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Abstract—Structural magnetic resonance imaging (sMRI) and
positron emission tomography (PET), as the most commonly
used imaging modalities for clinical diagnosis of Alzheimer’s
disease (AD), provide structural and functional information of
the brain, respectively. However, multimodal methods still face
challenges in AD prediction due to pronounced inter-individual
heterogeneity and subtle pathological changes in the imaging
manifestations. To address this issue, this work proposed an end-
to-end deep learning framework based on the neuroanatomical
characteristics of bilateral brain symmetry and the asymmetric
distribution of AD pathology. First, brain images are divided into
3D regional patches according to the left and right hemispheres,
and the features are encoded via patch CNNs. Subsequently,
multi-head attentions are employed to optimize the representation
of these local features among brain patch regions in each of the
hemispheres. Finally, we developed a Hemisphere-aware Cross
Transformer that performs hierarchical feature fusion at both
intermodal and interhemispheric levels. Compared to several
deep learning models, our proposed network achieved significant
improvements in both AD diagnosis and early AD prediction on
the ADNI dataset. More importantly, our approach achieves a
breakthrough in interpretability, providing critical insights for
the exploration of AD patterns in multimodal brain imaging.

Index Terms—Hemisphere-based, Multimodal imaging, Hybrid
neural network, Feature fusion, Alzheimer’s diagnosis

I. INTRODUCTION

AD, a progressive neurodegenerative disorder, stands as the
predominant cause of dementia among the elderly popula-
tion. This debilitating condition manifests through a spectrum
of cognitive impairments, including memory loss, language
deficits, executive dysfunction, and emotional disturbances.
Despite extensive research, the etiology of AD remains enig-
matic, and the medical community continues to grapple with
the absence of curative pharmacological interventions [1].
Early intervention, however, has been shown to mitigate the
progression of AD, underscoring the importance of accurate
and timely diagnosis for patient [2].

In clinical practice, achieving an early and accurate di-
agnosis of AD remains a significant challenge. The current
diagnostic workflow employs a multidimensional evaluation
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system that integrates various approaches, including neuropsy-
chological scale assessments, cognitive-behavioral evaluations,
and neuroimaging examinations. Among these, neuroimaging
techniques have become indispensable tools for AD screening
and diagnosis due to their advantages in objective visualiza-
tion. However, given AD’s heterogeneous pathological features
and progressive nature, coupled with the inherent subjectivity
in imaging interpretation, diagnostic results often show sub-
stantial variability among different radiologists when evaluat-
ing the same imaging data. This diagnostic inconsistency is
particularly pronounced during the early stage of AD.

In terms of neuroimage, sMRI, as a non-invasive and
radiation-free neuroimaging technique, is widely used in the
clinical assessment of AD. sMRI captures characteristic struc-
tural alterations, typically revealing cortical thinning, ventric-
ular enlargement, and hippocampal atrophy in AD brain imag-
ing [3]. Meanwhile, 18F-fluorodeoxyglucose PET (FDG PET),
a molecular imaging modality, provides direct visualization of
cerebral glucose metabolism. This technique detects metabolic
abnormalities in AD-vulnerable regions in the frontal lobe and
temporal lobe, offering complementary metabolic information
that cannot be obtained from sMRI alone [4]. Together,
multimodal approaches provide multidimensional evidence for
investigating the pathophysiological mechanisms of AD.

Recent advances in deep learning have substantially im-
proved computer-aided diagnosis, particularly in multimodal
analysis. Deep neural networks can automatically extract brain
features and enhance diagnostic performance. However, brain
AD pattern presents unique challenges: pathological changes
are often subtle, such as mild atrophy or metabolic alter-
ations, and vary considerably across subjects [5]. These factors
complicate accurate feature representation. Single-modality
sMRI analysis further struggles to capture such complex
changes, limiting CNN-based models. ROI-based approaches
offer localized insights but fail to fully characterize progres-
sive, brain-wide alterations. Thus, multimodal imaging has
attracted increasing attention for integrating complementary
information, which improves whole-brain representation and
performance [6]. Yet, effectively fusing heterogeneous mul-
timodal data remains difficult. While attention mechanisms
alleviate some limitations, their ability to capture complex
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Fig. 1. The overall structure of the proposed hemisphere-based multimodal framework for AD diagnosis. This network employs a patch encoder to extract
local features from two brain imaging modalities. Whole-brain multimodal fusion and cross-hemispheric feature fusion are conducted in parallel, capturing
complementary information across modalities and hemispheres independently. The fused features are then aggregated and passed through MLP for final output.

and subtle brain patterns is still constrained [7]. Therefore,
our study strategically focuses on multiple brain regions and
seamlessly integrates patterns from modalities through bi-
hemispheric to identify biomarkers, allowing a comprehensive
characterization of AD image patterns.

II. RELATED WORKS

Deep neural networks play a crucial role in automatically
extracting task-relevant features from sMRI [8] [9]. However,
single modality imaging analysis still faces challenges, par-
ticularly in capturing subtle structural changes during the pro-
gression of AD. Due to the complexity of AD imaging pathol-
ogy, traditional CNN-based diagnostic models exhibit certain
limitations in the representation of the brain [10]. Meanwhile,
some studies conducted feature extraction methods based on
pre-selected regions of interest (ROIs) to analyze changes
in specific brain regions [11] [12]. Since AD-related pattern
changes typically involve progressive alterations across the
whole brain, relying solely on ROIs may not comprehensively
reflect the pathological features.

Consequently, multimodal approaches have garnered in-
creasing attention and research interest due to their ability
to integrate complementary information for AD assessments.
Leveraging multimodal imaging not only enhances CNNs’ ca-
pability in whole-brain feature extraction but also utilizes com-
plementary information across different modalities, thereby
improving the accuracy of AD diagnosis [13] [14]. However,
due to the complexity of multimodal data and the hetero-
geneity among different imaging modalities, traditional CNNs
still face challenges in processing such data. In particular,

effectively integrating information from multiple modalities to
capture the subtle differences in AD-related imaging changes
remains a key research focus. The introduction of attention
mechanisms has partially alleviated the limitations of CNNs,
but their ability to capture complex brain patterns remains
constrained [7]. Therefore, future research should focus on
developing efficient multimodal deep learning models that
not only precisely extract whole brain information but also
effectively integrate multimodal information. This approach
would enhance the comprehensive characterization of AD-
related imaging changes, providing more robust technical
support for automated AD diagnosis.

III. METHODOLOGY

The proposed framework is illustrated in Fig. 1. Patch
CNNs encode brain-local features from all patches within each
hemisphere. The set of feature vectors for each hemisphere is
then processed separately by a transformer encoder to enhance
the representation ability of the vectors. The Hemisphere-
aware Cross Transformer is employed to fuse the hemispheric
features within each modality and the dual-modal features for
each hemisphere. This allows for both intra-modal and inter-
hemispheric dependencies to be captured. Finally, the fused
features from all components are passed through a three-layer
Multi-Layer Perceptron (MLP) for classification.

A. Patch Encoder

The Patch Encoder module integrates 3D Patch CNN
(PCNN) and Transformer Encoder to effectively capture both
local and global brain features. First, the brain is divided into



3D patches, with each hemisphere (left and right) separately
processed by 3D PCNN [9]. Each patch is processed indepen-
dently, and the extracted features are transformed into a 128-
dimensional feature vector. This encoding allows the model to
focus on specific spatial regions of the brain, essential for the
small spatial size of brain patches.

Then the encoded patch features from each hemisphere
are fed into separate Transformer Encoder. Transformer [15]
employs multi-head self-attention to capture long-range de-
pendencies among brain patches. For each input feature X ∈
RN×D (with N patches and feature dimension D), the query,
key, and value matrices are obtained via linear projections.

Q = XWQ, K = XWK , V = XWV (1)

where WQ,WK ,WV ∈ RD×dk are learnable parameters,
and dk is the query/key dimension. The scaled dot-product
attention is:

Attention(Q,K, V ) = softmax
(
QKT

√
dk

)
V (2)

Multi-head attention applies this operation in parallel, and
the outputs are concatenated and linearly projected:

MultiHead(Q,K, V ) = Concat(hd1, . . . , hdh)WO (3)

where each head is
hdi = Attention(QWQ

i ,KWK
i , V WV

i ) (4)

and WO ∈ Rhdv×D maps the concatenated output back to
dimension D.

B. Hemisphere-aware Cross Transformer

After encoding the two brain modalities with the Patch
Encoder, we obtain four feature sets: left and right hemisphere
representations for each modality. To integrate features across
hemispheres and modalities, we design a Hemisphere-aware
Cross Transformer-based fusion module with four variants
of Cross Transformer Encoder and feature fusion attention.
The encoder leverages cosine similarity between input vectors
as a guidance signal, adaptively modulating the fusion of
heterogeneous features:

Si =
X⃗i · Y⃗i

∥X⃗i∥∥Y⃗i∥
(5)

where X and Y denote feature vectors from either the two
hemispheres of one modality or from different modalities
within a hemisphere. The fusion attention is defined as:

Attention(Q,K, V, S) = softmax
(
QKT + S√

dk

)
V (6)

where S represents the similarity map.
The first two Cross Transformers fuse left and right hemi-

sphere features within each modality, capturing intra-modal
inter-hemispheric relationships and preserving modality-
specific information. The other two fuse modality-specific fea-
tures within each hemisphere, ensuring cross-modal alignment
while maintaining hemispheric distinctions. This hierarchical
strategy jointly models intra- and cross-modal interactions,
enhancing discriminative feature learning.

IV. EXPERIENMENTS
A. Dataset and preprocessing

The brain imaging are obtained from the
ADNI(adni.loni.usc.edu). For imaging data, a total of
801 T1-weighted sMRI scans are obtained from the ADNI1
and ADNI2 baseline, including 213 AD subjects, 234 NC
subjects, and 354 MCI (219 sMCI and 135 pMCI) subjects.
MCI subjects who developed AD within 3 years were labeled
as pMCI and those who didn’t convert to AD were labeled
as sMCI. We split the data into training, validation and test
sets, which are 70%, 10% and 20%, respectively. We ensured
that the subject IDs are different prevent data leakage [10].

We conducted pre-processing of brain imaging according
to standard procedures on the Clinica platform (clinica.run).
Specifically, preprocessed sMRI scans undergo ACPC align-
ment, affine registration to the MNI152 template, and skull
stripping [16], followed by intensity correction. For PET scans,
they are co-registered according to the corresponding bias-
corrected sMRI scan. All preprocessed images are with a
resolution of 105×125×105 voxels.

B. Experimental details

The experiments are conducted based on the PyTorch plat-
form. The network trained using the Adam optimizer. The
training objective adopts the cross-entropy loss Lc, which
measures the discrepancy between predicted probabilities and
subject labels. The initial learning rate was set to 1e-4, and
after 30 epochs, it was reduced by one-third every 10 epochs
until it reached 1e-6. The batch size was set to 12, a total of
80 epochs for training. All Transformer modules consisted of
one layer, with an input vector length d=128 for the multi-head
attention mechanism and head h=8. The patch size is set to 25,
meaning each hemisphere is divided into two patches along the
coronal side. The convolutional kernels were first randomly
initialized in the AD vs. NC task, and the trained network
parameters were then used to initialize the network for the
sMCI vs. pMCI task. Diagnostic performance was evaluated
by accuracy (ACC), sensitivity (SEN), specificity (SPE), and
area under the curve (AUC).

C. Ablation studies

To validate the effectiveness of the proposed architecture
and loss functions, we conducted comprehensive ablation
studies. ResNet [17] adopts 3D convolution with 18 layers,

Fig. 2. The impact of different patch sizes on model performance.



TABLE I
AD DIAGNOSTIC PERFORMANCE COMPARISON BASED ON SINGLE MODALITY AND MULTI-MODALITY. FOR THE FEATURE FUSION, T REPRESENTS

STANDARD TRANSFORMER ENCODER, F REPRESENTS OUR MODIFIED FUSION WITH OUR MODIFIED CROSS TRANSFORMER.

Method Modality Fusion AD vs. NC pMCI vs. sMCI
ACC SEN SPE AUC ACC SEN SPE AUC

ResNet MRI - 88.06 85.10 90.15 0.876 70.75 69.64 72.00 0.708
3DCNN MRI - 88.79 83.64 93.08 0.883 74.53 65.18 79.24 0.722
ACNN MRI - 88.79 85.31 91.81 0.885 77.35 66.96 82.59 0.748
PCNN MRI - 91.04 90.25 91.81 0.910 78.87 51.85 95.45 0.736
LRPCNN MRI - 92.22 88.37 95.74 0.920 79.24 76.00 82.14 0.780
ResNet PET - 88.92 87.94 91.67 0.885 73.57 58.19 82.07 0.710
3DCNN PET - 89.31 86.85 90.52 0.889 77.35 56.25 86.48 0.713
ACNN PET - 89.55 85.21 93.16 0.892 79.24 59.14 83.00 0.740
PCNN PET - 92.53 91.76 93.16 0.925 80.13 50.00 94.59 0.722
LRPCNN PET - 93.28 92.44 95.62 0.929 80.13 62.50 89.18 0.758
MAResNet PET+MRI T 91.38 89.06 94.22 0.905 76.61 68.18 81.90 0.750
MACNN PET+MRI T 91.65 88.78 94.97 0.908 77.16 65.78 85.30 0.758
PFPCNN PET+MRI T 94.86 97.04 92.48 0.947 80.46 64.60 85.48 0.761
TrFPCNN PET+MRI F 95.49 94.54 97.14 0.952 80.73 65.78 87.89 0.771
OURS PET+MRI F 95.55 97.67 93.61 0.956 83.01 68.18 90.84 0.784

(a) (b) (c) (d)

(e) (f) (g) (h)
Fig. 3. Subfigures (a)–(d) correspond to the AD vs NC task, and subfigures (e)–(h) correspond to the pMCI vs sMCI task. For each task: (a)/(e) left/right
hemisphere correlation for MRI; (b)/(f) left/right hemisphere correlation for PET; (c)/(g) cross-modality correlation for the left hemisphere; (d)/(h) cross-
modality correlation for the right hemisphere.

while ACNN incorporates a 3D spatial attention module after
the first convolution of 3DCNN. MAResNet and MACNN
extend these backbones with integrated attention mechanisms
[18], performing whole-brain feature encoding followed by
classification. PCNN is a patch-based 3D CNN, and PFPCNN
further fuses left–right hemisphere and dual-modal features
after PCNN encoding. TrFPCNN introduces a Transformer
encoder to directly fuse each modality’s hemispheric features
before multimodal fusion. In contrast, OURS conducts intra-
hemispheric bimodal fusion within each hemisphere, then in-
tegrates fused hemispheric representations across hemispheres.

We compared several CNN methods based on single modal-
ities and multimodal as shown in Table I. Patch-based CNN
achieved better performance than whole-brain CNN, as it
more effectively captures localized structural changes in brain
regions, whereas whole-brain CNN tends to obscure fine vari-

ations. Moreover, LRPCNN, which learns hemisphere-specific
features with non-shared parameters, outperformed PCNN,
indicating that despite morphological symmetry, left and right
hemispheres still carry distinct structural or functional infor-
mation beneficial for AD diagnosis. Further, the results show
that integrating sMRI and PET with left/right brain patches
further improves diagnosis and MCI conversion prediction.
By combining multimodal features via Cross Transformer, our
framework consistently demonstrated superior performance.

In addition, the patch size in our framework can be flexibly
adjusted to accommodate brain imaging data of different sizes
generated by various preprocessing methods. Furthermore, the
impact of different patch sizes on AD diagnostic performance
was explored, with comparative results shown in Fig. 2. The
results show that dividing each hemisphere into two patches
(patch size=25) along the coronal side produces the best diag-



Fig. 4. The attention visualizations of sMRI and PET with AD, NC, sMCI and pMCI subject including. For each subject, images (a) and (c) display the
whole brain scans, providing a clearer view of the brain information, while images (b) and (d) highlight the patch regions in brain that the network focuses
on. The key regions our model emphasizes include the hippocampus, frontal lobe, and temporal lobe regions. Additionally, there are differences in the areas
of focus between the left and right hemispheres.

Fig. 5. The top panels shown for the subject of sMRI and PET. The bottom
panels are the CAM weights visualization of the heat maps. The highlighted
areas in the heatmap correspond to the patch regions of interest, which are
associated with the pathological patterns change in sMRI and PET imaging.

nostic performance. The observed effectiveness of this patch
size may be related to the underlying anatomical structures,
which presents an interesting direction for investigation.

D. Visualization

Interpretability is critical in computer-aided diagnosis. AD-
related pathological features are often subtle, scattered across
multiple brain regions, and difficult for traditional CAM meth-
ods to localize accurately [7]. Moreover, the high dimensional-
ity and structural complexity of brain imaging may cause net-
works to overemphasize local regions while neglecting other
AD-relevant areas [19]. Our method improves interpretability
by modeling brain space: patch features from each hemisphere
are processed with Transformer encoder to generate attention
weights. Fig. 3 shows the correlation matrix of 80 patch

regions, where in AD vs. NC, attention concentrates on a few
patches, while in the tough MCI task, attention is distributed
across broader regions, reflecting increased task complexity.

Fig. 4 highlights the most attended brain regions across
categories, including the frontal, temporal, parietal lobes, and
hippocampus regions, consistent with known AD biomarkers
[20] [21]. Distinct hemispheric focus patterns further validate
the method’s ability to capture critical features. In MCI, patho-
logical changes are less pronounced than in AD; however,
consistent attention to regions such as the hippocampus and
frontal lobe indicates their importance [22]. Fig. 5 visualizes
the heatmaps in sMRI and PET. These results align with
established biomarkers and provide interpretable insights into
the model’s decision process.

E. Compare with other methods

Many AD studies have been reported to suffer from method-
ological and data leakage, which can compromise the reli-
ability of their conclusions. Therefore, Table II summarizes
several relatively authoritative studies that strictly adhere to
multimodal sMRI and PET from the ADNI baseline. Our
method achieves superior or competitive performance com-
pared to advanced approaches in multiple diagnostic indices.

V. CONCLUSION

To improve diagnosis and interpretability, we propose a
hemisphere-based hybrid multimodal network that jointly
leverages sMRI and PET. By adopting an interleaved fusion
strategy, the framework enables parallel learning of local fea-
tures from both hemispheres across modalities, while capturing
long-range dependencies among brain regions and modalities.
This design effectively encodes and integrates bi-hemispheric
and multimodal information, yielding more comprehensive
and discriminative representations for feature learning. In ad-
dition, visualization enhances interpretability by highlighting
modality- and hemisphere-specific image patterns to support



TABLE II
A COMPARATIVE DESCRIPTION OF SOME CURRENT AD DIAGNOSIS

STUDIES USING ADNI BASELINE MULTI-MODAL SMRI AND PET SCANS

Study AD vs. NC sMCI vs. pMCI
ACC SEN SPE ACC SEN SPE

Liu [23] 93.15 93.15 93.57 - - -
Miao [24] 94.61 92.92 93.89 - - -
Zhang [25] 91.30 - - 80.30 - -
Zhang [26] 90.60 95.40 - 75.50 56.0 -
Lin [14] 92.28 90.38 94.37 74.10 73.08 75.0
Huang [13] 90.10 90.85 89.21 72.22 71.25 73.44
Gao [27] 92.0 89.10 94.0 75.30 74.10 77.30
Zhang [28] 92.90 92.30 93.70 81.10 74.20 84.10
OURS 95.55 97.67 93.61 83.01 68.18 90.84

clinical diagnosis. By modeling multimodal interactions at
the hemisphere level, the proposed framework learns more
discriminative fused representations that better reflect hemi-
spheric asymmetry in AD imaging.
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