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Abstract

INTRODUCTION: Identifying people at high risk of Alzheimer’s disease (AD) dementia

allows for timely intervention, which, if successful, will result in preventing or delaying

the onset of the disease.

METHODS: Utilizing data from the Chicago Health and Aging Project (CHAP;

n = 2130), we externally evaluated four risk-prediction models for AD demen-

tia, including Cardiovascular Risk Factors, Aging, and Dementia (CAIDE), Australian

National University Alzheimer’s Disease Risk Index (ANU-ADRI), Brief Dementia

Screening Indicator (BDSI), and Dementia Risk Score (DRS), in Black or African

American andWhite adults.

RESULTS: BDSI had the highest discriminate abilities for AD dementia (c-statistics of

0.79 in Black and 0.77 in White adults), followed by ANU-ADRI, within the age range

and follow-up period of the original development cohort. CAIDE had the lowest dis-

criminating power (c-statistic ≤0.55). With increasing follow-up periods (i.e., 10–15

years), the discrimination abilities for all models declined.

DISCUSSION: Because of racial disparities in AD dementia and longer preclinical and

prodromal stages of disease development, race-specific models are needed to predict

AD risk over 10 years.
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Highlights

∙ Utilizing risk-prediction models to identify individuals at higher risk of Alzheimer’s

disease (AD) dementia could benefit clinicians, patients, andpolicymakers. Clinicians
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could enroll high-risk individuals in clinical trials to test new risk-modifiable treat-

ments or initiate lifestyle modifications, which, if successful, would slow cognitive

decline and delay the onset of the disease.

∙ Current risk-prediction models had good discriminative power during the first 6

years of follow-up but decreased with longer follow-up time.

∙ Acknowledging the longer preclinical phase of AD dementia development and

racial differences in dementia risk, there is a need to develop race-specific risk-

prediction models that can predict 10 or 20 years of risk for AD and related

dementias.

1 INTRODUCTION

Alzheimer’s disease (AD) dementia poses a social, medical, and finan-

cial challenge for the United States, impacting individuals, caregivers,

families, and the health care system.1–3 As a result, numerous research

studies have been conducted to determine risk factors associated

with AD dementia.4–9 In addition, these risk factors for AD have

been utilized to create risk-prediction models, also referred to as

risk stratification, which aim to identify individuals at higher risk of

AD during the early stages of the disease.10 Early identification of

individuals at higher risk of AD dementia through risk stratification

is driven by the potential benefit that those individuals might gain

from lifestyle interventions. In fact, utilizing risk-stratification mod-

els to screen individuals for enrollment in clinical trials has proven

valuable.11

Numerous prediction models have emerged in recent years, pre-

dominantly developed using data from White individuals, and only a

few of these models have been evaluated outside their original study

populations, a process known as external validation.12 External val-

idation evaluates the extent to which the findings of a study, for

example, the ability to predict dementia, can be applied to other set-

tings and populations—prediction models that lack external validation

may not be applicable in clinical practice. A comparative analysis from

the Rotterdam Study, a population-based study in The Netherlands,

focused on four commonly used risk-prediction models and demon-

strated substantial variability in their capacity to discriminate and

predict dementia among olderWhite adults.13–17 Ultimately, the study

suggested theneed todevelopnew risk-predictionmodels.17 However,

the extent to which the validity of these risk-prediction models may

extend to older Black or African American adults, a population with a

twofold higher likelihood of developing AD dementia than their coun-

terparts, remains unknown.18 This study aims to externally evaluate

these four commonly used risk predictions for AD dementia in both

Black andWhite older adults residing in the South Side neighborhoods

of Chicago.

2 METHODS

2.1 Description of the prediction models included
in the analysis

2.1.1 Cardiovascular Risk Factors, Aging, and
Dementia (CAIDE)

The CAIDE risk-prediction model was developed using population-

based random samples of the North Karelia Project and the FINMON-

ICA study in Finland, which enrolled individuals 39 to 65 years of age.

The scoring included age, sex, education, body mass index (BMI), sys-

tolic blood pressure, total cholesterol, and physical activity level.13 An

additional risk score was developed, including the genetic information

onwhether an individualwas an apolipoprotein (APOE) ε4 carrier. Diag-
nosis of dementia was based on criteria of the Fourth Edition of the

Diagnostic and StatisticalManual ofMentalDisorders (DSM-IV). Study

participantswere followed for20years andevaluated for the incidence

of dementia.13

2.1.2 Australian National University Alzheimer’s
Disease Risk Index (ANU-ADRI)

The ANU-ADRI was developed using self-reported risk factors for

Alzheimer’s and dementia. These risk factors were identified from a

systematic literature review and included age, sex, education, diabetes,

depressive symptoms, traumatic brain injury, smoking, alcohol con-

sumption, social engagement, physical activity, cognitively stimulating

activities, fish intake, and pesticide exposure.19 For people younger

than 60 years, the prediction model also includes BMI and choles-

terol. The model was evaluated in three cohorts, including the Rush

Memory andAging Project andCardiovascularHealthCognition Study

in the United States and the Kungsholmen Project in Sweden. Diag-

nosis of dementia differed between studies, with the Rush Memory
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and Aging Project based on the National Institute of Neurological and

CommunicativeDiseases and Stroke–Alzheimer’s Disease and Related

Disorders Association (NINCDS-ADRDA) criteria. In the Cardiovascu-

lar Health Cognition Study, the diagnosis of dementia was based on

a progressive or static cognitive deficit of sufficient severity to affect

the participant’s activities of daily living and impairment in at least two

cognitive domains. In the Kungsholmen Project, physicians diagnose

dementia according to the DSM-III-R criteria using a validated three-

step diagnostic procedure. In the three cohorts study, participants

were followed for an average of 6 years to document the incidence of

dementia.19

2.1.3 Brief Dementia Screening Indicator (BDSI)

The BDSI was developed among individuals 65–79 years of age across

four community- or population-based cohort studies in the United

States, including the Cardiovascular Health Study, Framingham Heart

Study, Health and Retirement Study, and Sacramento Area Latino

Study on Aging.14 The model included age, education, BMI, presence

of diabetes, history of stroke, assistance needed with finances or med-

ications, and depressive symptoms. The diagnosis of dementia differed

between studies, and the investigators’ consensus on the incidence

of dementia across studies was based on cognitive impairment in at

least two domains, reflecting a decline from prior levels, that affected

daily function.14 Study participants were followed for 6 years for the

incidence of dementia.

2.1.4 Dementia Risk Score (DRS)

The DRS utilized data from primary care in the United Kingdom (UK)

and theHealth Improvement Network (THIN).15 The THIN database is

representative of the UK population, and individuals 60 to 95 years of

agewere included in thedevelopment of the risk-predictionmodel. The

risk-prediction models were developed separately for individuals60 to

79 years of age and 80 to 95 years of age. The model included age; sex;

social deprivation; calendar year at baseline; smoking status; BMI; total

cholesterol/high-density lipoprotein cholesterol ratio; systolic blood

pressure; history of heavy alcohol use; history of diabetes, coronary

heart disease, stroke, or atrial fibrillation, depression, anxiety; and use

of anti-hypertensive drugs, statins, or aspirin and other non-steroidal

anti-inflammatory drugs (NSAIDs). The dementia diagnoses included

AD, vascular dementia, and unspecified or mixed dementia during 5

years of follow-up.15

2.2 Study population for external validation of
risk-prediction scores

All four risk-prediction scores were validated within the Chicago

Health and Aging Project (CHAP), a population-based cohort study

focused on risk factors for AD.20 Established in 1993, CHAP enrolled

10,802 participants 65 years of age or older residing in the South side

RESEARCH INCONTEXT

1. Systematic review: Identifying people at high risk of

Alzheimer’s dementia (AD) dementia has many poten-

tial benefits for clinicians, patients, and policymakers. For

instance, clinicians could enroll high-risk individuals in

clinical trials or initiate risk-modifiable treatment, which,

if successful, would slow cognitive decline and delay the

onset of the disease.

2. Interpretation: We utilized demographic, genetic,

lifestyle, and clinical data from a population-based

study, the Chicago Health and Aging Project (CHAP),

to externally validate four risk-prediction models for

AD dementia, including Australian National Univer-

sity Alzheimer’s Disease Risk Index (ANU-ADRI), Brief

Dementia Screening Indicator (BDSI), Cardiovascular

Risk Factors, Aging, and Dementia (CAIDE), and Demen-

tia Risk Score (DRS), in Black or African American and

White older adults. Of all risk-prediction models, BDSI,

followed by ANU-ADRI, had good discriminative power

during 6 years but decreased with longer follow-up time

(i.e., 10–15 years).

3. Future directions: Acknowledging the longer preclinical

and prodromal phases of disease development and racial

differences inADdementia risk, there is aneed todevelop

race-specific risk-prediction models that can predict 10

or 20 years of risk for AD dementia.

of Chicago until 2012. Data acquisition included in-home assessments

through structured interviewer-administered questionnaires covering

various social, lifestyle, and clinical phenotypes.

Of the 10,802 individuals enrolled in the study (Figure S1), a strat-

ified random sample of 2794 participants was further evaluated for

clinical diagnosis of ADby detailed clinical examination. A total of 2130

participants were followed for incident AD and comprised the study

sample.4,21 To account for probability of selection for clinical diagno-

sis, all analyses were sample weight adjusted for stratified random

sampling.

2.3 Assessment of predictor variables in CHAP

Race, sex, and education (years of formal schooling) were determined

using the 1990 US census questions. Apolipoprotein E (APOE) ε4 geno-
typing was measured on the single nucleotide polymorphisms of the

rs7412 and rs429358 by the Broad Institute Center for Genotyping

(Cambridge, Massachusetts) using the hME Sequenom MassARRAY

platform.22 BMI was computed by dividing participants’ weight (kg)

by height (m2). Physical activity was assessed through the 1985 US

Health Interview Survey, where participants reported time spent in six
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activities, including walking for exercise, gardening or yard work, cal-

isthenics or general exercise, bicycle riding, and swimming.23 Smoking

statuswas self-reported,where participantswere categorized as never

smokers, current smokers, and former smokers.24 Alcohol consump-

tion was self-reported in units of alcohol consumed per day. Cognitive

activities were assessed using a structured questionnaire that mea-

sured participation in the following cognitively stimulating activities

during the past year, including reading newspapers, magazines, and

books; visiting a museum; playing games like cards, checkers, cross-

words, or puzzles; and listening to the radio or watching television.

The variable ranges from 1 to 5 and is calculated by averaging the

individual item scores.25 Fish intake was obtained by a validated food

frequency questionnaire estimating how often, on average, a partici-

pant had consumed a specified amount of foods during the previous

year.26

Social engagement was determined by responses to questions on

attending religious services, visiting a museum, participating in activ-

ities or groups outside the home, or working part time or full time.27

The neighborhood deprivation index was created for each US Census

tract basedon income,wealth, education, employment/occupation, and

housing conditions.28

A trained or certified research assistant measured systolic blood

pressure. Dyslipidemia, characterized by elevated cholesterol levels,

was assessed by examining whether the study participant had been

prescribed statins.29 History of heart disease, stroke, diabetes, and

atrial fibrillation was determined by self-report questions from the

Established Populations for the Epidemiologic Study of the Elderly.

A 10-item depressive symptoms scale, the Center for Epidemiologic

Studies Depression was used to quantify symptoms of depression.30

Traumatic brain injury with loss of consciousness was self-reported.

Information on whether a study participant needed help with tak-

ing medications and managing money was part of the instrumental

activities of daily living assessment.

Information onmedications, including the use of anti-hypertensives,

anxiolytics, aspirin and other NSAIDs, was obtained during home visits

through a direct inspection of the medication that study participants

were using.

CHAP did not collect information on pesticide exposure, since the

population was urban and had little risk of exposure.

The variables described were assessed at baseline, except for the

food frequency questionnaire, which was administered a few years

after baseline. The food frequency questionnaire questions study par-

ticipants about howmuch food they consumedon average the previous

year, and often dietary patterns remain unchanged in older adults. We

utilized the food frequency questionnaire to determine fish intake in

our study participants.

2.4 Clinical evaluation and diagnosis of
Alzheimer’s disease dementia

The clinical diagnosis of AD dementia was established following a uni-

formclinical evaluation, as described previously.4,20,21 In brief, an expe-

rienced clinician utilized information derived from a comprehensive

neurological examination, medical background, and cognitive perfor-

mance assessments and, with the aid of an algorithmically generated

cognitive impairment rating, determined the diagnosis of AD dementia

according to the criteria outlined by the collaborativeworking group of

the NINCDS-ADRDA.31

2.5 Statistical analysis

We computed the risk scores of every participant of the CHAP study

based on published points from each prediction model of the original

study. For prediction models that provided the regression coefficients

and survival function or baseline risk (i.e., CAIDE13 and DRS15), we

created the linear predictor and estimated the risk of AD demen-

tia for each participant of the CHAP study (see Appendix in the

SupplementaryMaterial).

The study evaluated the predictive performance of four risk-

prediction models (CAIDE,13 BDSI,14 ANU-ADRI,19 and DSR15) in the

CHAP study by assessing their discrimination and calibration. Discrim-

ination is the ability of a prediction model to distinguish between an

individualwhowill develop an event (e.g., AD) and onewhowill not.We

quantified discrimination for four models by calculating the c-statistic.

Calibration, on the other hand, assesses the agreement between pre-

dicted probabilities of disease from the risk-prediction models and the

actual incidence of events in the CHAP population. The calibration

of the risk-prediction model (i.e., CAIDE13 and DRS15) was evaluated

by comparing the predicted risks from the prediction model with the

observed risks (cumulative incidence of the event). Themeanpredicted

probability was then plotted against the observed dementia incidence

in each quintile of the predicted risk for Black or African American

older adults and their White counterparts. In addition, we performed

recalibration of the original logistic (i.e., CAIDE13) and Cox regres-

sion (i.e., DRS15) models, updating the intercept and baseline survival

function to alignwith the characteristics of theCHAPstudypopulation.

The comparative approach of risk-prediction models was based

on the analysis by Licher et al. from the Rotterdam Study.17 By fol-

lowing a similar approach, we will be able to compare findings from

two population-based studies with different demographic characteris-

tics: the Rotterdam Study in The Netherlands, which consists almost

entirely of White adults, and the CHAP study, a biracial cohort in

Chicago, Illinois, USA. The approach consisted of three primary anal-

yses. First, we calculated risk scores for CHAP participants within

the age ranges specified by the original cohorts used to develop the

risk-prediction models. We modified the follow-up time in CHAP for

incident ADdementia to alignwith the original risk-prediction cohorts.

Second, we validated the risk-prediction model using our entire study

population, considering the full age range and follow-up duration (5,

10, and 15 years) of CHAP participants. Third, given the significant

impact of age on AD dementia risk, we assessed the c-statistic of the

model using two additional models: one considering age alone and

another including all risk factors except age. Often researchers focus

on incorporating new biomarkers to improve the discriminative power
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(i.e., c-statistic) of the model without adequately addressing the influ-

ence of age alone; therefore, we believe the evaluation of the predic-

tion ability of a model with and without age is justified. In computing

risk scores for the entire population, wemade adjustments to the scor-

ing for BDSI,14 which was designed originally for individuals 65 to 79

years of age. To account for this, we allocated an additional point for

each year of age beyond the specified range.17

Missing data for most of the variables included in the predictions

scores were very low (<2% missing), with the highest missing infor-

mation on fish intake (9.5%), activities of daily living questionnaire

(8.9%), atrial fibrillation (8.3%), BMI (6.6%), and APOE ε4 status (3.2%).
These missing values were imputed using multivariate imputations

by chained equations (MICE) with the mice package, an approach we

have used in previous studies.23 We used a single imputation method

but maximized the accuracy with a wide range of predictors (i.e., age,

sex, race, antidepressant or aspirin use, and prevalence of stroke) fit-

ted in all four risk-prediction models. Analyses were performed using

R statistical computing, version 4.3.2 (R Foundation for Statistical

Computing, Vienna, Austria).

3 RESULTS

Table 1 shows the baseline characteristics of Black or African Amer-

ican and White older adults in the study sample. The mean age of

Black adults was 71.7 years (SD 5.1), and of White individuals, 74.8

TABLE 1 Baseline characteristics of the study population at the baseline.

Black or African American White

N 1159 971

Demographic

Age at baseline, years, mean (SD) 71.7 (5.1) 74.8 (6.3)

Sex, male, n (%) 425 (36.7) 369 (38.0)

Education, years, mean (SD) 11.9 (3.1) 14.2 (3.1)

Genetic

APOE ε4 carrier, n (%) 414 (35.7) 260 (26.8)

Lifestyle

Bodymass index, kg/m2, mean (SD) 29.0 (5.9) 26.3 (4.8)

Physical activity, h/week, median [IQR] 1.0 [0.0, 3.5] 2.5 [0.5, 5.6]

Current smoker, n (%) 167 (14.4) 90 (9.3)

Alcohol use, g/day, median [IQR] 0.0 [0.0, 0.0] 1.5 [0.0, 10.8]

Cognitive activity, comp. score, mean (SD) 3.1 (0.6) 3.5 (0.5)

Fish intake, serving/week, mean (SD) 1.4 (1.2) 1.2 (1.1)

Social

Social engagement, comp. score, median [IQR] 4.0 [2.0, 5.0] 4.0 [3.0, 5.0]

Neighborhood socioeconomic status, z-score, median [IQR] −3.2 [−3.9,−1.2] 4.2 [2.6, 6.4]

Clinical

Systolic blood pressure, mmHg, mean (SD) 138.5 (19.3) 138.4 (19.0)

Diabetes, n (%) 239 (20.6) 112 (11.5)

Stroke, n (%) 85 (7.3) 59 (6.1)

Atrial fibrillation, n (%) 17 (1.5) 78 (8.0)

Depression, n (%) 23 (2.0) 39 (4.0)

Traumatic brain injury with loss of consciousness, n (%) 39 (3.4) 67 (6.9)

Needs help, money/medications, n (%) 167 (14.4) 147 (15.1)

Medication

Anti-hypertensive use, n (%) 720 (62.1) 494 (50.9)

Statin use, n (%) 122 (10.5) 93 (9.6)

Anxiolytics use, n (%) 25 (2.2) 32 (3.3)

NSAID use, n (%) 216 (18.6) 160 (16.5)

Aspirin use, n (%) 264 (22.8) 341 (35.1)

Note: Depression is defined by the Center for Epidemiologic Studies Depression (CESD)-10 or taking anti-depressivemedication.
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TABLE 2 Discriminative ability for predictivemodels for dementia in the original cohort and ChicagoHealth and Aging Project (CHAP).

c-statistic (95%CI)

CHAP

Model Age range, y Follow-up, y Original cohorts Black or African American White

CAIDEa 39–64 20 0.77 (0.71–0.83) 0.55 (0.51–0.58) 0.53 (0.48–0.57)

+APOE ε4 0.78 (0.72–0.84) 0.57 (0.54–0.61) 0.59 (0.54–0.63)

ANU-ADRIb 55–100 6 0.64 to 0.74 0.78 (0.74–0.83) 0.75 (0.7–0.81)

BDSIc 65–79 6 0.68 to 0.78 0.79 (0.74–0.84) 0.77 (0.7–0.85)

DRSd 60–79 5 0.84 (0.81–0.87) 0.75 (0.69–0.81) 0.66 (0.58–0.75)

80–95 5 0.56 (0.55–0.58) 0.61 (0.48–0.73) 0.55 (0.44–0.65)

Notes:Models are ordered in ascending order by publication date. The c-statistic of the original cohorts refers to the data onwhich the risk-predictionmodels

were first developed or tested, and these estimates were obtained from their respective publications. Studies developing ANU-ADRI and BDSI prediction

models utilized several study populations and calculated c-statistic estimates for each study. Specifically, ANU-ADRI was evaluated in three cohorts and

provided three c-statistic estimates. BDSI was evaluated in four cohort studies and provided four c-statistic estimates. To simplify the results for comparison

with CHAP, we showed only the range for these c-statistic estimates. The 95% CIs of c-statistic estimates of ANU-ADRI and BDSI are shown in the original

papers cited above.

Abbreviations: ANU-ADRI, AustralianNational University Alzheimer’s Disease Risk Index; BDSI, Brief Dementia Screening Indicator; CAIDE, Cardiovascular

Risk Factors, Aging, andDementia; DRS, Dementia Risk Score.
aLancet Neurol. 2006 Sep;5(9):735-41. https://doi.org/10.1016/S1474-4422(06)70537-3.
bPLoSOne. 2014 Jan 23;9(1):e86141. https://doi.org/10.1371/journal.pone.0086141.
cAlzheimers Dement. 2014Nov;10(6):656-665.e1. https://doi.org/10.1016/j.jalz.2013.11.006.
dBMCMed. 2016 Jan 21:14:6. https://doi.org/10.1186/s12916-016-0549-y.

(SD 6.3). About 63% of the sample were women, similarly distributed

among Black andWhite adults. APOE ε4 allele carriership was higher in
Black than in White adults: 35.7% and 26.8%, respectively. Compared

to White individuals, Black individuals, on average, had higher BMI,

lower levels of physical and cognitive activity, and were more likely to

be smokers.

Table 2 shows the discriminative ability, as measured by the c-

statistic, of the risk-prediction model in the CHAP study, utilizing the

age range and follow-up period specific to the original development

cohort. Compared to the original cohorts where the risk-prediction

scores were first developed or tested, in the CHAP study, CAIDE had

the lower c-statistic and BDSI the highest discrimination power. In

CHAP, the c-statistics for CAIDE were 0.55 (95% confidence inter-

val [CI] 0.51–0.58) and 0.53 (95% CI 0.48–0.57), respectively, in Black

and White individuals. Additional genetic information, the APOE ε4,
slightly improved the c-statistic in White adults (c-statistic 0.59, 95%

CI 0.54–0.63). For BDSI, c-statistics in Black adults were 0.79 (95%

CI 0.74–0.84) and in White individuals were 0.77 (95% CI 0.7–0.85),

whereas in the original cohorts, c-statistics ranged from 0.68 to 0.78.

ANU-ADRI performed slightly better in CHAP than in the original

cohorts. In CHAP, the c-statistics for ANU-ADRI were 0.78 (95% CI

0.74–0.83) in Black adults and 0.75 (95% CI 0.7–0.81) inWhite adults.

DRS performed better in the original study population than in the

CHAP study.

Table 3 shows the discriminative ability of the risk-prediction mod-

els for AD dementia in the entire study sample across 5, 10, and 15

years of follow-up, as well as in the model considering age alone and

another model including all risk factors except age. In Black or African

American and White older adults, the highest c-statistics were during

5 years of follow-up and decreased with increasing follow-up peri-

ods, that is, 10 and 15 years. At 5 years of follow-up for incident AD

dementia, ANU-ADRI had the highest discriminative ability with a c-

statistics of 0.86 (95% CI 0.81–0.91), which was similar in older Black

andWhite adults. At 10and15years of follow-up, BDSI had thehighest

c-statistics in both groups. For Black adults, the c-statistics were 0.74

(95% CI 0.71–0.77) at 10 years of follow-up and 0.73 (95% CI 0.70–

0.76) at 15 years. In White adults, the c-statistics for BDSI were 0.79

(95% CI 0.75–0.82) and 0.78 (95% CI 0.74–0.81) for 10 and 15 years,

respectively. Basedon the age variable alone, c-statistics showed lower

but comparablediscriminative ability forADdementia in the fullmodel,

and the attenuation was slightly higher in Black adults than in White

adults. Themodelwithout agebutwith all other risk factors showed the

lowest discriminative power across follow-up periods in both groups.

Figure 1 shows the calibration plots forCAIDEandDRS in theCHAP

study sample using the original (i.e., development)model age range and

follow-up period. The 18-year estimates based on the CAIDE model

and the 5-year risk estimate based on theDRSmodel were, on average,

poorly calibrated, underestimating the risk of AD dementia in Black

and White adults. Based on the CAIDE model, the average predicted

risks were 3.1% for Black adults and 2.0% for their White counter-

parts, compared to the observed weighted cumulative AD dementia

incidence of 14.2% for Black and 9.4% for White adults. Based on

the DRS model, the average predicted risk during 5-year follow-up

was 0.9% in Black adults and 1.5% in White adults compared to the

observedweighted cumulativeADdementia incidence of 4.3% inBlack

individuals and 4.1% in White individuals. Recalibration of the predic-

tion models improved the calibration, although it underestimated the

risk, especially for Black individuals.

https://doi.org/10.1016/S1474-4422(06
https://doi.org/10.1371/journal.pone.0086141
https://doi.org/10.1016/j.jalz.2013.11.006
https://doi.org/10.1186/s12916-016-0549-y


DHANA ET AL. 7919

TABLE 3 Discriminative ability for predictivemodels for dementia in ChicagoHealth and Aging Project across different follow-up periods.

c-statistics and 95%CI at different follow-up periods

Black or African American White

5 years 10 years 15 years 5 years 10 years 15 years

CAIDE

CAIDE 0.58 (0.51–0.65) 0.56 (0.52–0.61) 0.56 (0.52–0.59) 0.55 (0.48–0.63) 0.54 (0.48–0.59) 0.53 (0.48–0.57)

+APOE ε4 0.58 (0.52–0.65) 0.58 (0.54–0.63) 0.58 (0.54–0.62) 0.61 (0.53–0.69) 0.6 (0.55–0.65) 0.59 (0.54–0.64)

Age only NA NA NA NA NA NA

Without age 0.58 (0.51–0.65) 0.56 (0.52–0.61) 0.56 (0.52–0.59) 0.55 (0.48–0.63) 0.54 (0.48–0.59) 0.53 (0.48–0.57)

ANU-ADRI

ANU-ADRI 0.86 (0.81–0.91) 0.71 (0.68–0.75) 0.7 (0.67–0.74) 0.86 (0.81–0.91) 0.74 (0.7–0.79) 0.74 (0.69–0.78)

Age only 0.78 (0.7–0.86) 0.68 (0.64–0.72) 0.67 (0.64–0.71) 0.83 (0.77–0.9) 0.73 (0.69–0.77) 0.72 (0.68–0.76)

Without age 0.78 (0.72–0.84) 0.62 (0.58–0.66) 0.61 (0.57–0.65) 0.69 (0.59–0.79) 0.63 (0.58–0.68) 0.62 (0.58–0.67)

BDSI

BDSI 0.81 (0.76–0.85) 0.74 (0.71–0.77) 0.73 (0.7–0.76) 0.79 (0.74–0.85) 0.79 (0.75–0.82) 0.78 (0.74–0.81)

Age only 0.74 (0.69–0.8) 0.7 (0.67–0.74) 0.7 (0.66–0.74) 0.73 (0.67–0.79) 0.74 (0.7–0.78) 0.73 (0.69–0.77)

Without age 0.75 (0.69–0.8) 0.68 (0.64–0.72) 0.66 (0.63–0.7) 0.73 (0.67–0.8) 0.71 (0.66–0.76) 0.7 (0.66–0.75)

DRS

DRS 0.77 (0.72–0.82) 0.72 (0.69–0.76) 0.71 (0.68–0.75) 0.71 (0.65–0.76) 0.72 (0.68–0.76) 0.71 (0.67–0.75)

Age only 0.74 (0.69–0.8) 0.71 (0.67–0.74) 0.7 (0.67–0.74) 0.73 (0.67–0.79) 0.74 (0.7–0.78) 0.73 (0.69–0.77)

Without age 0.7 (0.64–0.77) 0.66 (0.61–0.7) 0.64 (0.6–0.68) 0.67 (0.6–0.75) 0.68 (0.62–0.73) 0.67 (0.62–0.72)

Note: CAIDE assigns a similar score to all individuals aged 53 years and older, whereas all CHAP participants are 65 years and older; therefore, we cannot

estimate the c-statistic for age only.

Abbreviations: ANU-ADRI, AustralianNational University Alzheimer’s Disease Risk Index; BDSI, Brief Dementia Screening Indicator; CAIDE, Cardiovascular

Risk Factors, Aging, andDementia; DRS, Dementia Risk Score.

4 DISCUSSION

In this study, we externally validated four commonly used risk-

prediction models for AD dementia in Black or African American

and White older adults residing in the South Side of Chicago in Illi-

nois. These models incorporated a range of risk factors, including

demographics, genetics, lifestyle, clinical factors, social factors, and

medication use. ANU-ADRI and BDSI demonstrated good discrimina-

tion power (i.e., the ability to differentiate between individuals who

will develop dementia and those who will not) over a 6-year follow-

up period in both Black and White older adults, consistent with the

c-statistics of their original cohorts. CAIDE demonstrated the poorest

discrimination ability. The discrimination power decreased with longer

follow-up, a trend observed particularly among Black adults. Given the

longer preclinical and prodromal phase of AD, over 10 years, and the

presence of racial disparities in disease risk, these findings underscore

the importance of developing tailored risk-predictionmodels for Black

and White individuals that can predict the 10- and 20-year risk of AD

dementia.

There is a growing clinical interest in risk-prediction models, also

known as risk stratification, for identifying individuals at increased

risk of AD dementia.12 This interest originates from the potential

advantages of early intervention as a good strategy to slow cogni-

tive decline as older adults age and ultimately prevent or postpone

AD dementia onset. For instance, the CAIDE risk-prediction model13

has proven valuable in screening individuals for enrollment in the FIN-

GER trial, which resulted in a significant beneficial intervention effect

on overall cognitive performance.11 However, as new risk-prediction

models emerge, clinicians will confront challenging decisions regard-

ing which model to select, especially in the absence of comparative

analyses.12 Moreover, more information is needed on whether cur-

rent risk-prediction models perform well across different racial/ethnic

groups. In the current analysis, we selected the four most common

risk-prediction models and conducted a head-to-head comparative

analysis evaluating the performance of models separately in Ameri-

can Black and White adults living in the United States. We selected

these models based on an analysis from the Rotterdam Study in The

Netherlands,17 which allows us to compare the performance on exter-

nal validity between CHAP and Rotterdam Study. CHAP and the

Rotterdam Study differ in population characteristics, with CHAP being

biracial population-based and the Rotterdam Study comprising almost

exclusively White adults. In addition, CHAP White adults, on aver-

age, are older than Rotterdam Study participants (75 vs 69 years).

Nevertheless, both studies highlighted the need for updated mod-

els to predict the risk of AD dementia. In the Rotterdam Study, the

DRS provided the highest c-statistic, whereas, in the CHAP White

adults, BDSI outperformed othermodels at the 10-year follow-up. DRS

was developed using data from the Health Improvement Network, a
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F IGURE 1 Calibration plot of CAIDE andDRS risk-predictionmodels for Alzheimer’s disease in the ChicagoHealth and Aging Project (CHAP).
CAIDE predicts the risk of dementia during 20 years of follow-up, whereas DRS predicts it during 5 years of follow-up. In CHAP, we censored
follow-up data according to the predictionmodels and data availability. Recalibration consists of updating the intercept for the CAIDEmodel,
whereas for the DRSmodel, it consists of updating the baseline survival function and themean predictor values. The dashed diagonal line shows
the ideal calibration between predicted and observed values. CAIDE, Cardiovascular Risk Factors, Aging, and Dementia; DRS, Dementia Risk
Score.

representative of the United Kingdom population. BDSI was devel-

oped from four community- or population-based cohort studies in the

United States, including the Cardiovascular Health Study and Health

and Retirement Study, which comprised 15% and 7%African American

individuals, respectively. In addition, the Rotterdam Study showed that

risk factors included in the predictionmodels have limited added value

above andbeyond age inADdementia prediction.17 In theCHAP study,

age alone explained the majority of the predictive power; however,

additional risk factors added value for specific models.

The CAIDE13 model had the lowest performance within our study

population. A key characteristic of the CAIDEmodel is its development

for midlife adults (aged 40–64years), suggesting potential limitations

when applied to older adults, that is, 65 years and older. In addition,

because the CHAP study comprises older adults (mean age 73 years),

it is expected that CHAP participants have more comorbidities and

other health conditions than participants of the study used to develop

the CAIDE score. This likely contributes to the discrepancies between

the studies and explains the poor performance of the CAIDE pre-

diction model in our study population. Nevertheless, our results on

CAIDEmodel performancealignedwellwith findings fromtheprevious

analysis of the risk-predictionmodel.17

Predictionmodels, such as ANU-ADRI19 and BDSI,14 demonstrated

reasonably good performance in our population when it was limited to

a follow-up period of 6 years based on the development cohort. How-

ever, as we extended the follow-up to 10 and 15 years, we noted a

decrease in the discriminative ability of these models, especially for

BDSI in Black adults. AD is a progressive neurodegenerative disor-

der characterized by the accumulation of amyloid plaques and tangles,

a process that begins 15 to 20 years before clinical manifestation.32

Given that these prediction models are intended primarily to iden-

tify individuals at high risk for early life interventions,10 as primary

prevention through lifestyle changes is most effective when initiated

early, it is crucial to develop models specifically for predicting the

10- and 20-year risk of AD. In addition, these risk-prediction models

were developed predominantly using data from White adults, and we

applied them to Black individuals despite knowing racial disparities

in risk factors and AD dementia prevalence.1 Therefore, race-specific

risk-predictionmodels for AD dementia are verymuch needed.
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Another risk-prediction score, the Rapid Risk Assessment of

Dementia (RADaR), was developedwithin the RushMemory andAging

Project.33 RADaR utilizes five self-reported questions, including mem-

ory complaints, difficulty with finances, orientation to time and place,

and delayed recall of three words. It has shown good discrimination

ability for predicting the 3-year incidence of AD dementia in older

Black andWhite individuals. This risk calculation tool is convenient for

primary care settings because it requires fewer than 10 min to admin-

ister. However, because it can only assess 3-year AD dementia risk,

its relevance to primary prevention may be limited, as the process of

disease development typically begins at least 10 years before clinical

manifestation.34

The strengths of our study are a population-based design, long-term

follow-up, and accurate diagnosis of AD dementia through structured

clinical neurological evaluations with neuropsychological testing. In

addition, the availability of a wide range of demographic, genetic,

lifestyle, and social risk factors allowed us to compare several pre-

diction models. However, several methodological limitations warrant

mentioning. We made several adjustments to risk factors when data

were unavailable; for example, we used the status of statin medica-

tion to determine whether an individual had dyslipidemia (e.g., higher

cholesterol levels). This modification may be acceptable because using

a prediction model in clinical practice may require modifications.17

In addition, we computed the ANU-ADRI score without information

on pesticide exposure; regardless, ANU-ADRI performed well in our

population. Another limitation is that the results of this study may

not be generalized beyond this study population (i.e., CHAP), which

consists of Black American and White residents 65 years of age

and older from a geographically defined community on the South

Side of Chicago. Nevertheless, this is the first study to indepen-

dently assess the performance of these prediction scores in Black

Americans.

In conclusion, most AD dementia prediction models focus on short-

term risk estimation and are derived from studies that predominantly

include White individuals. Acknowledging the existence of racial dis-

parities in AD dementia and the longer preclinical and prodromal

phases of diseasedevelopment, our study emphasizes theneed to iden-

tify race-specific predictors for Black and White adults and develop

risk-prediction models that can estimate the risk of AD dementia risk

over extended periods, such as 10 and 20 years.
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