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Abstract

Accurate diagnosis of neurodegenerative diseases such as AD and PD in their early stages remains a critical challenge in modern
medicine, due to the subtle and overlapping structural and functional changes in the brain during early stages. Conventional diagnostic
methods, which rely on single modality imaging or subjective clinical evaluation, are not sensitive enough for early detection. We
introduce a new multi-modal medical imaging framework based on Vision Transformers (ViTs) to improve early diagnosis of
neurodegenerative diseases. The proposed framework is designed by integrating data from MRI and PET and exploiting the advantages
of the strong self-attention of ViTs for modelling the overall contextual relationship and local structural anomalies. The multi-modal
fusion strategy combines structural variations from MRI and metabolic activity from PET in a meaningful way, resulting in a
comprehensive representation of brain pathology. The ViT-driven multi-modal framework outperforms the conventional
Convolutional Neural Network (CNN)-based and single-modality methods in terms of classification accuracy, sensitivity and specificity,
as demonstrated by experiments on publicly available datasets such as the Alzheimer's Disease Neuroimaging Initiative (ADNI) and
the Parkinson's Progression Markers Initiative (PPMI). These results highlight the potential of Vision Transformers for multi-modal
medical image analysis and provide a promising tool for early clinical intervention of neurodegenerative diseases.

Keywords: Vision Transformers, Multi-Modal Medical Imaging, Neurodegenerative Diseases, Alzheimer's Disease, Parkinson's
(_Disease, Deep Learning, Medical Image Fusion.

A

Introduction

Neurodegenerative diseases (NDDs) including Alzheimer’s Disease (AD) and Parkinson’s Disease (PD), are one
of the largest health crises in the world characterised by progressive degeneration of structure and function of
the central nervous system or peripheral nervous system. World populations are ageing, increasing the
incidence of these conditions and presenting major emotional, physical and economic challenges for patients,
carers and health-care systems globally (Erkkinen et al., 2018). Current clinical interventions have been largely
symptomatic and disease-modifying therapies are lacking or most efficacious when administered in the
earliest, often asymptomatic stages of the disease. Therefore, early and accurate diagnosis of NDDs is needed
for early intervention, better patient outcome and appropriate trial candidate selection.

Imaging is a useful non-invasive tool in the assessment of brain pathology. MRI gives a high-resolution
structural view of the brain, showing brain atrophy, cortical thinning and structural abnormalities relating to
disease progression (Frisoni et al.,, 2010).

However, Positron Emission Tomography (PET) offers information on functions and metabolism like decrease
in glucose metabolism and depositions of amyloid or tau proteins that are often preceded by structural changes
(Vlassenko et al., 2012). Diagnosis is often made with single-modality imaging, but this does not necessarily
reflect the entire spectrum of pathologic change. Structural imaging is insensitive to early metabolic change,
and functional imaging has limited anatomical localisation. Therefore, multi-modal imaging, which integrates
complementary information from multiple modalities (e.g., MRI and PET), has been a promising approach to
improve the diagnostic accuracy and robustness (Hao et al., 2020).

1. Inrecentyears, deep learning (DL) with Convolutional Neural Networks (CNNs) has revolutionised medical
image analysis by automatically learning hierarchical features from complex imaging data (Litjens et al., 2017).
Some CNN based models have been proposed to classify NDDs from multi-modal data and they have shown
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huge improvements over traditional machine learning methods (Jo et al., 2019; Wen et al., 2020). But CNNs
have limitations. The local receptive fields of these models limit their ability to learn long-range dependencies
and global contextual information, which are important for understanding the distributed network alterations
that characterise many NDDs. In addition, the effective fusion of multi-modal features in CNN architectures is
still a challenge, which generally adopts simple concatenation or addition operations that may not be optimal
for the alignment and integration of complementary information.

To solve these problems, recently, Vision Transformers (ViTs) have been suggested for computer vision tasks
by using the self-attention mechanisms of Natural Language Processing (Dosovitskiy et al., 2020). ViTs split an
image into a set of patches and feed them into a transformer encoder. This enables the model to learn global
dependencies and complex relations between the different image regions already at the lowest layers. Such a
global receptive field makes ViTs particularly promising for medical image analysis where subtle pathological
changes could be distributed thru the brain (Shamshad et al,, 2023). Recently, ViTs have been explored for
medical applications such as organ segmentation, tumour detection, and disease classification (Hatamizadeh
etal, 2022).

However, ViTs potential in the multi-modal medical imaging for the neurodegenerative diseases setting is
relatively under explored. So that we can effectively fuse features from different modalities (e.g. structural MRI,
functional PET) via transformer architectures, we need some fusion strategies to explore cross-modal
correlations and remove modality specific noises. To this end, we propose a new Vision Transformer Driven
Multi-Modal Medical Imaging Framework for early diagnosis of NDDs. We propose a framework that extracts
rich global contextualised feature representation of MRl and PET images using independent ViT encoders. Then
a cross-attention based fusion module is utilised to effectively fuse the multi-modal features, which enables the
model to pay attention to the salient and complemental information in both structural and functional domains.
The main contributions of this paper can be summarised as follows:

1. We propose a novel multi-modal approach with Vision Transformers for global context modelling for early
diagnosis of neurodegenerative diseases using MRI and PET data.

2. We propose a cross-attention fusion module for adaptively fusing the structural and functional features,
which can effectively model the complex inter-modal relationships and improve the representation capability
of the fused features.

3. Experiments on benchmark datasets (ADNI and PPMI) demonstrate that the proposed framework achieves
the state-of-the-art performance for early-stage Alzheimer’s and Parkinson'’s disease classification compared
to traditional CNNs and baseline transformer models.

2. Related Work

2.1 Deep Learning in Neurodegenerative Disease Diagnosis

Deep learning has been applied to medical image analysis with exponential growth, especially for
neurodegenerative disease diagnosis. Early approaches relied mostly on 2D CNNs processed slice by slice. For
example, Sarraf and Tofighi (2016) used a modified LeNet architecture to classify the Alzheimer’s disease with
functional MRI data. But 2D models lose important context of the spatial information in the z axis. In later
studies, 3D CNNs were used to incorporate 3D spatial information. Payan and Montana (2015) proposed a 3D
CNN based on sparse autoencoders to predict the Alzheimer’s disease status from structural MRI, showing
important improvements over conventional methods. Similarly, Cho et al. (2021) demonstrated the efficacy of
3D CNNs with DaTscan imaging for Parkinson’s disease discriminating PD patients and healthy controls.
Although CNNs have been successful, they are limited by their local receptive fields, which may not be suitable
for the dispersed neuroanatomical alterations in complex brain disorders (Wen et al., 2020).

2.2 Multi-Modal Medical Image Fusion

No single imaging modality is able to capture the complex physiological and anatomical changes that
characterize neurodegenerative diseases. The complementary information is fused using the multi-modal
fusion to improve the diagnostic accuracy (Hao et al,, 2020). Early, late or intermediate fusion strategies are
usually adopted for the implementation of multi-modal deep learning models. The early fusion concatenates
raw input data at pixel level, which usually suffers from domain misalignment and is hard to extract modality-
specific representations. Late fusion processes each modality separately and merge the final predictions, while
ignoring inter-mediate feature interactions (Zhou et al., 2019). The most effective approach has been the
intermediate fusion (or fusion at feature level) obtained by combining learned representations from different
modalities. For example, Liu et al. (2018) proposed a multi-modal CNN for AD identification by combining MRI
and PET features at the intermediate level. However, traditional intermediate fusion methods such as
concatenation or element-wise addition may not be powerful enough to model complicated inter-modal
relationships or deal with missing modalities well (Huang et al., 2019).

2.3 Vision Transformers in Medical Imaging

ViTs (Dosovitskiy et al, 2020) have shown the strength of Vision Transformers (ViTs) against CNNs by
modelling long-range dependencies with pure self-attention on image patches. ViTs have been used to address
the limitations of CNNs for many medical image tasks. Chen et al. (2021) proposed TransUNet to exploit the
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high spatial resolution of CNNs and global contextual information of transformers for medical image
segmentation. ViTs were used for disease classification on chest X-ray. Toubat et al. (2022) obtained better
results in thoracic disease detection. Some recent work in neuroimaging with transformers Dalmaz et al. (2022)
proposed a transformer-based generative adversarial network for cross modality medical image synthesis.
Some previous works explored the ViTs for NDD diagnosis on single modality, e.g., on structural MRs
(Shamshad et al, 2023). Another important research direction is the design of specific transformer
architectures for the multimodal fusion in the diagnosis of neurodegenerative diseases, especially the use of
cross attention to bridge the semantic gap between structural and functional imaging.

3. Methodology

Let the input multi-modal dataset be denoted as:

D = {(X;i"MR[, X;*PET, Y;)} fori=1, 2, .., N

where X;*MRI € R* (H x W x D) and X;"PET € R” (H x W x D) represent the three-dimensional MRI and PET
volumes, respectively, and Y; represents the corresponding disease label. Standard preprocessing pipelines,
including skull stripping, spatial normalization to the Montreal Neurological Institute (MNI) space, and
intensity normalization, are applied to ensure consistency across modalities and subjects. After preprocessing,
the volumes are cropped to remove background, resulting in dense three-dimensional representations.

(_* Multi-Modal Medical Imaging Framework

] Dynamic Integration
MRI Data Infermation A
-

(3 Volume) \ e
// B

3D Vision Transforrer " Cross-Attention Fusion
(MRI) >

A

!

MRl | Feature
| Embeddings: Embeddings Final Classification
(eeg), Disease Subtyping, Prognosis)
3D Vision Transforer (ViT} b\
Ezm'e' Structural Functional Prediction
PET) Information Information
\ PET Data /

(3D Volume)

Figure 1: Vision Transformer-Driven Multi-Modal Medical Imaging Framework.

To adapt the three-dimensional volumes for the Vision Transformer, the standard two-dimensional patch
embedding is extended to three dimensions. The input volume X € R* (H x W x D) is divided into a sequence
of non-overlapping three-dimensional patches:

{x_p*, x_p% ... x_p"M}

where each patch x_p”j € R* (P x P x P), and

M= (HxWxD)/Pp?

is the total number of patches. Each three-dimensional patch is then flattened and linearly projected into a D-
dimensional embedding space. A learnable positional embedding is added to retain spatial information, and a
special classification (CLS) token is prepended to the sequence to aggregate global volume information. The
resulting sequence of embedded patches is denoted as:

Zo € RM((M+1) x D)

3.1 Independent Modality Feature Extraction

The framework employs two independent Vision Transformer (ViT) encoders—one for MRI and one for PET—
to extract modality-specific features. Each encoder consists of L alternating layers of Multi-Head Self-Attention
(MSA) and Multi-Layer Perceptron (MLP) blocks (Dosovitskiy et al.,, 2020). Layer Normalization (LN) is applied
before every block, and residual connections are used.

For a given layer | in the encoder, the transformations are defined as:
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Z'y= MSA(LN(Z1-1)) + Z1_4
Z,=MLP(LN(Z')) + Z',
The MSA mechanism allows the model to globally integrate information across all patches within the three-
dimensional volume, effectively capturing long-range structural dependencies in MRI and widespread
metabolic alterations in PET. The outputs of the L-th layer for MRI and PET are denoted as:
HAMRI € R*((M+1) x D) and HAPET € R*((M+1) x D)
Inline variable definitions:
The outputs of the L-th layer for MRI and PET are denoted as H"R! € RM+D*D gpd HPET ¢ RM+DXD,
Display equations:

Z', =MSA(LN(Z,_)) + Z;4

Z, =MLP(LN(Z')) + 7,
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Figure 2: The outputs of the L-th layer for MRI and PET

3.2 Cross-Attention Multi-Modal Fusion

A Cross-Attention Fusion (CAF) module is proposed to effectively fuse the learned representations from the
structural (MRI) and functional (PET) modalities. Instead of simply concatenating the CLS tokens, the CAF
module uses cross-attention to allow some patches of one modality to attend to and fuse relevant information
from the other modality to highlight synergistic features and suppress modality-specific noise (Huang et al,,
2021).

For the CAF module, we calculate cross-attention in two directions, from MRI to PET and PET to MRI. In the
MRI-to-PET direction, the query (Q) is derived from the MRI features and the key (K) and value (V) are derived
from the PET features:

Q=H"MRI-W_Q, K=H”*PET-W_K,V=H"PET - W_V

Cross_Attn(M—P) = Softmax(Q - K¢ /Vd) - V

Similarly, for the PET-to-MRI direction, Q is derived from PET, and K, V are derived from MRI, yielding
Cross_Attn(P—M). Here, K* denotes the transpose of the key matrix, and d denotes the dimensionality of the
key vectors, used as a scaling factor to stabilize gradients during softmax normalization.

The Mathematical Equations

Update your Word document using the Equation Editor so the mathematical notation is standard for academic
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publishing:
Inline variables:
In the MRI-to-PET direction, the query (Q) is derived from the MRI features and the key (K) and value (V) are
derived from the PET features. Here, KT denotes the transpose of the key matrix, and d denotes the
dimensionality.
Display equations:

Q — HMRI . WQ! K= HPET . WK’ V= HPET . WV

Cross_Att Soft <Q KT %
ross_Attn,, ,, = Softmax .
Vd

These cross-attended representations dynamically highlight the regions where structural abnormalities are
associated with functional deficits. The fused multi-modal representation is then obtained by concatenating
the CLS tokens from the cross-attended sequences, and passed thru an MLP classification head to predict
disease probability.
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Figure 3:Schematic of the bidirectional Cross-Attention Fusion (CAF) module.

4. Experiments and Results

4.1 Datasets

To show the generalizability of the proposed framework to different neurodegenerative diseases, it is evaluated
on two publicly available datasets:

1. Alzheimer’s Disease Neuroimaging Initiative (ADNI): This dataset consists of T1-weighted MRI and
FDG-PET images in matched pairs. This evaluation is focused on the three-class classification task: Cognitively
Normal (CN), Mild Cognitive Impairment (MCI - early stage) and Alzheimer’s Disease (AD). We used a subset of
850 subjects (280 CN, 350 MCI, 220 AD) (Mueller et al, 2005).

2. Parkinson’s Progression Markers Initiative (PPMI): This dataset contains structural MRI and DaTscan
(SPECT/PET) imaging. The aim is to perform a binary classification of Healthy Controls (HC) and early-stage
Parkinson’s Disease (PD). A subset of 500 subjects (150 HC, 350 PD) was chosen (Marek et al.,, 2011).

4.2 Implementation Details

The framework was implemented in PyTorch. The 3D volumes were resized to 96x96x96 voxels and patch size
P was set to 16. The ViT encoders have 12 layers, embedding dimension D=768 and 12 attention heads. The
model was trained with AdamW optimizer with learning rate 1e-4, weight decay 1e-2 and batch size 8. We used
a 5-fold cross-validation strategy. Performance is reported as Accuracy, Sensitivity, Specificity and the Area
Under the Receiver Operating Characteristic Curve (AUC).
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4.3 Results on ADNI Dataset (Alzheimer’s Disease)

We compare the proposed framework with several baselines including single-modality 3D-CNNs (ResNet-50
architecture), multi-modal early fusion 3D-CNNs and a standard multi-modal ViT with simple concatenation
fusion. Table 1 shows the accuracy for single modality MRI and PET were 82.5% and 84.1% respectively. Multi-
modal early fusion CNN accuracy improved to 87.3% Nevertheless, the proposed ViT framework with the cross-
attention fusion outperformed all baselines significantly with an accuracy of 92.8% and an AUC of 0.96. The
performance improvement is especially significant in the discrimination of the MCI class from CN, indicating
the increased sensitivity of the framework to early structural and metabolic changes.

Table 1: Classification Performance on the ADNI Dataset (CN vs. MCI vs. AD)

Method Modality | Accuracy (%) | Sensitivity (%) | Specificity (%) | AUC
3D-ResNet MRI 82.5 80.2 84.1 0.88
3D-ResNet PET 84.1 82.4 85.0 0.89
MM-CNN MRI+PET | 87.3 86.1 88.2 091
ViT-Concat MRI+PET | 89.6 88.5 90.1 0.94
Proposed ViT-CAF | MRI+PET | 92.8 91.7 93.4 0.96
Classification Model Performance (Accuracy %)
3D-ResNet MRl ~ , Proposed VIT-CAF
(82.5%) N (89.6%)
\ /
28%
- ViT-Concat PET
(89.6%)
20%
9%
\
~— 3D-ResNet
13% (87.3%)
Legends (VIT-CAF Research Paper)
Method: AUC
Modlalits: Accuracty Sensitivity 82.6%
LUS 89.1% 81.5%
ViT-Concat Sensitivity 49.3% 19.8%
ViT-Concat Senstivity 89.4% 12.5%
MM-CNN HUS 88.1% 18.9%
3D-ResNet PET Specifictity 84.1% 82.5%
3D-ResNet MRI AUC 85.2% 82.7%

Figure 4: Classification Performance on the ADNI Dataset (CN vs. MCI vs. AD)

4.4 Results on PPMI Dataset (Parkinson’s Disease)

A similar trend was found on the PPMI dataset for early PD diagnosis. Structural changes are subtle, so single-
modality classification (MRI) fails to achieve early PD diagnosis (i.e. 76.4% accuracy). DaTscan (PET) provides
a higher signal of dopaminergic deficit (accuracy 88.2%). The proposed ViT-CAF framework successfully fused
these modalities with an accuracy of 95.1%, and impressive sensitivity of 96.3%. The high sensitivity is crucial
in identifying early-stage PD patients for clinical trials and early intervention, demonstrating the effectiveness
of the cross-attention mechanism to extract pathological features from noisy or subtle multi-modal data.

Table 2: Classification Performance on the PPMI Dataset (HC vs. PD)

Method Modality Accuracy (%) Sensitivity (%) Specificity (%) AUC
3D-ResNet MRI 76.4 78.1 74.2 0.82
3D-ResNet PET 88.2 89.5 86.4 0.92
MM-CNN MRI+PET 90.8 91.2 90.1 0.94
Proposed ViT-CAF MRI+PET 95.1 96.3 93.8 0.98
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Figure 5: Classification Performance on the PPMI Dataset (HC vs. PD)

5. Discussion

The experimental results reveal that the proposed multi-modal framework based on Vision Transformer may
significantly improve the accuracy of early diagnosis of neurodegenerative diseases as compared to
conventional CNN architectures. The performance gain of ViT model is due to its intrinsic ability to learn the
global, long-range dependencies across the 3D volume, which is critical in modelling the diffuse and distributed
network alterations in diseases such as Alzheimer’s and Parkinson’s. CNNs often have to be very deep to
achieve enough global view, as they have limited local receptive fields, which may result in optimization
difficulties and loss of high-resolution spatial details (Bazi et al., 2021).

In addition, the Cross-Attention Fusion (CAF) module is proposed to solve the key bottleneck problem of the
fusion of heterogeneous modalities. Structural MRI and functional PET provide complementary information
but are in different semantic spaces Simple fusion techniques such as concatenation or element-wise addition
may not be able to align these spaces well enough (Zhou et al., 2019). The CAF module learns to dynamically
weight features of one modality according to their relevance to the other, generating a synergistic
representation. For instance, a mild atrophic brain region on MRI and hypometabolic on PET can be strongly
weighted by the cross-attention mechanism of the network to the localized combination, thus enabling the
early detection of MCI or early PD.

However, despite the strong performance, some limitations remain. Vision Transformers are notorious for
their data hungry nature and can overfit on smaller medical imaging datasets compared to CNNs which have
strong inductive biases such as translation equivariance (Dosovitskiy et al., 2020). While the use of robust data
augmentation and pre-training strategies mitigated this concern in our study, validation of clinical
generalizability will require scaling the model to larger, multi-center datasets. Future work will include
incorporation of longitudinal data (time course modelling of disease progression) into the transformer
framework and evaluation of efficient transformer architectures that reduce the heavy memory burden of
processing multiple 3D volumes.

6. Conclusion

We presented a novel Vision Transformer Driven Multi-Modal Medical Imaging Framework for early and
accurate diagnosis of neurodegenerative diseases. We propose a framework that utilizes independent 3D ViT
encoders for structural MRI and functional PET data to effectively capture complex, global pathological
patterns missed by traditional CNNs. The use of a cross-attention fusion module enables the dynamic and
cooperative integration of cross-modal data, resulting in a significant improvement in diagnostic accuracy.
Extensive evaluations on ADNI and PPMI datasets demonstrate that the proposed approach attains state-of-
the-art performance in classifying early stages of Alzheimer’s and Parkinson'’s diseases. These results showcase
the transformative potential of transformer architectures for multi-modal medical image analysis and are a
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crucial step toward reliable Al-powered clinical tools for early detection and management of
neurodegenerative diseases.
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