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Abstract 

Background: Approximately half of people living with Alzheimer’s disease and related 

dementias are undiagnosed. 

Objective: To develop and validate algorithms that predict risk of undiagnosed dementia using 

electronic health record (EHR) and/or healthcare claims data.

Methods: Study participants were adult patients aged 65 years or older without evidence of 

dementia (diagnosis/medication) at baseline in two U.S. data sources: 1) Medicare claims (2010 

to 2021); 2) EHR and claims from a primary care network (2016 to 2023). We applied 

coefficients from an existing, validated EHR-based algorithm to predictors defined using 

Medicare claims and used machine learning to develop new EHR- and claims-based predictive 

models. We assessed model discrimination using c-statistics. 

Results: Study participants included 8,374,400 Medicare beneficiaries (mean [SD] age, 76 [7] 

years; 57% female) and 29,983 primary care patients (age: 75 [6] years; 56% female). Model 

discrimination was good when applying EHR-based coefficients to Medicare claims-based 

predictors (c-statistic [95% confidence interval]: 0.770 [0.767, 0.773]) and was improved by 

refitting the model (0.795 [0.792, 0.798]) with a small added benefit from incorporating new 

claims-based predictors (0.801 [0.799; 0.804]). Similarly, when both EHR and claims data were 

available, discrimination was improved by refitting the model with a small additional benefit 

from including new predictors, regardless of the data source (EHR, claims, or either).

Conclusions: A validated EHR-based algorithm predicted risk of undiagnosed dementia in 

Medicare claims with good discrimination. Model accuracy was improved by refitting and, to a 

lesser extent, by including novel predictors. 
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Introduction

Approximately 7 million adults in the U.S. are currently living with Alzheimer’s disease and 

related dementias (ADRD),1 but only half are diagnosed.2–6 Most people are diagnosed relatively 

late in the disease process, often in the context of a healthcare crisis that brings unmanaged 

symptoms to light. Earlier dementia diagnosis has many potential benefits for patients, families, 

clinicians, and healthcare systems.7–10 Patients can be assessed for reversible causes11 and 

eligibility for newer treatments, which are only approved for earlier-stage disease.12,13 Patients 

also can be involved in medical decision-making and planning for the future while they retain 

capacity.10 Caregivers can be provided with education and support, which can improve caregiver 

well-being.14,15 Clinicians can implement care plans to help patients maximize their quality of life 

and health,16–19 potentially reducing the risk of avoidable hospitalizations20 and risky behaviors 

such as driving.21,22 Healthcare systems may experience lower costs and higher patient 

satisfaction due to better care management.23,24 Lack of time and competing priorities during 

primary care visits are often cited as key barriers to recognizing and diagnosing dementia in the 

healthcare setting.3,8,25–27 

To support earlier dementia detection and diagnosis and help address time constraints, Barnes et 

al. developed an algorithm that uses structured electronic health record (EHR) data to identify 

individuals at greatest risk of having undiagnosed dementia.28 This algorithm—called the 

electronic health record Risk of Alzheimer’s and Dementia Assessment Rule (eRADAR)—has 

been validated in two healthcare systems and found to have high prognostic accuracy, with c-

statistics ranging from 0.79 to 0.84.29 In addition, the algorithm demonstrated consistent accuracy 

over time and in different races, ethnicities, and genders. 
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A limitation of eRADAR and other EHR-based models is that they typically are not evaluated 

using other data sources. For example, many insurers and researchers have access to healthcare 

claims data, rather than EHR data. Some settings have access to both EHR and claims data, but it 

is not known whether these data sources are interchangeable. It also is not known whether 

updating coefficients or incorporating new predictors results in meaningful prognostic 

improvement. Therefore, the primary goals of this study were to 1) determine the accuracy of the 

eRADAR model when applied in new data sources and 2) assess the impact of new predictors 

and coefficient calculations on model accuracy. 

Methods

Claims-Based Data Source

We used healthcare claims data from the Center for Medicare and Medicaid Services (CMS) 5% 

samples from 2010 to 2021. We created 10 unique cohorts that each included beneficiaries with 

three consecutive years of data (i.e., 2010 to 2012, 2011 to 2013, … 2019 to 2021). Within each 

cohort, data from the first two years were used to identify predictors of undiagnosed dementia, 

and the third year was used to determine the outcome of incident dementia diagnosis, with the 

assumption that those who received an incident dementia diagnosis during the calendar year 

were undiagnosed on January 1 of that year.29 Beneficiaries were included in a given cohort if 

they were: age 65 years or older for the entire three year period; enrolled for the entire three year 

period; had at least two claims from a primary care physician (PCP), specialist, urgent care, or 

emergency department visit during the two-year prediction period; and did not have hospice care 
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or a dementia diagnosis during the prediction period. Beneficiaries could be included in multiple 

cohorts if they met all eligibility criteria. 

Combined Data Source

A national value-based healthcare partner who cares for over 7 million patients and supports 

2800 providers in 26 states provided a dataset that included patients with three years of 

continuous data for both EHR and administrative claims from 2016 through 2023. For patients 

with more than three years of data, the most recent three years were provided. Similar to the 

claims-only analysis, measures from the first 2 years were used to identify predictors of 

undiagnosed dementia and the third year was used to determine the outcome of incident 

dementia diagnosis. Patients were excluded if they were not continuously enrolled with our 

partner for at least three consecutive years, were not 65 or older for the entire study period, had 

prevalent dementia or received hospice care during the two-year prediction period, or died during 

the study period. We created a single dataset of 29,983 eligible members with data on 

demographics (age and gender), vital signs (height, weight, and blood pressure), utilization 

(service date, current procedural terminology [CPT]/healthcare common procedure coding 

system [HCPCS] code), prescription drugs, and diagnoses from both EHR and claims sources for 

analyses. 

Variable Harmonization

For each variable in the original EHR-based eRADAR model, we created a harmonized variable 

using claims data. In many cases, we used the same International Classification of Diseases-9th or 

10th edition (ICD-9/10) codes that were used in eRADAR. For variables that were not originally 
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defined based on ICD codes, we developed claims-based proxies using existing literature and 

expert consultation. For example, we used ICD codes rather than vital signs to define obesity, 

underweight, and high blood pressure. Similarly, we used ICD codes rather than medication fills 

or prescriptions as proxies for use of anti-depressants or sleep medications. For healthcare 

utilization variables, we used HCPCS codes or Milliman's Health Cost Guidelines™, a 

proprietary software model that sorts medical and pharmacy claims data into hospital, surgical, 

medical, and other benefit service categories using Health Cost Guidelines (HCG) definitions. In 

addition, we created new claims-based predictor variables based on existing literature (e.g., 

Lancet Commission Report30) and internal team discussions. The complete list of predictor 

variables and their definitions in EHR and claims data is included in Supplemental Table 1. 

Analytic Approach

Claims-Based Model Development and Validation. For each of the 10 CMS cohorts, we fit six 

different models and compared how well they predicted the likelihood that a beneficiary was 

diagnosed with incident dementia during the year (i.e., had undiagnosed dementia at the 

beginning of the follow-up year). Model 1: Coefficients from the eRADAR model were applied 

to harmonized variables from claims data. Model 2: Logistic regression was performed using the 

Model 1 variables to calculate new coefficient values. Model 3: New claims-based predictors 

were combined with Model 1 predictors, and Least Absolute Shrinkage and Selection Operator 

(LASSO) regression was used for variable selection with the lambda value that provided the 

smallest cross-validated prediction error (LASSO min). Model 4: Same as Model 3, except 

LASSO used the largest lambda value whose error was within one standard deviation (SD) of the 

minimum error for variable selection (LASSO 1se). Model 5: These models used LASSO min 
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but required all the predictors from Model 1 to be included in the final model (i.e., the variable 

selection was only performed on the new predictors) (Restricted LASSO min). Model 6: These 

models used LASSO 1se but required all the predictors from Model 1 to be included in the final 

model (Restricted LASSO 1se).

To minimize the potential for over-fitting, we developed each model using data from one cohort 

and then applied the results to data from the subsequent cohort to validate model accuracy. For 

example, to predict the probability of a member having undiagnosed dementia on January 1, 

2015, we fit each model using data from the 2014 cohort (i.e., predictors from 2012 and 2013 

and outcomes from 2014) and applied the results to the 2015 cohort (i.e., predictors from 2013 

and 2014 and outcomes from 2015).

We compared discrimination of the models using c-statistics, also known as area under the 

receiver operating characteristic curve (AUC or ROC). We also calculated the c-statistics 

separately by race/ethnicity and sex/gender to determine whether model performance differed 

based on demographic characteristics. We calculated sensitivity, specificity, positive predictive 

value (PPV) and negative predictive value (NPV) as well as the actual and predicted probabilities 

of undiagnosed dementia at various thresholds and assessed calibration by plotting the proportion 

of incident dementia diagnoses by decile of predicted risk. 

Comparison of EHR- and Claims-Based Models. To assess the impact of data source (EHR 

and/or claims) on model accuracy, we selected the best-fitting model from the most recent 

Medicare cohort (“optimal Medicare model”) and tested it using the combined data source under 
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different scenarios. For each predictor in the selected model, we determined if it was present in 

EHR, claims, or either data source during the two-year prediction period. We summed the 

coefficients for predictors identified as present under each scenario to calculate risk scores. We 

then determined which patients were newly diagnosed with dementia during the outcome year. 

New dementia diagnosis could be in either EHR or claims so that each data source was 

predicting the same outcome. We also refit logistic regression models to calculate new 

coefficients for predictors from the optimal Medicare model separately for each data source. 

Finally, we refit logistic regression models considering the full list of potential predictors 

separately for EHR, claims, or either data source. We calculated c-statistics to assess overall 

model accuracy under each scenario.

Relative Importance of Variables Included. To help clarify which factors were driving 

predictions and the relative importance of specific predictors, we calculated population 

attributable fractions (PAFs)31,32 using the combined data source with predictors from the optimal 

Medicare model and refit coefficients. PAFs combine information on the prevalence of a given 

risk factor with the strength of its association with the outcome to estimate its relative 

importance. PAFs can be interpreted as estimating the hypothetical relative change in outcome 

prevalence (i.e., undiagnosed dementia) at the population level if the risk factor were to be 

eliminated (i.e., totally absent vs. present at the observed rate), with all other factors as observed. 

For example, elimination of a risk factor with a PAF of 20% would be hypothesized to result in a 

20% relative reduction in undiagnosed dementia in the population (e.g., from 10% to 8%).

IRB Approval
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All study procedures were approved by the Human Research Protection Program at the 

University of California, San Francisco (UCSF) (23-38575). 

Role of the Funding Source

This study was funded by a Small Business Innovation Research grant from the National 

Institutes of Aging at the National Institutes of Health (R44AG082605). The content is solely the 

responsibility of the authors and does not necessarily represent the official views of the National 

Institutes of Health. The funder was not involved with the study design; collection, analysis, or 

interpretation of data; or the decision to approve publication of the finished manuscript.

Results

Claims-Based Participants

The ten Medicare 5% sample cohorts had a mean (SD) number of 1,511,989 (40,456) unique 

patients, and the total across the cohorts was 15,121,141 patients (Supplemental Table 2). Of 

these, 6,746,725 (45%) were excluded because they did not have 3 consecutive years of data 

(18%), were less than 65 years old (16%), did not have adequate claims data during the 2-year 

predictor period (6%) or had claims for dementia or hospice during the predictor period (6%) 

leaving a final sample size of 8,374,400 eligible beneficiaries. Cohort members had a mean (SD) 

age of 76 (7) years; 57% were female, and the race/ethnicity distribution was 79% non-Hispanic 

white, 6% African American/black; 2% Asian; 1% Hispanic/Latino; 0.4% North American 

Native; and 13% another or unknown race/ethnicity (Table 1). The five most common comorbid 

conditions were hypertension (80%), hypercholesterolemia (79%), diabetes (32%), chronic 

pulmonary disease (27%), and hypothyroidism (26%). Approximately one-third (32%) had an 
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emergency department visit during the two-year predictor period. The prevalence of all 

predictors is provided in Supplemental Table 3.

Combined Data Source Participants

A total of 29,983 unique patients in the combined data source cohort had three consecutive years 

of both EHR and claims data (Table 1). They had a mean (SD) age of 75 (6) years, and 56% 

were female. Race/ethnicity data were not provided. We observed several differences in the 

prevalence of some predictor variables in the combined cohort compared to the Medicare cohort 

(Table 1, Supplemental Table 3). These included anti-depressants (54% vs. 15%), sleep aids 

(53% vs. 14%), tobacco use (38% vs. 23%), renal disease (27% vs. 16%), peripheral vascular 

disease (23% vs. 11%), and obesity (16% vs. 5%). Prevalence of most other predictor variables 

was comparable in the two data sources. 

Accuracy of Claims-Based Models

Model 1, in which the original eRADAR coefficients were applied to predictor variables 

redefined using claims, yielded an average c-statistic of 0.770 (95% confidence interval [CI]: 

0.767, 0.773) over the cohorts (outcomes from 2013 to 2021). Model 2, in which new 

coefficients were calculated for the Model 1 predictors, resulted in improvement in accuracy 

(average c-statistic: 0.795; 95% CI: 0.792, 0.798). Small additional improvements in c-statistics 

were observed in Models 3 to 6, which explored the impact of including new predictor variables 

under various scenarios (Table 2). The highest c-statistics were obtained using LASSO min, 

which included new predictors and updated coefficients without restrictions (average: 0.801 

[0.799, 0.804]). Full model coefficients for the original eRADAR model and LASSO Min 2021 
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(optimal Medicare model) are provided in Supplemental Table 4. Average c-statistics were 

similar for female and male beneficiaries but were slightly lower for black and Hispanic than 

white beneficiaries (Figure 1). 

In the LASSO 1se models, in which parsimony was prioritized over discrimination, many of the 

original eRADAR predictors were dropped from the model (Supplemental Table 4). These 

included gender, chronic pulmonary disease, hypothyroidism, renal failure, lymphoma, 

rheumatoid arthritis, blood loss anemia, tobacco use, atrial fibrillation, high BMI, high blood 

pressure, and sleep medication. When the original predictors were forced to remain in the model 

(Models 5 and 6), the only new variables that were always added were mild cognitive 

impairment (MCI) and Parkinson’s disease. When all potential predictors were allowed to 

compete with each other for inclusion (Models 3 and 4), additional variables that were always 

selected included delirium, peripheral vascular disease, seizure, and mental health visit. 

Sensitivity and PPV were slightly better in refit models, while specificity and NPV were similar 

across all models (Table 2). 

The calibration of the LASSO min model over decile of predicted risk averaged over the 10 

Medicare cohorts is shown in Supplemental Figure 1. Predicted risk of undiagnosed dementia 

using data from the two-year prediction period increased in a linear manner from <1% in the 

lowest decile to approximately 13% in the highest decile, and these values were comparable to 

actual rates of undiagnosed dementia observed during the outcome period. 
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Sensitivity for accurately identifying undiagnosed dementia at different risk score thresholds 

using data from the optimal Medicare model is shown in Figure 2. We estimated that targeted 

screening of patients with risk scores in the top 15% could potentially identify 54% of patients 

with undiagnosed dementia. Targeted screening of patients with risk scores in the top 35% could 

potentially identify nearly 80% of those with undiagnosed dementia. 

Comparison of Claims and EHR Data Sources

When we tested the optimal Medicare model in the combined data source with both EHR and 

claims data, we found that discrimination was slightly lower using EHR data (0.746 [0.731, 

0.762]) compared to claims data (0.763 [0.748, 0.777]) or both data sources (0.765 [0.750, 

0.779]). Discrimination was improved by refitting the model using the same predictors, with little 

difference based on data source (EHR: 0.766 [0.751, 0.780]); claims: 0.773 [0.759, 0.787]; 

either: 0.777 [0.762, 0.791]). Refitting the model using the full list of available predictors 

resulted in negligible additional improvements, regardless of the data source (EHR: 0.767 [0.752, 

0.781]; claims: 0.776 [0.762, 0.790]; either: 0.778 [0.764,0.792]) (Figure 3).

Relative Importance of Variables Included

Our analysis of PAFs revealed that the variables associated with the largest proportion of 

undiagnosed dementia included hypertension (17%), depression (11%)/antidepressants (6%), 

cerebrovascular disease (10%), peripheral vascular disease (8%), MCI (7%), and diabetes (5%). 

For comparison, the PAF for age was 8% per year. All other predictors had PAFs of <5% 

(Supplement Table 6). 
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Discussion

This study of more than 8 million Medicare beneficiaries and nearly 30,000 patients from a 

national primary care network found that both EHR and claims data can be used to predict a 

patient’s risk of undiagnosed dementia with accuracy comparable to many other prognostic 

algorithms such as those used to predict risk of cardiovascular disease,33,34 breast cancer,35,36 

mortality,37,38 and other health conditions.39 Application of coefficients from the publicly 

available, validated, EHR-based eRADAR algorithm28,29 to predictors defined using claims data 

yielded good prognostic accuracy, suggesting that the original algorithm is valid using either 

EHR or claims data. 

We also found that model accuracy was improved by refitting the data for a given population. 

This was true for both the Medicare cohorts and the primary care cohort and likely reflects 

differences in patient characteristics between populations that result in model improvements with 

slight reweighting of core predictors. We do not believe this improvement is due to over-fitting 

because, for each of the Medicare samples, we developed models in one cohort and then tested 

their accuracy (i.e., validated) in the subsequent cohort. Users seeking maximum accuracy for 

predicting undiagnosed dementia may choose to recalculate model coefficients using their own 

data. However, we note that this requires three years of consecutive data on a sample of at least 

10,000 older patients without prevalent dementia diagnoses as well as the ability to define the 

key predictors and run LASSO regression analyses. 

We were surprised that incorporation of new claims-based predictors had relatively little impact 

on model accuracy. This may reflect the comprehensiveness of the original list of predictors 
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considered for the eRADAR algorithm. The predictors that were most consistently included in 

new models were diagnoses of MCI and Parkinson’s disease, both of which are consistent with 

research identifying them as risk factors for dementia.40–43 People with MCI were excluded from 

the original eRADAR development and validation studies, but we decided to include these 

individuals in the present study since MCI is often a precursor to developing dementia.40 

Parkinson’s has been previously identified as a variable that should be considered for inclusion in 

future models.28 Most new predictors identified for inclusion were relatively rare in these cohorts, 

so their inclusion did not have a large impact on overall model accuracy. 

Although our modeling approach was predictive rather than etiologic, our PAF analysis provides 

some indication of the relative importance of various predictors. Factors with higher PAFs 

included hypertension, depression, cerebrovascular disease, peripheral vascular disease, MCI, 

and diabetes diagnoses. All these factors have been associated with increased dementia risk in 

prior studies, although MCI diagnoses may also reflect clinical awareness of existing cognitive 

decline.44–48 Future studies should assess the impact of interventions to reduce or address risk 

factors, particularly those that are modifiable. 

Numerous algorithms have been developed to predict risk of future dementia. A recently updated 

systematic review identified 74 dementia risk predictions models,49 of which more than 50 had 

been published since 2014. However, most include predictors that are not always readily 

available (e.g., education, apolipoprotein-E genotype), few were developed in population-

representative samples, and few have been externally validated. Twelve used EHR or claims 

data, but none of these were both representative and externally validated. The authors concluded 
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that there is an urgent need to develop a robust, validated prediction model in the general 

population that can be widely implemented in clinical practice to improve dementia detection 

and prevention. The algorithm described in this manuscript may address this need. 

Another recent systematic review identified “passive digital markers” for dementia, which are 

EHR-based algorithms that utilize existing healthcare data to support earlier detection and 

diagnosis.50 A total of 19 passive digital markers for dementia were identified, most of which 

were rated as having poor quality based on standard criteria. eRADAR was one of the highest-

rated algorithms in this review. Our current study validates eRADAR for use in claims data and 

also identifies strategies for improving its accuracy. 

This manuscript has several key strengths. First, we are unaware of any other validated 

predictive models that use claims data to identify patients at risk of having undiagnosed 

dementia. Second, our models were developed and validated using two large, national datasets. 

The Medicare 5% samples are nationally representative of older adults who receive healthcare in 

the U.S., and our analyses utilized 10 unique cohorts comprising more than 8 million individuals. 

Our primary care partner currently serves over 7 million patients in 26 states, and our analytic 

dataset included nearly 30,000 patients. Finally, we compared models within each cohort to 

assess the added value of recalculating model coefficients, including new predictors, and 

utilizing different data sources. Our finding that the greatest improvements in model accuracy are 

achieved by refitting the model in a given data source, with little additional value of adding new 

predictors or data sources, may help others who are interested in implementing a tool to support 

detection of undiagnosed dementia in their healthcare systems or networks.
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Our study also has limitations. Perhaps most importantly, this study illustrates clearly that there 

is unlikely to be a single model that fits all needs. In fact, we fit dozens of models that had 

similar discriminative ability over the course of performing this study. We also did not explore 

the impact of using other machine learning or artificial intelligence techniques, although our 

prior studies have found that there is typically relatively little gain in accuracy with these 

techniques compared to LASSO.44,45 Although our sample sizes were large, our Medicare sample 

had smaller numbers of Asian, Black, Hispanic, and North American Native individuals resulting 

in less precise estimates of model accuracy, and we did not have data on race or ethnicity in our 

combined data source sample. Future studies should consider reweighting or subgroup-specific 

calibration to maximize model accuracy in different populations. 

We chose to only consider new predictors with biological plausibility and to focus on structured 

rather than unstructured data elements. It is possible that inclusion of other predictors including 

free text could have improved prognostic ability; however, this would come at a cost of 

interpretability and transportability. A key advantage of our approach is the ability to apply the 

results in other settings with relative ease. We also recognize that some of the predictors (e.g., 

MCI, Parkinson’s disease) may identify individuals who are already known by clinicians to be at 

risk and not truly “unrecognized.” None-the-less, we believe that identification of these 

individuals could serve as a reminder to clinicians to follow up if needed, particularly given that 

treatments are more likely to be effective if started earlier in the disease process. Finally, a risk 

score alone is unlikely to change clinical practice. Additional studies are needed to determine the 

optimal strategies for implementing dementia risk algorithms in healthcare settings and sharing 
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risk prediction results with healthcare providers and patients to support earlier detection and 

diagnosis. 

Payers – both Medicare and private insurers – are increasingly interested in early detection of 

cognitive decline, but the time and resource challenges of broad screening remain. With growing 

accuracy of digital diagnostics and blood-based biomarkers,51 drugs such as lecanemab and 

donanemab that are showing efficacy for some early-stage patients,52,53 and lifestyle-based 

interventions that are proving to be effective,54,55 the financial value of early intervention is 

becoming more apparent.56 A claims-based tool that accurately identifies patients at increased 

risk of undiagnosed dementia could enable new implementation models designed to identify 

high-risk individuals in the background without increasing the immediate burden on primary care 

physicians. For example, payers could initiate direct outreach to patients to provide education, 

address potential fears and concerns about stigma, and sensitively encourage those at highest risk 

to seek cognitive screening and treatment. High-risk patients also could also be provided with 

access to targeted care management to address risk factors, provide diagnoses, and manage 

symptoms. 

In conclusion, this study demonstrated that both EHR and healthcare claims data can be utilized 

to create risk scores for undiagnosed dementia that have good to excellent prognostic accuracy. 

These models can be optimized by recalculating coefficients using local data; however, accuracy 

without refitting is still comparable to other commonly used prognostic models. Healthcare plans 

and provider networks could potentially utilize this approach to support earlier detection and 

diagnosis of dementia in their patients.
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Table 1. Characteristics of Claims-Based and Combined Data Source Cohorts*

Characteristic Claims-Based Cohorts

(N=8,374,400)†

Combined Data Source 

Cohort

(N=29,983)‡

Demographics

Age, years 75.9 (6.9) 75.0 (6.2)

Sex/gender, female 4,637,916 (57.1) 16,786 (56.0)

Race/ethnicity Not provided

   Asian 126,252 (1.5)

   Black 485,978 (5.8)

   Hispanic/Latino 84,011 (1.0)

   North American Native 33,535 (0.4)

   White 6,591,751 (78.7)

   Unknown or another race/ethnicity 1,052,874 (12.6)

Most Prevalent Predictors§

Hypercholesterolemia           6,595,026 (78.8) 26,261 (87.6)

Hypertension           6,706,035 (80.1) 24,357 (81.2)

Anti-depressants           1,289,328 (15.4) 16,103 (53.7)

Sleep medications           1,204,285 (14.4) 15,840 (52.8)

Tobacco use           1,893,052 (22.6) 11,506 (38.4)

Emergency department visit           2,723,885 (32.5) 9,036 (30.1)

Diabetes           2,666,579 (31.8) 8,264 (27.6)

Renal disease           1,347,472 (16.1) 8,062 (26.9)
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Chronic pulmonary disease           2,240,200 (26.8) 7,652 (25.5)

Hypothyroidism           2,207,232 (26.4) 7,677 (25.6)

Tumor without metastases           2,207,232 (22.9) 4,660 (15.5)

Obesity           1,593,849 (19.0) 4,862 (16.2)

Cerebrovascular disease           1,577,796 (18.8) 5,088 (17.0)

*Values reflect mean (SD) or N (%). 

†Average values over Medicare 5% sample cohorts from 2012 to 2021. 

‡Values in subset of patients with both electronic health record (EHR) and claims data available 

for analysis. 

§See Supplemental Table 2 for prevalence of all predictors considered. 
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Table 2. Comparison of Model Statistics*

Sensitivity Specificity PPV NPV c-statistic 

(95% CI)

Medicare 2021 Cohort

Model 1. Original predictors,† original coefficients 47.9 86.0 9.1 98.5 0.770 (0.767, 

0.773)

Model 2. Original predictors,† refit coefficients 52.6 86.1 10.0 98.6 0.795 (0.792, 

0.798)

Model 3. New predictors, refit coefficients (LASSO 

min)

53.8 86.1 10.2 98.7 0.801 (0.799, 

0.804)

Model 4. New predictors, refit coefficients (LASSO 

1se)

53.2 86.1 10.1 98.6 0.798 (0.795, 

0.801)

Model 5. New predictors, refit coefficients, Model 1 

predictors required (restricted LASSO min)

53.8 86.1 10.2 98.7 0.801 (0.795, 

0.804)

Model 6. New predictors, refit coefficients, Model 1 

predictors required (restricted LASSO 1se)

52.9 86.1 10.0 98.6 0.797 (0.794, 

0.800)

Mixed Data Cohort

Optimal Medicare model predictors and 

coefficients‡

Predictors in EHR 43.6 85.9 9.2 97.9 0.746 (0.731, 

0.762) 

Predictors in claims 44.5 86.0 9.4 97.9 0.763 (0.748, 

0.777)

Predictors in either EHR or claims 45.7 86.0 9.7 98.0 0.765 (0.750, 

0.779)
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Optimal Medicare model predictors, refit 

coefficients

Predictors in EHR 45.7 86.0 9.7 98.0 0.766 (0.751, 

0.780)

Predictors in claims 47.1 86.1 10.0 98.0 0.773 (0.759, 
0.787)

Predictors in either EHR or claims 47.6 86.1 10.1 98.0 0.777 (0.762, 
0.791)

All potential predictors, refit coefficients

Predictors in EHR 46.3 86.0 9.8 98.0 0.767 (0.752, 

0.781) 

Predictors in claims 46.1 86.0 9.8 98.0 0.776 (0.762, 

0.790) 

Predictors in either EHR or claims 47.0 86.0 10.0 98.0 0.778 (0.764, 

0.792)

*Sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) calculated using the 
85th percentile as the threshold. CI, confidence interval.
†“Original predictors” refers to predictor variables from the original eRADAR model, defined using the available 
data source. See Supplemental Table 1 definitions.
‡See Supplemental Table 5 claims-based coefficients.
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Figures. 

Figure 1. Accuracy of Claims-Based Algorithms for Predicting Undiagnosed Dementia

C-statistics and 95% confidence intervals are shown from the LASSO min models averaged over 

the 10 Medicare cohorts overall and stratified by gender and race/ethnicity. The overall c-statistic 

was 0.801 [0.799, 0.804]. C-statistics were similar for females (0.803 [0.800, 0.807]) and males 

(0.796 [0.792, 0.801]), but were slightly lower for Asian (0.787 [0.766, 0.807]), Black (0.779 

[0.769, 0.790]), Hispanic (0.778 [0.756, 0.800]), and North American Native (0.779 [0.736, 

0.822]) than White (0.803 [0.800, 0.806]) individuals. 

Figure 2. Sensitivity for Detecting Undiagnosed Dementia at Varying Screening Thresholds

The solid blue line shows the proportion of patients with undiagnosed dementia that would be 

identified at various risk score screening thresholds using data from the optimal Medicare 

(LASSO min 2021) model. The dotted blue lines show that 54% of patients with undiagnosed 

dementia would be correctly identified using 15% as the screening threshold, and 79% of 

patients with undiagnosed dementia would be correctly identified using 35% as the screening 

threshold. 

Figure 3. Comparison of Model Discrimination Using Different Data Sources

Receiver operating characteristic (ROC) curves are shown under different data source scenarios. 

Discrimination is slightly lower using electronic health record (EHR) data (blue line) than claims 

data (red line) with predictors and coefficients from the optimal Medicare model. Discrimination 

is improved by refitting the optimal Medicare model (green and yellow lines) and by considering 

new predictors (purple and orange lines) regardless of data source. 
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