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Can brain morphology distinguish clinically similar Does comorbid morphology reflect a blend of both How does brain morphology differ across diagnoses Previous studies have largely examined conditions in isolation,
conditions”? Which morphological features are constituent conditions”? Where do clinically similar and during diagnostic conversion”? Can such changes with inconsistent morphological feature sets and limited sample
most discriminative? conditions share morphological features? be detected prior to symptom onset? sizes, precluding meaningful cross-condition comparisons.
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Results & Applications
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Morphological Differentiation

Morphological Comorbidity
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- Morphological deviation profiles accurately predict individual disease status across the full hierarchy

Healthy vs Disease
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- Individual features and their combined effects identity the strongest diagnostic signals Age
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