(&
IGCPHARMA

BACKGROUND

S e by g
| <§59 MEDICATIONS (|
— — s
L
\' A /://(\\ :/““
//; \
(@ eMAR
~ ®© | al|® )
i} ALZHEIMER'S
Y |un| W 2 Q IDENTIFICATION
# |20 | | ¥V - ] L
@ 16:00 /’“// : e =
g | X S ——— 2
& &) )

Identifying Alzheimer's disease and related dementias (AD/ADRD) in
real-world settings is often limited by the lack of formal neurocognitive
assessments' 2. Inpatient electronic health records (EHRs) provide a
scalable yet underutilized resource for detecting cognitive impairment

through hospitalization patterns, medication use, and procedural history> 4.

EHR Modalities Used:
Patient-level features were extracted from inpatient hospitalizations in the
MIMIC-IV v3.1 database°.

Medications Demographics eMAR HCPCS Procedures

METHODS

1. Feature extraction from four EHR modalities at the patient level
using ICD hospitalization codes®’.

2. Hierarchical classification framework (see Table 1): controls
versus cognitively impaired patients, followed by MCI versus
dementia, and finally classification of dementia subtypes®°.

3. Random forest classifiers trained per modality and as an
integrated multimodal model at each classification level®.

4. Feature importance analysis to identify clinically interpretable
signatures across modalities.

HIERARCHY
STAGE TASK CLASSES DEFINITION

Identifies the presence
of any ICD-coded
cognitive impairment

General
screening

Binary cognitive
impairment detection

Normal cognition vs
Cognitive impairment

Differentiates mild
cognitive impairment
from established
dementia

Intermediate
stratification

Binary MCl vs
dementia
classification

Mild cognitive
impairment vs Dementia

Classifies dementia into
different subtypes

Alzheimer's disease,
Lewy body or
Parkinson-related
dementia, Vascular
dementia,
Frontotemporal
dementia, substance- or
exposure-related
dementia, other or
unspecified dementias

Granular
classification

Dementia subtype
classification

Table 1. Hierarchical classification framework
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RESULTS

Integrated models combining all EHR modalities outperformed
single-modality models and improved discrimination across cognitive
status and dementia subtype classification. The most salient features
and their relative importance are summarized in Figure 1.

1. Demographics: Demographic features, particularly age, helped
distinguish patients with cognitive impairment from controls" but
showed limited ability to differentiate dementia subtypes.

2. eMAR: Electronic medication administration records captured
dynamic inpatient care patterns, including temporal irregularities
in medication administration, medication burden, and pharmacy-related
features that helped distinguish MCI from dementia®.

3. Medications: Prescription medication features showed a
distributed importance profile across therapeutic class, route of
administration, dosing frequency, and medication status, with
notable relevance among neurological pharmacy categories™ '

4. HCPCS Procedures: HCPCS procedural codes reflected care
intensity and system-level involvement, with cardiovascular,
digestive, and hospital observation services serving as meaningful
markers across all classification levels®™.

5. Multimodal Integration: Integrated multimodal approaches
consistently outperformed classifiers based on any single
modality, demonstrating superior predictive performance across
all levels of the hierarchical classification framework™ V.

CONCLUSIONS

Machine learning models using routinely collected inpatient EHR data can
identify interpretable, modality-specific signatures of AD/ADRD.
Integrating complementary EHR modalities offers a scalable approach for
Alzheimer’'s dementia screening and dementia subtype differentiation in
real-world settings without specialized cognitive testing.
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Figure 1. Feature importance per modality for the dementia subtypes classification

SIGNIFICANCE
AND FUTURE DIRECTIONS.

Routine EHR data provides an accessible and cost-effective pathway for
detecting early cognitive impairment at scale across hospital systems.
Future work will include additional modalities and validate this framework in
external EHR cohorts and assess its integration into real-time clinical
decision support for AD/ADRD screening and dementia subtype
differentiation.
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