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BACKGROUND RESULTS

* Alzheimer’s Disease (AD) 1s underdiagnosed, particularly in
underrepresented racial and ethnic groups
* Prior AD prediction studies focused on diverse groups:
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All patients from UCLA DDR w/ full demographics (N = 115,708) Comparing cumulative parity loss by model
- Age at last visit >=65 and <90 Medications (N = 527) +00
- Self-reported race and ethnicity is NH-white, NH-AfAm, HL, or EA
Non-missing sex - Generic drug names only, no dosages or brands
- Total record length >= 5 yrs. and average ecounter per yr. >=1
All encounter records for eligible patients (N = 7,569,470)
Exclude codes in Chapters XV, XVI, XVII, and XX of ICD-10 . .
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