
•A case-control study was conducted using Merative Marketscan

claims data from 2015-2023 among n=968 cases newly diagnosed 

with agitation with existing Alzheimer’s dementia diagnosis and 

n=968 non-agitated controls with Alzheimer’s dementia who were 

matched on Alzheimer’s diagnosis date.

•Health service and treatment history was characterized using binary 

indicators for presence/absence of all possible diagnoses (ICD-

9/10), procedures (CPT) and drug treatments (NDC) received by 

each patient prior to the index date, defined as AAD diagnosis date 

or, for those without confirmed agitation, a randomly index date 

uniformly distributed along the range of possible diagnosis dates.

•Bivariate analyses (i.e., chi-squared tests) identified potential 

predictors of agitation. Subsequently, features that were statistically 

significantly associated with agitation status at false discovery rate 

(FDR) corrected p<0.05 were entered into a LASSO regression to 

build a final prediction model.4

•Model fit and performance were examined using mean squared error 

and sensitivity/specificity, respectively.

CONCLUSION

This analysis demonstrated the use 

of routinely available historical 

claims data on health service 

utilization and treatment to develop 

a prediction model for classifying 

likely agitation in an Alzheimer’s 

patient population. The model 

achieved high sensitivity and 

specificity and can enable RWE 

generation using claims data in this 

population.

The modeling approach can be easily 

adapted to other patient populations 

and has notable applications for novel 

diseases like AAD for which diagnostic 

and treatment procedures are evolving.

Due to the routine availability and 

simple binary coding of patient 

history, the prediction model may 

also have utility as a claims-based 

screening tool or adapted to 

structured electronic health records.
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Introduction
•Agitation in Alzheimer’s dementia (AAD) is a set of debilitating 

symptoms and behavioral disturbances for which little real-world 

evidence exists.1 AAD ICD diagnosis codes were introduced in Aug 

2022, where only a non-exhaustive set of behaviors and symptoms 

existed prior.2

•This study developed a model to predict agitation among Alzheimer’s 

patients using prior health service and treatment history data. This 

approach can potentially improve RWE generation by enabling the use 

of historical data for outcomes research in AAD (and novel diseases 

more broadly) and provide utility as a claims-based screening tool for 

clinical practice.

Table 1: Full predictive model characteristics

Figure 1: Study design schema

Patient Identification

Patients with a new confirmed diagnosis of Alzheimer’s dementia (AD; ICD-9 codes: 331.0x; ICD-10-CM codes: G30.x) and at least 12 months of continuous enrollment prior to AD diagnosis were eligible for inclusion. 

New confirmed diagnosis is defined as the occurrence of any of the pre-specified set of ICD codes at one inpatient or two outpatient visits at least 14 days apart. Patients were then classified as having confirmed agitation 

diagnosis (AAD; ICD-10-CM codes: F02.x11, F03.x11) or not. Agitated and non-agitated patients were matched on date of AD diagnosis. The index date was set to the first occurrence of agitation ICD code, or for patients 

without confirmed agitation, a randomly assigned index date uniformly distributed along the range of possible dates (Aug 2022 to Jun 2023).

Figure 2: Volcano plot of features predicting agitation (cases) vs. non-agitation (controls) Figure 3: ROC curve of predictive model 1 for agitation among Alzheimer’s patients (n=1,936)

Model 2Model 1

110148No. features
0.01260.0054Penalization parameter (λ)

Predicted probabilities (%)
72.0%76.3%Cases
28.0%23.7%Controls
44.0%52.6%Mean difference

Fit statistics
0.18340.1740Mean squared error
0.4640.535Deviance ratio (pseudo-r2)

*Model 1 is “best” model with lowest MSE. Model 2 is “recommended” model which has smallest feature set among 
models with λ within 1 SD of “best” model (SD(λ)=0.0072)
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Methods

Results: Final predictive model
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Results: Feature identification

•A total of 35,719 features were tested (14,266 NDC codes, 14,332 

ICD codes, and 7,121 CPT codes), of which 262 were associated 

with agitation status, after controlling for age, sex and 

comorbidities. Fig 2 shows the distribution of features after FDR 

correction by effect size (OR) vs. log p-value.

•Significant features were further narrowed by LASSO regression 

models that optimized model fit via lowest MSE (model 1) or 

balanced model fit and parameter regularization via 5-fold cross-

validation (model 2).2 The final models included 148 and 110 

features, respectively.

•The strongest predictors in the final model were exposure 

to/vaccine uptake for COVID-19 and diagnoses of and 

antidepressant/antipsychotic treatment for depression/anxiety.

•The final best fit model (model 1) achieved 83.5% sensitivity and 

90.3% specificity in predicting actual agitation.

Table 2: Top features selected by LASSO full prediction model using best fit approach (model 1)

Beta coefficientType

2.360Drug (NDC)Fluad quadrivalent vaccine
1.984Diagnosis (ICD)Acute cough (R05.1)
1.888Drug (NDC)Fluzone quadrivalent vaccine
1.643Diagnosis (ICD)Depression, unspecified (F32.A)
1.609Drug (NDC)Risperidone (atypical antipsychotic)
1.601Procedure (CPT)Care coordination and physician-patient interaction
1.497Drug (NDC)Atorvastatin (lipid lowering medication)
1.436Drug (NDC)Latanoprost solution (glaucoma medication)
1.393Diagnosis (ICD)Personal history of COVID-19 (Z86.16)
1.346Diagnosis (ICD)Cough, unspecified (R05.9)
1.321Diagnosis (ICD)Low back pain, unspecified (M54.50)
1.304Drug (NDC)Mirtazapine (antidepressant)
1.286Drug (NDC)Potassium Cl (mineral supplement)
1.226Procedure (CPT)20min non-complex chronic care management

Findings show that COVID-19-

related exposure and health care 

services were strong predictors of 

agitation. These and other features 

will need to be validated in future 

work.


