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Abstract:  Alzheimer’s Disease (AD) is a latent and irreversible progressive neurodegenerative disorder. Early pre-
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cise identification is crucial for delaying disease progression and supporting clinical intervention. Structural Magnetic Reso-
nance Imaging (sSMRI) can reveal anatomical abnormalities such as brain atrophy and gray matter degeneration, while Func-
tional Magnetic Resonance Imaging (fMRI) captures functional activities and dynamic interactions between brain regions.
Both provide complementary information for AD diagnosis from structural and functional perspectives. Multimodal joint di-
agnosis for SMRI and fMRI faces three key challenges. First, 3D sMRI and 4D fMRI differ significantly in spatial resolu-
tion, temporal dimension, and signal distribution, making it difficult to construct a unified end-to-end cross-modal modeling
framework. Second, although Vision Transformer-based sMRI feature extraction offers global modeling capabilities, the
standard multi-head attention suffers from redundant heads, insufficient inter-head collaboration, and limited representation
of local structural details, reducing sensitivity to AD-relevant regions such as the hippocampus and olfactory cortex. Third,
most multimodal fusion methods rely on feature concatenation, unidirectional attention, or dense interaction strategies,
which are insufficient to screen key regions and establish fine-grained bidirectional associations between structural and func-
tional features in high-dimensional heterogeneous image data. To address these issues, this paper proposes BiSparseFusion,
a cross-modal bidirectional sparse interaction fusion model. The sMRI branch employs a 3D Vision Transformer enhanced
with a dynamic composable multi-head attention mechanism (DCMHA) and a multi-level feature fusion module (MFFM).
DCMHA reduces redundant attention outputs by dynamically combining attention heads, and MFFM aggregates multi-level
features to enhance local lesion details and global semantic representation. The fMRI branch uses SwiFT to directly model
spatio-temporal dependencies of the original 4D fMRI, avoiding information loss caused by conventional region of interest-
or connectivity-based methods. During cross-modal fusion, a bidirectional sparse cross-attention fusion module (BSCAF)
suppresses redundant features within modalities and enables deep complementary interaction between sMRI structural and
fMRI functional representations. The proposed method is validated on the ADNI dataset across three classification tasks:
AD/NC, MCI/NC, and AD/MCI. BiSparseFusion achieves classification accuracies of 97.67%, 93.27%, and 96.72%, respec-
tively, surpassing various single- and multi-modal comparison models. Visualization results indicate that the model effec-
tively focuses on brain regions associated with AD pathology, including the hippocampus, olfactory cortex, and amygdala,
forming a more discriminative fusion feature space. These results demonstrate the effectiveness of BiSparseFusion in multi-
modal neuroimaging feature modeling, cross-modal fine-grained fusion, and AD auxiliary diagnosis.

Keywords: Alzheimer’s disease; multimodal fusion; Structural magnetic resonance imaging; Functional magnetic
resonance imaging; Dynamic Composable Multi-Head Attention; Bidirectional Sparse Cross-Attention Fusion
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Figure 3 Detailed structure diagram of BSCAF
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Table 1 ~ Diagnosis results of the proposed AD diagnostic framework with comparative methods

. AD/NC MCI/NC AD/MCI
ik ACC AUC SPE | SEN ACC AUC SPE | SEN ACC AUC SPE | SEN
BrainGNN 67.44™ | 7356 | 72.55 | 60.00 | 60.58"" | 63.91"™" | 68.97 | 50.00 | 65577 | 76.51"" | 78.12 | 51.72
3D ResNet 82.56™" | 86.78" | 82.35 | 82.86 | 74.04™ | 83.51" | 67.24 | 82.61 | 72.13™ | 79.53" | 81.25 | 62.07
Swin UNETR 84.88™ | 88.68" | 8235 | 88.57 | 66.35" | 68.89™" | 84.48 | 4348 | 78.69" | 8244 | 62.50 | 96.55
OLFG 88.03 85.58 90.72 | 85.58 | 67.04 70.93 70.90 | 58.11 | 71.22 77.12 76.89 | 79.07
Multivit 88.37" 90.81" 86.27 | 91.43 | 85.58 87.63" 94.83 | 73.91 | 7541 | 74.03" | 96.88 | 51.72
SAM-Med3D 88.37" 93.84" 90.20 | 88.89 | 87.50 90.33" 87.93 | 86.96 | 83.61" 93.10 84.37 | 82.76
BF 91.87 94.14 92.86 | 89.74 | 88.18 91.55 90.71 | 86.15 | 87.09 89.61 87.95 | 86.15
HybridCA-Net | 94.19 95.49 96.08 | 91.43 | 87.50 87.97" 84.48 | 91.30 | 90.16 95.91 90.62 | 89.66
MDL-Net 96.37 98.48 95.38 | 97.40 | 73.61 76.08 73.02 | 73.01 | 85.29 88.16 82.00 | 93.09
D-MAFF 96.77 92.69 97.63 | 93.15 | 90.32 91.59 87.63 | 88.15 | 88.23 92.75 91.86 | 93.54
BiSparseFusion | 97.67 99.16 97.14 | 98.04 | 93.27 97.41 96.55 | 89.13 | 96.72 98.28 96.88 | 96.55
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Table 2 Comparison of computational complexity of different methods

Tk SR FLOPs BAREA BLAT 5 H/MB PAREA P H] /ms
BrainGNN 6.70 x 10* 4.60x10° 14.06 5.14
3D ResNet 3.32x107 2.52x 10" 1178.27 16.32

Swin UNETR 1.67x107 5.92x 10" 3823.74 74.11
OLFG 2.17x10° 12.14 0.91
MultiVit 2.40x 107 6.59x10° 123.78 3.55
SAM-Med3D 9.26x 107 8.95x 10" 1477.21 54.20
BF 6.66 x 107 3.00x 10° 264.73 1.67
HybridCA-Net 3.42x107 6.46 x 10" 333.52 4.26
MDL-Net 2.83x10° 2.74x 10" 197.44 7.92
D-MAFF 4.11x10° 2.80x10° 31.25 2.77
BiSparseFusion 2.22x 107 3.29x 10" 843.19 22.90
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Table 3 The results of the ablation experiment
AD/NC MCI/NC AD/MCI
DCMHA | MFFM | BSCAF
ACC AUC | SPE | SEN | ACC AUC | SPE | SEN | ACC AUC | SPE | SEN
81.40™" | 83.59" | 94.12 | 62.86 | 79.81" | 84.11" | 91.38 | 65.22 | 81.97" | 82.97" | 96.88 | 65.52
v 83.72"" | 86.27" | 82.35 | 85.71 | 81.73" | 8591 | 87.93 | 73.91 | 83.61" | 85.13" | 93.75 | 72.41
v 82.56™" | 87.17° | 82.35 | 82.86 | 80.77" | 86.24" | 77.59 | 84.78 | 8525 | 86.64" | 96.88 | 72.41
v 84.887 | 93.56" | 92.16 | 74.29 | 81.73" | 87.56 | 68.97 | 97.83 | 83.61° | 85.99" | 75.00 | 93.10
v v 95.35 96.64 | 94.12 | 97.14 | 91.35 | 96.85 | 96.55 | 84.78 | 90.16 | 9429 | 87.50 | 93.10
N N 89.53° | 93.05° | 84.31 | 97.14 | 8846 | 9145 | 87.93 | 89.13 | 88.52 | 94.07 | 90.62 | 86.21
N N 94.19 96.92 | 96.08 | 91.43 | 89.32 | 95.08 | 93.33 | 86.21 | 93.44 | 96.66 | 93.75 | 93.10
N v v 97.67 99.16 | 97.14 | 98.04 | 9327 | 9741 | 96.55 | 89.13 | 96.72 | 98.28 | 96.88 | 96.55
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Figure 4  The visualization results of the heat maps in the three classifi-

cation tasks
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