectiveness (Poeta et al., 2024; Eslamian
et al.,, 2025; Gao et al., 2024).

Building on these advancements, we propose a hybrid neural
backbone that combines the architectural efficiency of PoolFormer
with the functional expressiveness and interpretability of KAN.
Specifically, our design utilizes PoolFormer’s spatial feature
aggregation capabilities and enhances representation learning with
KAN-based modules, providing a robust and efficient framework
for processing clinical tabular data.

2.2 Attention mechanism development

In visual tasks, traditional attention mechanisms include
Squeeze and Excitation Networks (SENet) (Hu et al., 2018) and
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Convolutional Block Attention Modules (CBAM) (Woo et al.,
2018). In particular, CBAM applies channel-wise attention and
spatial attention sequentially to enhance feature representations
by highlighting useful features and diminishing less important
ones. More recently, Liu et al. (2023) proposed the CGA
mechanism, a memory-efficient attention scheme that divides
input tokens into separate groups and performs cascaded cross-
group attention, greatly reducing computational complexity while
preserving expressive power .

For AD analysis, attention mechanisms have also been
explored. For instance, Li et al. (2025) combined self-attention
and bi-attention to effectively fuse features from MRI and PET
modalities. Similarly, Kang et al. (2023) employed cross-attention
to integrate MRI data with clinical features. However, most existing
approaches do not adequately consider the unique structural
characteristics of each modality, particularly the disparity between
high-dimensional imaging data and low-dimensional tabular data.
Moreover, the high computational cost of attention is also
a problem.

To address these limitations, we introduce two innovative
attention modules designed for multimodal AD analysis. The first
is HBAM, which extends the CBAM architecture to facilitate
bidirectional attention between image and tabular modalities. The
second is the MMCA, which adapts the CGA mechanism to support
efficient and effective cross-modal interaction. Together, these
modules form the backbone of our proposed framework, enabling
precise and computationally efficient fusion of heterogeneous
medical data.

2.3 Model interpretability techniques

Interpretability is essential in medical image analysis. Among
various explainability methods (Kohlbrenner et al., 2020; Selvaraju
et al., 2017; Sundararajan et al., 2017), Integrated Gradients (IG)
(Sundararajan et al., 2017) has been widely adopted due to its
solid theoretical foundations and practical effectiveness, which
stands out as a path-based attribution method that overcomes
the limitations of standard gradient-based explanations, such
as saturation and noise. In the application of neuroscience in
dementia detection, previous studies have successfully employed
the IG attribution method (Gryshchuk et al., 2025; Wang et al,,
2023). Following this line of research, we adopt IG in our study to
investigate feature contributions across multimodal inputs.

For a given model F, an input x, and a baseline input »” (often a
zero vector), IG calculates the attribution for each input dimension
as the path integral of the gradients along a straight-line path from
the baseline to the actual input:

da, (1)

1 JF(x, —
1Gi(x) = (3 — x)) /‘ (%} + ></ (x; — x}))
a=0 ox;

1

where IGj(x) represents the attribution of the i-th feature.
Essentially, IG quantifies each input feature’s contribution to the
change in the model output from the baseline to the actual input.
This approach is particularly suitable for high-dimensional medical
data, providing pixel-level attributions for image modalities and
feature-level attributions for clinical inputs.
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3 Materials and methods
3.1 Materials

This study utilizes data from the Alzheimer’s disease
Neuroimaging Initiative (ADNI), drawing specifically from
the ADNI-1 and ADNI-2 datasets (Mueller et al., 2005). The ADNI
cohort includes individuals diagnosed with AD, MCI, and Normal
Controls (NC). To avoid duplication, subjects appearing in both
datasets were excluded from ADNI-2. We used T1-weighted sMRI,
FDG-PET imaging, and clinical data, categorizing subjects into
pMCI and sMCI groups. Demographic information is detailed in
Table 1.

Given the challenges of missing PET data and class imbalance
between pMCI and sMCI in both datasets, we focused on subjects
with complete multimodal data, comprising MRI, PET, and clinical
features. Therefore, we merge the ADNI-1 and ADNI-2 cohorts
into a single dataset. The finalized dataset comprises 512 subjects:
149 pMCI and 363 sMCI. The dataset was randomly split into
training and testing sets with a 4:1 ratio. The training set included
119 pMCI and 290 sMCI. The testing set comprised 30 pMCI
and 73 sMCIL.

All MRI images underwent preprocessing, including intensity
normalization, skull stripping, and normalization to Montreal
Neurological Institute (MNI) space. FDG-PET images were
similarly processed through intensity normalization, normalization
to MNI space, and co-registration with MRI images. All images
were resized to a resolution of 96 x 128 x 96. For clinical
data, similar to previous studies (Hu et al., 2025; Duenias et al.,
2025; Kang et al, 2023) and based on clinical experience from
doctors, we selected seven features. Among them, age, gender,
and education belong to demographic attributes, while ApoE4
status, phosphorylated tau 181 (P-tau 181) and total tau (T-
tau) are categorized as cerebrospinal fluid (CSF) biomarkers.
The last attribute is a composite measure derived from 18F-
fluorodeoxyglucose (FDG) and florbetapir (AV45) PET scans. It
is worth noting that cognitive scores were excluded because they
are directly related to the diagnosis of Alzheimer’s disease and
thus were excluded to avoid introducing bias into the prediction
of disease progression.

3.2 Methodology

This section details the architecture of TriLightNet, our
lightweight triple-modal fusion network for predicting MCI-to-AD
progression. We first describe the feature extraction from MRI,
PET, and clinical data. For imaging modalities, ResNet is employed
to capture spatial features, and the tabular encoder combines KAN
with PoolFormer to enable efficient and expressive representation
learning from clinical variables. Subsequently, we introduce the
HBAM for nuanced image-clinical feature interaction, followed by
the MMCA for efficient progressive fusion of all modalities. Finally,
we discuss the loss function used for model training.

3.2.1 Feature extraction
In our study, we utilize ResNet as the encoder for medical
imaging data such as MRI and PET scans to extract deep spatial
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features effectively. For clinical tabular data, we developed a
specialized encoder that combines the KAN module with the
PoolFormer architecture. The KAN module provides a flexible
structure and high computational efficiency, and PoolFormer
replaces the self-attention mechanisms typically found in
traditional Transformer with simple pooling operations.

A general KAN network consists of L layers. Given an input
xp € R™, its output is defined as:

KAN(xp) = (P10 --- 0 P10 Dg) (x0), (2)

where each ®; denotes a nonlinear transformation. Typically, B-
spline curves are used as the nonlinear activation functions due to
their ability to precisely approximate low-dimensional functions,
thereby enhancing network accuracy. A B-spline function is defined
as a piecewise polynomial expressed as a linear combination of
basis functions:

n—1
Sni(x) =Y ciBi(x), 3)
i=0

where 7 is the number of control points, ¢ is the knot vector, ¢; are
the control point coefficients, and B;(x) are the basis functions.

Let the original clinical input be denoted as I;; € R, In
our implementation, the feature extraction process for clinical data
involves two main stages. First, we use a single layer KAN module
with SiLU-based spline activations to map the input I;; from its
original dimension to a higher-dimensional latent feature space.
This step generates an initial feature representation, which we
denote as Hy:

Hy = KAN(I ). (4)

Subsequently, this initial representation H, is fed into a
sequence of M stacked PoolFormer blocks to further refine the
features. Each PoolFormerBlock consists of an average pooling
operation and an MLP, both integrated with residual connections
and layer normalization. The transformation within the m-th block
(form = 1,...,M) is defined as:

H,, = H,,—1 + AvgPool (LayerNorm(H,,—1)) , (5)
H,, = H,, + MLP (LayerNorm(H,,)), (6)

where H,,_; is the input to the m-th block and H,,, is its output.

3.2.2 Hybrid Block Attention Module

We introduce HBAM, which builds upon the CBAM
by extending its attention mechanism to effectively integrate
multimodal inputs, specifically image and clinical features. As
depicted in Figure 1A, HBAM processes both image and tabular

RC,-mngxHxW

features. Let Fjyy € represent the feature tensor

Cai denotes the

extracted from an image encoder, and Fy;; € R
vectorized representation of clinical tabular data. The objective is
to refine Fj;,g by leveraging complementary information from Fy;,

thereby enhancing the overall feature representation.

3.2.2.1 Hybrid Channel Attention Module

The Hybrid Channel Attention Module (HCAM) is an essential
part of HBAM, specifically crafted to merge information from
both image and clinical features at the channel level. As depicted
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TABLE 1 Characteristics of the datasets used in experiments.

10.3389/fnins.2025.1637291

Variable
Number (M/F) 88/83 90/61 136/72 103/104 89/67 43/38 156/125 132/165
Age 75.35+£7.47 74.63 £7.18 74.75 £ 7.63 75.92 £5.12 74.75 £ 8.09 72.60 £7.27 7129 £7.43 72.80 £ 6.01
Education 14.64 +3.19 15.66 £ 2.92 15.61 +3.11 1591 +£2.87 15.72 £2.75 16.29 +2.55 16.31 £ 2.61 16.61 £ 2.5
CDR-SB 4324 1.58 1.85 4 0.98 1.38 £0.75 0.03 +0.12 4.51 £ 1.67 2.18+0.95 1.33+£0.82 0.04 £0.15
MMSE 23.23 £2.03 26.59 £ 1.7 2733 £1.77 29.14 £0.98 2312 £2.07 27.1£1.82 28.21 £1.63 28.99 £+ 1.26
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FIGURE 1

dependencies.

The overall architecture of TriLightNet, including (A) Hybrid Block Attention Module and (D) MultiModal Cascaded Attention. Among these, Hybrid
Block Attention Module is composed of two sub-modules: (B) Hybrid Channel Attention Module, responsible for adaptively assigning weights to
channel-level interactions between table and image features; and (C) Spatial Attention Module, which captures and enhances local spatial

in Figure 1B, HCAM refines feature representation by utilizing
complementary data from these two modalities.

Initially, the image feature tensor Fiyg and the clinical feature
vector F; are processed. The clinical feature is embedded into
a format compatible with the image feature using a linear
embedding layer:

Ecli = Embed(Fcli), (7)

where Embed(-) is a linear layer that projects F; from RS
to RCims.,
Subsequently, Global Average Pooling (GAP) and Global Max

Pooling (GMP) are applied to the image feature tensor to yield two

Frontiersin Neuroscience

vectors that capture different aspects of the image feature:

Fayg = GAP(Fipyg) € R, Fpox = GMP(Fipgg) € RE7s. (8)
These pooled vectors are passed through a shared MLP to
generate channel attention weights:
Mavg = MLP(Favg)a Minax = MLP(F ). )
The Mgy, Mgy, and Eg; are combined using element-
wise addition and normalization to produce the hybrid channel
attention map My,

Mh,: = U(Muvg + Mmux + Ecli)’ (10)
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where o is the sigmoid function.

Finally, the hybrid channel attention map My, is applied
to the original image feature tensor Fij,g through channel-
wise multiplication:

th,‘:th ®Fimg: (11)

where ® indicates channel-wise multiplication.

This design allows HCAM to effectively blend information
from both image and tabular features, enhancing the feature
informative channels and
The

Fj. is then forwarded to the Spatial Attention Module for

representation by highlighting
suppressing less useful ones. refined feature tensor

further enhancement.

3.2.2.2 Spatial attention module

Following the refinement at the channel level, we employ a
spatial attention module akin to that in CBAM to further emphasize
important spatial regions, as shown in Figure 1C. The spatial
attention map, M, € RVP>HXW g created by concatenating
channel-wise average and max pooled features, which are then
processed through a convolutional layer:

M; = 0 (feony (Concat(GAP(Fj), GMP(Fy,.)))),  (12)

where o is the sigmoid function. The final output feature map is
calculated as:

Fout :M5®ic~ (13)

Compared to the original CBAM, our HBAM offers a
structured approach to integrating tabular data into the attention
mechanism, enhancing the robustness and semantic relevance of
feature refinement in a hybrid-modality context.

3.2.3 Multimodal cascaded attention

To capture complex, hierarchical dependencies between
modalities in multimodal learning, we extend CGA into the
multimodal domain with the MMCA module, illustrated in
Figure 1D. The feature outputs from the HBAM modules, F,;; g
and Fpeglj» are processed by the MMCA module to produce
two modality-enhanced outputs. These are then concatenated
and passed through a classification head for the final prediction.
Figure 2 provides further insight into the internal workflow and
structure of MMCA.

Given two input modalities, X and Y, each of shape RB*LxC,
where B is the batch size, L is the sequence length, and C is
the number of channels, MMCA first reshapes these inputs to
RBXCxL and splits them into N groups, corresponding to the
number of attention groups. For each group i in {1,...,N}, a
cascaded computation occurs, where the feature representation of
the current group builds on features from previous groups, refining
attention hierarchically.

For each group, three projections (query, key, value) are derived
from the grouped features of both modalities. Let g7, k}, v} denote
the query, key, and value for modality X, and q’lv R k’lv R vf/ for modality
Y. Cross-attention is performed bidirectionally, where features
from one modality attend to the keys and values of the other:

V= Attention(q’f,lfi‘, Vi), {,Iy = Attention(qf,kf, v{). (14)
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The attention operation incorporates a learnable position-
aware bias term b; € RI*L to enhance spatial sensitivity. The
attention score is calculated as:

q/ki

ki

Attention(q;, ki, v;) = Softmax ( + bi> viT, (15)

where dy; is the dimension of the key vectors. Specifically, the
Softmax transforms attention logits into a probability distribution
across all input positions, which is defined as:
exp(z)
Zf:l exp(zj)’

where z; denotes the attention logit corresponding to position i, and

Softmax(z;) = (16)

L is the total number of positions.
The outputs from all groups are concatenated along the channel
dimension and projected to fuse the attended features:

Z, = Proj, (Concat(¥},...,5)),
Z, = Proj, (Concat(¥},..., %)), (17)

where Zy,Z, € RBEXIxC

are the fused representations for
modalities X and Y, respectively.
Finally, Z, and Z, are concatenated along the last dimension to

form the final fused representation Zg,q € RE*1*2C;

Zfinal = Concat(Zy, Z)). (18)

The MMCA module offers significant advantages. Its cascaded
structure facilitates progressive cross-modal feature fusion, with
early attention groups guiding subsequent ones. Moreover, the
bidirectional design ensures both modalities are symmetrically
enhanced by the other’s information, fostering balanced and robust
fusion in multimodal contexts.

3.2.4 Loss function
In order to address class imbalance within our dataset, we
utilize the focal loss function (Lin et al., 2017). In classification

tasks, the cross-entropy (ce) loss is traditionally employed,
defined as:

Lee = — (ylog(p) + (1 — y)log(1 — p)), (19)

where y € {0,1} signifies the ground-truth label, while p €
[0, 1] indicates the predicted probability for the positive class. This
conventional approach assigns equal weight to both positive and
negative samples. Consequently, models often exhibit a bias toward
the majority class when faced with class imbalance.

To alleviate this issue, we have adopted the focal loss,
which refines the cross-entropy loss by incorporating a dynamic
modulating factor. This factor reduces the weight of easily classified
samples and concentrates learning on challenging, misclassified
instances. The focal loss Ly, is expressed as:

l:foml = —o(l —P)y ()’108(17) +(1 —)’) log(l _P)) > (20)

where @ € [0,1] serves to balance the significance between
positive and negative samples, while y > 0 functions as a
focusing parameter, regulating the degree to which easy examples

are down-weighted.
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FIGURE 2
The specific architecture of MultiModal Cascaded Attention. Inputs from two modalities are first divided into N groups for independent

cross-attention. Then the attention outputs from all groups are concatenated and projected. Two projected features are finally concatenated to form
the final representation.

4 Results

4.1 Implementation details

All experiments were conducted using PyTorch version 2.6.0
alongside CUDA 11.8, running on a single NVIDIA V100 32GB
GPU. The model underwent training for 200 epochs with a
batch size of 8, allowing for efficient data management. For
optimizing model parameters, the Adam optimizer was utilized,
with the learning rate fixed at 0.0001 to facilitate precise
adjustments during training. Given the relatively small size of
the datasets, we adopted several strategies to reduce sampling
bias and alleviate overfitting. First, we performed five-fold cross-
validation to ensure robust evaluation of the model’s performance.
Secondly, we used a cosine scheduler with a hyperparameter
Tmax set to 50, allowing for dynamic adjustment of the learning
rate throughout the training process and enhancing the model’s
adaptation capabilities. Additionally, we incorporated an early
stopping strategy with a patience value of 50, which effectively
prevented overfitting by halting training when the validation loss
ceased to improve.

For evaluation, we employ eight metrics to assess both
classification performance and model efficiency: Accuracy,
Sensitivity, Precision, Area Under the Receiver Operating
Characteristic Curve (AUROC), Fl-score, Balanced Accuracy,
number of parameters (Params), and floating point operations
(FLOPs). Given the dataset’s class imbalance, we emphasize F1-
score and Balanced Accuracy for fairer evaluation. Balanced
Accuracy mitigates Dbias

from uneven class distributions
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and is better suited for imbalanced binary tasks, which is
defined as:

1 TP TN
Balanced Accuracy = — TP+ TN e~ )’ (21)

2
where TP, TN, FP, and FN represent the numbers of true positives,
true negatives, false positives, and false negatives, respectively.

4.2 Comparative experiments

We comprehensively evaluate our
approaches under three fusion
scenarios. For MRI and PET bimodal fusion, we compare with
ResNet+Concat (He et al., 2016), ViT+Concat (Dosovitskiy et al.,
2020), nnMamba+Concat (Gong et al., 2025), Diamond (Li et al.,
2025), and MDL (Qiu et al., 2024). For MRI and clinical fusion,
methods include VAPL (Kang et al., 2023) and HyperFusionNet
(Duenias et al., 2025). In the trimodal setting integrating MRI, PET,
and clinical data, we compare with IMF (Li et al., 2023), HFBSurv
(Li et al., 2022), ITCFN (Hu et al., 2025), and MultimodalADNet
(Zhang et al., 2025b). Detailed comparative metrics are presented
in Table 2.

TriLightNet achieves outstanding performance across several
evaluation metrics, with an accuracy of 81.25%, AUROC of 0.8146,
and Fl-score of 69.39%, all surpassing those of the baseline
models. Although ResNet+Concat attains the highest Sensitivity
at 75.04%, its relatively low Accuracy and Precision result in

framework against
representative multimodal
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TABLE 2 Comparison of various methods on the pMCl vs. sMCI classification task based on five-fold cross-validation.

Precision

(%) 1

Performance metrics

AUROC ¢

Fl-score
(%) 1

Balanced
accuracy

(%)

Params

(M) |

FLOPs (G)
2

ResNet+Concat (He et al., v v 73.75 £ 3.79 75.04 £9.16 53.81 £5.43 0.7699 +£ 0.0276 62.33 £4.95 73.26 £6.15 66.952 70.924
2016)

ViT+Concat (Dosovitskiy v v 71.75 £ 3.12 29.09 + 18.08 42.38 £22.15 0.5523 £+ 0.0777 3323+ 18.82 59.12 + 6.03 20.853 20.853
et al., 2020)

nnMamba+Concat (Gong v v 73.75 £ 5.04 51.31 £16.36 57.81 £9.18 0.6978 £ 0.0376 51.75 £ 4.10 66.71 £ 2.17 26.042 48.626
et al., 2025)

Diamond (Li et al., 2025) v v 77.76 £ 1.72 48.73 £ 4.09 67.13 £ 6.79 0.7257 £ 0.0304 56.02 + 1.24 69.19 + 0.72 23.504 97.638
MDL (Qiu et al., 2024) v 71.50 + 7.39 54.51 £ 17.94 57.29 +13.57 0.7130 £ 0.0321 51.65 + 3.54 66.44 + 1.98 10.707 19.243
VAPL (Kang et al., 2023) v 69.25 £ 4.00 42.25 £+ 15.78 48.27 £6.03 0.6701 = 0.0680 42.92 £10.81 61.46 £ 5.26 63.504 40.350
HyperFusionNet (Duenias v v 75.50 + 2.69 54.24 +8.25 59.96 + 6.92 0.7330 £ 0.0175 56.05 + 2.76 69.20 £ 1.50 15.402 47.750
etal., 2025)

IMF (Li et al., 2023) v v v 77.75 + 3.98 70.07 £ 9.52 61.81 +10.27 0.7946 £ 0.0316 64.34 £2.01 75.39 £+ 1.41 67.843 70.925
HFBsurv (Li et al., 2022) v v v 75.00 £ 3.26 71.73 £5.70 56.12 £ 5.24 0.7552 £ 0.0371 62.54 +£2.17 74.10 £ 1.37 34.123 141.849
ITCEN (Hu et al,, 2025) v v v 75.50 + 3.76 73.31 £3.80 56.40 £ 6.03 0.7750 =£ 0.0580 63.58 £ 4.44 74.87 £3.23 71.305 71.098
MultimodalADNet (Zhang v v v 73.25+4.23 63.93 £17.73 57.77 £11.18 0.7434 £ 0.0236 57.31 £3.53 70.53 £ 2.62 4.320 20.307
et al.,, 2025b)

TriLightNet (Ours) v v v 81.25+0.93 7391 £ 8.17 65.38 +£2.91 0.8146 £ 0.0029 69.39 £ 3.76 79.06 £ 2.85 17.405 10.517

The M, P, and C columns indicate the MRI, PET, and Clinical data modalities, respectively. The best and second-best results are in red and blue, respectively.
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TABLE 3 Ablation study on the impact of HBAM and MMCA modules.

10.3389/fnins.2025.1637291

Module Performance metrics
HBAM MMCA Accuracy (%) + Sensitivity (%) 1+  Precision (%) 4+  AUROC 4 F1-score Balanced
(%) 1 accuracy (%) 1
.| — 73.50 + 10.53 4837 +23.95 64.66 + 16.79 0.6266 + 0.1591 49.13+17.86 66.01 +9.52
v — 74.00 + 2.67 75.40 + 7.86 54.60 + 3.74 0.7619 + 0.0356 63.04 4+ 3.31 7439 +2.89
— v 78.50 + 4.70 72.94 4553 63.40 +9.76 0.8011 £ 0.0168 67.07 + 3.99 76.89 + 2.34
v v 81.25 4 0.93 73.91 +8.17 65.38 +2.91 0.8146 =+ 0.0029 69.39 + 3.76 79.06 + 2.85

The best result is in red.

TABLE 4 Ablation study on the impact KAN in the hybrid backbone.

Module Performance metrics
Accuracy (%) ©+  Sensitivity (%) +  Precision (%) 1+  AUROC 4 F1-score (%) Balanced
it accuracy (%) 1
MLP + PoolFormer 80.11 £ 1.55 70.84 £ 5.50 65.22 + 4.87 0.8101 £ 0.0118 67.67 £ 2.62 77.08 £ 2.03
KAN + PoolFormer 81.25+£0.93 7391 £8.17 65.38 £2.91 0.8146 + 0.0029 69.39 £+ 3.76 79.06 £ 2.85
The best result is in red.
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FIGURE 3
Model metrics bubble chart. (A) Balanced accuracy vs. Params. (B) Balanced accuracy vs. FLOPs.

suboptimal overall performance. In contrast, TriLightNet ranks
second in Sensitivity while maintaining the highest Balanced
Accuracy, demonstrating its strong capability to effectively
integrate multimodal information and deliver more reliable
predictive outcomes.

In terms of computational efficiency, TriLightNet has 17.405
million Params and 10.517 billion FLOPs. While models such as
MDL and MultimodalADNet have fewer Params, their predictive
performance is significantly inferior. Among the tri-modal
approaches, TriLightNet consistently outperforms competing
methods, including HFBSurv (34.123 million Params and 141.849
billion FLOPs) and IMF (67.843 million Params and 70.925
billion FLOPs). This efficiency highlights that TriLightNet not
only delivers superior accuracy but also exhibits enhanced
computational resource efficiency, making it particularly suitable
for real-world applications that demand accurate and efficient
prediction of cognitive impairment.

Frontiersin Neuroscience

4.3 Ablation study

We conduct the following two ablation experiments: (1)
Assessing the individual contributions of the HBAM and
MMCA modules. (2) Evaluating the effect of KAN for the
tabular encoder.

The results of ablation experiment (1) are shown in Table 3,
demonstrating the significant contributions of both the HBAM and
MMCA modules to improve the model’s performance. Specifically,
HBAM improves the model’s accuracy by 0.5%, sensitivity by a
remarkable 27.03%, AUROC by 0.1353, and Fl-score by 13.91%.
These improvements can be attributed to the design of channel
attention within the HBAM framework, which facilitates the
integration of clinical features into the image feature channels.
This interaction at the channel level is followed by spatial attention
enhancement, enabling the model to produce more concentrated
and informative feature representations.
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FIGURE 4

Test set performance for each of the five models trained during five-fold cross-validation. (A) Resnet + Concat. (B) ViT + Concat. (C) nnMamba +
Concat. (D) Diamond. (E) MDL. (F) VAPL. (G) hyperfusionNet. (H) IMF. () HFBSurv. (J) ITCFN. (K) MultimodalADNet. (L) TriLightNet (Ours).

For MMCA module, it increases accuracy by 5%, AUROC by
0.1745 and balance accuracy by 10.88%. Although there is a slight
decrease in precision, the stability of the model improves. This
performance can be primarily attributed to two key mechanisms:
progressive fusion, which gradually refines dominant features from
shallow to deep layers; and bidirectional symmetric enhancement,
where each set of cross-attention operations is bidirectional,
allowing mutual reinforcement between MRI and PET features,
thus achieving comprehensive and balanced multimodal fusion.

Finally, when both HBAM and MMCA modules are jointly
applied, the model achieves the best performance across all
five evaluation metrics: an accuracy of 81.25%, precision of
65.38%, AUROC of 0.8146, Fl-score of 69.39%, and balanced
accuracy of 79.06%, demonstrating the complementary benefits
and synergistic effect of combining both modules. This indicates
that the synergy between these two modules significantly enhances
the model’s classification capabilities, highlighting the importance
of integrating both the HBAM and MMCA modules into the
TriLightNet model.

Table 4 presents the ablation results of experiment (2). It
illustrates that KAN demonstrates a remarkable advantage over
the MLP in clinical tabular feature extraction, achieving consistent
improvements across all evaluation metrics. In particular, KAN
increases Fl-score by 1.72% and balanced accuracy by 1.98%.
This improvement can be attributed to KAN’s use of expressive
B-spline basis functions for modeling clinical features, rather
than simple activation functions (e.g., Sigmoid, ReLU) commonly
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used in MLPs. This enhanced representational capacity allows for
better capture of nonlinear patterns in clinical variables, thereby
improving overall performance.

4.4 Model visualization and interpretability

4.4.1 Metrics visualization

To clearly illustrate the effectiveness of our model, we present a
visual comparison of key evaluation metrics using bubble charts, as
depicted in Figure 3. We focused on three crucial metrics: Balanced
Accuracy, Params, and FLOPs.

Figure 3A shows the relationship between Balanced Accuracy
and Params. TriLightNet stands out by achieving excellent
performance with a relatively low parameter count, underscoring
its efficiency. Figure 3B compares Balanced Accuracy with
FLOPs, further showcasing TriLightNets lightweight design and
high performance.

Additionally, we assessed the robustness and generalization
capabilities of each model by testing the trained models from each
fold of the five-fold cross-validation on a test set. The Receiver
Operating Characteristic (ROC) curves for each fold are presented
in Figure 4.
that
approaches, such as IMF and ITCFN, show significant fluctuations

From Figure4, we observe certain triple-modal

in their AUC scores across different folds, suggesting potential
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FIGURE 5

Comparison of Integrated Gradients attribution maps on MRI across different models. (A) Original. (B) IMF. (C) ITCFN. (D) MultimodalADNet. (E)
HFBSurv. (F) TriLightNet (Ours)
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FIGURE 6

© D)

Comparison of Integrated Gradients attribution maps on PET across different models. (A) Original. (B) IMF. (C) ITCFN. (D) MultimodalADNet. (E)
HFBSurv. (F) TriLightNet (Ours).
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instability. In contrast, our proposed method, TriLightNet, displays
consistently high AUC results across all five folds. This consistency
provides strong empirical evidence of TriLightNets superior
generalization capability and robustness when handling diverse
validation subsets.

4.4.2 Model interpretability

To improve the interpretability of our model and gain insight
into how various input modalities affect the final decision, we utilize
the IG method (Sundararajan et al., 2017), a common technique
for interpreting deep neural networks. We specifically apply IG to
MRI and PET image modalities to produce attribution maps that
display the contribution of each voxel to the model’s predictions.
These maps are then overlaid on the original MRI and PET images
for visualization. For a fair comparison, we also apply the same IG-
based interpretability method to several representative multimodal
fusion baselines, including IMF, ITCEN, MultimodalADNet, and
HEFBSurv. This allows us to compare the spatial attention patterns
across models under identical conditions.

As illustrated in Figures 5, 6, the attribution maps reveal
different
instance, TriLightNet (Ours) tends to focus on clinically

distinct attention patterns across models. For
relevant regions such as the hippocampus and posterior
cingulate cortex, which are known to be associated with
Alzheimer’s disease progression. In contrast, some baseline
models exhibit more diffused or inconsistent attention patterns.
These findings suggest that our model not only achieves superior
performance but also offers more focused and biologically

plausible interpretability.

5 Discussion

The TriLightNet, a novel lightweight triple-modal fusion
network, demonstrated superior performance in predicting
MCI-to-AD progression. Its strong performance can be
attributed to synergistic modules: the HBAM for nuanced
cross-modal feature interaction and the MMCA for efficient,
data both validated by ablation

studies. Compared to competing methods, TriLightNet not

hierarchical integration,
only surpassed existing methods in accuracy and AUROC
but also achieved this with significantly lower computational
costs (Params and FLOPs), highlighting its practical value in
real-world clinical settings where computational resources are
often limited.

Furthermore, the IG provided valuable insights into the
decision-making process of TriLightNet. The attribution maps
demonstrated that TriLightNet consistently focused on clinically
relevant brain regions across both MRI and PET modalities,
including the hippocampus, medial temporal lobe, and posterior
cingulate cortex, which are affected early in AD. Notably, while
competing models such as IMF and ITCFN showed reasonable
focus on disease-related regions in MRI, they exhibited weaker
and more diffuse attention patterns in PET images. In contrast,
TriLightNet maintained clear and concentrated attribution in
both MRI and PET, indicating its superior ability to extract
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complementary structural and functional information. It suggests
that TriLightNet achieves not only better predictive accuracy
but also more biologically plausible feature learning, potentially
enhancing its interpretability and clinical trustworthiness.

Despite these promising results, several limitations should be
acknowledged. First, although we leveraged the ADNI dataset
for evaluation, external validation on independent cohorts is
necessary to assess generalizability across diverse populations
and imaging protocols. Second, TriLightNet currently requires
complete multimodal data, future work will focus on extending
the framework to handle incomplete modality scenarios, which
are common in real-world clinical practice. Third, while KAN was
utilized as an efficient feature extractor for tabular data, its intrinsic
interpretability was not fully explored. Future work may further
investigate KAN’s potential to reveal nonlinear relationships
between clinical variables and AD progression.

6 Conclusion

We introduced TriLightNet, a novel and efficient triple-
modal fusion network for predicting cognitive decline in
AD by integrating MRI, PET, and clinical tabular data.
Extensive experiments on the ADNI dataset demonstrated
TriLightNet’s superior classification performance over state-of-
the-art multimodal methods, alongside significant reductions
in parameter count and computational cost. Key contributions
include a hybrid KAN-PoolFormer backbone for efficient tabular
feature extraction, an HBAM for enhanced imaging-clinical data
interactions, and an MMCA for progressive cross-modal fusion.
Beyond state-of-the-art results, TriLightNet offers interpretability
via IG-based attribution maps, highlighting disease-relevant brain
regions and underscoring its potential for aiding timely clinical
interventions in AD progression. Future work will focus on
adapting TriLightNet to handle incomplete or missing modalities
and validating its generalizability across multi-center datasets.
Additionally, we plan to explore the standalone application of
the KAN network to clinical datasets for predictive modeling and
interpretability analysis through visualization.
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