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We derived an FDG-PET-based metabolic P-score and compared it with an sMRI-derived structural P-score to characterize AD- =T UNIVERSITY OF
related neurodegenerative patterns. This multimodal imaging analysis helps quantify AD progression, distinguish cognitive decline, &= CAMBRIDGE
and reveal consistency and complementarity between structural atrophy and glucose hypometabolism.
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the derivation of metabolic biomarkers. Figure 3. The architecture of the base model used in this paper.
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Table 1. Demographic and health-related information of the subjects included in the studied datasets.

reflected in FDG-PET to assess cross-modal consistency.
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. : : : : : : : Figure 5. Correlation between whole-brain FDG-PET P-score and cognitive impairment.
Figure 2. Generic framework for neuroimaging biomarker extraction from multimodal images.
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