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Abstract

Background: Selecting cognitively normal elderly individuals with higher risk of brain

amyloid deposition is critical to the success of prevention trials for Alzheimer’s disease

(AD).

Methods: Based on the Anti-Amyloid Treatment in Asymptomatic Alzheimer’s Dis-

ease study data, we built machine-learning models and applied them to our ongoing

Japanese Trial-Ready Cohort (J-TRC) webstudy participants registered within the first

9months (n= 3081) of launch to predict standard uptake value ratio (SUVr) of amyloid

positron emission tomography.

Results:Age, family history, onlineCognitive Function Instrument andCogState scores

were important predictors. In a subgroup of J-TRC webstudy participants with known

amyloid status (n = 37), the predicted SUVr corresponded well with the self-reported

amyloid test results (area under the curve= 0.806 [0.619–0.992]).

Discussion: Our algorithms may be usable for automatic prioritization of candidate

participants with higher amyloid risks to be preferentially recruited from the J-TRC

webstudy to in-person study, maximizing efficiency for the identification of preclinical

AD participants.
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1 INTRODUCTION

Recent advances in the development of mechanism-based therapeu-

tics (i.e., disease-modifying therapies) againstAlzheimer’s disease (AD),

for example, anti-amyloid beta (Aβ) drugs, have illuminated preclini-

cal AD, the earliest clinical stage of AD that precedes AD dementia
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or mild cognitive impairment (i.e., prodromal AD).1 Preclinical AD is

defined as an asymptomatic stage with evidence of the earliest patho-

logical changes ofAD in the brain, that is, positive biomarker signatures

of amyloid deposition.1–4 Because ≈30% of cognitive normal elderly

individuals in the Western population5,6 and ≈24% in the Japanese

population7 have been estimated to have elevated Aβ as confirmed
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by amyloid positron emission tomography (PET) or lowered levels of

Aβ42 in the cerebrospinal fluid (CSF),8 there has been an increasing

concern about the labor and cost of eligibility screening for amyloid

status.9,10 Importantly, individuals with preclinical AD cannot be iden-

tified through memory clinics because of the lack of symptoms and

motivation to visit hospitals. Thus, there has been a compelling need

for a sustainable system that facilitates efficient recruitment of eligi-

ble asymptomatic amyloid-positive participants, who are willing to be

enrolled in AD clinical trials.11

Recently, there have been a couple of worldwide movements to

build cohorts of preclinical AD individuals who are eligible for clini-

cal trials of disease-modifying therapy (DMTs) for AD. Among these

projects, the Trial-ReadyCohort for Preclinical/Prodromal Alzheimer’s

Disease (TRC-PAD) in theUnited States has applied an innovative, two-

layered structure consisted of a web-based feeder registry (APT web-

study), from which eligible individuals are referred for in-person, clin-

ical, PET, and biomarker assessments, to systematically screen partic-

ipants who have high risks for elevated brain amyloid deposition and

construct a trial-ready cohort (TRC-PAD) for prevention trials.12–14 In

Japan, we have started a close collaboration with the TRC-PAD team

andadopted thebasic frameworkof thewebstudy andTRC-PAD. In the

Japanese Trial-Ready Cohort (J-TRC) for preclinical and prodromal AD

launched in October 2019, cognitive normal elderly volunteers are at

first invited to register to the J-TRC webstudy at home by themselves

and provide basic demographics, to be monitored for their web-based

cognitive performance every 3 months. Among the J-TRC webstudy

population, those who may have a higher probability for brain amyloid

deposition are further referred to the in-person, J-TRC on-site study.

As of summer 2020, more than 3000 elderly volunteers have regis-

tered in the J-TRC webstudy within the first 9 months since its launch,

despite the global impact of COVID-19 outbreak, and≈50%of the reg-

istrants have been repeating the scheduled remote cognitive tests. To

recruit eligible individuals for the J-TRC onsite study, we need to iden-

tify J-TRC webstudy participants with a higher likelihood to have ele-

vatedbrain amyloid deposition or a higher risk of cognitive decline (Fig-

ure 1), in reference to the risk factors clarified by earlier preclinical AD

studies such as having APOE ε4 allele(s),6,15–17 older age,6,15,17 fam-

ily history of dementia,6 worse Preclinical Alzheimer Cognitive Com-

posite (PACC) score at screening,6 or worse serial change in Cognitive

Function Instrument (CFI),6 along with the results of online cognitive

tests. Importantly, establishing machine learning–based algorithms by

incorporating these potential risk factors9,10,14 will greatly help us to

determine at which priority we should invite the individual webstudy

participants.

At the phase of J-TRC webstudy that is conducted totally online

without in-person visits, however, we cannot use some of the impor-

tant associated factors (e.g., APOE genotype or PACC scores), and have

to rely solely on the demographic data of age, sex, family history of

dementia or AD, education years, current employment status, degree

of alcohol intake, degree of regular exercise, aswell as the online cogni-

tive scores ofCFI andCogState. The limitations in the kinds of available

data, as well as the lack of reference amyloid results from the J-TRC

onsite study, will inevitably lessen the predictive performance.

RESEARCH INCONTEXT

1. Systematic review: The PubMed database was searched

to identify large-scale web-based clinical study trying to

identify those with preclinical Alzheimer’s disease (AD)

to enroll them into the Trial-Ready Cohort for future AD

prevention clinical trials. The present studywas identified

as the first attempt conducted in the Japanese population

using the data from the Japanese Trial-Ready Cohort (J-

TRC) webstudy.

2. Interpretation: Our models using Anti-Amyloid Treat-

ment inAsymptomatic Alzheimer’sDisease trial data pre-

dicted amyloid burden in each J-TRC webstudy partic-

ipant, and the predicted amyloid accumulation corre-

sponded well with the self-reported prior amyloid status

in a small subgroup of J-TRCwebstudy participants.

3. Future directions: Our prediction algorithms may be

usable for automatic prioritization of candidate partic-

ipants with higher amyloid risks to be preferentially

recruited from the J-TRC webstudy to the in-person

study, and maximize the efficiency for the identification

of preclinical AD participants.

The Anti-Amyloid Treatment in Asymptomatic Alzheimer’s Disease

(A4) study18 is a phase 3 randomized, double-blind, placebo-controlled

secondary prevention trial of solanezumab versus placebo in clinically

normal older individualswith evidenceof elevatedAβon screeningPET
being conducted at 67 sites in theUnited States, Canada, Australia, and

Japan. The initial screening data of the A4 study were recently made

publicly available for AD studies,6 which encompass most of the corre-

spondingvariables as the J-TRCwebstudy, including twoCogstate tests

performed 2 to 3 months apart prior to randomization and CFI, as well

as the standard uptake value ratio (SUVr) by 18F-florbetapir amyloid

PET, providing us with the ideal training reference for developing algo-

rithms to predict the amyloid risks in asymptomatic elderly individuals.

In this study, we describe our attempts to establish machine-learning

algorithms based on the A4 screening data and apply the predicted

SUVr calculated from the variables available in the J-TRC webstudy, to

the efficient recruitment of the participants to the J-TRC onsite study

by prioritizing the invitation to those who potentially have the highest

risks for elevated amyloid in brain.

2 MATERIALS AND METHODS

2.1 Data acquisition and preprocessing: the J-TRC
webstudy

The following data handling and analyses were performed using R

3.5.1 (R Foundation for Statistical Computing). The J-TRC study for
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F IGURE 1 Schematic outline of the J-TRC study. Schematic outline of the J-TRC study. Cognitively normal volunteers of 50 to 85 years
participate in the J-TRCwebstudy byweb-based remote cognitive assessment of CFI and CogState every 3months (A). Those whomay have an
increased risk of elevated amyloid are further referred to the J-TRC onsite study (B), to conduct detailed assessment including cognitive functions
and amyloid status. The J-TRC onsite study eventually aims to build a large (e.g., n> 300) Japanese cohort of asymptomatic, amyloid-positive (i.e.,
preclinical AD) cases being ready for clinical trials of diseasemodifying drugs in Japan (C). AD, Alzheimer’s disease; CDR, Clinical Dementia Rating;
CFI, Cognitive Function Instrument; J-TRC, Japanese Trial-Ready Cohort for preclinical and prodromal AD

preclinical and prodromal AD, launched in Japan in 2019 under

a research license agreement with the Alzheimer’s Therapeutic

Research Institute (ATRI), consists of twomain study components (Fig-

ure 1). First, in the J-TRC webstudy (https://www.j-trc.org/), which

is designed based on the Alzheimer’s Prevention Trials (APT) Web-

study (https://www.aptwebstudy.org/), in Japanese, cognitively normal

elderly volunteer participants at ages 50 to 85 are monitored by web-

based remote cognitive assessment of CFI19 and CogState20 every 3

months (Figure 1A), and those who are predicted to have an increased

risk of elevated brain amyloid or cognitive decline will further be

referred to the J-TRC onsite study (Figure 1B), to conduct detailed in-

person cognitive assessments,APOE genotyping, bloodbiomarker test-

ing, and determination of brain amyloid status by amyloid PET. The J-

TRC onsite study, which is designed based on the TRC-PAD in-person

study in theUnited States, eventually aims tobuild a large (e.g.,n>300)

Japanese cohort of preclinical AD individuals being ready for clinical

trials in Japan (Figure 1C).

We reviewed the datasets of the J-TRC webstudy participants who

registered from October 31, 2019 to June 17, 2020, comprising 4429

registered in total (whether eligible or not). General inclusion criteria in

this analysis were defined as follows: participants who completed the

registration and demographics input, gave informed consent for study

participation, have no prior history of being diagnosed with dementia

or AD, and are between 50 and 85 years at the time of registration.

Weused the following clinical and cognitive features from the J-TRC

webstudy data, which are available in common in the A4 screening and

J-TRC webstudy datasets, to include in the predictive models: age, sex

(male or female: binary), education years, with/without family (either

parents or siblings) history of AD or dementia (binary), online CFI

score completed by study participants under an unsupervised condi-

tion at screening, and online CogState total score completed up to two

times (second at 3 months after initial CogState). We included serial

CogState scores because of the potential usefulness of “loss of prac-

tice effect” in the cognitive scores of amyloid-positive participants.16

We converted the final education of each participant to numerical edu-

cation years as follows: graduated from high school = 12 years, gradu-

ated from university/college= 16 years, and graduated from postgrad-

uate school = 18 years. We eventually included n = 3081 unique eligi-

ble cases from the J-TRCwebstudy cohort.

2.2 Data acquisition and preprocessing: the A4
study

Weused the screening datasets of theA4 study obtained from the Lab-

oratory of Neuro Imaging (LONI) (https://ida.loni.usc.edu) in October

2019with the approval of the data access committee.

As a target to predict, the degree of amyloid accumulation in the

A4 study cohort, as represented by the SUVr (value corresponding to

the “Composite_Summary” in the “A4_PETSUVR.csv” file)was used: the

threshold ≥ 1.15 was used to define elevated brain amyloid6 (visual

evaluation was not taken into account).

We used the clinical and cognitive features at the screening stage of

the A4 study as obtained from the J-TRCwebstudy data. The CogState

score was obtained from the two Computerized Cognitive Composite

tests conducted during screening (first time at screening visit 1, the

second at screening visit 3 prior to amyloid disclosure). The Z score

of each of the following items in CogState normalized within the eli-

gible A4 cases, that is, log response time inDetection, log response time

in Identification, accuracy in One Card Learning, and accuracy in One

Back,20 was calculated, and the four Z scores were summed to obtain

the total CogState score. The intervals between the two CogState

https://www.j-trc.org/
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F IGURE 2 Processing workflow of our study. Because the A4 study is mostly composed of participants with non-Asian race, while the
participants in J-TRCwebstudy are Asian (Japanese), we at first built a model fitted to either the A4 non-Asian training subgroup (A[a]) or the A4
random-split training subgroup (A[b]), then evaluated its performance on the A4 test subgroup (B), and applied themodel to the J-TRCwebstudy
participants (C &D). To evaluate the predictive performance on the A4 test subgroup (B), we calculatedMAE and RMSE. The consistency of the
informed previous amyloid results with the predicted SUVr (C) was tested by AUC in a subset of J-TRCwebstudy participants who reported the
results. A4, Anti-Amyloid Treatment in Asymptomatic Alzheimer’s Disease; AUC, area under the curve; J-TRC, Japanese Trial-Ready Cohort; MAE,
mean absolute error; RMSE, root mean squared error; SUVr, standard uptake value ratio

screenings at visit 1 and visit 3 in the A4 study were estimated to be

≈3months, which were close to those in the J-TRCwebstudy, although

those in the A4 studymight be slightly shorter by study protocol.

We also used participants’ racial data to separate the whole A4

screening data into the non-Asian and Asian subgroup datasets. Sam-

ples with missing data in the above modeling features were excluded

from the analysis. Eventually, we included n = 4446 unique eligible

cases from the A4 screening cohort.

2.3 Model building and evaluation

In this study we intend to build a predictionmodel for the degree of Aβ
deposition by fitting to the A4 screening data as a training reference

and to apply themodel to the J-TRCwebstudy data, to obtain predicted

SUVr in each registered J-TRC webstudy participant. Because the A4

study ismostly composed of participantswith non-Asian race, whereas

the participants in J-TRC webstudy are mostly Japanese, we used two

different types of data splitting into the training and test datasets: non-

Asian training subgroup and Asian test subgroup (Figure 2A[a]), and

randomly split training subgroup and test subgroup (Figure 2A[b]). We

at first built a model fitted to the A4 training subgroup (Figure 2A[a,

b]), evaluated its performance on theA4 test subgroup (Figure 2B), and

then applied themodels to the J-TRCwebstudy cases (Figure 2C,D).

In the training models, we used several types of algorithms one by

one, among the following: generalized linear regression (GLM), penal-

ized GLM (Elastic Net), support vector machine (SVM), random forest

(RF), stochastic gradient boosting (GBM), and eXtreme gradient boost-

ing (XGB).21,22 We used the R package caret21 for trainingwith 10-fold

cross-validation and the automated hyperparameter tuning.

We separately evaluated the performance of several models with

different combination of features, as listed in Table 1: model (1), basic

demographics (age, sex, education years, family history of dementia or

AD) only; model (2), variables in model (1) plus initial CFI score; model

(3), variables in model (1) plus initial CogState score; model (4), vari-

ables in model (1) plus initial CFI and initial CogState; model (5), vari-

ables in model (4) plus the difference in CogState scores between the

second and the first assessment (the second score is subtracted by

the first score). We have chosen these different combinations because

not all J-TRCwebstudy participants completed both CFI and CogState,

and approximately half of the participants who completed the first-

time CogState have not completed the second-time CogState to date.

Therefore, model (1) has the largest number of eligible J-TRC cases to

impute, while the model (5) has the smallest number of eligible J-TRC

cases to impute (Table 2). For evaluating the predictive performance

on the A4 test subgroup (Figure 2B), we calculated the mean absolute

error (MAE) and root mean squared error (RMSE) by using R package

MLmetrics.23

The trained model was applied to each case of the J-TRC web-

study cohort, to obtain predicted SUVr. In addition, because a small

subgroup of participants (n = ≈36) had prior amyloid PET or CSF Aβ
tests elsewhere and have registered the results in the J-TRCwebstudy
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TABLE 1 Basic demographics of cohorts included in this study

A4 screening data J-TRCWebstudy

Non-Asian (n= 4277) Asian (n= 169) All (n= 3081)

Age>= 65

(n= 1153)

Who has previous

Aβ -PET/CSF results
conducted elsewhere

(n= 37)

SUVr 1.03 (0.97–1.17) 1.02 (0.96–1.08) — — —

Aβ-positive 1186/4277 (27.7%)????(*

SUVr>= 1.15)

29/169 (17.2%)????(*

SUVr>= 1.15)

— — 8/37 (21.6%)????(6/37

in PET, 2/37 in

CSF)????(*

self-reported

previous results)

Age 70.28 (67.49–74.17) 71.56 (68.29–74.32) 61 (55–69) 71 (68– 76) 64.5 (59.25–72)

Sex (female) 2574 4277 (60.2%) 64/169 (37.9%) 1688/3081 (54.8%) 444/1153 (38.5%) 20/37 (54.1%)

Asian race (yes) 0 / 4277 (0%) 169/169 (100%) 3065/3081 (99.5%) 1145/1153 (99.3%) 36/37 (97.3%)

Family history of

AD or

dementia (yes)

2942/4277 (68.8%) 74/169 (43.8%) 1241/3081 (40.3%) 402/1153 (34.9%) 14/37 (37.8%)

Education (years) 16 (15–18) 16 (16–18) 16 (12–16) 16 (12–16) 16 (16–16)

Retired (yes) 3236/4277 (75.7%) 134/169 (79.3%) 1049/3081 (34%) 755/1153 (65.5%) 19/37 (51.4%)

Having APOE ε4
allele(s) (yes)

1506/4277 (35.2%) 37/169 (21.9%) — — —

CFI-self (1st)

score

1.5 (0.5–3) 2.5 (1–4.5) 3 (1.5–4.5) 3.5 (2–5) 2.5 (1.125–4.875)

CogState (1st)

total score

−0.052 (−1.586–1.525) −0.22

(−1.944–1.218)

−0.261

(−1.715–1.081)

−0.662

(−2.07–0.736)

0.107 (−1.052–1.129)

CogState (2nd)

total score

−0.053 (−1.564–1.537) −0.229

(−1.775–1.278)

0.41 (−0.961–1.691) 0.174

(−1.298–1.527)

0.231 (−0.331–2.47)

Notes: The number of J-TRCwebstudy cases represents that of those registered fromOctober 31, 2019 to July 17, 2020.

Numerical variables are given inmedian and interquartile range, and categorical variables are shownwith frequency and%.

Abbreviations: Aβ, amyloid beta; AD, Alzheimer’s disease; APOE, apolipoprotein E; CFI, Cognitive Function Instrument; CSF, cerebrospinal fluid; J-TRC,

Japanese Trial-Ready Cohort; PET, positron emission tomography; SUVr, standard uptake value ratio.

TABLE 2 Models with different combinations of variables

Combination of variables

Number of eligible participants

in the J-TRCWebstudy

Model 1 Demographics (= age, sex, education, family history, retired or not, Asian or not*) only n= 2511

Model 2 demographics+CFI n= 2498

Model 3 demographics+CogState (1st) n= 1692

Model 4 demographics+CFI+CogState (1st) n= 1692

Model 5 demographics+CFI+CogState (1st)+ difference of CogState (2nd – 1st) n= 849

Noets: The number of the J-TRCwebstudy participants represents that of those registered betweenOctober 31, 2019 and July 17, 2020.
*The variable of race (i.e., Asian or not here) was not included in case of the race-based data splitting (Figure 2A[a]).

Abbreviations: CFI, Cognitive Function Instrument; J-TRC, Japanese Trial-Ready Cohort.

demographics (as binary: amyloid-positive or not), we evaluated

whether, in this small subset, the self-reported previous results are

consistentwith the predicted SUVr (Figure 2C) by area under the curve

(AUC), as calculated by the R package MLmetrics. Although some of

the participants who reported their own previous amyloid results may

have participated in the A4 study screening conducted in Tokyo, Japan,

we could not confirm how they actually knew their own amyloid status,

due to the webstudy data specifications.

2.4 Ethics

The J-TRC webstudy has been approved by the University of Tokyo

Graduate School of Medicine institutional ethics committee (ID:

2019132NI-[3]), and online informed consent was obtained from each

participant upon registration. Using the A4 study data in this research

has been approved by the University of Tokyo Graduate School of

Medicine institutional ethics committee (ID: 11628-[3]).
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F IGURE 3 Changes in performance by different models/algorithms. The predictive performance (i.e., MAE, RMSE, and correlation coefficient
here) of themodels on the A4 Asian test subgroup (A) or on the A4 random-split test subgroup (B). Note that each plotted line shows performance
change of different algorithms as themodel used is varied (model 1–5, in x axis), and when focusing on the correlation coefficient (C), models
including CFI (i.e., models 2, 4, and 5) showed better correlation than other models (i.e., models 1 and 3) especially in the algorithms of GLM,
ElasticNet, GBM, and XGB (C). A4, Anti-Amyloid Treatment in Asymptomatic Alzheimer’s Disease; CFI, Cognitive Function Instrument; ElasticNet,
penalized GLM; GBM, stochastic gradient boosting; GLM, generalized linear regression;MAE, mean absolute error; RF, random forest; RMSE, root
mean squared error; SVM, support vector machine; XGB, eXtreme gradient boosting

3 RESULTS

3.1 Basic demographics

Basic characteristics are shown in Table 1, revealing some differences

among the included three cohorts (A4 non-Asian subgroup, A4 Asian

subgroup, and the whole J-TRCwebstudy). We also listed the two sub-

groups from the J-TRCwebstudy cohort, that is, a subgroup with older

participants and a small subgroup of participants reporting their own

previous amyloid test results. The proportion of amyloid-positive cases

(SUVr ≥ 1.15) was 27.7% (1186/4277) in the non-Asian A4 cohort,

17.2% in the A4 Asian subgroup (29/169 in total). More than half of

the A4 Asian subgroup included here should be composed of Japanese

cases, as there were 20 amyloid-positive cases among the screened

100 participants from Japan in A4 study (unpublished data). The posi-

tive rate in the previous amyloid tests (self-reported) was 21.6% (8/37)

in a subset of J-TRCwebstudy participants with prior results.

J-TRCwebstudy participants were significantly younger (median 61

years old) than the A4 screening participants (median 70.3 years old

in the non-Asian subgroup), because of the differences in the inclusion

criteria. When comparing the A4 Asian subgroup and the older (≥65

years old) J-TRC webstudy participants, age, sex, education years, CFI,

and CogState showed similar distributions.

3.2 Model performance within the A4 population

As plotted in Figure 3, the predictive performance of themodels evalu-

atedon theA4non-Asian test subgroupwas generally limited: theMAE

was ≈0.10-0.125 (Figure 3A) and the RMSE was ≈0.15 (Figure 3A),

regardless of the type of models (x-axis in Figure 3) or the algorithms

(in drawn lines). The correlation coefficients (Figure 3A) in the models

including CFI (i.e., models 2, 4, and 5) were higher than those in other

models (i.e., models 1 and 3), especially in the algorithms of GLM, Elas-

ticNet, GBM, and XGB. The predictive performance evaluated on the

A4 random-split test subgroup also showed similar performance distri-

bution (Figure 3B). Therefore,wemainly used the algorithmofGLM for

the following calculations, because it is conventional and simple to cal-

culate.

Figure S1 in supporting information shows an example of the Y-Y

plot between the predicted SUVr versus true SUVr in the race-based

data splitting (i.e., non-Asian and Asian here; Figure S1A) or in the

random-splitting (Figure S1B), showing a significant but low level of

association in either cases. In addition, being consistentwith such slight

differences depending on the type ofmodel, age, CFI scores, and family

history were the top three important variables in the A4-fitted, GLM-

basedmodel (Figure S2 in supporting information). The variable impor-

tance revealed that the CogState score (score on the first time, and the

difference in scores between the second and the first) also is valid as

a predictive variable, although its significance is lower than that of the

above three variables.

3.3 Predicting SUVr for the J-TRC webstudy
participants

We then obtained the predicted SUVr on each of the J-TRC webstudy

participants (Figure 2E), and examined the correlation between the

predicted SUVr and each important continuous variable. Age, CFI, and

CogState score had a moderate level of correlation with the predicted
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F IGURE 4 Performance on a subgroup of J-TRCwebstudy participants who reported previous amyloid test results. The predictive
performance (i.e., AUC here) of themodels based on the A4 non-Asian training subgroup (A) or on the A4 random-split training subgroup (B), onto a
small subgroup of J-TRCwebstudy participants. Predicted SUVr had a fair correspondence with the self-reported previous amyloid test results (as
binary: positive or not in either amyloid PET or CSF-Aβ42) in a subgroup of J-TRCwebstudy participants. A4, Anti-Amyloid Treatment in
Asymptomatic Alzheimer’s Disease; Aβ, amyloid beta; AUC, area under curve; CSF, cerebrospinal fluid; J-TRC, Japanese Trial-Ready Cohort; PET,
positron emission tomography; SUVr, standard uptake value ratio

SUVr (Figure S3A-C in supporting information, for the predicted value

based on the A4 non-Asian training dataset).

Next,weevaluated thepredictiveperformance for the self-reported

previous amyloid PET or CSF-Aβ results in a subset (Figure 2D) of J-

TRC webstudy participants. The predicted value based on the A4 non-

Asian training dataset corresponded well with the participants’ previ-

ous results (i.e., amyloid-positive or not), with AUC = 0.727 (95% con-

fidence interval [CI]: 0.533–0.922) in model (2), AUC = 0.806 (95% CI:

0.619–0.992) in model (4), and AUC = 0.833 (95% CI: 0.578–1.000) in

model (5; see Figure 4A). Furthermore, the predicted value based on

the random-split training dataset also showed a good correspondence

with the participants’ previous results: AUC = 0.727 (95% CI: 0.522–

0.933) in model (2), AUC = 0.806 (95% CI: 0.619–0.992) in model (4),

and AUC= 0.778 (95%CI: 0.456–1.000) in model (5; see Figure 4B).

4 DISCUSSION

In this study,webuilt predictivemodels for thedegreeof amyloid depo-

sition in amyloid PET by including only variables available in the J-

TRC webstudy, based on the A4 screening data as a training reference,

thereby aiming to use the predicted SUVr as one of the helpful indexes

to automatically extract the list of candidate J-TRC webstudy partici-

pants whom we should preferentially invite from the webstudy to the

in-person J-TRC onsite study.

Our results showing that the predicted SUVr had a clear corre-

lation with age, family history, and CFI score in the J-TRC webstudy

participants (Figure S3) are consistent with those of the earlier studies

examining factors associated with positive amyloid in non-demented

elderly individuals.6,15,17 Using the current prediction model as a

composite of predictive variables will be superior to using individual

variables, as such in automatic ranking the whole webstudy partici-

pants as well as in attempting non-linear algorithms. Furthermore, the

predicted SUVr showed a fair correspondence with the results of pre-

vious amyloid tests in a subset of J-TRC webstudy participants. These

results support our current approach to predict the amyloid levels by

machine learning algorithm, despite theweakness thatwe currently do

not have amyloid PET data to validate our strategy, and that the J-TRC

webstudy cohorts and the reference A4 study might have somewhat

different characteristics such as the lower expectedprevalenceof amy-

loid positivity in the Japanese population (≈24% in J-ADNI7 vs. ≈30%

in theWhite population5,6).

It should, however, be noted that themodel achieved relatively sub-

optimal performance even upon predicting the SUVr in the A4-Asian

subgroup (R = 0.30 at best), which may be inevitable with the small

sample size in that subgroup and the current combination of variables

lacking APOE genotype or PACC scores. Indeed, similarly lower perfor-

mance is noted by a recent earlier study,14 in which number needed to

screen (NNS) was 2.52 in a Remote model which corresponds to the

model (4) in this study, while the NNS improved to 1.78 when incorpo-

rating APOE genotype and PACC score. To further increase the preci-

sion of the predictability of brain amyloid levels, continuous validation

and update of the prediction scheme should be essential alongwith the

accumulation of actual data, especially on amyloid PET andAPOE geno-

type, in the J-TRC onsite study. Because the composition ratio of APOE

allelesmight be different between non-Asian (mostlyWhite) and Asian

populations (Table 1), and the effect of APOEmay be different depend-

ing on the ethnicity, so the A4-based prediction algorithm including

APOE genotype may show somewhat lower performance when

applied to our J-TRC population. Longitudinal changes in the cognitive
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outcomes, especially lack of practice or worsening of CogState scores,

may also be promising variables that could be tested as soon as we

obtain sufficient longitudinal data.

The performance of several models (models 1–5) comprised of dif-

ferent combinations of variables showed slight improvement in the

correlation coefficient when incorporating CFI in addition to the basic

demographics. We had evaluated these different models separately,

because the number of J-TRC participants eligible to impute into these

models decreases (Table 2, rightmost column) as we require the par-

ticipants to complete both CFI and CosState. In line with the larger

burden required in completing CogState than CFI, there was approx-

imately one-third (32.3%, 806/2498) of cases who failed to complete

CogState among thosewho completedCFI, while therewere few cases

(0.5%, 13/2511) who failed to complete CFI among those who regis-

tered the demographics (Table 2). Based on the larger importance (Fig-

ure S2) and the smaller failure rate of CFI than CogState (Table 2), we

suggest that incorporating the CogState (first-time) into a prediction

model is not mandatory so as not to lessen the number of recruitable

participants, while incorporating CogState would increase the predic-

tion accuracy to a smaller extent.

In the model training, we used different ways to split A4 whole

data—race-based splitting (i.e., non-Asian and Asian subgroups; Fig-

ure 2A[a]) and random-splitting (Figure 2A[b])—both result in sim-

ilar distribution in the performance metrics across different mod-

els/algorithms (Figure 3). This suggests that the models including CFI

(i.e., models 2, 4, and 5 in Table 2) with the GLM algorithm consis-

tently yielded good prediction performance regardless of the variabil-

ity between the training and test datasets, and thesemodels/algorithm

settings might be a rough basis in the future actual training of predic-

tivemodels within the J-TRC study participants only. Although the pre-

diction performance of the models in the A4 test subgroup was rela-

tively poor (R ≈0.2–0.3), we consider that this does not always matter

because the main purpose of our current study was to seek for a good

predictionmodel available for the J-TRCwebstudyparticipants, butnot

for A4 screening cases.

Our current approach has some limitations. First, the demographic

registration to the webstudy is based on self-reporting, so the regis-

tered data are not validated, especially on the accuracy of the previous

amyloid tests. Second, the age distribution of the A4 screening cohort

(65–85 years old as inclusion criteria) is significantly older than that

of the J-TRC webstudy (50–85 years old as inclusion criteria), which

might lessen the applicability of A4-fittedmodels to J-TRC cases, espe-

cially to younger participants between 50 and 65 years of age. Third,

although we excluded those who noted a prior diagnosis of dementia

or AD (247 among 3365 [7.4%] of those with eligible age, registration

completed, and consent given) from the J-TRC webstudy population,

they are not qualified for not having dementia. And fourth, simply pri-

oritizing those with too-high CFI scores (e.g., CFI > 10) for invitation

may lead to an increase in the number of individualswithmild cognitive

impairment or dementia among theparticipants invited to J-TRConsite

study; this may facilitate the inclusion of prodromal AD, butmight con-

found the prediction of asymptomatic amyloid-positive (i.e., preclinical

AD) participants. We may need to examine whether we can define the

eligible rangeofCFI formore-reliable recruitmentof the asymptomatic

amyloid-positive participants.

To conclude,we described our current provisional attempts thatwill

automatically extract the list of candidate participants of the J-TRC

webstudy to identify who should be preferentially invited to the in-

person, J-TRC onsite study, to increase the predictability of amyloid-

positive, asymptomatic individuals. To make this invitation process

more systematic and efficient, we will continue to update the predict-

ing models along with the progress of the identification of amyloid-

positive individuals in the J-TRConsite study, to confirm and secure the

validity of this approach.
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