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Abstract
Background  The use of polygenic risk scores (PRS) for predicting disease risk in Japanese populations, particularly 
for dementia and related phenotypes, remains markedly unexplored. The aim of this study was to bridge this gap by 
developing a novel PRS model designed to predict amyloid-β (Aβ) deposition utilizing positron emission tomography 
(PET) imaging data from a Japanese cohort.

Methods  Using the polygenic risk score-continuous shrinkage (PRS-CS) algorithm, we calculated PRS based on 
significant single nucleotide polymorphisms (SNPs) associated with Alzheimer’s disease (AD) in this population. 
We applied a PRS calculation approach informed by Japanese genome-wide association studies (GWAS) summary 
statistics into a Japanese dementia cohort from Keio University.

Results  Our findings revealed that a p-value threshold of pT < 0.1 optimally enhanced the predictive capability of 
the Japanese Aβ PET positivity risk model. Moreover, we demonstrated that distinguishing between the counts of 
APOE2 and APOE4 alleles in our calculations significantly elevated model performance, achieving an area under the 
curve (AUC) of 0.759. Remarkably, this predictive accuracy remained robust even when the pT was adjusted to be 
< 1.0 × 10− 5, maintaining an AUC of 0.735. This study validated the efficacy of the model in identifying individuals with 
a increased risk of amyloid pathology.

Conclusions  These findings highlight the potential of PRS as a noninvasive tool for early detection and risk 
stratification of AD, which could lead to enhanced clinical applications and interventions.

Keywords  Alzheimer’s disease, Polygenic risk score, Amyloid-β deposition, Positron emission tomography, Genome-
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Introduction
Alzheimer’s disease (AD), the leading cause of demen-
tia worldwide, is characterized by progressive cogni-
tive decline and memory impairment. A distinguishing 
characteristic of AD is the accumulation of amyloid-β 
(Aβ) plaques in the brain, which can be detected 
through positron emission tomography (PET) imaging. 
Genetic factors play a crucial role in AD pathogenesis, 
and recent advancements in genome-wide associa-
tion studies (GWAS) identified numerous loci associ-
ated with AD risk [1, 2]. Although the APOE ε4 allele 
is well-established as a significant risk factor, other 
genetic loci also contribute to AD susceptibility and 
warrant further investigation.

Recent research has shown that APOE4 homozygotes 
experience earlier symptom onset at an average age of 
65.1 years. By this age, the majority of APOE4 homo-
zygotes exhibit AD pathology, such as abnormal amy-
loid levels in the cerebrospinal fluid, indicating almost 
complete AD penetrance in this population. This con-
cerning finding highlights the urgency of recognizing 
APOE4 homozygotes as a distinct category within the 
broader spectrum of AD, similar to autosomal domi-
nant AD (ADAD) and Down syndrome-associated AD 
(DSAD) [3]. Understanding the role of APOE4 in AD is 
essential; nevertheless, it is also imperative to consider 
the multiple factors contributing to disease develop-
ment, including genetic background and environmen-
tal influences [4, 5]. Elucidating these genetic factors is 
crucial for developing effective preventive and thera-
peutic strategies. Predicting AD risk before clinical 
onset is important for selecting participants for clini-
cal trials as well as for preventive healthcare. Recent 
studies have demonstrated the utility of polygenic risk 
scores (PRS) in identifying individuals at high risk of 
AD [6].

PRS quantifies the cumulative effect of genetic 
mutations on the disease risk of an individual [7]. 

Combining data on APOE ε4 allele, APOE ε2 allele, 
and PRS has enhanced disease prediction accuracy 
in Caucasian populations [8, 9]. Moreover, PRS has 
been associated with AD-related phenotypes, includ-
ing brain volumes [10–12], brain Aβ accumulation 
[12], and plasma phosphorylated tau levels [13]. Stud-
ies have also demonstrated its effectiveness in pre-
dicting progression from mild cognitive impairment 
(MCI) to AD [14, 15]. However, the applicability of 
these findings to Aβ deposition and their relevance in 
non-Caucasian populations, such as Japanese, remain 
unexplored. Therefore, in this study, we aimed to 
investigate various methodologies and single nucleo-
tide polymorphism (SNP) selection approaches for 
predicting Aβ PET positivity in Japanese individu-
als using the Japanese dementia cohort from Keio 
University, to accurately identify high- and low-risk 
individuals.

PRS-CS, a Python-based command-line tool, esti-
mates posterior SNP effect sizes using continuous 
shrinkage (CS) priors [16]. This tool calculates the 
effect sizes of genetic variants based on GWAS sum-
mary statistics and an external linkage disequilibrium 
(LD) reference panel [17]. We used PRS-CS to calcu-
late AD PRS in Japanese individuals, validated meth-
ods for modeling APOE with PRS, and determined 
the optimal p-value threshold for SNP selection. This 
study provides recommendations for using PRS to reli-
ably identify individuals at risk for Aβ PET positivity.

Methods
Participants and clinical measurements
The PRS model for the Japanese training and valida-
tion cohorts was developed using participants of Japa-
nese ancestry recruited from Keio University Hospital. 
A total of 218 participants provided complete infor-
mation and were included in the final analysis dataset. 
This study included patients who visited Keio Univer-
sity Hospital for routine diagnostic dementia evalu-
ation between September 2018 and 2023. Individuals 
classified as cognitively normal (CN) were recruited 
through through hospital websites and from a patient 
recruitment agency ((3  H Medi Solution Inc., Tokyo, 
Japan). The inclusion and exclusion criteria have been 
described previously [18]. Detailed sample information 
is presented in Table  1. Samples with high heterozy-
gosity rates and those that failed quality control (QC) 
criteria were excluded from the analysis. Detailed 
information on the QC procedures can be found in 
the section “Genetic Data Acquisition and Processing.” 
Ultimately, 137 participants recruited during the early 
phase (July 2018– October 2021) were included in the 
training dataset, of whom 54 (39.4%) were Aβ PET pos-
itive. The validation cohort consisted of participants 

Table 1  Summary of the Keio cohort
Training cohort Validation cohort

Number of samples 137 81
Mean Age, years (SD) 69.1 (10.7) 70.4* (9.80)
Female (%) 64 (46.7%) 41* (50.0%)
Mean Education years (SD) 14.6 (2.09) 14.8* (2.04)
APOE ε2 carrier (%) 11 (8.03%) 1　(1.23%)
APOE ε4 carrier (%) 47 (34.3%) 35 (43.2%)
Aβ PET positive (%) 54 (39.4%) 31 (38.3%)
Median MMSE (SD) 25.6** (5.24) 25.3* (5.49)
MCI dementia (%) 18** (13.3%) 8*** (10.4%)
AD dementia (%) 26** (19.3%) 18*** (23.4%)
*: one individual with missing information

**: two individuals with missing information

***: four individuals with missing information
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from the late phase of recruitment (October 2021– 
August 2023), who underwent whole-genome sequenc-
ing (WGS) later than those in the training cohort. This 
cohort included 81 individuals, with 31 (38.3%) of 
them being Aβ PET positive. Written informed con-
sent was obtained from all participants before con-
ducting any assessment. Ethics approval was obtained 
from the Keio University Research Ethics Committee 
(approval No. N20170237).

Genetic data acquisition and processing
Genomic DNA was extracted from 218 participants 
and sequencing libraries were prepared using the 
NovaSeq 6000 S4 Reagent Kit (Illumina, San Diego, 
CA, USA) and sequenced on an Illumina NovaSeq 
6000 instrument (Illumina, San Diego, CA, USA) with 
150 bp paired-end reads. The samples were sequenced 
to at least 30× mean coverage (Takara Bio Inc., city, 
Japan). Sequence reads were mapped to the latest ref-
erence genome build (hg38) and analyses were per-
formed using the GATK4 pipeline [19–22]. QC was 
carried out using PLINK v1.9 [23] and SNPs were 
excluded if they: had a missing call rate > 1%; had a 
minor allele frequency (MAF) < 1%; or deviated from 
Hardy–Weinberg equilibrium with a p-value < 1 × 10− 6. 
Individuals were excluded when the missing call rate 
was > 1% or heterozygosity was outlying (± 3 standard 
deviations). One individual was removed during the 
QC process because of outlying heterozygosity. Prun-
ing was performed with a window size of 200 variants, 
with the genome being traversed using a step size of 
50 variants at a time, and SNPs with LD r2 > 0.25 were 
filtered out.

Aβ PET measurement
A 20  min static scan was conducted 90  min after the 
intravenous infusion of 300 MBq ± 10% [18  F]flor-
betaben (FBB) using a PET/computed tomography 
(CT) system (Siemens Biograph mCT or Siemens Bio-
graph mCT flow, Munich, Germany) [24, 25]. [18  F]
florbetaben was manufactured according to good 
manufacturing practices at Keio University Hospital 
using an automated synthesizer (Synthera V2; IBA, 
Louvain-la-Neuve, Belgium). The acquired PET data 
were reconstructed using an ordered subset expecta-
tion maximization algorithm (four iterations and 24 
subsets) with a matrix size of 200 × 200 pixels. A full-
width-at-half-maximum Gaussian postreconstruc-
tion filtering of 3  mm was applied along with scatter 
correction. For attenuation correction and anatomic 
registration, CT was performed with a tube voltage of 
120 kVp, tube current of 50 mAs, 0.5  s per rotation, 
and a slice thickness of 2 mm. Visual assessment of the 
reconstructed images as Aβ-positive or Aβ-negative 

was conducted by a neuroradiologist with the required 
training. The visual assessment was performed by 
comparing signal intensity between the gray and white 
matter in axial PET slices at the lateral temporal, fron-
tal, and parietal lobes, as well as the posterior cingu-
late cortex/precuneus. Scoring was performed using 
a regional cortical tracer uptake (RCTU) scoring sys-
tem. When tracer uptake in the gray matter was equal 
to or greater than that of the adjacent white matter, an 
RCTU score of 2 or 3 was assigned, indicating positive 
tracer uptake, whereas a score of 1 was assigned for no 
tracer uptake. The RCTU scores from the four brain 
regions were subsequently aggregated to determine 
the brain amyloid plaque load score, with Aβ positiv-
ity being determined when one or more RCTU scores 
exceeded 1 [26]. The visual assessment of the recon-
structed PET images for Aβ positivity or negativity 
was conducted by a neuroradiologist and a dementia 
specialist. The final diagnostic determination for all 
cases was made during a monthly conference attended 
by multiple neurologists and psychiatrists specializing 
in dementia and neuroimaging.

Base data of the PRS model
This study used Japanese AD GWAS data from the 
National Center for Geriatrics and Gerontology in 
Japan, including Japanese patients diagnosed with AD 
and healthy controls (3962 patients with AD and 4074 
controls) [27]. The GWAS control group consisted of 
individuals with normal cognitive function whose sub-
jective cognitive complaints were confirmed through 
neuropsychological assessment. The patients with AD 
were diagnosed based on the criteria established by the 
National Institute on Aging Alzheimer’s Association 
workgroups [28, 29]. Summary statistics were accessed 
through the National Bioscience Database Center 
(NBDC) at the Japan Science and Technology Agency 
(JST) at ​h​t​t​p​​s​:​/​​/​h​u​m​​a​n​​d​b​s​.​d​b​c​l​s​.​j​p​/​e​n​/ through acces-
sion number hum0237.v1.gwas.v1.

Polygenic risk score calculation
PRS were computed using PRS-CS with the East Asian 
subset of the 1000 Genomes Project Phase 3 dataset 
as the LD reference panel [16, 30]. The global shrink-
age parameter phi (φ) was set to auto. In the automatic 
model, the phi parameter was acquired from the dis-
covery GWAS and post hoc tuning was not required. 
Using the thresholding method, variants with GWAS 
p-values greater than the chosen p-value threshold 
(pT) (p < pT) were removed. To determine the optimal 
pT, values of 1.0 × 10⁻⁶, 1.0 × 10⁻⁵, 1.0 × 10⁻⁴, 0.001, 0.01 
and 0.1 were tested. SNPs with p-values below a speci-
fied threshold were included, and weighted risk scores 
were calculated based on their effect sizes. PLINK 

https://humandbs.dbcls.jp/en/
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1.9 was used to sum all effect alleles of SNPs, which 
were weighted by the effect sizes derived from PRS-CS 
(June 6, 2019 version), into PRS for each individual in 
the training and external validation cohorts (Table 1).

Predictive model for Aβ PET positivity construction
The PRS models used in this manuscript are detailed in 
Table 2 and Supplementary Table S1. Given the known 
predictive power of SNPs in the APOE region for AD, a 
model was also developed excluding the region around 
apolipoprotein E (apoE) (chr19:44.4–46.5 Mb) to elim-
inate its influence. This region has high LD, which may 
disproportionately affect PRS calculations. In studies 
on AD PRS in Caucasian populations, higher predic-
tive accuracy has been reported when directly geno-
typed APOE isoforms ε2 and ε4 were used as separate 
covariates in the regression model, rather than when 
the APOE region was included in the PRS (PRS.AD) 
[8, 9]. The dementia cohort at Keio University Hospi-
tal was used as one case-control dataset (54 Aβ PET 
positive and 83 negative cases; details are provided in 
Table 1). In Table 2, the first section shows the model 
in which PRS was calculated using the whole genome 
(Aβ.PRS.full). The second section presents the PRS 
calculated with the APOE region excluded (Aβ.PRS.
no.APOE). The third section displays the model using 
Aβ.PRS.no.APOE and APOE4 (Aβ PRS.1), whereas the 
fourth section shows the model using two independent 
variables: Aβ.PRS.no.APOE and APOE2 + APOE4 (Aβ.
PRS.2). Additionally, Supplementary Table 1 presents 
models that include age, sex, and years of education as 
covariates, along with APOE status. Predictive mod-
els based on PRS, APOE status, and covariates were 
developed using logistic regression models with the 
glm() function in R 3.6.3.

Model evaluation
The prediction accuracy of the PRS models was 
assessed using the area under the curve (AUC) from 
receiver operating characteristic (ROC) analysis. The 

95% confidence interval (CI) was estimated using the 
R package pROC version 1.18.5. Sensitivity, specificity, 
and accuracy were calculated using a risk score thresh-
old of 0.5.

k-Fold cross-validation
Cross-validation is an essential step in assessing the 
performance and generalizability of a PRS model. 
The predictive models were evaluated and compared 
by splitting data into subsets, with the model being 
trained on some subsets (training set) and validated 
on the remaining subset (validation set). Through this 
process, the generalizability of the model to an inde-
pendent dataset was evaluated, overfitting was pre-
vented, and model performance on unknown data 
was ensured. To robustly evaluate the predictive per-
formance of the PRS models, k-fold cross-validation, 
a widely used technique in machine learning and sta-
tistical modeling, was employed. The dataset was ran-
domly divided into k = 5 folds, with one fold being used 
as the test set and the remaining four folds being used 
for model training. This procedure was repeated k 
times, with each fold being used exactly once as valida-
tion data. The AUC from each test set was averaged to 
produce a single estimate of model performance.

External validation
The performance of the PRS model was evaluated on 
an independent dataset that was not used during the 
model development phase. This step is deemed cru-
cial for ensuring the generalizable predictive power of 
the PRS model and avoiding overfitting to the original 
dataset. The PRS models were validated in an indepen-
dent Japanese cohort from Keio University Hospital to 
assess their predictive accuracy (Table 1). Similar QC 
procedures were applied to the validation cohort to 
ensure data integrity, and samples with high heterozy-
gosity rates or other QC failures were excluded from 
the analysis. The PRS for each individual in the vali-
dation cohort was calculated using the same SNPs and 
weights as those obtained from the discovery cohort. 
The effect sizes of the APOE2 and APOE4 alleles, as 
well as those of the covariates, from the discovery 
cohort were applied to the model. Model performance 
was assessed using metrics such as AUC, sensitivity, 
specificity, and accuracy. Additionally, the distribution 
of PRS was evaluated.

Results
Optimal p-value threshold (pT) for SNP selection
We tested different p-value thresholds to identify 
the optimal set of SNPs that contributed to the PRS. 
We assessed the predictive ability of the PRS model 
using the AUC. Table  3; Fig.  1 show the AUC for 

Table 2  Model description for the PRS models presented in the 
manuscript
Model Name Model description
Aβ.PRS.full PRS including SNPs with a p-value < pT
Aβ.PRS.no.APOE PRS including SNPs with a p-value < pT 

and excluding SNPs in the APOE region 
(chr19:44.4–46.5 Mb)

Aβ.PRS.1 PRS calculated as a weighted sum of Aβ.
PRS.no.APOE (including SNPs with a p-val-
ue < pT) and the number of APOE4 alleles

Aβ.PRS.2 PRS calculated as a weighted sum of Aβ.
PRS.no.APOE (including SNPs with a p-
value < pT), the number of APOE2 alleles, 
and the number of APOE4 alleles
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the case-control dataset in four scenarios using six 
SNP p-value thresholds (pT < 1.0 × 10− 6, 1.0 × 10− 5, 
1.0 × 10− 4, 0.001, 0.01, 0.1).

At a threshold of pT < 0.1, the Aβ.PRS.full model, 
which included the full set of SNPs, achieved an AUC 
of 0.610 (95% confidence interval [CI] = 0.515–0.706). 
The Aβ.PRS.no.APOE model, which excluded SNPs 
from the APOE region, showed an AUC of 0.609 
(95% CI = 0.513–0.706). The Aβ.PRS.2 model, which 
combined the PRS with the counts of APOE2 and 

APOE4 alleles, achieved the highest AUC (0.759; 
95% CI = 0.678–0.839). A model that combined the 
PRS with only the APOE4 allele count also demon-
strated high predictive accuracy (AUC = 0.740; 95% 
CI = 0.655–0.825).

At a threshold of pT < 1.0 × 10− 5, the Aβ.PRS.2 model 
again achieved the highest AUC among the four mod-
els (0.735; 95% CI = 0.651–0.819). The model combin-
ing PRS with only the APOE4 allele count showed the 

Table 3  PRS prediction accuracy for the Aβ PET case-control dataset using varying pT thresholds and APOE modeling methods
pT Aβ.PRS.full Aβ.PRS.no.APOE Aβ.PRS.1 (APOE4) Aβ.PRS.2 (APOE4 + APOE2)

N SNPs AUC N SNPs AUC AUC AUC
APOE4 1 0.687 – – – –
APOE2 + APOE4 2 0.716 – – – –
1.0 × 10− 6 14 0.624 9 0.565 0.714 0.732
1.0 × 10− 5 41 0.641 36 0.506 0.716 0.735
1.0 × 10− 4 182 0.603 176 0.539 0.722 0.740
0.001 1144 0.571 1137 0.529 0.716 0.740
0.01 9,744 0.563 9,719 0.538 0.686 0.715
0.1 88,065 0.610 87,971 0.609 0.740 0.759

Fig. 1  ROC plot of PRS prediction accuracy for the Aβ PET case-control dataset using different pT thresholds and APOE modeling methods
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second-highest predictive accuracy (AUC = 0.716; 95% 
CI = 0.627–0.805).

Moreover, Supplementary Tables 2 and 3, along with 
Supplementary Figs.  1 and 2, present the AUC values 
for models in which gender, age, and years of educa-
tion were individually included as covariates in the 
Aβ.PRS.1 and Aβ.PRS.2 models across six pT thresh-
olds. At both thresholds of pT < 0.1 and pT < 1.0 × 10⁻⁵, 
the inclusion of age as a covariate resulted in the 
greatest improvement in AUC for both models (Aβ.
PRS.1 + Age: AUC = 0.775 [95% CI = 0.693–0.857] for 
pT < 0.1 and AUC = 0.773 [95% CI = 0.690–0.856] for 
pT < 1.0 × 10⁻⁵; Aβ.PRS.2 + Age: AUC = 0.796 [95% 
CI = 0.721–0.871] for pT < 0.1 and AUC = 0.798 [95% 
CI = 0.722–0.874] for pT < 1.0 × 10⁻⁵). Although gen-
der and years of education contributed to model per-
formance in certain cases, their impact on predictive 
accuracy was less pronounced compared to age.

k-fold cross-validation of the polygenic risk score model
We conducted k-fold cross-validation by dividing the 
data into k equally sized folds (Table  4; Fig.  2). The 
5-fold cross-validation demonstrated that Aβ.PRS.1 
and Aβ.PRS.2 models maintained stable and general-
izable predictive performance. These models achieved 
average AUC values exceeding 0.7 at both pT thresh-
olds (0.1 or 0.00001), indicating robust model stabil-
ity. In contrast, models using only APOE4 information 
or PRS alone did not achieve an AUC of 0.7. However, 
the model using only APOE4 and APOE2 counts main-
tained consistent predictive accuracy.

External validation of the polygenic risk score model
Our validation cohort comprised Japanese individuals 
from the Keio Dementia Cohort, which was distinct 
from the original samples used for PRS model develop-
ment. Table 1 presents detailed information on the val-
idation cohort. The external validation results (Table 5, 
Supplementary Table 4, Fig.  3, and Supplementary 
Fig. 3) demonstrated that the Aβ.PRS.no.APOE model 
showed inadequate predictive performance. Although 
lowering the pT threshold improved the accuracy of 
the Aβ.PRS.full model, it did not match the perfor-
mance of models incorporating APOE information. 
In the validation cohort, the Aβ.PRS.2 model main-
tained an AUC value of approximately 0.7 regardless 
of pT threshold, demonstrating moderate predictive 
accuracy. Similarly, the Aβ.PRS.1 model achieved AUC 
values approaching 0.7. Models that incorporated both 
APOE information and age as covariates consistently 
maintained AUC values above 0.7. In contrast, the 
inclusion of only sex or years of education as covari-
ates in the APOE models did not improve AUC and, 
in fact, resulted in a slight decrease in performance. 

Accuracy, sensitivity, and specificity were calculated at 
a risk score threshold of 0.5 for each model.

Discussion
The aim of this study was to evaluate the utility of 
using PRS to predict Aβ deposition in a Japanese 
population. Our study confirmed the utility of PRS 
in predicting Aβ deposition in a Japanese popula-
tion, as measured by PET imaging. We determined 
that the optimal p-value threshold for the Japanese Aβ 
PET positive risk model was pT < 0.1, demonstrating 
the advantage of modeling the counts of APOE2 and 
APOE4 alleles separately from the PRS calculations. 
Notably, even when we adjusted the pT to < 1 × 10⁻⁵, 
the model maintained comparable accuracy.

These findings are consistent with those of previ-
ous studies that reported similar accuracies in AD PRS 
models for Caucasian populations. Specifically, research 
has indicated that combining the counts of APOE2 and 
APOE4 alleles with PRS calculated from SNPs using 
a threshold of pT < 0.1 can yield high predictive accu-
racy [8]. In the present study, although the Japanese AD 
GWAS used for PRS calculation had a smaller sample 
size and lower statistical power than its Caucasian coun-
terparts, we achieved comparable accuracy levels.

External validation was essential for evaluating the 
generalizability and robustness of the PRS models. 
Validation of the Aβ PET positivity PRS model in an 
independent Japanese cohort demonstrated both pre-
dictive accuracy and robustness. However, the pre-
dictive accuracy between the Aβ.PRS.1 and Aβ.PRS.2 
models was nearly identical, and including APOE2 
alongside APOE4 did not significantly enhance the 
predictive power. This outcome was primarily attrib-
utable to the low prevalence of APOE2 carriers in the 
validation cohort. The Japanese cohort used in this 
study contained minimal APOE2 carriers, all of whom 
were Aβ PET negative. This may have contributed to 
an overestimation of APOE2’s effect within the model.

These results highlight the challenges associated 
with developing robust predictive models when sample 
sizes are limited. In this context, the model incorporat-
ing only APOE4 allele counts demonstrated compara-
ble accuracy, suggesting this simplified approach may 
be viable. To enhance the predictive accuracy of Aβ 
PET positivity risk models, increasing target sample 
sizes and including individuals from diverse genetic 
backgrounds is essential.

Models were developed that incorporated PRS and 
APOE information, along with gender, age, and years 
of education as covariates. The inclusion of age, a 
known risk factor for dementia onset, resulted in 
improved prediction accuracy. However, gender and 
the environmental factor of years of education did not 
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Model Description pT k-fold AUC
APOE4 - k1 0.727

k2 0.666
k3 0.685
k4 0.705
k5 0.644
mean (SD) 0.685 (± 0.0326)

APOE4 + APOE2 - k1 0.775
k2 0.757
k3 0.714
k4 0.614
k5 0.738
mean (SD) 0.719 (± 0.0634)

Aβ.PRS.full 0.1 k1 0.808
k2 0.583
k3 0.578
k4 0.489
k5 0.519
mean (SD) 0.595 (± 0.125)

1.0 × 10− 5 k1 0.508
k2 0.722
k3 0.604
k4 0.790
k5 0.531
mean (SD) 0.631 (± 0.122)

Aβ.PRS.no.APOE 0.1 k1 0.423
k2 0.455
k3 0.668
k4 0.790
k5 0.719
mean (SD) 0.611 (± 0.166)

1.0 × 10− 5 k1 0.436
k2 0.428
k3 0.390
k4 0.477
k5 0.388
mean (SD) 0.424 (± 0.0369)

Aβ.PRS.1 0.1 k1 0.850
k2 0.781
k3 0.765
k4 0.494
k5 0.713
mean (SD) 0.720 (± 0.136)

1.0 × 10− 5 k1 0.866
k2 0.789
k3 0.626
k4 0.685
k5 0.625
mean (SD) 0.718 (± 0.106)

Table 4  k-Fold cross validations for the Aβ PET case-control dataset using two different pT thresholds and methods to model APOE
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significantly impact the model’s accuracy. Additionally, 
external validation results indicated that including age 
as a covariate did not lead to a dramatic increase in the 
AUC. These findings suggest that a model predicting 
Aβ deposition using only genomic information, with-
out incorporating environmental factors and aging 
associated with dementia onset, may offer valuable 
insights.

When the pT was set to 1.0 × 10⁻⁵ excluding the 
APOE region, 36 SNPs remained (Table 6). Using this 
threshold, the Aβ.PRS.2 model exceeded an AUC of 
0.7. This indicated that even with a lower pT thresh-
old and fewer SNPs, maintaining robust predictive 
accuracy was possible. The nearest gene names around 
SNPs were assigned using information from dbSNP 
[31]. The SNPs included genes such as SORL1 (sor-
tilin-related receptor 1), which has been associated 
with AD GWAS [1, 2, 32]. SORL1 plays a crucial role 
in AD pathogenesis by its involvement in amyloid pre-
cursor protein (APP) processing and Aβ generation 
[33]. RYR2 (Ryanodine Receptor 2) encodes a protein 
that functions as a channel in the sarcoplasmic reticu-
lum membrane of cardiac muscle cells [34]. Although 
dysregulation of calcium via RYR2 may contribute to 
AD pathogenesis, the association between RYR2 and 
AD remains unclear [35]. FAM47E, PAPOLG, and 
RAB3C represent novel loci associated with AD in the 
Japanese population [27]. However, the relationship 
between these genes and AD requires further investi-
gation. These SNPs may provide crucial information 
for predicting AD risk in Japanese individuals.

The successful application of PRS calculation meth-
ods in this study based on Japanese AD GWAS sum-
mary statistics shows promising potential. Although 
previous studies have demonstrated relatively high 
performance when calculating PRS for Japanese indi-
viduals using European AD GWAS data, applying PRS 
methods based on different ethnic groups’ GWAS 
summary statistics may reduce predictive accuracy 

[36]. This reduction stems from population differ-
ences in genetic structures, such as linkage disequi-
librium blocks, which complicate the adaptation of 
SNP weights to non-European populations [37]. The 
relatively small Japanese GWAS sample size highlights 
the necessity for more statistically powerful GWAS to 
calculate reliable PRS. Larger AD GWAS in Japanese 
populations are necessary and require further inves-
tigation and data collection. We anticipate that using 
GWAS statistics from large East Asian cohorts, includ-
ing Japanese individuals, will facilitate more robust 
validation of polygenic effects.

This study had certain limitations. First, the cur-
rent target and validation sample sizes for PRS analysis 
remain small, increasing the likelihood of false posi-
tives and potentially exaggerating effect sizes. Second, 
participant ages at Aβ PET diagnosis varied. As APOE 
locus allelic variations relate to AD onset age and brain 
Aβ accumulation changes, a cohort with uniform age 
at Aβ PET measurement could yield a more accurate 
model.

There is no consensus regarding the optimal num-
ber of SNPs to include in the AD PRS. In this study, 
we compared two models using different thresh-
olds. The model using more SNPs showed slightly 
higher accuracy, whereas the model using fewer SNPs 
offered more cost-effective genetic panel advantages. 
Although our findings are notable, the predictive accu-
racy of the PRS-based models remains insufficient for 
clinical applications. In the future, a combination of 
multiple biomarkers, such as plasma proteomics and 
metabolomics, has the potential to enhance model 
accuracy. Additionally, deep learning-based polygenic 
risk analysis offers promising approaches to increase 
predictive power [38]. More accurate predictive mod-
els would facilitate early evaluation of individual dis-
ease risk, potentially contributing to lifestyle changes 
and disease prevention. Moreover, investigating indi-
viduals with a high PRS who do not develop AD could 

Model Description pT k-fold AUC
Aβ.PRS.2 0.1 k1 0.711

k2 0.856
k3 0.802
k4 0.665
k5 0.750
mean (SD) 0.757 (± 0.0749)

1.0 × 10− 5 k1 0.668
k2 0.639
k3 0.850
k4 0.710
k5 0.806
mean (SD) 0.735 (± 0.0903)

Table 4  (continued) 
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provide valuable insights into AD resistance factors, 
leading to the identification of new drug targets.

Conclusion
This study demonstrated PRS effectiveness in pre-
dicting Aβ deposition in a Japanese population, high-
lighting its potential as a noninvasive tool for early 

AD detection. This facilitates early intervention and 
appropriate follow-up of high-risk patients. Interven-
tions may include lifestyle modifications, cognitive 
training, exercise, and nutritional management. Clini-
cal trials of new AD therapies can include individuals 
with high Aβ PET positivity PRS to evaluate thera-
peutic efficacy. However, further research is required 

Fig. 2  ROC plot of Aβ.PRS.1 and Aβ.PRS.2 performance using two different pT thresholds with five-fold cross-validation
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to validate these applications. Exploring appropri-
ate approaches while considering the genetic back-
ground of the Japanese population remains important. 
Although we demonstrated PRS potential in a Japa-
nese cohort, future studies should incorporate larger 
and more genetically diverse samples to enhance the 
accuracy and generalizability of Aβ PET positivity risk 
models.

Table 5  External validation for the Aβ PET case-control dataset using two different pT thresholds and methods to model APOE
Model Description pT AUC 95% CI Sensitivity Specificity Accuracy
Aβ.PRS.full 0.1 0.617 0.481–0.753 0.188 0.959 0.654

1.0 × 10− 5 0.678 0.554–0.802 0.281 0.898 0.654
Aβ.PRS.no.APOE 0.1 0.594 0.459–0.729 0.125 0.959 0.630

1.0 × 10− 5 0.477 0.347–0.607 0 1 0.605
Aβ.PRS.1 0.1 0.698 0.571–0.825 0.594 0.714 0.667

1.0 × 10− 5 0.698 0.577–0.820 0.625 0.694 0.667
Aβ.PRS.2 0.1 0.703 0.578–0.828 0.594 0.714 0.667

1.0 × 10− 5 0.703 0.583–0.824 0.625 0.694 0.667

Fig. 3  ROC plot of the performance of each prediction model using two different pT thresholds and the external validation method
The red line shows the ROC curve of Aβ.PRS.full; the green line represents the ROC curve of Aβ.PRS.no.APOE; the blue line shows the ROC curve of Aβ.
PRS.1; the purple line represents the ROC curve of Aβ.PRS.2
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