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Abstract

Introduction: This study develops a measure of Alzheimer’s disease and related

dementias (ADRD) usingMedicare claims.

Methods: Validation resembles the approach of the American Psychological Associa-

tion, including (1) content validity, (2) construct validity, and (3) predictive validity.

Results: We found that four items—a Medicare claim recording ADRD 1 year ago, 2

years ago, 3 years ago, and a total stay of 6months in a nursing home—exhibit a pattern

of association consistentwith a single underlyingADRDconstruct, andpresenceof any

two of these four items predict a direct measure of cognitive function and also future

claims for ADRD.

Discussion:Our four items are internally consistent with the measurement of a single

quantity. The presence of any two items do a better job than a single claim when pre-

dicting both a direct measure of cognitive function and future ADRD claims.

KEYWORDS

administrative data, Alzheimer’s disease, Alzheimer’s disease and related dementias, cognitive
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1 INTRODUCTION

There will be approximately 5.8 million cases of Alzheimer’s dis-

ease (AD) in 2020, with the number expected to double by 2040 in

the United States.1 Research2–5 examining Alzheimer’s disease and

related dementias (ADRD) often relies on diagnoses from Medicare

administrative claims.

This study develops a new claims-based measure of ADRD that is

readily computed formillions of people coveredbyMedicare.Ourmea-

sure is checked for validity in several ways: (1) content validity: use of

appropriate International Classification of Diseases Ninth/Tenth edi-

tion (ICD-9/10) codes; (2) construct validity: components of the mea-

sure exhibit internal patterns of association consistent with several

indicators of a single underlyingdisorder; (3) other claims-basedempir-

ical checks: reliable anticipation of future Medicare claims for ADRD,

and consistency with nursing home assessments of cognitive impair-

ment; and finally, (4) predictive validity: the measure is appropriately

correlated with a direct, external measure of cognitive function, not

based on Medicare claims, assessed using the Health and Retirement

Study (HRS).

2 METHODS

2.1 Conceptual model

We follow the standard conceptual model for validation of a psycho-

logical measure, namely content, construct, and predictive validity,6–8

and we do these using concepts from nonparametric item response

theory.9–16 Many articles define ADRD using Medicare claims with

the presumption that ADRD one3–5,17–19 claim or two20,21 claims

close together in time suffices to establish the diagnosis of ADRD.

In contrast, in this study, we examine a definition using two claims of

ADRD widely separated in time, and examine whether this definition

exhibits greater external validity in predicting a direct measure of

cognitive impairment, a greater ability to predict a future claim of

ADRD, and internal consistency reflective of a single underlying

disorder.

Dementia is not a transient cognitive problem, so transient evi-

dence of a cognitive problem is insufficient to justify categorizing

a patient as demented. While a hospital admission may produce a

bundle of ADRD diagnoses codes, such bundled codes may reflect

a transient cognitive problem, perhaps all derived from a single

evaluation. We will demonstrate that multiple codes in a short

time interval of time are too correlated with one another—too

idiosyncratic—to be compatible with a single construct producing

ADRD codes over several years.22 Our definition requires that a claim

of ADRD be confirmed by another process, either a second claim

widely separated in time or a lengthy stay in a nursing home. Close

to two-thirds of Medicare beneficiaries living in nursing homes have

ADRD.23

HIGHLIGHTS

∙ Our claims-based definition of Alzheimer’s disease and

related dementias (ADRD) predicts both Medicare claims

and non-claims measures of ADRD and/or cognitive func-

tion.

∙ The four indicators in our claims-baseddefinitionofADRD

exhibit a pattern of internal consistency expected from

indicators of a single or unidimensional quantity.

∙ The number of claims for ADRD is less important than

claims separated by a significant period of time.

∙ Individuals with claims over a significant period of time

are more likely to have subsequent codes for ADRD than

those who have codes close together in time.

RESEARCH INCONTEXT

1. Systematic review: Medicare claims have been widely

used to identify Alzheimer’s disease and related demen-

tias (ADRD). However, little work has been done to vali-

date claims-basedmeasures in terms of the standard con-

cepts of content, construct, and predictive validity.

2. Interpretation: We propose a new claims-basedmeasure

of ADRD that: (1) focuses on ADRD, (2) requires at least

two indicators separated by a significant period of time,

and (3) exhibits: (a) content validity in terms of its defini-

tion, (b) construct validity in termsof interrelationships of

its components and ability to predict future claims, and

(c) predictive validity in its association with two direct

measures of cognitive performance from the Health and

Retirement Study and nursing home assessments.

3. Futuredirections: A valid claims-basedmeasureofADRD

offers the potential to studyADRD in large populations at

a limited cost. The limitations of claims-based studies are

also discussed.

2.2 Patient population and available data

To develop our claims-based algorithm, we used Medicare Inpa-

tient, Outpatient, Carrier, Skilled Nursing Facility (SNF), Home Health

Agency (HHA), and Long-Term Care Minimum Data set (MDS) files of

all Medicare beneficiaries from years 1999–2016. The data to develop

the algorithm consisted of 697,870 patients, which is a 1% random

sample of all Medicare beneficiaries aged 65 years and older. Bene-

ficiaries were excluded if, in their look-back period of 3 years, they
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were not fully enrolled in Part A and Part B; were enrolled inMedicare

Advantage for at least a month (Medicare Advantage enrollees were

excluded because Medicare does not make claims data available for

these patients); or did not have any inpatient, outpatient, or physician

claims. After our definition was developed, we applied it to an exter-

nal data set that included Medicare patients in the 2002–2014 HRS

surveys. Our validation sample included 4291 patients aged 75, 3431

patients aged 80, and 2489 patients aged 85.

2.3 Study design overview

2.3.1 Step 1: Content validity: selecting a list of
indicators of ADRD

In the current context, content validity means using correct diagnostic

codes and recognizing incorrect codes.

To ensure the correct list of codes, we began with a list of ADRD

diagnostic codes (Table 1) used in the literature (Appendix A in sup-

porting information). The Chronic Condition Warehouse (CCW) has

defined ADRD18 with the presence of at least one claim with the diag-

nosis codes in the CCW list (Appendix A) in Inpatient, Outpatient, Car-

rier, SNF, andHHA files in 3 years.5 Several studies have used the CCW

definition of ADRD.24–27 We also considered codes for other medical

conditions, such as other degenerative conditions, delirium (Appendix

B in supporting information), and 6-month nursing home stay (a total

number of 180 days from all the stays in a nursing home) from theMDS

file28 in the 3-year look-back period.

2.3.2 Step 2: Construct validity: developing a
coding algorithm to define ADRD based on selected
indicators

Construct validation is supported by a check that the components of

the measure exhibit a pattern of associations that measures a single

underlying disorder. Because ADRD is not a transient condition, we

checked if codes dispersed through multiple years are a better marker

of ADRD than an equal number of codes in a single year. Specifically,

we identify a patient as having ADRD as of date d if during the 3-year

lookback either: (1) there was at least one claim with a code for ADRD

in at least two different years, or (2) there was at least one claim with

a code for ADRD plus there was a total stay of 6 months in a nursing

home. Taylor et al. suggest that 3 years of data are favorable.5

Our measure of ADRD is intended to distinguish, as much as possi-

ble, ADRD fromother diagnostic codes reflective of other diseases.We

used item response theory to test whether our four indicators exhibit

the pattern of associations consistent with multiple indicators of one

underlying disorder—that is, consistent with unidimensionality. This

pattern says that every pair of two indicators exhibits a nonnegative

association given any function of the remaining indicators.10,12 Three

of our four indicators were the presence of at least one ADRD code

(Table 1): (1) 1 year ago (0–365 days), (2) 2 years ago (366–730 days),

TABLE 1 Alzheimer’s disease and related disorders

ICD-9 code

3310 Alzheimer’s disease

2900 Senile dementia, uncomplicated

29010 Presenile dementia, uncomplicated

29011 Presenile dementia with delirium

29012 Presenile dementia with delusional features

29013 Presenile dementia with depressive features

29020 Senile dementia with delusional features

29021 Senile dementia with depressive features

2903 Senile dementia with delirium

29040 Vascular dementia, uncomplicated

29041 Vascular dementia, with delirium

29042 Vascular dementia, with delusions

29043 Vascular dementia, with depressedmood

2940 Amnestic disorders in conditions classified

elsewhere

29410 Dementia in conditions classified elsewhere

without behavioral disturbance

29411 Dementia in conditions classified elsewhere with

behavioral disturbance

29420 Dementia, unspecified, without behavioral

disturbance

29421 Dementia, unspecified, with behavioral

disturbance

2948 Other persistent mental disorders due to

conditions classified elsewhere

797 Senility withoutmention of psychosis

ICD-10 codes

G300 Alzheimer’s disease with early onset

G301 Alzheimer’s disease with late onset

G308 Other Alzheimer’s disease

G309 Alzheimer’s disease, unspecified

F0150 Vascular dementia without behavioral

disturbance

F0151 Vascular dementia with behavioral disturbance

F0280 Dementia in other diseases classified elsewhere

without behavioral disturbance

F0281 Dementia in other diseases classified elsewhere

with behavioral disturbance

F0390 Unspecified dementia without behavioral

disturbance

F0391 Unspecified dementia with behavioral

disturbance

F04 Amnestic disorder due to known physiological

condition

R4181 Age-related cognitive decline

Abbreviation: ICD-9/10, International Classification of Diseases,

Ninth/Tenth edition.
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STEP 1
Content 
Validity:

Select a list of 
ADRD indicators

STEP 2
Construct
Validity:

Construct an algorithm 
to iden�fy ADRD based 

on indicators

STEP 3
Further Internal 

Checks: 
Internal valida�on 
of algorithm using 
nursing home CPS 

STEP 4
Predic�ve Validity: 
External valida�on 
of ADRD algorithm 

using Medicare-
HRS data

1 or more 
ADRD claims 
in one year

POSITIVE 
DEFINITION 

OF ADRD 

1 or more ADRD claims 
in another year in the look-back period of 3 years

OR
Nursing home stay at least 6 months in the 

look-back period of 3 years

AND

F IGURE 1 Schematic summary: Study design and coding scheme: The figure shows the study design and the definition of Alzheimer’s disease
and related disorders (ADRD) based on the claims-based algorithm. In an example, it shows a 3-year look-back period from age 85 for six patients.
The appearance of an ADRD code in claims for each patient is marked ‘‘|’’ The shaded horizontal bar shows stay in a nursing home. The scores
based on the four indicators are shown in the right column. Patients with a score of ≥2 are labeled as ADRD

(3) 3 years ago (731–1095 days), and our fourth indicator was (4) a

total stay of 6 months in a nursing home. We studied these relation-

ships at three ages—75, 80, and 85 years—looking back 3 years from a

patient’s birthday.

Also, we constructed three similar indicators for other degenerative

conditions and delirium codes (Appendix B) to examine whetherMedi-

care claims can distinguish ADRD from other cognitive disorders.

If various items of information, such asMedicare claims mentioning

specific ICD-9/10 codes, are indicative of a single disorder such as the

degree of dementia, then those items should exhibit certain patterns

of association or interdependence.10,12 We used claims data to check

for this pattern, rejecting initial versions of the measure that violated

the pattern. These checks led to the conclusion that our fourth indica-

tor, a total stay of 6 months in a nursing home, acts as a check on infor-

mation from claims: it exhibits the appropriate pattern of associations

when conjoined with annual indicators of at least one claim mention-

ing ADRD. Importantly, ADRD is never diagnosed based on the fourth

indicator alone; theremust also be a claim for ADRD.

2.3.3 Description of the claims-based coding
algorithm to define ADRD

Our ADRD definition is based on four binary indicators. A patient gets

one point for the presence of each indicator. The score is the sum of

these points. A confirmed diagnosis of ADRD is a score of≥2 (Figure 1).

2.3.4 Further empirical checks

The Cognitive Performance Scale (CPS)29 is from the MDS 2.0 files

and is an assessment of cognitive function among nursing home

patients.30 The CPS score ranges from 0 (intact cognition) to 6 (very

severe impairment).29 We checked our binary ADRD indicator mea-

sure against the CPS on the subset of patients in nursing homes. The

CPS is available only in nursing homes, and our ADRD indicator takes

account of whether a person has spent a total of 6 months in a nursing

home, so this check is interesting but imperfect.
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2.3.5 Step 3: Predictive validity: external
validation of the ADRD coding algorithm based on
HRS-Medicare data

The HRS is an ongoing nationally representative survey that collects

biennial data on subjects’ cognition and functional status.31 We vali-

dated our ADRD indicator with direct and proxy assessments of cog-

nition in the HRS. Cognitive functioning in the HRS was assessed using

an adapted version of the Telephone Interview for Cognitive Status.32

The cognition measure for self-respondents was scored on a scale of

0 to 35.33 A proxy respondent can provide answers about symptoms

of the survey participant who cannot take the survey due to functional

and cognitive limitations. Crimmins et al.34 have used alternative

assessments (from proxy respondents and interviewers) to assess

cognition.

2.4 Statistical methods

2.4.1 Using multiple years of codes for the coding
algorithm

To test if codes dispersed through multiple years are a better marker

of ADRD than single-year code, we constructed Cox proportional haz-

ard models.35 Patients were classified as having: (1) no ADRD codes;

(2) ADRD codes in a single year; (3) ADRD codes inmultiple (≥2) years,

in the 3-year lookback. Themodel examined the time to another ADRD

code in the future after the end of the look-back period, adjusting for

the total number of ADRD codes because some patients accumulate

many more codes than other patients. Does temporal dispersion of

codes add information beyond their number?

In yet another check, we used simple regression models regressing

CPS scores on the temporal dispersion of the ADRD codes in the 3-

year look-back period. We estimated the time differences between a

patient’s birthday and the dates on which the patient received ADRD

diagnostic codes. The temporal dispersion of codes was defined as the

standard deviation of the length of these time periods. The standard

deviation reflects whether the codes are dated close together in time

or dispersed over several years.

2.4.2 Methods to test construct validity

Our measure of ADRD is the presence of two of our four binary items

or indicators. The four binary events are recorded in a 24 = 16-fold

table of counts. For construct validation, we determined whether that

16-fold table exhibits the pattern of associations consistent with four

measures of a single underlying disorder.10,12 A single disorder implies

a nonnegative association between any pair of two items condition-

ally given the total score on the two remaining items—a 2 x 2 x 3 table

derived from the 16-fold table—and nonparametric item response the-

ory checks this using theMantel-Haenszel statistic applied to the 2 x 2

x 3 table.10,12 Following Campbell’s notion of discriminant validation,7

we did these steps also incorporating indicators of other degenerative

conditions and delirium—nowunidimensionality is lost as negative par-

tial associations are produced indicative of more than one underlying

disorder.

Technically, the term “single disorder” refers to a mathematical

structure called “monotone latent unidimensionality,” which contends

that our four binary indicators agree with each other because they

are each fallible measures of one underlying quantity, presumably the

degree of dementia. Monotonicity means that more indicators suggest

a greater degree of dementia. If this mathematical structurewere true,

it would have various consequences that can be checked in observable

data, and our analyses of the 24 = 16-fold table of counts are checks of

these consequences.

Additionally, we checked that each of the four indicators increases

the probability of ADRD given the total of the other three indicators, a

pattern calledmonotonicity.16

2.4.3 Methods for empirical checks

For the checkswith theCPS scores fromnursinghomeassessments,we

used the Goodman-Kruskal gamma (γ) coefficient,36 which can mea-

sure the association between the ordinal categories based on CPS

scores and the binary categories based on claims-based ADRD defini-

tion. We also calculated the probability of concordance (C) from γ as C
= (1+ γ)/2,36 which is the probability that the twomeasures order two

patients in the sameway.

2.4.4 Methods for external validation

Thecognitive impairment threshold for self-respondentswasa scoreof

8 or less as suggested by Herzog andWallace in their initial analyses of

HRS,37 which has been used in the literature,3,38–40 and a score of 6 or

more for assessment of cognition by proxies and interviewers, in which

a higher score is classified as cognitive impairment.34 We compared

the frequency of patients who were identified as cognitively impaired

by either HRS self-response (score ≤8) or proxy/interviewer reporting

(score≥6) to the frequency of patients defined as ADRDbased on a≥2

score from our claims-based algorithm.

3 RESULTS

3.1 Multiple years of codes

Cox proportional hazard models (Table 2) examined whether the tem-

poral dispersion of ADRD codes predicts future ADRD codes. We

found that ADRD codes dispersed over a 3-year lookback were more

predictive of future ADRD codes than were an equal number of ADRD

codes occurring at almost the same time. At age 75, patientswith codes

in multiple years as opposed to a single year have a 4-times higher

hazard (unadjusted hazard ratio [HR]=4.386, P value<.0001; adjusted
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TABLE 2 Estimates of getting an ADRD code after 75, 80, and 85
years of age based on codes in the 3-year look-back period unadjusted
and adjusted for total number of codes

Unadjusted Adjusted

ADRD codes Hazard ratio P value Hazard ratio P value

Age 75 Single year -ref- -ref- -ref- -ref-

Multiple years 4.386 <.0001 2.297 <.0001

None 0.122 <.0001 0.456 <.0001

Total codes — — 1.035 <.0001

Age 80 Single year -ref- -ref- -ref- -ref-

Multiple years 3.806 <.0001 2.482 <.0001

None 0.154 <.0001 0.432 <.0001

Total codes — — 1.018 <.0001

Age 85 Single year -ref- -ref- -ref- -ref-

Multiple years 3.027 <.0001 2.024 <.0001

None 0.183 <.0001 0.439 <.0001

Total codes — — 1.026 <.0001

Note: This table shows the result from Cox proportional hazard model

showing ratio of getting an ADRD code after age 75, 80, and 85 who have

no codes and codes in multiple years versus codes in a single year with and

without adjusting for number of codes.

Abbreviation: ADRD, Alzheimer’s disease and related disorders.

HR=2.297, P value <.0001) of getting a diagnostic code later in life.

Models for other ages were similar.

Regression models found greater temporal dispersion of ADRD

codes is significantly associatedwith a greater cognitive decline onCPS

scores (P value<.001; Appendix D in supporting information). An anal-

ysis using the stratified Wilcoxon rank-sum test supported the same

conclusion (P value<.001; Appendix E in supporting information).

3.2 Construct validity

Do our four items measure a single disorder? As seen in Table 3, there

is a nonnegative association between any two items given the total

score on the remaining two items, a pattern consistent with four

items measuring a single disorder.10,12 All the odds ratios between all

item pairs were significantly greater than one (P value <.0001) for all

age groups. In sharp contrast, adding other degenerative condition

codes creates a second dimension, with some conditional odds ratios

significantly below one for age 75 (P value <.05), and age 80 and 85

(<0.0001; Appendix F in supporting information). Similarly, adding

delirium codes yields a second dimension evident from odds ratios

significantly less than one for age 75 (P value <.05), and age 80 and 85

(<0.0001; Appendix G in supporting information).

The four items exhibit the expected increasing relationship between

four fallible measures of one underlying disorder: they exhibit

monotonicity.16 For instance, at age75, theprobability of a patient hav-

ing the item ADRD code 1 year ago is 1.82% if none of the other three

itemswere present in the lookback, but this rises to 90.22% if all of the

other three itemswere present—moreover, probability of concordance

TABLE 3 Odds ratio showing unidimensionality between three
separate indicators for ADRD for each year, and an indicator for
6-month stay in a nursing home in a 3-year look-back period

ADRD2

years ago

ADRD3

years ago

6-month

nursing

home stay

Age 75

ADRD1 year ago 24.549 * 8.165* 3.436*

ADRD 2 years ago . 14.741* 2.754*

ADRD 3 years ago . . 2.764*

Age 80

ADRD1 year ago 21.356* 7.854* 3.224*

ADRD 2 years ago . 12.328* 2.607*

ADRD 3 years ago . . 2.369*

Age 85

ADRD1 year ago 16.526* 6.409* 2.643*

ADRD 2 years ago . 11.861* 2.532*

ADRD 3 years ago . . 2.287*

Note: This table shows results fromtheMantel-Hanszel test displayingodds

of three indicators of ADRD and other conditions for each year, and a 6-

month stay in a nursing home in the 3-year look-back period for age 85, 80,

and 75 years.
*P value<.0001.
Abbreviation: ADRD, Alzheimer’s disease and related disorders.

between this item and the score on the other three is estimated to be

97.7% (Appendix H in supporting information). The four items exhibit

an appropriately high level of internal consistency. Resultswere similar

at other ages.

3.3 Internal checks of claims data with other
unused claims data

Inside nursing homes, patients flagged by claims as ADRD (score ≥2)

were more likely to have a higher CPS score than those who were

not flagged (score ≤1; Appendix I in supporting information). Inside

nursing homes, the probability of concordance between these two

measures was 87.21%, 85.67%, and 85.33% for age groups 75, 80, and

85, respectively.

3.4 Predictive validity

The distribution of HRS scores is shown in Table 4. The probability of

concordance between HRS self-respondent score (lower score indi-

cates poor cognition) andour algorithmscorewas83.80%, 81.06%, and

81.04%, and for proxy respondents (higher score indicates poor cogni-

tion) itwas 89.24%, 83.43%, and82.63% for age75, 80, and85, respec-

tively.

Comparing our ADRD definition to cognitive impairment defined

using HRS responses, we found that among 4291 HRS respondents

age 75 years, the odds of having ADRD by our algorithm (score ≥2)
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TABLE 5 Odds ratio between definition of dementia by HRS survey and claims based coding algorithm

ADRDdefined by claims based

coding algorithm
Cognitive impairment

defined byHRS survey No Yes Total (%)

Relative risk

(95%CI)

Odds ratio

(95%CI) P value

Age 75

No 4035 (98.22%) 73 (1.78%) 4,108 (95.74%) 23.04 (18.07, 29.39) 49.01 (33.81, 71.04) <.0001

Yes 97 (53.00%) 86 (47.00%) 183 (4.26%)

Total (%) 4132 (96.29%) 159 (3.71%) 4,291 (100.00%)

Age 80

No 3064 (96.50%) 111 (3.50%) 3,175 (92.54%) 16.01 (12.96, 19.78) 35.49 (26.00, 48.45) <.0001

Yes 112 (43.75%) 144 (56.25%) 256 (7.46%)

Total (%) 3176 (92.57%) 255 (7.43%) 3,431 (100.00%)

Age 85

No 2048 (92.75%) 160 (7.25%) 2,208 (88.71%) 10.49 (8.49, 12.96) 20.81 (15.58, 27.81) <.0001

Yes 107 (38.08%) 174 (61.92%) 281 (11.29%)

Total 2155 (86.58%) 334 (13.42%) 2,489 (100.00%)

Note: This table compares our ADRD definition based on the claims-based algorithm to the HRS definition of cognitive impairment. The relative risk is the

multiplicative increase in the probability of cognitive impairment by the HRS survey predicted by our measure of ADRD. The odds ratio is the multiplicative

increase in odds of cognitive impairment by the HRS survey predicted by ourmeasure of ADRD.

Abbreviations: ADRD, Alzheimer’s disease and related dementias; CI, confidence interval; HRS, Health and Retirement Study.

was 49.01 times higher (95% confidence interval [CI] 33.81, 71.04)

for those who were defined as cognitively impaired compared to

those who were not cognitively impaired in HRS. The odds ratios were

35.49 (95% CI 26.00, 48.45) for respondents aged 80 years and 20.81

(95% CI 15.58, 27.81) for respondents aged 85 years (Table 5). The

odds ratios in Table 5 reflecting agreement between HRS and our

algorithm are higher at every age than a definition that uses a single

claim (Appendix J in supporting information).

Validity refers to the ability of a proposed measure to predict some

other external criterion measure. Here, the external measure is from

the HRS. Criterion-related construct validity means demonstrating

that each component of a proposed measure makes a nonnegative

contribution to prediction—essentially that no component of our four-

component measure is detracting from prediction by measuring some-

thing else.We checked for criterion-related construct validity,11 mean-

ing that each of our four indicators makes a positive contribution to

predicting the HRS given the total on the other three indicators. Each

item contributes something unique, specifically, the Mantel-Hanszel

test shows that there is a positive and significant (P value<.001) associ-

ation between cognitive impairment based onHRS surveys and each of

four itemsgiven the total score on the remaining three items (Appendix

K in supporting information).

We extended our primary list of codes (Table 1) with additional

diagnostic codes (Appendix C in supporting information) that have

been used in various studies19–21,24,41–45 to validate our measure of

ADRD. We found similar results in the concordance between HRS

scores and the scores from our algorithm (Appendix L in supporting

information), and the odds ratios obtained from our algorithm versus

the HRS definition of cognitive impairment (Appendix M in supporting

information).

The evaluation has focused on ADRD at three ages, 75, 80, and 85;

however, itwill oftenbeof interest todate the first symptomsofADRD.

In an alternative dynamic method, we computed our 4-item claims

score on each day when a patient received an ADRD code. Each date

was given a score 0 to 4 based on the presence of our four indicators

in a window of 3-year look-back and a 3-year look-forward period. The

patient was defined as having ADRD on the date of the first code that

led to score≥2.

Comparing these dynamic scores to the HRS, we found that the

probability of concordance between HRS self-respondent score and

our algorithm score was 85.06%, 82.75%, and 81.59%, and for the HRS

proxy respondents’ scores the probability of concordancewas 89.38%,

85.26%, and 82.24% for ages 75, 80, and 85, respectively (Appendix

N in supporting information). We also found that the odds of hav-

ing ADRD were 35.62 (25.21, 50.33), 34.34 (25.41, 46.41), and 20.19

(15.14, 26.93) times higher for ages 75, 80, and 85, respectively, in

those who were defined as cognitively impaired compared to those

whowere not in HRS (Appendix O in supporting information).

Again, we used our extended list of diagnostic codes to com-

pute scores based on the dynamic method and found similar results

(Appendix P andQ in supporting information).

4 DISCUSSION

This study identifies ADRD patients using Medicare claims. We find

that several ADRD codes dispersed over a long period of time aid

diagnosis of ADRD, as does a lengthy total amount of time spent in

a nursing home. We also find that patients who have ADRD codes

spread through multiple years in the lookback are more likely to
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receive diagnosis codes in their future claims compared to patients

who have codes only in a single year after controlling for the total

number of codes. The claims-based algorithm proposed in this study

uses a definition of the presence of at least two of the four indicators (a

score of≥2) spread out in a period of 3 years to be identified as ADRD.

Our four indicators appear to be unidimensional and are consis-

tent with each other in measuring one underlying disorder; moreover,

each indicator aids prediction of a direct measure of cognitive decline

beyond what the other three can do. Internal validation of the indica-

tors with the cognitive assessment in nursing homes also showed that

patients with ADRD (≥2 scores) based on the algorithm have higher

CPS scores compared to those who do not have ADRD.

The claims-based coding algorithm was externally validated with

HRS cognitive scores. Patients defined as ADRD on the algorithm had

worse cognitive scores in the HRS. Also, the odds of having ADRD by

our algorithmwerehigher among thosedefined as cognitively impaired

in the HRS survey.

Previous work that compared assessment of ADRD in surveys with

evidence of ADRD in Medicare claims found poor or fair agreement

between the two.3,21,46,47 However, these studies did not account for

the dispersion of codes through multiple years and used the presence

of a single claim of ADRD as a diagnosis in claims. Another study using

ADAMS (Aging Demographics and Memory Study) data, a cohort of

HRS, also used a single claim of ADRD: it found that the use of a single

Medicare claim results in an over-count of the true prevalence.17 One

ADRD claim is not sufficient: it might reflect transient confusion rather

than dementia. Several claims filed at nearly the same timemay reflect

one assessment recorded several times. Claims that only appear close

to each other in time suggest a transient condition, and perhaps the

automated activities of a single person entering multiple records into

theMedicare system. ADRD is a long-lasting condition and claims from

patientswithADRDspreadover a significant period of time strengthen

the diagnosis of ADRD.

There is no gold standard for measuring ADRD that is applicable

in studies of large numbers of patients. Nonetheless, our four-item,

claims-based scale exhibits appropriate internal and external consis-

tency, and a score of two or more predicts both future ADRD claims

anddirect indicators of cognitive function from theHRS.Moreover, our

indicator of ADRD can be calculated at a negligible cost for millions of

Medicare patients.
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