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Abstract

Background: Using billing data generated through health care delivery to identify individuals with dementia has become important in research. 
To inform tradeoffs between approaches, we tested the validity of different Medicare claims-based algorithms.
Methods: We included 5 784 Medicare-enrolled, Health and Retirement Study participants aged older than 65  years in 2012 clinically 
assessed for cognitive status over multiple waves and determined performance characteristics of different claims-based algorithms.
Results: Positive predictive value (PPV) of claims ranged from 53.8% to 70.3% and was highest using a revised algorithm and 1 year of 
observation. The tradeoff of greater PPV was lower sensitivity; sensitivity could be maximized using 3 years of observation. All algorithms 
had low sensitivity (31.3%–56.8%) and high specificity (92.3%–98.0%). Algorithm test performance varied by participant characteristics, 
including age and race.
Conclusion: Revised algorithms for dementia diagnosis using Medicare administrative data have reasonable accuracy for research purposes, 
but investigators should be cognizant of the tradeoffs in accuracy among the approaches they consider.
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Background

Alzheimer’s disease and related dementias (ADRDs, hereafter re-
ferred to as dementia) are debilitating conditions characterized by 
a decline in memory and other cognitive domains leading to pro-
gressive loss of independence. There are 6.2 million Americans living 
with dementia in 2021, nearly two thirds are 75 years and older and 
70% are community-dwelling (1). With the baby boomer generation 
turning age 75 in 2021, this number will expand rapidly to 7.1 mil-
lion by 2025 and 13.8 million by 2050 (1,2). Given these projec-
tions, it is critically important for clinical improvement, health care 
research, and reimbursement to be able to identify people living with 
dementia accurately using billing data generated through the de-
livery of care (3,4). These data are also used to identify people living 

with dementia for pragmatic clinical trials, population management, 
and to update population prevalence estimates because they are in-
clusive of all older adults who receive care through Medicare entitle-
ment, including groups who may not typically volunteer for studies, 
such as racial and ethnic minorities (5,6).

The Center for Medicare and Medicaid Services’ Chronic 
Conditions Warehouse (CCW) created an algorithm to support the 
use of Medicare claims data to identify people with dementia based 
on validation studies of billing practices in the 1990s (7–9). With 
changes in clinical practice and greater attention on dementia, the 
test performance of claims may have changed, especially now that 
more diagnoses can be documented on bills. The CCW algorithm 
requires only one claim to address potential underdiagnosis, which 
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may lead to lower specificity, and it also does not include Lewy Body 
dementia. To increase sensitivity, the CCW algorithm uses 3 years of 
consecutive Medicare claims data (7,9). But this longer observation 
period is often not practical for uses such as enrollment in pragmatic 
trials or in policy and health services research.

In this context, we tested the performance of new algorithms to 
identify individuals with dementia that address limitations of the 
CCW algorithm and inform the tradeoffs among different dementia 
algorithms using the Health and Retirement Study (HRS) as the ref-
erence standard. We further assessed the validity of 1- and 3-year 
observation periods and stratified by population subgroups (ie, age, 
gender, race/ethnicity, and respondent type). This evaluation focused 
on the time period when ICD-9 codes were in use to reduce the 
number of factors that may alter validity, but will serve as a point of 
comparison for future evaluations of the International Classification 
of Diseases, 10th Revision (ICD-10) coding system.

Method

Data Source
We used data from the HRS linked to Medicare enrollment and 
claims data. The HRS is a nationally representative, longitudinal 
study of adults aged 51 and older interviewed biennially since 1992 
with waves of new participants enrolled periodically to maintain 
a steady-state cohort. To minimize loss to follow-up, proxy inter-
views are conducted, usually with a spouse or family member, if a 
respondent is unable or unwilling to complete a self-interview. We 
obtained Medicare data from 2010 to 2014 (ie, the last full year of 
ICD-9-CM coding in the United States) for beneficiaries aged 65 and 
older enrolled in the Medicare fee-for-service (FFS) program.

Informed consent was obtained from all participants upon study 
enrollment and upon Medicare eligibility for linkage to Medicare data; 
88% of participants consented to Medicare linkage (10). The Institutional 
Review Board at the University of Michigan approved this study.

Study Participants
We studied participants of the 2012 survey wave and constructed 
2 observation periods to look for ADRD diagnoses in Medicare 
claims. The 1-year window comprised 5 784 participants who were 
aged 65.5 years or older and continuously enrolled in Medicare FFS 
Part A and Part B for 6 months before and 6 months following their 
HRS interview or until death. The 3-year window comprised 5 315 
participants with the same eligibility, but for 18 months before and 
18 months following their HRS interview or until death.

We obtained sociodemographic and health characteristics of the 
cohort in 2012, including age, sex, self-reported race/ethnicity, edu-
cational attainment, residence in the community or nursing home/
other facilities, urban/rural location, and respondent type (self or 
proxy). Health factors included limitations in activities of daily 
living (ADLs) and instrumental activities of daily living (IADLs), 
self or proxy-reported health status, and CCW chronic conditions 
(claims-based flags from the chronic conditions segment of the 
Master Beneficiary Summary File). We also report death within 
6 months and 1 year of the HRS interview date.

HRS Cognitive Status—Reference Standard
We used the HRS cognitive status as the reference standard using 
validated methods developed by Langa, Kabeto, and Weir (LKW 
method) (11,12). This method uses validated cognitive and func-
tional assessments of participants to label individuals as having 

dementia, cognitive impairment not dementia (CIND), or normal 
cognitive function. For self-respondents, the LKW method uses 
measures of immediate and delayed word recall, serial-7 subtrac-
tion, and backward counting from 20 using the modified Telephone 
Interview for Cognitive Status. These measures are used to derive a 
27-point cognitive scale classifying self-respondents as having de-
mentia (0–6 points), CIND (7–11 points), or normal (12–27), with 
cutpoints validated against the Aging, Demographics, and Memory 
Study (ADAMS), an HRS substudy that included in-person neuro-
psychological and clinical assessments with expert adjudication to 
determine dementia diagnosis (13). For participants with proxy re-
spondents, the LKW method uses INFORMATION ON whether 
cognitive limitation was the reason for a proxy interview, and the 
proxy’s assessment of the participant’s memory and difficulties with 
IADLs. The proxy cognition score is an 11-point scale classifying 
participants as having dementia (6–11 points), CIND (3–5 points), 
or normal (0–2) (11,12).

HRS cognitive status for each participant was assessed across 
4 survey waves (2006–2012). To reduce measurement error related 
to cognitive test performance, a participant identified as having de-
mentia with continued evidence of dementia or CIND in any wave 
was considered a dementia case in 2012 (14–16). CIND was assessed 
in 2012 alone because this reflects a more transient state, whereby 
some people get better, some deteriorate, and others stay the same.

CCW ADRD Algorithm
The CCW ADRD flag is available to researchers on the chronic con-
dition segment of the Medicare Beneficiary Annual Summary File. 
This flag is based on an algorithm developed by Tayor et al. USING 
CLAIMS FROM  the early 1990s (7) and validated in ADAMS using 
Medicare claims through 2005 (8). The CCW ADRD algorithm uses 
a 3-year observation period to flag records of beneficiaries who had 
at least one eligible Medicare claim with an ICD-9-CM diagnosis 
code listed in Table 1. Eligible claims include any hospital, skilled 
nursing facility, hospital outpatient, and home health episode as well 
as any Carrier file service (professional services, labs, and tests) ex-
cept for durable medical equipment and ambulance services, which 
are excluded. Hospice claims are not included (9).

Bynum ADRD Algorithms
We evaluated whether modifications to the CCW algorithm im-
proved classification of ADRD status by (a) shortening the obser-
vation period from 3 years to 1 year; (b) adding diagnosis codes for 
dementia with Lewy Bodies (331.82), other cerebral degeneration 
(331.89), and other nonspecified senile psychosis (290.8) based on 
discussion with experts in the field; and (c) modifying the claims 
input files by adding hospice claims and including only encounters in 
the hospital outpatient file (HOF) by underserved populations who 
receive care from Federally Qualified Health Centers, Rural Health 
Centers, and Critical Access Hospitals under payment option II.

We then constructed 2 new algorithms designed to address the 
potential for low specificity of the CCW algorithm (Table 1). In 
both algorithms, individuals are flagged with dementia if there is 
at least one qualifying claim for hospital inpatient, skilled nursing 
facility, home health care, or hospice service. In the first algo-
rithm (Bynum-EM), beneficiaries could additionally be flagged 
if they had at least one claim for a face-to-face patient visit by a 
physician or other clinician determined by Berenson-Eggers Type 
of Service codes for “evaluation and management” (EM) services 
in the Carrier file or a qualifying visit in the HOF file. The second 
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algorithm (Bynum-Standard) mimics other comorbidity algorithms 
by requiring 2 claims for any type of service in the Carrier file or 
qualifying HOF encounters by underserved populations described 
above that were at least 7 days apart to account for potential mis-
classification resulting from “rule out” diagnoses (15–17).

Statistical Analysis
We described the characteristics of the HRS 2012 FFS cohort by 
cognitive status. We then conducted a head-to-head comparison of 
the performance of the claims-based algorithms (CCW, Bynum-EM, 
Bynum-Standard in 3- and 1-year claims observation periods) using 
the HRS-designated dementia status as the reference standard. We 
report sensitivity, specificity, positive predictive value (PPV), negative 
predictive value (NPV), and percent agreement. We also report the 
Youden Index, a summary measure that combines sensitivity and 
specificity, which gives equal weight to false positives and false nega-
tives and reflects the proportion of total misclassified results (18). We 
selected the algorithm with the best PPV and assessed its perform-
ance by population subgroup (ie, by age, gender, race/ethnicity, and 
respondent type). We then compared the claims-identified dementia 
population prevalence and characteristics to the population with de-
mentia identified by the HRS LKW method.

In secondary analyses, we assessed the performance of (a) the 
best performing claims-based algorithm identified above against 
HRS “Dementia or CIND” as the reference standard as opposed to 
Dementia only and (b) the Mild Cognitive Impairment diagnosis 
(ICD-9 code 331.83) against the HRS cognitive status of “CIND.”

All analyses were performed using SAS 9.4 survey procedures 
(SAS Institute, Cary, NC) to account for the complex sampling design 
of HRS. Sampling weights were constructed for this analysis so that 
the sample of age-eligible Medicare enrollees with claims linkage re-
flect national estimates of Medicare beneficiaries aged 65 years or older 
when the weights are applied. Overall, 98% of HRS respondents aged 
65 years or older are enrolled in Medicare, and 93% of those individ-
uals are successfully linked to their Medicare records. However, HRS 
linkage rates vary by age with linkage rates exceeding 97% for respond-
ents aged 85 and older, but are only 86% for those aged 65–69. Linkage 
rates are also about 5% lower among Black respondents but shown to 
be generally unrelated to cognitive status (19). New sampling weights 
were constructed to take into account the probabilities of selection and 
to adjust for the characteristics related to differential nonlinkage in HRS 
Medicare data. All results are weighted to reflect national estimates; un-
weighted sample sizes are presented when appropriate.

Results

Table 2 presents the characteristics of the eligible FFS HRS 2012 
cohort by cognitive status for the 1-year cohort, which included  
5 784 participants representing an estimated 25.5 million Medicare 
beneficiaries nationwide. The prevalence of dementia was 12.9% 
in this cohort. Compared to those with normal cognitive status, 
beneficiaries with dementia and CIND were more likely to be older, 
of non-White race, have lower educational attainment, and have 
chronic conditions. Beneficiaries with dementia more often resided 
in a nursing home or other health care facility, had impairments on 
3 or more ADLs and IADLs, reported fair or poor health, and were 
represented by a proxy. Overall, 16.4% of beneficiaries with de-
mentia had died within 1 year of their interview compared to 2.5% 
with normal cognition. Characteristics of the 3-year cohort were 
similar (Supplementary Table 1).Ta
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Table 3 presents the test performance of each algorithm relative 
to the reference standard. All algorithms that used 3 years of obser-
vation achieved similar percentage agreement; however, the Bynum-
Standard had significantly higher specificity, resulting in higher PPV. 
The Bynum-EM algorithm yielded a prevalence estimate (12.7%) 
that aligned closely with the HRS national dementia prevalence 
(12.9%), whereas the CCW overestimated prevalence by 1.8% and 
the standard approach underestimated by 1.6%. The highest PPV 
and percentage agreement was achieved using the Bynum-Standard 
1-year observation algorithm (PPV = 70.3%) at the cost of lower 
sensitivity and population prevalence estimate. Across all algorithms, 
sensitivity was generally low (range, 31.3%–56.8%) and specificity 
was high (range, 92.3–98.0%). Youden Indices were low (range, 
0.293–0.491), largely reflecting the overall low sensitivity of these 
algorithms. Supplementary Table 2 provides the unweighted sample 
sizes for each algorithm flag and observation period according to 
participants’ HRS cognitive status of dementia, CIND and normal.

Figure 1 and Supplementary Figure 1 further illustrate the per-
formance characteristics of the Bynum-Standard 1-year algorithm, 
which had the highest PPV on average in important subgroups. The 
algorithm’s PPV was higher among Black beneficiaries than it is for 
their White counterparts, driven by its low sensitivity but high speci-
ficity (Supplementary Figure 1); that is, when this algorithm identi-
fies a person who is Black as having dementia it is more likely to be 
a correct diagnosis as measured by HRS. Findings for Hispanics are 
similar but with broad confidence intervals. Additionally, the PPV is 
higher for people aged 85 and older and very high for people rep-
resented by a proxy. The low PPV for self-respondents, due to par-
ticularly low sensitivity, is highly notable, as is the particularly low 
sensitivity and broad confidence intervals in the group aged 65–74.

Table 4 presents the characteristics of older adults with ADRD 
in FFS Medicare when claims data are used to identify dementia 
status. Compared to the national estimates generated using the HRS 
clinical assessment to identify dementia (in Table 2), all claims algo-
rithms underestimated cases among those with lower educational at-
tainment and rural residence and overestimate comorbidity. They all 
underestimated cases among minority individuals although a greater 
proportion of Black beneficiaries are identified using the 1-year al-
gorithms. The 1-year algorithms also identified a greater proportion 
of people with characteristics of more severe dementia including 
proxy representation, residing in nursing homes or other facilities, 
more functional impairments, and higher proportion of individuals 
who died within 6 months and 1 year of HRS interview. Overall, the 
characteristics of individuals with dementia more closely approxi-
mate the HRS dementia designation using the 1-year algorithms 
despite having significantly lower population prevalence estimation 
than HRS.

In the secondary analysis, claims algorithms identifying cogni-
tive impairment, which included the HRS designation of “dementia” 
or “CIND,” had low sensitivity (range, 17.2%–36.6%). PPV (range, 
78.6%–89.3%) and specificity (95.5%–99.1%) were higher than for 
detecting dementia alone, which may make claims useful for ruling 
out cognitive impairment (Supplementary Table 3). The MCI diag-
nosis code yielded very low sensitivity (0.03%) for the HRS CIND 
status (Supplementary Table 4).

Discussion

Revised Medicare claims algorithms have reasonable accuracy for 
identifying people with dementia for research purposes but investi-
gators should be cognizant of the tradeoffs among the approaches 
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Figure 1. Predictive value positive and predictive value negative of the 
Bynum-standard 1-year algorithm by characteristics. PPV  =  positive 
predictive value; NPV = negative predictive value.

they consider. Using the HRS clinical assessment as the reference 
standard among fee-for-service Medicare beneficiaries, we find that 
applying an algorithm that mirrors those used for other chronic 
conditions (ie, 1 year of observation and requiring 1 Part A claim 
or 2 Part B claims with a revised list of included diagnoses) yields 
a high PPV, meaning more accurate diagnosis than the commonly 
used CCW ADRD flag, especially among minority individuals, older 
adults, and those with more severe disease. However, the tradeoff is 
lower sensitivity for mild disease and therefore it may be less appro-
priate for use to generate national population prevalence estimates.

There are several reasons the performance of the revised 1-year 
algorithm differs from the CCW approach validated in previous re-
search (7,8). The Taylor algorithm validated against the ADAMS 
HRS subsample, as a gold rather than reference standard, had a 
higher underlying prevalence of dementia. The algorithm achieved 
high sensitivity (85%), but lower specificity (89%) and low PPV 
(56%) (8). The main priority was to maximize sensitivity due to 
underdiagnosis and biases against using ADRD diagnostic codes re-
lated to reimbursement rules, which no longer exist. We find that in 
the later period, sensitivity prioritization is less needed and we can 
gain specificity, which limits false positives and improves PPV.

Medicare claims and other administrative data are valuable re-
sources for the rapid identification of people with dementia to target 
specific populations for population management, quality initiatives, 
or enrollment in pragmatic clinical trials (6,20,21). In the policy 
context, they are also used to risk adjust payments (22). When al-
gorithms are used for these purposes, PPV and NPV are more rele-
vant measures of an algorithm’s performance than sensitivity and 
specificity (23,24). We found that the Bynum-Standard 1-year al-
gorithm, in particular, had the highest PPV with excellent specifi-
city and NPV. The greater specificity was also observed compared 
to the CCW algorithm by requiring 2 claims for services delivered 
outside of a facility, like other chronic condition algorithms in CCW, 
which reduces potential misclassification due to reversible symptoms 
or “rule-out” diagnoses (4,15,20,27). Using the 1-year observation 
period also decreases the number of people deemed ineligible due to 
transition to managed care or age below 68.

Using the Bynum-Standard 1-year algorithm, the population of 
people identified with dementia reflect more severe dementia than 
with the HRS clinical assessment. Reliance on claims-based algo-
rithms for identifying dementia has an inherent bias whereby people 
who are sicker, due to primary disease or comorbidity, have more op-
portunities through contact with the health care system to have their 

disease identified and billed (20). When compared to HRS-identified 
dementia cohort, the Bynum-Standard 1-year cohort were older, had 
more severe functional impairments, and were more likely to use 
a proxy respondent. For example, the PPV was exceptionally high 
(97.3%) among those represented by a proxy, which may be due to 
the high disease prevalence in this subgroup and that they likely re-
ceive assistance from care partners in clinic encounters, which may 
trigger a clinician to bill for dementia. The use of 3 years of claims 
mitigated this effect substantially.

The higher identification of less severe disease when using 3 years 
of claims data has the important advantage of leading to approxi-
mating national prevalence that more closely aligns with HRS es-
timates, despite being less accurate. All the 3-year algorithms were 
within 2% of the HRS population prevalence estimate, while the 
most specific one (Bynum-EM) was within 0.2%. Recent work by 
Jain et al. found that having multiple ADRD diagnosis codes when 
dispersed over time improved the likelihood of having cognitive im-
pairment in HRS (26). In fact, multiple codes dispersed over time 
were more predictive than the same number of codes in a short time 
frame suggesting that claims clustered together may suggest a tran-
sient confusional state in the absence of ADRD claims over time. 
They also found that having an ADRD diagnosis combined with a 
nursing home stay longer than 6 months was associated with having 
a cognitive impairment (26).

Yet the weakness of all of these algorithms is the under-
ascertainment of cases among Black individuals (15,16,25,27,28). 
Research consistently demonstrates that dementia ascertainment in 
racial and ethnic minorities is highest based on cognitive assessments 
and lowest based on claims diagnoses (15,16). The gap between the 
proportion of Black beneficiaries identified by HRS and claims was 
smallest using 1-year Bynum-Standard, while all were similarly poor 
among Hispanic beneficiaries. The reasons for these racial gaps may 
be related to differences in care-seeking due to stigma (29–31) but 
may also be due to how we identified dementia within the HRS data. 
A  recent study demonstrates that different methods of using HRS 
data lead to different estimates of dementia, the best approach by 
race uses probabilistic modeling (32). We chose to use the approach 
by Langa, Kabeto, and Weir, which uses directly measured assess-
ments to allow future translation to clinically interpretable pathways. 
But in all cases, the use of an imperfect reference standard rather 
than a gold standard may lead to an underestimate of diagnostic 
accuracy (24). Recent work by Power et al. compared the different 
dementia ascertainment strategies employed in HRS research using 
dementia diagnoses in ADAMS as the criterion standard (28). The 
LKW method had a sensitivity and specificity of 56% and 97%, re-
spectively, with an accuracy of 92%. However, analyses of important 
subpopulations found that sensitivity was higher among those who 
were female (68%), Black (84%), had less than a high school edu-
cation (57%), and had proxy respondents (84%) and specificity was 
lower in the first 2 groups (84% and 75%, respectively). Conversely, 
the sensitivity was lower among those who were male (44%), had a 
high school education or higher (54%), and self-respondents (31%) 
but specificity was not appreciably different (95%, 98%, and 97%, 
respectively) (28). Additional work by Gianattasio et al. (32) dem-
onstrated that algorithmic diagnoses such as the LKW method can 
introduce nonconservative differential bias, particularly when exam-
ining racial disparities.

Testing the predictive value of an algorithm in a subpopulation 
against even an imperfect reference standard allows us to be 
mindful that the identified population with claims may not 
be inclusive of all people with dementia. Consistent with other 
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studies, we found that, in addition to underrepresentation of ra-
cial/ethnic minorities, people with low education attainment are 
underrepresented (15,32,33). There is the potential to introduce 
health inequities or exacerbate health disparities if caution is 
not exercised when using claims data to study, payment, or de-
livery of care for people with dementia (27,34). Reasons for this 
are complex but include fewer medical encounters and missed 
or delayed dementia diagnosis resulting in a lower likelihood of 
racial/ethnic minorities having a dementia diagnosis on a claim 
(6,8,20,35,36). Therefore, providers and researchers who utilize 
this claims-based algorithm for dementia care programs should be 
mindful of ensuring there is a pathway to equitable care for these 
vulnerable populations.

Another nuanced point about understanding the performance of 
these claims algorithms is to recognize that this study presents per-
formance for a nationally representative cohort with an underlying 
prevalence of disease of 12.9%. However, our findings should be 
interpreted in the context of several additional limitations. First, the 
performance characteristics of these algorithms may not be general-
izable to Medicare Advantage claims, which were not available for 
this study. Reported dementia prevalence in Medicare Advantage 
was 5.6% based on the CCW algorithm with a 1-year observation 
period (37). Next, it is important to consider how coding practices 
vary across settings of care, specialties, and regions and the influ-
ence it may have on identifying dementia diagnosis and interpret-
ation of findings. Predictive values also depend directly on disease 
prevalence, which will vary from one setting to another affecting the 
performance of the algorithm (24). Settings with higher dementia 
prevalence will yield higher predictive values (24,38). Many studies 
conducted today occur in environments enriched with people living 
with dementia, such as in nursing homes, home care, or assisted 
living. Our findings can be used to estimate algorithm perform-
ance when applied to these settings of care. In hypothetical settings 
with dementia prevalence of 20%, 30%, or 50%, PPV of Bynum-
Standard algorithm is 76%, 87%, and 94%, respectively. Third, we 
elected to exclude antidementia medications from our algorithms. 
Requiring Medicare Part D further limits generalizability. However, 
Reuben et  al. (39) reported that they dropped antidementia 
medications from their algorithm because they produced a high 
false-positive rate.

In summary, we examined the performance characteristics of 
claims-based dementia algorithms using 3- and 1-year observa-
tion periods in a contemporary, nationally representative sample 
of Medicare FFS beneficiaries from the HRS. The Bynum-Standard 
1-year algorithm yielded better performance on PPV and specifi-
city with similar NPV to all other algorithms. This algorithm can 
be useful for rapid identification of Medicare beneficiaries with 
dementia, but should not be used to estimate dementia preva-
lence in populations. The Bynum-EM 3-year algorithm is best 
used in the context of estimating prevalence. All claims-based ap-
proaches have limitations when identifying people from minority 
backgrounds or have lower educational attainment. These revised 
algorithms have reasonable accuracy for research purposes but 
investigators should be cognizant of the tradeoffs among the ap-
proaches they consider.

Supplementary Material

Supplementary data are available at The Journals of Gerontology, 
Series A: Biological Sciences and Medical Sciences online.
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