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Abstract

Alzheimer’s Disease (AD) imposes a substantial burden on individuals and society, and early diagnosis before
symptom onset is essential to mitigate this burden. Although multimodal approaches offer performance advantages,
their cost, complexity, and data availability constraints limit clinical adoption. This study proposes a lightweight
CNN-Transformer model that distinguishes AD from Cognitively Normal (CN) subjects using MRI alone. From
whole-brain MRI volumes, we extract representative 2D slices from Regions of Interest (ROIs) to construct a low-cost
input, and use a shared-weight CNN and a Transformer to learn ROI representations and their interactions. We then
employ ROI attention pooling to compose a global representation and quantitatively identify key ROIs. Finally, we
confirmed that the proposed model exhibits competitive discriminative performance and high interpretability compared
to existing methods.
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Table 4. Top-5 ROIs by attention weight (mean = STD)

ROl Attention weight (mean + std)
Left thalamus 0.208 + 0.032
Right amygdala 0.185 + 0.022
Right caudate 0.080 + 0.017
Left hippocampus 0074 £+ 0.016
Right superior 0070 £ 0,009
temporal
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