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Abstract

Introduction: This study aimed to predict brain amyloid beta (Aβ) status in older adults
using collected information from an online registry focused on cognitive aging.

Methods:Aβ positron emission tomography (PET) was obtained frommultiple in-clinic

studies. Using logistic regression, we predicted Aβ using self-report variables collected
in the Brain Health Registry in 634 participants, as well as a subsample (N= 533) iden-

tified as either cognitively unimpaired (CU) ormild cognitive impairment (MCI). Cross-

validated area under the curve (cAUC) evaluated the predictive performance.

Results: The best prediction model included age, sex, education, subjective memory

concern, family history of Alzheimer’s disease, Geriatric Depression Scale Short-Form,

self-reported Everyday Cognition, and self-reported cognitive impairment. The cross-

validatedAUCs ranged from0.62 to0.66. This onlinemodel could help reducebetween

15.2% and 23.7% of unnecessary Aβ PET scans in CU andMCI populations.

Disucssion: The findings suggest that a novel, online approach could aid in Aβ
prediction.

KEYWORDS

amyloid, BrainHealthRegistry, cognitively unimpaired, dementia, IDEAS study, Internet,mild cog-
nitive impairment, prediction, research registry, self-report
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1 BACKGROUND

The current National Institutes on Aging and Alzheimer’s Association

research framework biological definition of Alzheimer’ disease (AD)

emphasizes the importance of the presence of the following three

biomarkers: amyloid beta (Aβ) plaques, tau pathology, and neurode-

generation (A/T/N criteria).1 Aβ plaques constitute a key hallmark of

the pathophysiology of AD.2,3 There is growing recognition of AD as

a continuum which includes a lengthy preclinical phase during which

changes in brain Aβ are believed to precede the development of clinical

symptoms.2–4 Recent studies have confirmed the association of high

brain Aβ levels with greater cognitive decline5 as well as greater clin-

ical progression in cognitively unimpaired (CU) older adults with high

versus low levels of Aβ.6 Aβmay be considered the earliest biomarker

of AD and could therefore be a crucial indicator of increased risk for

subsequent cognitive decline and dementia.5 At-risk non-demented

older adults may be most likely to benefit from disease-modifying

treatments.

The ability to determine brain Aβ pathology has clinical bene-

fits (eg, increase the confidence in diagnosis and care and treatment

decisions)7,8 and can facilitate AD prevention trial recruitment (eg,

reduced screening fails).9,10 It is possible to assess amyloid burden in

vivo by Aβ positron emission tomography (PET)11 or cerebral spinal

fluid (CSF).12,13 Despite the robustness of both methods, they are not

suitable for screening of large populations because of the invasiveness,

high cost, and low technological availability in primary care clinical and

research settings.14,15 Thus, there is a need to identify non-invasive,

easily accessible, and cost-effective markers and/or models that can

accurately predict brain Aβ burden.
Many recent studies have investigated the development of practical

and low-cost markers for predicting Aβ status. A variety of modalities,

including demographics, apolipoprotein E (APOE), cognition,9,16–18

polygenic risk scores,19,20 magnetic resonance imaging (MRI),21–23

plasma Aβ,24–26 and other blood biomarkers approaches27,28 were

found to aid the prediction of Aβ burden. However, these stud-

ies focused on markers collected in-clinic. With technology adoption

increasing among older adults,29 the Internet offers a low-cost, scal-

able, and remoteapproach to collecting similarmarkers. Thus, theover-

all goal of this study was to leverage the inexpensive and easily avail-

able data collected in an online research and recruitment registry for

cognitive aging, the Brain Health Registry (BHR),30,31 to assess the

predictive value of this remotely collected information in identifying

older adultswith elevated levels of Aβ. More specifically, the aimswere

to develop the strongest predictive models for Aβ status using online
self-reported data and to determine the number of PET scans that

could be reducedwhen applying themodel to facilitate the clinical trial

screening.

2 METHODS

2.1 Study sample

Data were obtained from the BHR database. BHR is a public online

registry for research recruitment, assessment, and longitudinal

RESEARCH INCONTEXT

1. Systematic review: The authors reviewed the literature

using electronic data bases (eg, PubMed) and search

engines (Google Scholar). Previous studies have found

that various in-clinic measures (eg, cognition, apolipopro-

tein E [APOE], polygenic risk factors, plasma amyloid,

plasma analytes, magnetic resonance imaging) can aid the

prediction of positron emission tomography (PET) and

cerebrospinal fluid (CSF) amyloid status. However, the

utility of online collected self-report measures is not yet

well understood.

2. Interpretation: Results highlight the utility of online self-

reported measures in the prediction of amyloid beta

status. The inexpensive, non-invasive, easily accessible,

and scalable approachof online self-reported information

makes this an attractive and useful alternative to deter-

mining amyloid using PET imaging or CSF.

3. Future directions: Future studies will need to extend

these findings by evaluating the predictive utility of these

onlinemeasures in external andmore heterogenous sam-

ples. Apart fromthe self-reported sociodemographic vari-

ables and selected health measures used in this study,

future research could test other onlinemeasures.

monitoring with a focus on cognitive aging.30 Participants register

online, complete an online informed consent form, and complete a

variety of self-report questionnaires and self-administered cognitive

assessments. This study focused specifically on data obtained from

self-report questionnaires. At the time of the analysis, 70,992 were

enrolled. The mean age of the overall BHR sample was 60 (standard

deviation [SD] = 14.1), participants had an average of 15.9 years of

education (SD = 2.5), 69.8% were female, and 71.7% identified as

White.

This analysis focused on BHR participants with available Aβ sta-

tus by June 2019 (N = 930). Figure S1 in the supporting information

shows a flow diagram of the numbers of participants excluded from

the entire BHR sample down to the two included samples. BHR allows

co-enrollments, meaning that participants can be enrolled simulta-

neously in the BHR and another study, with data linkage between

the two studies.30 Co-enrolling studies in which participants have Aβ
data included the Imaging Dementia-Evidence for Amyloid Scanning

(IDEAS) study32,33 and clinical studies at the San Francisco Veter-

ans Affairs Medical Center (SFVAMC). Apart from having a known

Aβ status, the key inclusion criterion was that participants had com-

pleted the BHR self-report measures of interest for the analysis;

634 participants met these criteria and were included in the mod-

elling. This final sample includedparticipants regardless of their impair-

ment level. The models were also tested in a subsample of participants

(N = 533) who were classified as CU or mild cognitive impairment
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TABLE 1 Time estimates for each self-reported Brain Health
Registry (BHR)measures included in this analysis

Self-report measure

Time

estimate

Age 30 seconds

Sex 30 seconds

Education 30 seconds

Memory concern 30 seconds

Family history of Alzheimer’s disease 30 seconds

Diagnosis of mild cognitive impairment 30 seconds

Everyday Cognition Scale (39 items) 16minutes

Geriatric Depression Scale-Short Form (15 items) 6minutes

Total 25minutes

(MCI). The impairment level for this subgroup was clinician-rated for

participants coming from the IDEAS study and self-reported for par-

ticipants from SFVAMC studies. Clinician-rated impairment level in

IDEAS was determined as described in Nosheny et al.32 Briefly, the

participant’s impairment level of MCI or dementia was reported by

IDEAS dementia specialists prior to the participant’s PET scan and

required objective evidence of cognitive impairment. All IDEAS partic-

ipants were required to have an impairment level of MCI or dementias

as an inclusion criterion of the IDEAS study. The supporting informa-

tion (Figures S2 and S3) includes more details regarding the eligibility

criteria for IDEAS and the SFVAMC studies.

2.2 Self-reported online measures

The BHR self-reported online predictors used in this study included

three sociodemographic measures and five health-related measures.

We estimate that it takes BHR participants ≈25 minutes to complete

these measures. Table 1 provides the measures and individual time

estimates.

2.2.1 Sociodemographic measures

BHRparticipants complete a self-report questionnaire during registra-

tion which asks about sociodemographic information. For this analy-

sis, we focused on the following sociodemographic variables: age, sex

(male, female), and education, which are known to be associated with

Aβ and often included as predictors in similar Aβ prediction models

using in-clinic data.34–36 The categorical variable education was con-

verted to years of education, which ranged from 6 to 20 years.

2.2.2 Self-reported health-related measures

BHR participants are invited to complete further online self-report

questionnaires including an assessment of detailed medical history

and overall health. This analysis used subjective memory concern

(“Are you concerned that you have a memory problem?”), family his-

tory of AD (“Have you, your sibling[s], or parent[s] ever been diag-

nosed with Alzheimer’s disease?”), self-reported Everyday Cognition

Scale (ECog) score, and Geriatric Depression Scale-Short Form (GDS-

SF) score, which have previously been shown to be associated with

Aβ.35,37–39 We also used self-reported cognitive impairment (“Please

indicate whether you currently have or have had any of the following

conditions in the past: MCI or dementia/AD”).

Everyday Cognition Scale

BHR participants complete an online adaptation of the ECog.31 The

ECog is a 39-item measure of functional change and assesses the

participant’s self- or study partner-reported capability to perform

everyday tasks in comparison to activity levels 10 years prior includ-

ing activities that map to cognitive abilities across six domains.40 This

analysis focused on the self-reported score.

Geriatric Depression Scale-Short Form

The GDS-SF is a 15-item screening tool to rate severity of depressive

symptoms in older adults.41,42 In the BHR the GDS-SF is completed in

an online survey form; the item text and response options are identical

to the paper version and higher scores represent greater symptoms of

depression.

2.3 Aβ

AβPET scan resultswere directly provided by IDEAS (N=520) or stud-

ies conducted at the SFVAMC (N= 114). Determination of IDEAS par-

ticipants’ Aβ status has previously been described in detail.32 Briefly,

Aβ PET images were interpreted by IDEAS study imaging specialists

using approved reading methodologies for each tracer (fluorine 18

[18F]-labeled florbetapir, 18F-labeled flutemetamol, and 18F-labeled

florbetaben). Scan interpretation was “negative” when the retention of

the Aβ tracer was in cerebral white matter only and “positive” when

Aβ tracer retention was also found in cortical gray matter. The IDEAS

PET scan preceded the BHR data collection. All studies done at the

SFVAMC followed the same protocol. The PET scans with 18F florbe-

tapirwereperformed toestablishAβ status and scanswere interpreted
using visual read. For this group, theBHRonline data collectionwas not

restricted to time of PET scan.

2.4 Statistical analysis

The participants’ characteristics were summarized and compared by

Aβ status using Mann-Whitney and chi-square tests. We used a

complete-case logistic regression to construct the models that predict

Aβ status based on online self-reportmeasures. Here, prediction refers

to estimating the probability that someone is Aβ positive (diagnos-

tic prediction model).43 For the logistic regression analysis, the online

self-reported predictors of interest were divided into two groups: first

group: demographic variables (age, sex, years of education); second

group: self-reported health variables (family history of AD, subjective

memory concern [SMC], self-ECog score, GDS-SF score, self-reported

cognitive impairment). The predictive performance of all logistic
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TABLE 2 Demographic and key sample characteristics by Aβ status

Aβ+
(N= 345; 54.4%)

Aβ+
(N= 289; 45.9%) P

Total

(N= 634)

Demographics

Age, yearsM (SD) 74 (5.5) 73 (5.3) .018a 73.5 (5.4)

Female, n (%) 142 (41.2%) 141 (48.8%) .054b 283 (44.6%)

Education, yearsM (SD) 16.1 (2.8) 16.4 (2.5) .23a 16.3 (2.7)

White, n (%) 324 (93.9%) 256 (88.6%) .017b 580 (91.5%)

Latino, n (%) 7 (2.0%) 6 (2.1%) .079b 13 (2.1%)

Self-reported data

Family history of AD, n (%) 130 (37.7%) 213 (73.7%) .0023b 428 (67.5%)

Self-reportedmemory concern, n (%) 320 (92.8%) 246 (85.1%) .0020b 566 (89.3%)

Self-reported ECog,M (SD) 1.79 (0.6) 1.77 (0.6) .69a 1.78 (0.6)

GDS-SF, M (SD) 2.21 (2.5) 2.75 (2.9) .014a 2.45 (2.7)

Self-reported cognitive impairment n (%) 284 (82.3%) 177 (61.2%) <.0001b 461 (72.7%)

Impairment level <.0001b

Cognitively unimpaired n (%) 36 (10.4%) 56 (19.4%) 92 (14.5%)

Mild cognitive impairment n (%) 229 (66.4%) 212 (73.4%) 441 (69.6%)

Dementia n (%) 80 (23.2%) 21 (7.3%) 101 (15.9%)

Study origin .0009b

IDEAS, n (%) 299 (86.7%) 221 (76.5%) 520 (82.0%)

SFVAMC studies, n (%) 46 (13.3%) 68 (23.5%) 114 (18.0%)

Abbreviations: Aβ, amyloid beta; AD, Alzheimer’s disease; ECog, Everyday Cognition Scale; GDS-SF, Geriatric Depression Scale-Short Form; IDEAS, Imaging

Dementia-Evidence for Amyloid Scanning; SD, standard deviation; SFVAMC, San Francisco Veterans AffairsMedical Center.
a
Based onMann-Whitney test.

b
based on Chi-square test.

models was assessed by calculating the area under the receiver oper-

ating characteristic (AUC) curve. We corrected for optimism by calcu-

lating 10-fold cross-validated estimates of the AUCs. Estimates of sen-

sitivity, specificity, positive predictive value (PPV), negative predictive

value (NPV) were also calculated using a cut-off point of 0.5. We cali-

brated the logistic regressionpredictionmodels by computingHosmer-

Lemeshow goodness-of-fit tests for overall calibration, by plotting the

observed andmodel-based predictions used in the Hosmer-Lemeshow

tests, and fitting a linear regression model to the data in the plots.

We assessed calibration separately for the full sample and the sample

that included only CU and MCI participants. These analyses were per-

formed in two samples: (1) including all impairment levels and (2) CU

and MCI only. Statistical analyses were performed using SAS version

9.4, STATA, and R and a P value of .05 was taken as statistically signifi-

cant.

3 RESULTS

3.1 Sample characteristics

Six hundred thirty-four BHR participants with complete data for all

predictors of interest and Aβ status (Aβ+ n= 345, 54%) were included

in the analyses. Participant characteristics by Aβ status are presented
and compared in Table 2. From the total sample 92 (14.5%) were

CU, 441 (69.6%) MCI, and 101 (15.9%) dementia. The mean age was

73.5 (SD = 5.4) with a mean of 16.3 (SD = 2.7) years of education.

Females represented44.6%of the sample andWhites 91.5%.No signif-

icant differences in sex, years of education, ethnicity, or self-reported

ECogwere found betweenAβ+ andAβ– individuals. Therewere signif-
icant differences in age (P= .018), race (P= .018), family history of AD

(P= .0023), self-reportedmemory concern (P= .0020), GDS-SF scores

(P= .014), and self-reported cognitive impairment (P< .0001).

3.2 Amyloid prediction models including
participants from all impairment levels

Table 3 contains a summary of multivariate logistic regression mod-

els tested in the sample including all impairment levels. Model accu-

racy ranged from AUC 0.57 to 0.68. The most accurate predictive

model (AUC = 0.68) combined demographic and self-reported health

information with a sensitivity of 76.23%, specificity of 48.79%, PPV

of 63.99%, and NPV of 63.23%. The ROC curve for this model is

shown in Figure 1. The cross-validated estimated AUCwas 0.66. In this

model, family history of AD, GDS-SF score, and self-report of cognitive
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TABLE 3 Summary of multivariable logistic regressionmodels predicting amyloid status (positive vs negative) in a sample including all
impairment levels

Model 1

(demographics)

(n= 634)

Model 2 (self-reported

health information)

(n= 634)

Model 3 (demographics

+ self-reported health

information) (n= 634)

OR (95%CI) OR (95%CI) OR (95%CI)

Characteristics

Age 1.03 (1.00, 1.06) 1.03 (0.99, 1.06)

Female sex 0.72 (0.52, 0.99) 0.75 (0.53, 1.05)

Education in years (6–20) 0.95 (0.89, 1.01) 0.94 (0.88, 1.00)

Family history of AD 1.67 (1.17, 2.38)
a

1.73 (1.21, 2.48)
a

Self-reportedmemory concern 1.39 (0.77, 2.52) 1.44 (0.79, 2.64)

Geriatric Depression Scale-Short Form score 0.90 (0.85 0.97)
a

0.90 (0.84, 0.97)
a

Self-reported Everyday Cognition Scale score 0.89 (0.66, 1.22) 0.89 (0.66, 1.22)

Self-reported cognitive impairment 2.99 (1.98, 4.53)
b

2.84 (1.88, 4.32)
b

AUC (cAUC) 0.57 0.67 0.68 (0.66)

Sensitivity 76.23% 78.55% 76.23%

Specificity 30.10% 45.33% 48.79%

PPV 56.56% 63.17% 63.99%

NPV 51.48% 63.90% 63.23%

Abbreviations: AD, Alzheimer’s disease; AUC, area under the curve; cAUC, cross-validated area under the curve; CI, confidence interval; MCI, mild cognitive

impairment; NPV, negative predictive value; OR, odds ratio; PPV, positive predictive value.
a
= P-values< .05.

b
= P-values< .001.

F IGURE 1 Receiver operating characteristic (ROC) curve for the
model combining demographic and self-reported health in
participants from all impairment levels

impairment were all significantly associated with Aβ status. Self-

reporting a family history of AD (odds ratio [OR] = 1.73, confidence

interval [CI] = 1.21, 2.48, P = .003), lower GDS-SF scores (OR = 0.90,

CI = 0.84, 0.97, P = .003) indicating fewer symptoms of depression,

and self-reported cognitive impairment (OR = 2.85, CI = 1.88, 4.32,

P < .001) were associated with a greater probability of Aβ positivity.
Removing the self-reported cognitive impairment predictor lowered

the predictive accuracy to an AUC of 0.65.

3.3 Amyloid prediction models in CU and MCI
participants

Because a crucial need in the field is the ability to identify Aβ+ in older

adults with mild or no symptoms, we then performed similar analysis,

but limited our sample to CU and MCI participants. Table 4 shows a

summary ofmultivariable logistic regressionmodels tested in this sam-

ple. Model accuracy ranged from AUC 0.57 to 0.65. Similar to the pre-

dictions in the sample including all impairment levels, the most accu-

rate predictive model (AUC = 0.65) also combined demographic and

self-reported health information with a sensitivity of 65.28%, speci-

ficity of 57.46%, PPV of 60.28%, and NPV of 62.60%. The ROC curve

for this model is shown in Figure 2. Here, the cross-validated esti-

mated AUC was 0.62. Self-reported family history of AD (OR = 1.72,

CI = 1.17,2.52, P = .005) and self-reporting cognitive impairment

(OR=2.21, CI=1.42, 3.42,P< .001)was associatedwith beingAβ pos-
itive. Removing the self-reported cognitive impairment predictor from

themodel resulted in an AUC of 0.63.

3.4 Calibration of the logistic regression
prediction models

The Hosmer-Lemeshow goodness-of-fit statistics for the final models

were 10.29, P = 0.25, and 2.63, P = 0.96, for the full and cognitively

impaired/MCI samples, respectively, indicating that we did not detect
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TABLE 4 Summary of multivariable logistic regressionmodels predicting amyloid status (positive vs negative) in CU andMCI

Model 1

(demographics)

(n= 533)

Model 2 (self-reported

health information)

(n= 533)

Model 3 (demographics

+ self-reported health

information) (n= 533)

OR (95%CI) OR (95%CI) OR (95%CI)

Characteristics

Age 1.03 (0.99, 1.06) 1.03 (0.99,1.06)

Female sex 0.69 (0.48, 0.98)
b

0.71 (0.49, 1.02)

Education in years (6–20) 0.96 (0.89, 1.02) 0.96 (0.89, 1.03)

Family history of AD 1.64 (1.13, 240)
b

1.72 (1.17,2.52)
b

Self-reportedmemory concern 1.40 (0.75, 2.61) 1.41 (0.76, 2.65)

Geriatric Depression Scale-Short Form score 0.93 (0.87, 0.99)
b

0.93 (0.87, 1.00)

Self-reported Everyday Cognition Scale score 0.885 (0. 63, 1.25) 0.88 (0.62,1.25)

Self-reported cognitive impairment 2.33 (1.51, 3.60)
b

2.21 (1.42, 3.42)
b

AUC (cAUC) 0.57 0.64 0.65 (0.62)

Sensitivity 55.09% 65.66% 65.28%

Specificity 57.46% 51.12% 57.46%

PPV 56.15% 57.05% 60.28%

NPV 56.41% 60.09% 62.60%

Abbreviations: AD, Alzheimer’s disease; AUC, area under the curve; cAUC, cross-validated area under the curve; CI, confidence interval; MCI, mild cognitive

impairment; NPV, negative predictive value; OR, odds ratio; PPV, positive predictive value
a
= P-values=< .05.

b
= P-values< .001.

F IGURE 2 Receiver operating characteristic (ROC) curve for the
model combining demographic and self-reported health in CU and
MCI participants

statistically significant lack of fit of the logistic prediction models.

Figures S4 and S5 in the supporting information present the cali-

bration plots, and the comparison of observed and model-based pre-

dictions, for the two samples. The points in both plots correspond

reasonably well with the 45-degree line indicating reasonable cali-

bration. The estimated linear regression coefficients that assess the

association of the predicted probabilities with the observed in Fig-

ures S4 and S5 were 1.01, 95% CI = (0.97, 1.04) and 0.97, 95%

CI = (0.95, 0.99) for the full and cognitively impaired/MCI sam-

ples, respectively, again indicating reasonable calibration. We note

that for a perfectly calibrated model the regression coefficient would

be 1.0.

3.5 Trial enrichment estimation in CU and MCI
participants

One of the uses of Aβ prediction models is to facilitate prodromal

AD clinical trial screening. We used PPV to assess the ability of the

model to enrich clinical trial screeningby calculating thepercent reduc-

tion of participants that would need to undergo an Aβ PET scan. The

PPV depends on the prevalence of Aβ+ in the sampled population. To

address this issue, we calculated PPVs for several possible values of

Aβ prevalence. This calculation focused on the subsample that includes

MCI and CU as these impairment levels are often candidates for such

trials. Based on previous estimates of prevalence of MCI and demen-

tia in the general older population44 and prevalence of Aβ in MCI and

CU individuals,45 we estimate that Aβ+ prevalence in this population

ranges between 30% and 55%. The calculation used the sensitivity

(65%) and specificity (57%) of the combined online BHR prediction

model for the CU andMCI sample and results are presented in Table 5.

For the prevalence ranging from 30% to 55%, PPVs ranged from 39.3%

to 64.9%. The number of saved PET scans ranged from 55 to 158

with reductions of unnecessary Aβ PET scans ranging from 15.2%

to 23.7%.
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TABLE 5 Percent reduction of Aβ PET scans for varying prevalence rates based on the BHR online predictionmodel in CU andMCI
participants

Prevalence PPV

N of Aβ+
predicted by

online BHR

model

Aβ PET scans
needed

without

prescreen

N of Aβ
PET scans

saved

% reduction of

unnecessary PET

scans

30.0% 39.3% 509 667 158 23.7%

35.0% 44.9% 446 571 126 22.0%

40.0% 50.2% 398 500 102 20.3%

45.0% 55.3% 362 444 83 18.6%

50.0% 60.2% 332 400 68 16.9%

55.0% 64.9% 308 364 55 15.2%

Abbreviations: Aβ, amyloid beta; BHR, Brain Health Registry; CU, cognitively unimpaired; MCI, mild cognitive impairment; PET, positron emission tomogra-

phy; PPV, positive predictive value.

Notes: The calculations are based on a hypothetical trial which aims to identify 200 Aβ+ older adults. For calculating the PPV by prevalence, the sensitiv-

ity= 65% and specificity= 57% from the combined online BHRmodel in the CU andMCI groupwere used (Section 3.3).

4 DISCUSSION

The two main findings were that self-reported online data collected

through BHR aided the classification of Aβ status in older adults, and

that this model could lead to estimated reductions of unnecessary Aβ
PET scans ranging between 15.2% and 23.7% when used as a pre-

screener for clinical trial recruitment in a population of CU and MCI

older adults. This suggests that online self-reported demographic and

health information has the potential to facilitate prodromal AD clinical

trial recruitment.

In both tested samples (including all impairment levels and

restricted to CU and MCI), the models combining self-reported demo-

graphics (age, sex, ethnicity) and health information (self-reported

memory concern, family history of AD, GDS-SF score, self-ECog score,

self-reported cognitive impairment) to predict Aβ status yielded the

highest AUCs. The discrimination was modest, but this nonetheless

indicates that the online collection of these eight self-reported vari-

ables, which can take as little as ≈25 minutes, could aid the prediction.

Other groups have explored the predictive abilities of self-reported

data; however, those studies used information collected in-clinic. The

discriminative abilities of our online models was comparable to pre-

vious in-clinic prediction models, with AUCs from in-clinic predictive

models ranging from 0.51 to 0.70.34,35,46,47 Comparisons to previous

in-clinic models are limited by the fact that these studies varied in: (1)

the diagnostic groups included (CU, subjective memory concern, MCI,

dementia, or combined diagnostic groups), (2) how the Aβ status was
determined (PET or CSF), (3) the degree of validation (no validation,

internal validation, and external validation), and (4) inclusion of spe-

cific self-reported predictors. In addition, in contrast to our study, none

of the reviewed studies specifically aimed at just using demographic

and health information to predict Aβ status. Othermodels evaluated in

these studies, for example, included cognitive performance, APOE, and

plasma Aβ levels.34,35,46 The study with the highest AUC (0.70) used

age to predict Aβ status in CU individuals with subjectivememory con-

cern. However, the results were not cross-validated. Only one study

used external validation and found in a sample ofMCI and AD that age,

sex, education, and hypertension together predicted Aβ status with an
AUC of 0.54.34 Another study used CU adults from the population-

basedMayoClinic StudyofAgingand receivedanAUCof0.64withage,

sex, family history of dementia/AD, and SMCas predictors.35 However,

the results from this study were not cross-validated and focused on

CU adults. Taken together, our results demonstrate that a brief online

assessment of self-report variables, which are all easily obtainablewith

little participant burden, can aid the prediction of Aβ status, and the

discrimination ability is comparable to similar in-clinic data prediction

models.

A popular inclusion criterion formanyAD trials is Aβbiomarker pos-

itivity. Thus, one of the uses of Aβ prediction models is to enrich clini-

cal trial screening. For clinical trial enrichment purposes, a prediction

model with a large value of PPV is desired as it helps reduce the cost

of identifying individuals who are Aβ positive. In this study, the PPVs

for the final models were 64% in the full sample and 60% in the CU

and MCI sample. The PPV in previous in-clinic data prediction studies

ranged from50% to 73%,with lower PPVs inCU samples9,35 and larger

PPVs inADdementia samples.21 One studyuseda similar sample toour

study (CU and early MCI) and found a slightly higher PPV of 67% for a

model including age, sex, and education.48 Based on the PPVs we esti-

mated using a range of possible Aβ+ prevalence, we found that using

this online self-report measure model as clinical trial recruitment pre-

screener could lead to reductions of unnecessary Aβ PET scans rang-

ing between 15.2% and 23.7%.While screening on these variables will

help reduce the costs of identifying individualswho areAβ positive, the
NPVof 63% ismodest,meaning a number of potential participantswho

areAβpositivewill screennegative and thereforebeexcluded. Further-
more, because we used family history of AD as a predictor, our sample

might overrepresent APOE ε4 positive participants, which could affect
the generalizability of trial results to an APOE ε4 negative population.

However, because the cost and burden of prescreening and excluding

false negatives using our online self-reported measures is relatively

small compared toPET, using this online pre-screener could still greatly
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reduce the cost of identifying candidates who are Aβ positive for AD

trials.

In the final models, self-reported family history of AD and self-

reported cognitive impairmentwere significant predictors ofAβ status.
As expected, self-reporting a family history of AD or cognitive impair-

ment was associated with a greater probability of Aβ positivity. Con-
sistent with these findings, Aβ+ participants have been found to be

more likely to have a family history of dementia.49 To our knowledge,

noother studyhasused self-reported cognitive impairment as apredic-

tor; however, it was a strong predictor in our models indicating that it

couldbeauseful in thepredictionofAβpositivity.However, it is unclear
whether individuals can accurately report whether they have MCI or

dementia.

Our results indicate that lower levels of depressive symptoms were

associated with Aβ positivity. While the majority of existing studies

have suggested that increased depression is associated with increased

amyloid (eg, Chung et al.38), these studies have not been consistent and

have often been conducted in small samples and did not routinely look

at APOE (eg, Madsen et al.50). It has also been shown that MCI and

AD participants tend to underreport symptoms of depression.51 Fur-

ther analysis, including testing this prediction model in other popula-

tions, is important to clarify these relationships. Of the demographic

variables, only agewas positively associatedwith higher probability for

being amyloidpositive in the sample including all impairment levels. It is

well established that the prevalence ofAβburden increaseswith age.52

Overall, age, self-reported memory concern, MCI, and GDS-SF were

the most useful in aiding the prediction in our sample. These variables

can all easily be collected online, as well as in-clinic. Based on Table 1, it

could take as little as 7.5minutes to collect this information online. This

study focused on self-report predictors and future work will investi-

gate how self-administered online cognitive tests might affect the pre-

dictive ability.

A few limitations should be mentioned regarding this analysis. The

current analysis only focused on the “A” of the A/T/N criteria; however,

for a diagnosis of AD, elevated Aβ levels are considered necessary but
not sufficient.1,53 Further, our sample was composed of a very limited

amountof theoverall BHRcohort that hadaAβPETstatus,which intro-
duces a selection bias. There was variability in the methods of inter-

pretation of Aβ positivity. Visual reads of amyloid PET scans were not

standardized, which poses a risk of bias. For the IDEAS study, visual

reads were performed locally by multiple imaging specialists. Further,

we analyzed a subset of the total included sample of CU and MCI par-

ticipants.However,weonlyhadaclinically confirmedMCIdiagnosis for

IDEAS participants; for the remaining participants self-reported MCI

was used. The generalizability of the study findings may be impacted

by the characteristics of the participants, including a lack of racial, eth-

nic, and educational diversity. Themajority of the included participants

came from the IDEAS study. Most IDEAS participants were informed

about their Aβ status and likely also received recent information about

the cause of their cognitive impairments, which could have affected all

of the self-reported cognitive and functional measures, including their

self-reported impairment level used in our models.54 Further, the pre-

dictors used in this study were collected online and self-administered.

Therefore, the sample might be subject to selection biases, for exam-

ple, for those with Internet and computer access and competencies.

This and other biases are likely to result in data not missing at ran-

dom. Although we internally validated the model using 10-fold cross-

validation, further external validation is still needed in different sam-

ples and larger populations. It needs to be determined how greater

sample heterogeneity (eg,moreCUparticipants)would impact the pre-

dictive value of these online measures. Another drawback to the cur-

rent study is the selection criteria. The study did not include partici-

pants with available Aβ who did not complete BHR online measures.

As such, themodelmight overestimate the ability of online variables to

predict Aβ.
In conclusion, results from this study highlight the potential utility of

online self-reported measures in the prediction of Aβ status. The inex-
pensive, non-invasive, easily accessible, and scalable approachofonline

self-reported information makes a useful method for prescreening

older adults for clinical trials prior to determining Aβ using PET imag-

ing. Although the online self-reported predictors do not approach per-

fect discrimination between Aβ+ and Aβ– subjects, they could still be

useful in facilitating prodromal AD trial recruitment. Further research

is needed to determine the validity of online measures in predicting

amyloid status in other samples.
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