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Abstract

Introduction: Formal dementia ascertainment with research criteria is resource-intensive, 

prompting growing use of alternative approaches. Our objective was to illustrate the potential bias 

and implications for study conclusions introduced through use of alternate dementia ascertainment 

approaches.

Methods: We compared dementia prevalence and risk factor associations obtained using 

criterion-standard dementia diagnoses to those obtained using algorithmic or Medicare-based 

dementia ascertainment in participants of the baseline visit of the Aging, Demographics, and 

Memory Study (ADAMS), a Health and Retirement Study (HRS) sub-study.

Results: Estimates of dementia prevalence derived using algorithmic or Medicare-based 

ascertainment differ substantially from those obtained using criterion-standard ascertainment. Use 

of algorithmic or Medicare-based dementia ascertainment can, but does not always lead to risk-

factor associations that substantially differ from those obtained using criterion-standard 

ascertainment.

Discussion/Conclusions: Absolute estimates of dementia prevalence should rely on samples 

with formal dementia ascertainment. Use of multiple algorithms is recommended for risk-factor 

studies when formal dementia ascertainment is not available.
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Introduction

Observational research on dementia relies on accurate determination of which participants 

do or do not have dementia. Traditionally, dementia ascertainment for research has relied on 

consensus diagnoses based on application of formal diagnostic criteria to data collected from 

in-person, study-based examinations.[1–4] We will refer to this approach as the “criterion 

standard” diagnosis. However, this approach is time-consuming, costly, and typically cannot 

be applied retroactively. Thus, researchers are increasingly relying on alternate forms of 

dementia ascertainment.

Researchers who rely on diagnoses generated during clinical care typically examine 

electronic medical records or claims databases for specific ICD-9 or ICD-10 codes related to 

dementia. Participants with those codes are classified as having dementia.[5–7] Algorithmic 

diagnoses are a second option, and often take one of two forms. In the first, researchers 

generate a score summarizing performance on cognitive or cognitive and functional 

assessments[8, 9]; those scoring below the threshold are classified as having cognitive 

impairment or dementia. In the second, a prediction algorithm is developed using broadly 

available data to predict criterion-standard diagnoses obtained in a subset of participants. 

The relevant characteristics from new observations are fed into the algorithm to obtain 

predicted probabilities. These probabilities are then used to classify participants as having or 

not having dementia.[9–11]

Compared to the criterion-standard approach, overall sensitivity of alternate dementia 

ascertainment strategies is typically between 50 and 80%, while specificity is often >90%,

[12–16] However, these overall measures mask potentially wide and important differences in 

measurement error across sub-groups of interest.[15] This can lead to substantial and non-

conservative bias, and subsequently to incorrect conclusions, due to differential 

misclassification.[17] Thus, our objective is to illustrate the potential extent of bias in 

estimates of prevalence and risk-factor associations resulting from use of algorithmic or 

Medicare-based approaches as a surrogate for criterion-standard dementia ascertainment in 

the nationally-representative Health and Retirement Study (HRS).

Materials and Methods

Study sample

We use data from participants of the Health and Retirement Study (HRS) and an HRS sub-

study, the Aging, Demographics, and Memory Study (ADAMS). HRS is a U.S. 

representative longitudinal cohort study of older adults which began in 1992 and which has 

enrolled new participants approximately every 6 years.[18, 19] Data on sociodemographic 

and socioeconomic factors, health and health-related behaviors, cognitive testing, and 

functional status are collected from participants approximately every 2 years. Proxy 
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interviews are conducted for participants who are unwilling or unable to respond for 

themselves. HRS participants aged ≥70 years who completed the 2000 or 2002 HRS 

questionnaires were sampled for inclusion in ADAMS using a stratified random sampling 

approach. Ultimately, of the 1,770 sampled, 856 HRS participants were enrolled and 

completed initial assessment (Wave A, 2001–2003), which included systematic, in-person 

dementia ascertainment according to standard criteria.[20, 21]

Criterion-Standard Dementia Ascertainment

ADAMS dementia diagnoses were assigned according to DSM-III-R and DSM-IV criteria 

and confirmed by a consensus expert panel.[20–22] Here, we consider the ADAMS 

diagnoses to be the criterion-standard diagnoses against which performance of all other 

dementia ascertainment approaches are compared.

Algorithmic Dementia Ascertainment

We applied five existing algorithms previously created by other research groups (i.e. Herzog-

Wallace (H-W)[8], Langa-Kabeto-Weir (L-K-W)[9], Wu[11], Crimmins[9], and Hurd[10]) 

to ascertain dementia status for each ADAMS/HRS participant at the time of the ADAMS 

wave A assessment. These algorithms have previously been shown to have substantial 

variability in sensitivity and specificity across population subgroups.[15] Details of how we 

applied these algorithms to determine dementia status are available in our previous work.

[15] Briefly, for H-W and L-K-W, we compute a score for each participant based on HRS 

cognitive and functional data, and apply published cut-offs to classify persons as demented 

or non-demented. Wu, Crimmins, and Hurd, are regression-based algorithms. For Wu and 

Crimmins we apply published model coefficients to compute predicted probabilities of 

dementia, and for Hurd we use the predicted probabilities published on the HRS website. 

Given lack of recommended alternate cut-offs, we classify those with a predicted probability 

of dementia >50% as having dementia. Details of each algorithm and its current 

implementation are provided elsewhere,[8–11, 15] and code to reproduce these algorithmic 

classifications are available on GitHub (https://github.com/powerepilab/

AD_algorithm_comparison).

We also classified persons as having dementia according to three new regression-based 

algorithms we recently developed (i.e. Expert Model, LASSO, and Modified Hurd). 

[23]Unlike prior algorithms, these algorithms were developed for use in race/ethnic 

disparities research and have similar out-of-sample sensitivity and specificity across the 

three major race/ethnicity (non-Hispanic whites, non-Hispanic blacks, and Hispanics).[23] 

For each algorithm, participants were classified as having dementia if they had a probability 

of dementia above a specified race-specific cut-off. Details of the development, including 

rationale for analytical choices, are available elsewhere. Code for reproducing the 

probabilities and dementia assignments are available on (https://github.com/powerepilab/

AD_Algorithm_Development) and dementia probabilities and assignments are also available 

as a user-submitted dataset on the HRS website.
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Medicare-Based Dementia Ascertainment

Using HRS-linked Medicare claims data, we identified persons with dementia diagnosis in 

the context of received medical care based on the set of ICD-9 codes previously used by 

Taylor et al. (Supplemental Methods).[12] We classified persons as having dementia if they 

had an ICD-9 code for dementia in the 3 years prior to the month of the ADAMS Wave A 

visit, based on prior recommendations.[12]

Covariates

We defined age (years), gender (male/female), education (Less than high school/High 

school, GED or greater), race/ethnicity (non-Hispanic white/non-Hispanic black), diabetes 

status (yes/no), independent activities of daily living (IADLs, no difficulty/any endorsement 

of “some difficulty” with using the phone, managing money, taking medications, shopping 

for groceries, or preparing hot meals), and respondent status (self-respondent/proxy-

respondent) based on data collected at the closest prior HRS assessment (2000 or 2002) to 

the ADAMS Wave A study visit. All variables were based on self-report except for 

respondent status, which was documented by HRS staff.

Statistical Methods

We restricted all analyses to non-Hispanic white and non-Hispanic black participants of 

ADAMS Wave A (n=751) given the small number of persons of other race/ethnicities. For 

our primary analyses, we further restrict to the 608 participants with non-missing data on all 

HRS predictors necessary to assign dementia status using the eight algorithms described 

above (H-W, L-K-W, Wu, Crimmins, Hurd, Expert Model, LASSO, and Modified Hurd). We 

refer to this sample as the “common sample” throughout. Because Medicare beneficiaries 

enrolled in HMO plans (i.e. Medicare Advantage) lack complete Medicare claims records, 

primary analyses considering performance of Medicare- based diagnosis were further 

restricted to those with at least one month of fee-for-service (FFS) Medicare enrollment 

during the 3-year lookback period (n=517).

To evaluate the impact of using non-criterion-standard dementia ascertainment on estimates 

of dementia prevalence, we compared ADAMS estimates of dementia prevalence, overall 

and by participant characteristics, to corresponding estimates based on each of the other 

dementia ascertainment approaches. To evaluate the degree of bias due to misclassification 

introduced into dementia risk factor analyses, we estimated crude and adjusted prevalence 

ratios quantifying the cross-sectional association between participant characteristics and 

dementia using Poisson log-linear regression models, and compared those obtained using the 

ADAMS-based diagnoses to those obtained using algorithmic or Medicare-based diagnoses. 

We directly compare results using Medicare-based diagnoses in the Medicare sample to the 

results using the criterion-standard ADAMS diagnoses in the larger common sample, given 

the assumption frequently invoked in Medicare data analyses that Medicare FFS participants 

are reasonably representative of the larger U.S. population.

We conducted several sensitivity analyses. We repeated our analyses using all available data 

for algorithmic dementia classification, resulting in slightly different samples for each 

approach (range: n=640 to n=751), to understand the impact of small changes in the data on 
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algorithm performance. To understand sensitivity related to the Medicare data lookback 

period, we considered 1-year and 5-year look-back periods. We also re-ran the 3-year 

lookback Medicare analyses after restricting to those with no HMO enrollment at any point 

in the 3-year lookback period to understand differences related to requirements for partial 

versus full Medicare data.

All analyses were conducted using SAS, version 9.4 and RStudio, Version 1.1.423 running 

R, Version 3.4.3. We report 95% confidence intervals throughout. All estimates are weighted 

by ADAMS Wave A sampling weights using the survey package in R.[24] Informed consent 

was provided by HRS and ADAMS participants at data collection. The HRS (Health and 

Retirement Study) is sponsored by the National Institute on Aging (grant number NIA 

U01AG009740) and is conducted by the University of Michigan. This research was 

approved by the George Washington University Institutional Review Board.

Results

Of the 751 eligible ADAMS participants, 608 persons were included in the common sample 

used for evaluation of algorithmic diagnoses. Of these, 517 had at least 1 month of FFS 

Medicare participation in the 3-year lookback period. Weighted characteristics were similar 

across the common sample and Medicare sub-sample (Table 1).

Overall and sub-group specific sensitivities, specificities, and accuracies for each algorithm 

relative to the ADAMS diagnosis are provided in Supplemental Table 1. Within the common 

sample, the alternate classification strategies achieved 41–89% sensitivity, 91–100% 

specificity, and 90–94% accuracy overall in analyses weighted to recover the US age >70 

population. Note that the metrics in Supplemental Table 1 differ from previously reported 

metrics[15, 23] due to differences in the sample across reports; please refer to the previous 

reports for out-of-sample algorithmic performance.

Overall dementia prevalence estimates varied across dementia ascertainment methods 

(Figure 1, Supplemental Table 2). Estimates based on Medicare claims and the algorithms 

created for general use (H-W, L-K-W, Crimmins, Hurd, and Wu) were lower than the 

ADAMS estimate, reflecting their high specificity and low sensitivity. Prevalence estimates 

based on algorithms created for use in race/ethnicity disparities research (Expert Model, 

LASSO, Modified Hurd) were higher than the ADAMS estimate, reflecting their higher 

sensitivity and lower specificity. Similar patterns persist when considering dementia 

prevalence among subgroups (Figure 2, Supplemental Table 2). However, the degree to 

which each approach over- or under-estimated dementia prevalence varied by participant 

characteristics, reflecting variability in sensitivity and specificity by subgroup (Supplemental 

Table 1).

The crude estimates of association between participant characteristics and dementia also 

varied by dementia ascertainment method (Figure 3, Supplemental Table 2). All approaches 

support an association between older age and increased risk of dementia. However, the 

estimated magnitude of the association varied, ranging from a prevalence ratio (PR) of 3.0 

(95% CI: 1.9, 4.6) for L-K-W to 5.9 (95% CI: 3.3, 10.7) for Hurd, relative to the ADAMS 
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based estimate of 4.0 (95% CI: 2.4, 6.6). For gender, two of the approaches results in a 

conclusion of approximately double prevalence of dementia in women (H-W PR: 2.2, 

95%CI: 1.3, 3.9; Wu PR: 2.0, 95% CI:1.3, 3.1), relative to the more modest and non-

significant finding when using the ADAMS dementia diagnoses (PR: 1.3, 95% CI: 0.9, 2.0). 

Two other algorithms produce point estimates similar to that observed in ADAMS, but 

unlike ADAMS, suggest a statistically significant difference in the prevalence by gender in 

this sample (Expert Model PR: 1.5, 95%CI: 1.01, 2.1; LASSO PR: 1.5, 95% CI: 1.1, 2.3). 

Use of two approaches (H-W and Medicare) would lead to an interpretation about the 

association between education and dementia that are inconsistent with the ADAMS-based 

estimate; while the magnitude of the estimate remains similar across H-W (PR: 1.6, 95% CI: 

0.9, 2.6) and ADAMS (PR: 1.9, 95% CI: 1.2, 2.9) the Medicare-based estimate is lower (PR: 

1.0, 95%CI: 0.6, 1.6). Medicare also performs poorly when estimating the association 

between diabetes and dementia, yielding a markedly protective association (PR: 0.4, 95% CI 

0.2, 0.9) relative to the ADAMS estimate (PR: 0.9, 95% CI: 0.5, 1.7). Estimates of relative 

prevalence by race across approaches vary in both magnitude and findings for many of the 

algorithms. The L-K-W and Hurd considerably over-estimate the magnitude of the racial 

disparity (L-K-W PR: 3.3, 95% CI: 2.2, 5.0 and Hurd PR: 2.7, 95% CI: 1.7, 4.2, versus 

ADAMS PR: 1.7, 95% CI: 1.1, 2.7), while the Medicare-based estimate would suggest no 

disparity (PR: 1.2, 95% CI: 0.7, 2.2). Finally, the association between presence of IADLs 

and dementia is substantially over-estimated using any of the five existing algorithms 

developed for general use.

The adjusted estimates of association between participant characteristics and dementia also 

varied by dementia ascertainment method (Figure 4, Supplemental Table 3). The overall 

pattern of findings for the adjusted associations was similar to that observed in the crude 

associations for gender, race, and IADLS. Conversely, after adjustment, the H-W algorithm 

produced an association between age and dementia (PR: 1.0, 95% CI: 0.8, 1.3) that is 

inconsistent with the ADAMS estimate (PR: 1.9, 95%CI: 1.4, 2.5). Use of Wu now produces 

an adverse association between education and dementia (PR: 1.3, 95%CI: 1.0, 1.8) while use 

of H-W and Medicare suggest substantially protective associations (H-W PR: 0.7, 95%CI: 

0.5, 0.98; Medicare PR: 0.5, 95%CI: 0.3, 0.8) that are inconsistent with the ADAMS-based 

estimate (PR: 1.0, 95% CI: 0.7, 1.4). Medicare, and now H-W, suggest protective 

associations between diabetes and dementia although the 95% confidence intervals contain 

the null (Medicare PR: 0.5, 95%CI: 0.3, 1.1; H-W PR: 0.6, 95%CI: 0.3, 1.1), contrary to the 

null estimate derived using the ADAMS-based diagnoses (PR: 1.0, 95%CI: 0.6, 1.6).

Findings of sensitivity analyses using all available data, rather than the common sample, 

were consistent with primary findings regarding estimates of prevalence overall and within 

subgroups (Supplemental Table 4), as well as estimates of crude (Supplemental Table 4) and 

adjusted (Supplemental Table 5) risk factor associations. Sensitivity analyses considering 

different analytical approaches for Medicare suggest increasing look-back periods yields 

higher overall and subgroup prevalence estimates, although estimates based on longer look-

back periods still under-estimate prevalence relative to the ADAMS-based estimate 

(Supplemental Table 6). Requiring no HMO Medicare during the 3-year lookback period did 

not substantially change prevalence estimates (Supplemental Table 6). Findings based on 
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measures of association were generally similar regardless of analytical decisions related to 

use of the Medicare data (Supplemental Table 6, Supplemental Table 7).

Discussion/Conclusion

Our work illustrates that use of algorithmic dementia classification methods or Medicare 

claims to estimate dementia prevalence will result in findings that differ from those that 

would be obtained with criterion-standard, in person evaluation. Algorithms maximizing 

sensitivity over-estimate prevalence (Expert Model, LASSO, and Modified Hurd) while 

those maximizing specificity under-estimate prevalence (H-W, L-K-W, Crimmins, Hurd, 

Wu, and Medicare). While this general pattern also holds among subgroups, sensitivity and 

specificity differences by subgroups often create additional variability in the degree of over- 

or under-estimation of prevalence by subgroups.

Our work also illustrates that use of algorithms or Medicare claims results in differential 

misclassification relative to criterion-standard dementia diagnoses that can, but does not 

always lead to risk-factor associations that substantially differ from those that would be 

obtained with criterion-standard evaluation. Notably, adjustment for covariates did not 

eliminate this bias.

These results are generally consistent with recent, related work, which also found overall 

and race-specific differences in who is identified as having dementia when using, ADAMS, 

L-K-W and Medicare claims to identify persons with dementia.[25, 26] However, here we 

took a more comprehensive approach, considering 9 different classification strategies, and 

also consider how use of different algorithms impacts risk factor associations.

Six of the nine alternate dementia ascertainment methods evaluated (H-W, L-K-W, 

Crimmins, Wu, Hurd, and Medicare) yield either crude or adjusted measures of association 

that are substantially inconsistent with the ADAMS estimates in both magnitude and the 

resulting conclusion about presence/absence or direction of association for at least one 

considered characteristic. The three remaining approaches (Expert Model, LASSO, and 

Modified Hurd) generally lead to conclusions about the presence or absence and magnitude 

of association that are consistent with those we obtained using ADAMS for the example 

exposures we considered. Therefore, of the methods evaluated, we would recommend use of 

these three algorithms, although we cannot guarantee that they will have the best 

performance in all situations. Wherever possible, we recommend comparing performance 

using the intended algorithm to the criterion standard ADAMS diagnoses before wider 

application.

This work illustrates the value of validating algorithmic performance in the context of the 

intended use, including the analysis of interest. Unfortunately, situations in which 

algorithmic diagnoses are most valuable are also likely to be those where validation is not 

immediately possible. Instead, we recommend implementing several different, generally 

well-performing algorithms to evaluate the sensitivity of the results to differences in 

algorithm performance. Robust findings can later be confirmed in other samples with 

criterion-standard diagnoses, much as robust case-control or cross-sectional findings can be 
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confirmed with a more expensive cohort study. This work also illustrates the value of 

algorithm development processes that impose requirements for similar measurement 

properties among important subgroups. The three algorithms designed to minimize 

differences in performance across racial/ethnic groups – Expert Model, LASSO, and 

Modified Hurd – had consistently reasonable performance quantifying associations between 

risk factors and dementia relative to the other algorithms, which resulted in inconsistent 

associations for at least one risk factor considered.

Our findings further imply that reports using algorithmic or records-based dementia 

ascertainment as a surrogate for criterion-standard dementia ascertainment should be 

interpreted cautiously, particularly where they differ from studies using in-person assessment 

or when studies using in-person assessment are not available. Dementia ascertainment 

strategy should be considered in systematic reviews and meta-analyses; where there is 

evidence of heterogeneity across studies using criterion-standard and algorithmic 

ascertainment, it may be appropriate to give greater weight to those studies using the 

criterion-standard approach. In addition, several cohorts have introduced hybrid approaches 

for dementia ascertainment, leveraging claims or record-based diagnoses for those who do 

not return for in-person examination.[27, 4] While the desire to maximize follow-up is 

warranted due to valid concerns about selection bias and loss of power, the utility of this 

approach must be weighed against the possibility of introducing substantial bias due to 

differential misclassification, which could result in estimates of association that are either 

higher or lower than the truth.

Our findings are subject to some caveats. First, our sample size is small, and precision 

around the point estimates we report is often poor. While confidence intervals around our 

estimates of crude and adjusted risk-factor associations using algorithmic or Medicare-based 

diagnoses often overlap with those from the ADAMS estimate, estimates may converge or 

diverge more obviously in a larger sample. In addition, because our focus is on 

understanding differences that may be observed using different ascertainment methods, we 

do not recommend making any substantive conclusions about variation in dementia 

prevalence by participant characteristics based on the data presented here. Second, the 

ADAMS data is relatively old; whether algorithmic performance remains constant over time 

is unclear, and this assumption may be particularly questionable for Medicare-based 

ascertainment.[26] Third, in the absence of a true “gold standard,” we rely on study-based 

ADAMS diagnoses as the criterion standard, noting that there may be inaccuracy in 

ADAMS diagnoses related to participant characteristics. Fourth, as our estimates of bias 

compare the observed prevalence ratio to a prevalence ratio based on the criterion standard, 

our estimates of the magnitude of bias actually represent a mix of bias and random variation 

(isolation of bias would require quantification and comparison of the expected value of the 

estimate to the truth[28]). The true extent and direction of the bias may differ from what is 

inferred based on the results from this single sample. Regardless, our results remain useful to 

illustrate how different an estimate might be relative to the answer that would be obtained 

using the criterion standard in a given sample. We also report prevalence ratios rather than 

odds ratios, which are more frequently reported in the literature. As dementia is not rare, 

differences in the magnitude of point estimates may be more pronounced when using odds 

ratios. In addition, we focused on associations with prevalent dementia, including persons 
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with mild, moderate, and severe dementia. Based on prior work illustrating even greater 

differences in algorithmic performance when considering incident dementia cases,[15] who 

typically have less severe symptoms, we expect the potential for bias to be greater when 

applied to samples enriched in mild dementia cases. Finally, while we believe the overall 

conclusions are broadly generalizable, performance of individual algorithms may differ in 

external samples; however, prior work estimating measures of out-of-sample performance 

suggest overfitting is not a major concern.[15, 23]

We also note that our findings pertain only to the situation where investigators use Medicare-

based dementia ascertainment as a surrogate for criterion-based dementia ascertainment. 

Medicare data can also be used to quantify different, but related quantities that may be of 

interest depending on the purpose of the study. For example, Medicare claims data can be 

used to identify whether someone has received a clinical diagnosis of dementia in the 

medical setting or simply to identify persons with a Medicare claim for dementia. 

Furthermore, one would expect real differences in prevalence and risk factor associations 

across these different quantities; these differences are of substantive interest, rather than an 

indication of bias.

In conclusion, while algorithmic and Medicare-based dementia ascertainment may be useful 

as a surrogate for criterion-standard dementia ascertainment in some settings, they may 

result in substantially inaccurate findings in others. No algorithm resulted in accurate 

estimates of dementia prevalence, although several produced reasonable estimates for risk 

factor associations. Sub-studies to understand the sub-group specific sensitivity and 

specificity of algorithmic diagnoses relative to the in-person research-based diagnoses 

provide valuable insight into when use of algorithmic or Medicare-based diagnoses are 

likely to be biased. Investigators may wish to limit use of algorithmic or Medicare-based 

diagnoses to situations where sensitivity and specificity are similar across their exposure or 

classifier of interest or use multiple algorithms in cases where it is not possible to evaluate 

algorithm performance differences across levels of exposure. Findings obtained using 

algorithmic diagnoses should be confirmed in studies using criterion-standard, in-person 

research-based dementia ascertainment.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Comparison of dementia prevalence estimates based on algorithmic and Medicare-based 

diagnoses to the ADAMS-based estimate

All estimates are based on the common sample (n=608) except for Medicare, which is based 

on the Medicare sub-sample (n=517), and are weighted using Wave A ADAMS sampling 

weights. Error bars denote 95% confidence intervals around the dementia prevalence 

estimate. The shaded band denotes the 95% confidence interval around the ADAMS-based 

estimate, for comparison.
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Figure 2. 
Comparison of dementia prevalence based on algorithmic and Medicare-based diagnoses to 

the ADAMS-based estimate by participant characteristics

All estimates are based on the common sample (n=608) except for Medicare, which is based 

on the Medicare sub-sample (n=517), and are weighted using Wave A ADAMS sampling 

weights. Error bars denote 95% confidence intervals around the dementia prevalence 

estimate.
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Figure 3. 
Comparison of crude associations between participant characteristics and dementia based on 

algorithmic and Medicare-based diagnoses to the those using the ADAMS-based estimate

All estimates are based on the common sample (n=608) except for Medicare, which is based 

on the Medicare sub-sample (n=517), and are weighted using Wave A ADAMS sampling 

weights. Error bars denote 95% confidence intervals around the prevalence ratio. The point 

estimate for the H-W algorithm for the association between IADLs and prevalent dementia 

is in excess of 50, and so is not shown to avoid compression.
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Figure 4. 
Comparison of adjusted associations between participant characteristics and dementia based 

on algorithmic and Medicare-based diagnoses to those using the ADAMS-based estimate

All estimates are based on the common sample (n=608) except for Medicare, which is based 

on the Medicare sub-sample (n=517), are mutually adjusted for all other characteristics in 

the figure as well as HRS proxy-respondent status, and are weighted using Wave A ADAMS 

sampling weights. Error bars denote 95% confidence intervals around the prevalence ratio.
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Table 1.

Weighted characteristics of the eligible HRS/ADAMS participants

Characteristic 
a Common Sample, N=608 Medicare, Any FFS Sub-Sample, N=517

Age in years, mean 77.7 78.1

80 years or older, % 35% 38%

Non-Hispanic Black, % 8% 7%

Female, % 60% 61%

Less than high school, % 30% 30%

Prevalent Diabetes, % 19% 17%

Any IADL limitation, % 20% 22%

a
All means and % are weighted using Wave A ADAMS sampling weights, which are intended to recover nationally-representative estimates.

Abbreviations: ADAMS, Aging, Demographics, and Memory Study; HRS, Health and Retirement Study; FFS, fee-for-service; IADL, instrumental 
activities of daily living

Neuroepidemiology. Author manuscript; available in PMC 2021 October 19.


	Abstract
	Introduction
	Materials and Methods
	Study sample
	Criterion-Standard Dementia Ascertainment
	Algorithmic Dementia Ascertainment
	Medicare-Based Dementia Ascertainment
	Covariates
	Statistical Methods

	Results
	Discussion/Conclusion
	References
	Figure 1.
	Figure 2.
	Figure 3.
	Figure 4.
	Table 1.

