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MOTIVATION: ALGORITHMIC DEMENTIA
ASCERTAINMENT IN LARGE COHORT STUDIES

Fii Large, representative cohortstudies help us understand trends in By COmbining mUItlple data sources and mOdeling source rellablllty,
pPopuU ation nealth and risk tactors tor diseases . . . _ .

Bayesian data integration via the latent truth model provides an
,ﬁ Objective: estimate the societal burden of dementia-- curertly unsupervised learning alternative to dementia classification with high
R

estimated that 5.8 million Americans are living with Alzheimer’s

dementia [ specificity compared to supervised learning algorithms used in practice.

Gold-standard dementia ascertainment (expert judgement) is time-
intensive, expensive, and nearly impossible in population-representative
studies

Algorithmic dementia classification can help us close the research gap,
but supervised learning techniques require adjudicated dementia cases FRAMEWORK of the
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Compare dementia
" Sensitivity: 44 (32, 55) classification based on Results
Specificity: 93 (90, 95) data integration with Sensitivity: 61.6%
[2] classification based on Specificity: 93.2%
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