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Alzheimer’s disease and related 
dementias (ADRD) impact more than 

7 million Americans.1 This is 

expected to reach 13 million by 
2060, representing an economic 

impact of more than $1 trillion 

annually.1 Despite this significant 
disease burden, an estimated 61% 

of ADRD cases remain 

undiagnosed2. In addition, FDA-
approved disease-modifying 

treatments are most effective in the 

early stages of disease. Thus, early 
diagnosis is critical. However, 

various diagnostic instruments (MRI, 

PET, cognitive batteries, cerebral 
spinal fluid) are expensive, which 

limits their use at a population scale. 

Machine learning offers a scalable 
alternative. That is, models can mine 

large volumes of electronic health 

record (EHR) data to automatically 
flag patients at risk of ADRD. The 

patients can then be considered for 

further evaluation using standard 
diagnostic methods.

Data. Our study uses 
structured (diagnosis codes, 
procedure codes, vitals, 
medications, labs, problem 
lists, etc.), and unstructured 
(clinical notes) EHR data in 
addition to social determinants 
of health from the MedStar 
Health system, which includes 
10 hospitals and more than 300 
outpatient facilities.

Cohort. Our cohort includes 
more than 140,000 patients. 
This includes 33% rural 
hospital representation, and a 
43% Black patient population.

Tasks. Our machine learning 
model tasks included detection 
of existing ADRD, and 
prediction of future ADRD up to 
5 years in advance.

Interpretability. We used 
Shapley Additive Explanations 
(SHAP) analysis to identify 
which clinical features most 
influence model predictions.

Feature ablation analysis 
demonstrated that including 
unstructured clinical notes and 
social determinants of health 
improved model performance 
relative to inclusion of 
structured EHR data alone. In 
addition, SHAP analysis 
identified clinically meaningful 
drivers of ADRD risk.

Full model details and feature-level 
findings appear in our forthcoming 
publications.

Machine learning models can 
be used to both detect ADRD 
and predict it up to 5 years 
prior to diagnosis using a large 
repository of EHR data. 
Incorporating unstructured 
clinical notes and social 
determinants of health 
improves model performance. 
While biologically based 
biomarkers and robust 
evaluation are critical to the 
ADRD diagnosis process, 
machine learning could offer a 
scalable and cost-effective 
means of triaging large 
volumes of patients for 
potential follow-up evaluation 
using standard diagnostic 
means. This could lead to 
earlier diagnosis, which could 
enable more effective treatment 
options for patients.
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Task AUROC

Detecting 

existing ADRD
0.861

Predicting 

ADRD, 5 years 

in advance
0.733
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