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Diagnosis of Alzheimer’s disease via fusion of multimodal information
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Abstract  Alzheimer’s Disease (AD) , as a fatal neurodegenerative disease, holds immense significance for early
diagnosis and precise prediction of pathological regions in delaying disease progression and improving patient prognosis.
Although past research has made progress in automated diagnostic technologies, the interpretability of existing methods
remains the most significant issue troubling clinical studies, despite their commendable diagnostic accuracy. Against this
backdrop, a diagnostic model for Alzheimer’s Disease is proposed that integrates three-dimensional position encoding with
multimodal data. The model combines three-dimensional position encoding, Transformer self-attention mechanisms and
Fully Convolutional Networks (FCN) to automatically extract effective features from three-dimensional medical imaging
data, generating high-resolution disease probability maps representing the entire brain. Through a multimodal attention
mechanism, the probability map is organically integrated with objective clinical information, achieving precise predictive
diagnosis of AD while providing more interpretable aspects for the model’s decision-making process.
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Fig. 1 Holistic framework of Alzheimer’s disease diagnosis model via fusion of multimodal information and position encoding
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Tab.2 Comparison of the performance of different model methods
Method Dataset ACC SEN SPE F1-Score MCC
ADNI-test 0.8042 0.7407 0.8561 0.7729 0.6031
FCN AIBL 0.8543 0.6290 0.8979 0.5838 0.4982
NACC 0.8151 0.8012 0.7947 0.8137 0.6316
ADNI-test 0.8333 0.7870 0.8612 0.8095 0.6626
S HEALE Y FCN AIBL 0.8421 0.6667 0.8760 0.5778 0.4896
NACC 0.8291 0.7967 0.8322 0.8162 0.6296
o ADNI-test 0.8813 0.8241 0.8712 0.8317 0.6968
=Y B A
AIBL 0.8770 0.6935 0.9125 0.6467 0.5748
Transformer-FCN
NACC 0.8368 0.8109 0.8609 0.8274 0.6735
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Fig. 9  Comparison of performance curves for unimodal inputs and multimodal inputs
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Tab.3  Comparison of the performance of the MLP model integrated

with the multimodal attention mechanism and the common MLP model

Method Dataset ACC SEN SPE  F1-Score MCC

ADNI-test 0.9427 0.8676 0.9014 0.8861 0.8037

Wi MLP AIBL  0.8839 0.7861 0.9031 0.7267 0.6847
NACC  0.8519 0.8231 0.8935 0.8434 0.7231

MG T 28 ADNI-test 0.9758 0.9596 0.9655 0.9606 0.9326
AEENAPL AIBL 09328 0.8462 0.9496 0.8048 0.7973
R MLP  NACC  0.9009 0.8586 0.9404 0.8931 0.8236
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Tab. 4 Comparison of different methods for classification of

Alzheimer's disease

Method ACC SEN SPE
FENG et. al''*! 0.9658 0.9244 0.9322
GAO et. al'™ 0.9170 0.9350 0.9143
ODUSAMI et. al®"’ 0.9183 0.8387 0.8943
BANGYAL et. al’® 0.9463 0.9214 0.9416
SETHURAMAN et. al'! 0.9661 0.9434 0.9486
SHOJAEI et. al'> 0.9660 0.9517 0.9372
ZHOU et. al'*! 0.9432 0.9343 0.9653
Ours 0.9785 0.9596 0.9655
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