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KEY TAKEAWAYS.

\/

** Analyzed 10 Alzheimer’s disease (AD) datasets using a novel bias score (-100% to +100%) across 19 risk factors.
% Bias ranged from -66% (PPMI) to +70% (MIRIAD), with most cohorts showing strong under-representation (DLBS 100%, ADNI 83%, DBPC 75%) and MIRIAD showing over-representation (50%).
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* Non-modifiable and modifiable factors were consistently under-represented, and no dataset was balanced. Biased data produce inequitable Al predictions, reducing clinical utility.
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