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Abstract

Purpose: Non-European populations are under-represented in genetics studies, hindering
clinical implementation of breast cancer polygenic risk scores (PRS). We aimed to develop
PRSs using the largest available studies of Asian ancestry and to assess the transferability of
PRS across ethnic subgroups. Methods: The development dataset comprised 138,309 women

from 17 case-control studies. PRSs were generated using clumping+thresholding method,



lasso penalized regression, Empirical Bayes approach, Bayesian polygenic prediction approach
or linear combinations of multiple PRSs. These PRSs were evaluated in 89,898 women from
three prospective studies (1,592 incident cases). Results: The best performing PRS (genome-
wide set of single-nucleotide polymorphism (SNPs)) had hazard ratio (HR) per unit standard
deviation (SD) of 1.62 (95% Cl = 1.46-1.80), and area under the receiver operating curve (AUC)
of 0.635 (95%Cl = 0.622 — 0.649). Combined Asian and European PRSs (333 SNPs) had HR per
SD of 1.53 (95%Cl: 1.37-1.71) and AUC of 0.621 (95%Cl: 0.608-0.635). The distribution of the
later PRS was different across ethnic subgroups, confirming the importance of population-
specific calibration for valid estimation of breast cancer risk. Conclusion: Leverage
information from larger European and smaller Asian datasets can aid the development of PRS,

enabling the risk-stratified screening approaches for women of Asian ancestry.

Introduction

Genetic inheritance is an important factor contributing to the likelihood that a woman
develops breast cancer!. Rare pathogenic variants in several susceptibility genes, including
BRCA1, BRCA2 and PALB2, confer increased risks of breast cancer?; however, much of the
genetic variation in risk is polygenic, due to a combination of large numbers of genetic variants
each conferring a small increase in risk. The effects of these variants can be summarized as
polygenic risk scores (PRS)>* . Mavaddat et al® developed and validated a 313 variant breast
cancer PRS (PRS-313), using data from women of European ancestry in the Breast Cancer
Association Consortium (BCAC)*>. The lifetime risk of breast cancer was estimated to be 2.6%
for women in the lowest 1% of the PRS-313 distribution and ~32% for women in the highest
1%; the latter group would be classified as at high-risk of developing breast cancer according

to the National Institute for Health and Care Excellence (NICE) and other clinical management



guidelines.® This demonstrates the potential of PRS to improve quantification of risk and

consequently optimize breast cancer screening and prevention strategies®.

The under-representation of non-European populations in genetic studies, which serve as the
foundation of PRS development, has raised questions about the transferability of PRS to other
populations. The paucity of data in non-European populations could limit PRS adoption and
applicability’®, and hence exacerbate health disparities!?. This is important for ethnic
minorities in high income countries, where clinical evaluation of the European 313 variants
PRS is already underway, but perhaps more so in low- and middle-income countries, where
there is an urgent need to develop breast cancer screening strategies to address rapidly rising

breast cancer incidence and high breast cancer mortality®!.

Asians constitute more than half of the world’s population and are facing a dramatic increase
in breast cancer incidence!?!3, but make up only 15% of the breast cancer genome-wide
association studies (GWAS). Efforts to develop breast cancer PRS specifically for Asian
populations have so far been limited. In our previous work, we showed that the PRS-313,
developed in Europeans, was predictive of breast cancer risk in Asian populations, although
the effect size was somewhat smaller than that reported in European populations!. This
demonstrated that PRS can be used in Asian populations to predict risk. However, an
important outstanding question is whether a more predictive PRS utilizing Asian data can be
developed. Thus far, the largest study to attempt this involved 23,372 women of Asian
ancestry. This study evaluated previously published breast cancer risk single-nucleotide
polymorphisms (SNPs) and took forward SNPs that were significantly associated with breast
cancer risk in Asians (p-value < 0.05) for PRS derivation, resulting in a 44-SNP PRS (PRS-44)%>,

Although predictive, we have shown in our previous work that the discriminatory power of



the PRS-44 (area under the receiver operating curve (AUC) = 0.586) was much lower than the
PRS-313 (AUC =0.617), derived from European ancestry women, for predicting breast cancer

risk in Asian women!*.

In this study, our objectives were twofold: (1) to develop improved breast cancer PRSs utilizing
data from Asian populations and to validate their performance in prospective cohorts using
the largest available breast cancer genetic study of Asian ancestry; (2) to assess the

transferability of PRS across Asian ethnic subgroups.

Materials and Methods

Study populations and genotyping

The study population was divided into training, validation and testing datasets. The training
datasets included(a) set 1 - 44,126 (22,013 invasive cases and 22,114 controls) women of East
Asian ancestry (where summary statistics from a meta-analysis of genome-wide association
studies (GWAS) from 16 studies participating in Breast Cancer Association Consortium (BCAC)
and Asia Breast Cancer Consortium (ABCC)), (b) set 2 - 100,094 (16,680 invasive cases and
83,414 controls) women of East Asian ancestry (where summary statistics from a meta-
analysis of GWAS from 11 studies participating in BCAC and Biobank Japan (BBJ1)), and (c) set
3 - 228,951 (122,977 invasive cases and 105,974 controls) women of European ancestry
participating in BCAC (where summary statistics was available); The validation dataset
comprised of (a) 13,030 (6,392 cases invasive cases and 6,638 controls) women of Chinese or
Malay (East Asian) ancestry, and (b) 1,603 (585 invasive cases and 1,018 controls) women of
Indian (South Asian)ancestry participating in two multi-ethnic case-control studies: Malaysian

Breast Cancer Genetics (MyBrCa) study and Singapore Breast Cancer Cohort (SGBCC) study.
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The testing dataset comprising 89,898 women (1,595 incident cases) from three prospective
cohorts of East Asian ancestry: the Singapore Chinese Health Study (SCHS)'®, China Kadoorie

Biobank (CKB)!” and the Korean Cancer Prevention Study Biobank (KCPS-I1)*,

Samples in the training dataset were genotyped using one of the six arrays: iCOGS*?,
OncoArray?®, Affymetrix Genome-Wide Human SNP Array 6.0 , lllumina Multi-Ethnic
Genotyping Array, lllumina HumanOmiExpress®® and Illumina HumanExome-12vl_A
Beadchip?? (Table S1). Samples in the validation dataset were genotyped using the OncoArray.
Samples in SCHS and KCPS-II were genotyped using the lllumina Global Screening Array?®,
while samples in CKB were genotyped using custom-designed Affymetrix Axiom arrays'’.
Table S1 summarises the study design and the number of breast cancer cases and controls in

each study. See Supplementary Methods for more details.

Genotype calling, quality control procedures and imputation methods have been described
previously*'%22-25_ All data were imputed using the 1000 Genomes Project (Phase 3) data as
the reference panel?®, except for a subset of BioBank Japan, for which the HapMap Phase Il
(release 22)%” was used. SNPs with overall minor allele frequency in controls > 0.01 and
imputation r? > 0.9 for OncoArray studies, imputation r? > 0.7 for BBJ1 and imputation r?> 0.3
for other studies in the training and validation dataset were included in this analysis. Since all
samples in the validation sets were genotyped using OncoArray, a higher threshold was

imposed for OncoArray to ensure accurate determination of PRS in the validation datasets.

Ancestry informative principal components were available for Asian ancestry samples in the
training dataset and the validation dataset, generated using methods as previously
described??. Briefly, for the BCAC data, continental ancestry was derived by combining the

data with the 1000 Genomes Project reference data. Individuals with >40% estimated East
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Asian ancestry were retained. In the second stage, principal components were generated on
the Asian ancestry individuals using a subset of uncorrelated SNPs. Similar ancestry

informative principal components were generated for the other dataset.

Ethics statement

The Malaysian Breast Cancer Genetic Study (MyBrCa) was approved by the Independent
Ethics Committee, Ramsay Sime Darby Health Care (reference no: 201109.4 and 201208.1),
and the Medical Ethics Committee, University Malaya Medical Centre (reference no: 842.9).
Analyses using CKB data were conducted under research approval 2020-0047. Each study
listed was approved by the local institutional ethics committees and review boards, and all

participants provided written informed consent.

Statistical methods

Polygenic risk scores (PRS) were derived using the following formula:

PRS = lel + 82X2+...+Bka + -+ Bme

where xi is the allele dosage for SNP k, B« is the corresponding weight for SNP k, and m is the

total number of SNPs included in the PRS.

The approaches for subset selection of SNPs and the corresponding weights, Bk to be included
in PRS construction can be broadly classified into single-ancestry and multi-ancestry methods.
The single-ancestry methods we used were: (a) a clumping and thresholding (C+T) approach,

in which SNPs significantly associated with breast cancer risk at a given p-value threshold
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were retained; (b) lasso penalised regression, where weights of SNPs with minor contribution
to the lasso model were shrunk toward zero?®. The multi-ancestry methods included: (c) using
a linear combination of European PRS with PRSs developed in (a) or (b), similar to the method
described by Marquez-luna and group?® (d) re-weighting of European PRS, where SNPs that
have been previously selected for the European PRS were re-weighted using a combination
of European and Asian-specific weights and (e) a Bayesian polygenic prediction approach
(PRS-CSx3°), where weights of SNPs were shrunk according to the strength of association in
European GWAS and Asian GWAS through a SNP-specific continuous shrinkage prior. Figure
1 summarises the methods and dataset used in this study and Figure S1 gives the detailed
schema of analyses. The lists of SNPs and the weights for the PRS computation are given in

TableS2-4

To enable direct comparison of the performance of different PRSs, we standardised the PRSs
to have unit standard deviation (SD) in the control subjects. Logistic regression models were
used to estimate odds ratios (ORs) for association between the standardised PRSs and breast
cancer risk in the validation set. For all models we adjusted for the first 10 principal
components (PC) and study; The two studies in the validation set were genotyped in two
batches and hence treated as different strata for the purposes of adjustment. We used a Cox
proportional hazard model to evaluate the association between the PRS and breast cancer
risk in the test set and to estimate hazard ratios (HRs) per SD. Models were adjusted for the
first 2 PCs for SCHS and KCPS-II and the first 12 PCs for CKB. The discrimination of the PRSs
were also compared using the receiver operating characteristic curve (AUC).. The HR per SD
and AUC were obtained individually for each prospective cohorts and combined using fixed-
effect meta-analysis. Test of heterogeneity between studies were obtained using rma()

command in the metafor package in R.

13



Clumping and thresholding (C+T) method for SNP selection

For the PRS built using C+T or lasso penalized regression, we used training dataset 1 where
summary statistics of 20,768 SNPs significantly associated with breast cancer risk at p-values
< 0.001 were available. SNPs clumping (within 1Mb windows) was conducted using the
software PRSice v2.113! to remove highly correlated SNPs (pairwise correlation r2> 0.9); the
SNP with the lowest p-value for association in the correlated pairs was retained, resulting in

3,050 SNPs for subsequent analyses in the C+T method, and lasso penalized regression.

In the C+T approach, SNPs were further clumped within pre-specified clumping window sizes
and threshold of a correlation r?> to obtain nearly uncorrelated SNPs. PRSs were then
computed for samples in the validation dataset using the subset of SNPs that were significant
at a pre-specified p-value threshold. This threshold was set at 5x10® (genome-wide
significance) and then increased in steps of 1019 up to 10-3. The discriminatory accuracy of
each PRS for predicting breast cancer risk was evaluated in the validation dataset using the
AUC, and the PRS with the highest AUC was selected as the best PRS. The whole process was
then repeated for different combinations of clumping size and threshold of correlation r?. The
clumping and derivation of PRSs were done using PRSice v2.113!, while the AUCs for PRSs

were generated using the pROC package in R.

To account for the joint effect of SNPs used to derive the best PRS using the C+T method, the
SNP weights should ideally be estimated jointly in a single logistic regression model. Since raw
genotype data were not available for the training dataset ,we computed the optimal weight,

from the summary statistics, for SNP j using the following formula:
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y="] &
g V2p;(1—pj)

where y' = R™1B’, R is the matrix of correlations between the SNP genotypes, 3’ is the

predicted normalised marginal effect sizes of the SNPs, and p; is the effect allele frequency
of SNP j (see Supplementary Methods). The matrix of correlation was computed using 4,921

control samples from BCAC OncoArray studies where raw genotype data was available.
Lasso penalized regression

For penalized regression, we used the package lassosum in R?® which used the summary
statistics of single-SNP association tests based on the training set, genotype data of samples
in the validation set for model fitting and genotype data from Asian control samples in BCAC
OncoArray studies for calculating linkage disequilibrium among SNPs. All 3,050 SNPs with p-
value < 0.001 were included in the lasso. The analyses were repeated for different values of
the penalty (lambda) and shrinkage (s) parameters, and the PRS giving the highest correlation
between PRS and disease status (default metric in the method)in the validation dataset was

selected.
Linear combination of European PRS with Asian PRS

We considered a PRS based on the 313 SNPs developed in European women3. Of the 313
SNPs, only 287 SNPs with imputation info score > 0.9 in OncoArray studies were retained for
subsequent analyses. The weights reported in Mavaddat et al (2019)? were used to derive the
European PRS in the validation dataset. Asian PRSs generated from C+T method or lasso
penalized regression, were linearly combined with European PRS using logistic regression

model which takes the form ay + @1 PRS; + a,PRS,. The constant «, weights a4 and a,
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were estimated using validation dataset and here PRS; and PRS, represent two different

PRSs.
Re-weighting of European-based PRS

For these analyses, we considered two sets of weights for the 287 SNPs: (i) Asian weights
estimated from the training dataset 1 alone; and (ii) weights based on a combination of the
Asian and European weights, allowing for these weights to differ but be correlated. Other
approaches to combine European and Asian-specific weights were also explored, including
combining weights using fixed effect meta-analysis, but only the method that gave the best

AUC is presented here.

For (i), the optimal weights taking into account the correlation between SNPs were derived
using Equation (1). For (ii), we combined Asian and European weights using an Empirical Bayes

approach where the optimal weight is given by the following formula

Bisp = ﬁjA,EB/ _
7 2p;(1—pj)

Here, B4 g5 is the estimated posterior effect sizes in Asians given the data, obtained through
an Expectation-Minimisation algorithm and p; is the allele frequency for SNP j (see
Supplementary Methods). This approach “shrinks” the Asian estimates towards the European
estimates, making use of the greater precision in the European estimates but allowing for

different Asian weights when the European and Asian estimates differ markedly.

We also considered linear combination of the re-weighted European PRSs with Asian PRSs

generated from C+T method or lasso penalized regression in the validation dataset.

Bayesian polygenic prediction approach (PRS-CSx)
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For PRS-CSx, we used the summary statistics from Asian GWAS (training dataset 2) and the
summary statistics from European GWAS (training dataset 3). Asians and Europeans in the
1000 Genomes Phase 3 project were selected as LD reference panels. Two genome-wide PRSs
were generated — one using the European-specific posterior SNP effect size estimates and
one using the Asian-specific posterior effect size estimates generated from PRS-CSx. The two
PRSs were then linearly combined in the validation dataset. The analyses were repeated
across a range of global shrinkage parameter (¢ = 107°,107%,1072, 1, as suggested by Ruan
and collegues®®; the ¢ that gave the linear combination of PRSs with the highest AUC in the
validation dataset was selected as optimal global shrinkage parameter. Analyses were run

using the published Python code based tool published in Github3.

PRSs for South Asian population

The predictive performance of PRSs developed for women of East Asian ancestry in women
of Indian ancestry were assessed using AUC and OR per SD. Given the much smaller sample
size for Indian-ancestry women, we did not attempt to generate a South Asian-specific PRS.
For linear combinations of multiple PRSs of the form ay + a1 PRS; + a,PRS,, we considered
the predictive performance of these combined PRSs with weights «, a1, and a, estimated
from East Asian validation dataset as well as South Asian validation dataset. Absolute risk of

breast cancer by PRS percentiles

The age-specific absolute risks of developing breast cancer in each PRS percentile were
obtained by constraining to the incidence of overall population breast cancer incidence (see
Supplementary Methods). The details of these methods have been described previously®. We
calculated lifetime and 10-year absolute risks using Singaporean mortality and breast cancer

incidence in 20173233, For birth-cohort specific incidences, age-specific breast cancer
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incidences for the 1960-1969 and 1970-1979 birth cohorts were calculated using data on
breast cancer incidence in Singapore from 1968 to 201732, For women born after 1979,
incidences could only be calculated up to age 35. Hence, for the >1979 birth cohort, breast
cancer incidences were projected by assuming an annual increase in breast cancer incidence

of 3.9%34.

Results

Genetic diversity within Asian populations in our study

We first assessed the overall diversity among the study populations. Figure 1 and Figure S1
summarise the dataset used in this study. The plot of the first two principal components were
generated using the validation dataset (annotated by the ethnicities) together with the subset
of samples from six countries within the BCAC studies in the training dataset where raw
genotype data were available (Figure 2(a)). As expected, the populations are clustered,
consistent with geography and population history. The genetic distance is largest between
Indian ancestry women and Japanese/Korean women The women of Chinese ancestry in
Malaysia, Singapore, mainland China, Hong Kong and Taiwan form a distinct cluster that is
genetically closer to Japanese/Koreans women than to women of Indian ancestry. The women
from Thailand and women of Malay ancestry from Malaysia and Singapore are genetically
closer to women of Chinese ancestry than to women of Indian ancestry. Given the large
genetic distance between Indian ancestry women from the other populations, in subsequent
analyses, Chinese ancestry and Malay ancestry women were treated as “East Asian” in the

validation dataset, and evaluated separately from Indian ancestry women.
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PRSs developed using Asian-specific SNPs

We first developed PRSs using Asian-specific SNPs selected using two different methods. For
the C+T method, SNPs were removed if they were within 250kb of a SNP already selected and
correlated at r? > 0.1, leaving 1,326 SNPs for analysis. For women of East Asian ancestry in the
validation dataset, the best PRS was obtained at a p-value threshold of p < 5.74 x 107,
resulting in a 46-SNP PRS (PRSass) (Figure S2). The breast cancer odds ratio (OR) per unit
standard deviation (SD) for PRS46 was 1.35 (95% Cl: 1.30 —1.39) and the AUC was 0.586 (Table
1). We searched for better PRSs by using different combinations of clumping size and
correlation threshold r?; however, there was no appreciable difference in terms of AUCs of

the resulting PRSs computed (Figure S3).

For lasso penalised regression, the best PRS for women of East Asian ancestry in the validation
dataset was obtained at penalty parameter (A)= 0.014 and shrinkage parameter (s) = 0.9,
resulting in a PRS that included 2,985 (out of 3,050) SNPs (Figure S4). The corresponding OR
per SD for this 2,985-SNP PRS (PRS29s5) was 1.41 (95% Cl: 1.36-1.46; AUC = 0.596), slightly

more predictive than the best PRS (PRSz¢) developed by the C+T method (Table 1).

Linear combinations of European PRS and Asian PRSs

We denoted the 287-SNP European PRS computed using the reported weights in women of
Europeans ancestry® as PRSzs7 eur. A linear combination of PRSzs7 eur and PRSae significantly
(p-values < 0.0001) improved the predictive accuracy in East Asian ancestry women, as
compared to using the Asian-specific PRS alone (OR per SD (95% Cl) = 1.54 (1.49-1.60) and
AUC=0.623 for PRS46+PRS287 eur versus OR per SD (95% ClI) = 1.37 (1.32-1.47) and AUC = 0.589
for PRS46, Table 1). The improvement using the combined PRS was marginal compared to

using PRS2s7 rur alone (OR per SD (95% Cl) = 1.50 (1.45-1.56) and AUC = 0.615), but PRSass6
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remained significant in the linear combination model (Table S5). Combination of PRS2s7 rur
with PRS2985 further increased the OR per SD and AUC compared to PRS4s+PRS2s7 eug, though

the differences were not statistically significant.

PRSs developed by integrating Asian weights into the European PRS

We considered two additional version of the 287-SNP PRS, using adjusted weights: (a)
PRS287_asn, which used Asian-specific weights estimated from the training dataset 1 adjusted
for linkage disequilibrium; and (b) PRS2s7_es, weights based on a combination of the European
and Asian-specific weights, using an empirical Bayes procedure. For women of East Asian
ancestry, PRS2s7 e (OR per SD= 1.53, 95% Cl: 1.47-1.58; AUC = 0.620) was slightly more
predictive than PRS2s7 asian (OR per SD = 1.50, 95% Cl: 1.45-1.56; AUC = 0.615) and PRSzs7eur
(OR per SD = 1.50, 95% Cl: 1.45-1.56; AUC = 0.614), and significantly more predictive than
PRS46 and PRS29s5 (p-value < 0.0001) (Table 1). A linear combination of PRS;s7 gs With PRSa6
further improved the PRS performance compared to PRSss+ PRS2s7 eur, though the

improvement was not significant.

Genome-wide PRSs

We then developed genome-wide PRSs using the Bayesian polygenic prediction approach
(PRS-CSx). We denoted the genome-wide PRSs generated using European and Asian posterior
weights as PRSew rur and PRScw asn, respectively. The best combined PRS for East Asian
ancestry women was obtained at ¢ = 10~* (Table S6). The corresponding OR per SD (95% Cl)
and AUC for PRSgw tur + PRSew_asn were 1.62 (1.52-1.68) and 0.636, respectively, significantly
better than all the PRSs described thus far (Table 1). This significant improvement was mainly

driven by the contribution of PRSew eur (OR per SD (95% Cl) = 1.59 (1.53-1.65) and AUC =
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0.629). The OR per SD (95% Cl) and AUC for PRSew_asn alone was only 1.44 (1.39-1.49) and

0.601, respectively, only slightly better than PRS46 (Table S6).

PRSs for Indian-ancestry population

We evaluated the PRSs developed for women of East Asian ancestry in predicting risk in
women of South Asian ancestry. These PRSs were all predictive of risk in South Asian ancestry
women in the validation dataset but the effect sizes were reduced compared to East Asian
ancestry women (Table 2). As for East Asians, the effect sizes were smallest for Asian-based
PRSs alone, larger for combined European and Asian PRSs and the genome-wide PRS (PRS-
CSx) was most predictive of breast cancer risk in women of South Asian ancestry. We
estimated the weights of the considered linear combinations of PRSs using the South Asian
validation dataset (Table S5), there were no appreciable difference in the effect sizes and

AUCs compared to estimated weights using East Asian validation dataset (Table S7.

Evaluation of PRSs in prospective cohorts

The combined hazard ratios (HR) per unit SD of Asian PRSs in the prospective cohorts
combined were 1.40 (95% Cl: 1.25 - 1.56, AUC = 0.600) and 1.45 (95% ClI: 1.31-1.61, AUC =
0.608), respectively for PRSa6 and PRSz985, similar to those observed in the validation set (Table
1 and Figure S5). There was no evidence of heterogeneity in the HRs among studies. Thus, the
effect sizes were smallest for PRS based on Asian data alone (PRS4s and PRSy9ss), larger for
PRS based on the European PRS (HR per SD = 1.50 (95% Cl: 1.35-1.65) for PRS;s7 eg) and larger
still for PRS based on combining the Asian and European PRS (HR per SD = 1.53 (95% Cl: 1.37-

1.71) for PRS46+PRS2s7 e8). As in the validation dataset, PRS generating using PRS-CSx showed
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the strongest association with breast cancer risk (HR per SD (95% Cl) = 1.62 (1.46- 1.80)) and

highest AUC (0.635).

Absolute breast cancer risk predictions

To assess the potential of translating PRS into clinical tool for Asian population, we
transformed the relative risks across the PRS continuum into absolute risk, using
PRS46+PRS2s7 g8 and calendar-specific breast cancer incidence and mortality rates3? for
Chinese women in Singapore as an example. Based on the validation dataset comprised of
East Asian ancestry women, the breast cancer odd ratios (ORs) by percentiles of
PRS46+PRS2s7 s are shown in Table S8. Compared to women in the middle quintile (40-60t"),
the estimated ORs for developing breast cancer for women in the highest and lowest 1% of
the PRS distribution were 0.53 (95% Cl = 0.33 -0.82) and 3.01 (95% CI = 2.25-4.06),
respectively. The estimated ORs by PRS percentile did not differ from those predicted under
a theoretical polygenic model in which the log OR increases linearly with the PRS (Table S8).
The corresponding lifetime risks of developing breast cancer by age 80 years, on current
incidence rates, were ~2% and ~19% respectively (Figure 3(a)). Assuming that a 10-year
absolute risk threshold of 2.3%3°, is used to define women at sufficient risk to justify
screening, if we were to offer breast cancer screening to women age 40 years based on 10-
year absolute risk as estimated from their polygenic risk profiling, approximately 12% of
Chinese women would reach the risk threshold of screening before or at age 40 (Figure 3(b)).
However, these are likely underestimates, as young Asian women today are experiencing a
dramatic increase in breast cancer incidence!?. Figure S6 shows the distribution of the 10-year
absolute risk at age 40 for women who were born after 1979 using projected breast cancer

incidence rates (see Methods). Compared to women who were born in 1960-1969, where
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only 11% of Chinese women would reach the risk threshold at age 40, we projected that the

proportion would rise to 29% in women age 40 born after 1979.

Generalisability of PRS across Asian ethnic subgroups

Subjects in the validation dataset were recruited from a multi-ethnic population in Southeast
Asia comprised of women from three ethnic groups in Asia — Chinese, Malay and Indian
ancestry women giving us the opportunity to evaluate the generalisability of PRS across Asian
ancestry populations, using PRS46+PRS2s7 e developed for women of East Asian ancestry as
an example. This combined PRS was predictive of risk in all ethnic groups (Table S9). The effect
size and AUC were higher in Chinese ancestry women compared to Malay and Indian ancestry
women in Southeast Asia, but the differences were not statistically significant (OR per SD =
1.56; 95% Cl: 1.50-1.63; AUC = 0.625 for Chinese versus OR per SD = 1.51; 95% Cl: 1.39-1.64;
AUC = 0.614 for Malays and OR per SD = 1.49; 95% ClI: 1.33-1.66; AUC = 0.610 for Indians,

heterogeneity p-value = 0.983 (Figure S7 and Table S9).

The distribution of PRS46+PRS287 g Was, however, different among the three ethnic groups.
While there was only a marginal difference in the SD (SD in Chinese, Malay, and Indian
controls were 0.439, 0.556, and 0.455, respectively), the means differed markedly, being
highest in Chinese and lowest in Indians (mean in Chinese, Malay, and Indian controls were -
0.118, -0.197, and -0.328, respectively, p-values of pair-wise comparison of means < 0.0001)
(Table S8). To demonstrate the importance of ethnic-specific calibration of PRS, we evaluated
the impact of classifying Malay and Indian women according to PRS risk groups as determined
by the distribution in Chinese women. Figure 3(c) shows the PRS distribution in control
subjects by percentiles across the three ethnic groups and their corresponding cumulative

breast cancer risk by age 80, generated using calendar-specific breast cancer incidence and
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mortality rates for Chinese, Malay and Indian women in Singapore3®. For example, the 95t
percentile in Indians corresponds, approximately, to the 90 percentile in the Chinese
population. The lifetime breast cancer risk of Indian women in the 95% percentile was 11%. If
Chinese PRS distribution was used as a reference, these Indian women would be categorised
as 90" percentile and hence would be told that their corresponding lifetime risk was 9%
instead of 11%. Hence, using the Chinese PRS distribution as a reference would underestimate
the risk in Indian women. The differences in PRS distribution was even more apparent when

women of European ancestry was used as reference (Figure 3(d)).

The patterns of genetic clusters shown in Figure 2(a) are mirrored in the distribution of the
standardised PRS46+PRS287 g8 by population (Figure 2b) in the validation and BCAC dataset.
The largest differences in the means of the standardised PRS4+PRS2s7 e Were observed
between the Indian-ancestry women and Japanese/Korean women (with Indians being the
biggest outlier). The mean PRS4s+PRSzs7 g8 of women from Thailand was similar to that of

Malay ancestry women, somewhat lower than women of Chinese ancestry.

Discussion

Personalised risk stratification for prevention and early detection of breast cancer has gained
increasing interest; however, it is important to recognize the need to study women
representing diverse ancestries, to lessen health disparities. Our study provides essential
information about the use of PRSs for breast cancer risk prediction in women of Asian
ancestry. We developed and validated different PRSs for East Asian ancestry women: the key
observations were (a) PRSs generated by integrating information from European ancestry and

Asian ancestry GWAS datasets performed better than PRSs based purely on weights derived
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from single-ancestry GWAS data, and (b) there were substantial differences in PRS

distributions across ethnic groups.

Based on the largest available breast cancer GWAS datasets, the best PRS for women of East
Asian ancestry was based on PRS-CSx Bayesian polygenic prediction method [ref] (PRS-
ew_asn+PRSew _eur). This PRS included ~1 million SNPs and had notably larger effect size than
the European PRS (PRSzs7 rur) that had previously shown to be the best breast cancer PRS for
women of Asian ancestry [ref] (HR per unit SD in prospective cohorts: 1.62 versus 1.46; AUC:
0.635 versus 0.609, Table 1). It is noteworthy that the predictive performance of this PRS was
similar to that achieved in European population (HR per SD (95% CI) of 313-SNP PRS: 1.59
(1.54-1.64) as reported in Mavaddat et al). However, despite the rapid drop in cost associated
with next-generation sequencing, implementation of genome-wide PRS can be practically
more challenging compared to the implementation of the European PRS that included only

313 variants.

We showed that adaptions based on this European PRS can improve risk prediction in women
of East Asian ancestry . The optimal approach used an empirical Bayes procedure, shrinking
the weights from the East Asian data towards those in Europeans. Linearly combining this
reweighted European PRS with PRS generated from the C+T method resulting in a PRS
(PRS46+PRS287 e8) that had predictive performance that was intermediate between the
original European PRS alone and the PRS-CSx approach (HR per unit SD in prospective cohorts:
1.53; AUC: 0.621, Table 1). The 313-SNP PRS is being used in several clinical studies in
European populations, including the MyPeBs® and WISDOM trials, and the PRS4s+PRS2s7 es

PRS would be relatively easy to implement in clinical settings. This approach is similar to that
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described in Mdrquez-Luna et al (2017), where the authors proposed to linearly combine PRSs
generated from two training populations to reduce the gap in prediction accuracy between
European and non-European populations?®. Our results suggest that a similar approach may
be effective for adapting PRS developed using data from European ancestry populations to

other non-European populations where sample sizes are limited.

The PRS generated for women of East Asian ancestry were also predictive for women South
Asian ancestry, but the effect sizes were smaller. When combining East Asian-derived
genome-wide PRS with European-derived genome-wide PRS in women of South Asian
ancestry using the PRS-CSx approach, it was noticeable that the East Asian component made
a smaller contribution to the linear combination (Table S5). These results demonstrate the
need for larger studies of women of South Asian ancestry both to optimize the PRS and

validate in prospective cohorts.

One of the challenges of moving PRS into clinical implementation is transferability across
different ethnic groups. Several studies have evaluated the population-level applicability of
European PRSs to non-European populations for various diseases3’-%°, Similar to these studies,
we showed that the mean of the PRS distribution differ substantially between European and
Asian ethnic subgroups. We showed that if the European PRS (PRS-287eur) was applied to an
Asian population without adjustment, the 60 percentile in Chinese ancestry and Malay
ancestry women and 80™ percentile in Indian ancestry women corresponds, approximately,
to the 90" percentile in the European population, resulting in overestimation of risk in these
women (Figure 3(d)). To our knowledge, no studies thus far have looked at the transferability
of breast cancer PRS within diverse Asian ethnic subgroups. Our results showed that while

the effect sizes appeared to be similar across ethnic groups (Table S8), the mean PRS
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distribution differed substantially across Asian populations (Table S7 and Figure 2(b)). For
example, even though Japanese, Koreans and Han Chinese are conventionally classified as
East Asians in genetic analyses, the means PRS were markedly different between these ethnic
groups (Figure 2(b)). The differences are sufficiently large to affect risk classification, so
comparing the PRS for an individual woman with the correctly calibrated ethnic-specific
distribution is crucial for valid risk prediction. This however can be problematic for admixed
individuals, where the genomes composed from multiple ancestries that may be closely or
distantly related to the reference population. As more samples of Asian ancestry become
available, it may be possible to combine ethnic-specific PRSs with ancestry components to

derive better multi-ethnic PRSs2°.

Our work is subject to several limitations that open up future research directions. Firstly,
although we have demonstrated that the predictive performance of European PRS can be
improved by integrating weights from Asians using an empirical Bayes approach, the absolute
increase in predictive accuracies is marginal. This marginal improvement is likely reflective of
the similarity of underlying effect sizes between Asians and Europeans for the 287 breast
cancer variants. The method may be potentially valuable for adapting European PRS to
populations that are not genetically closely related to Europeans. Secondly, our studies focus
on developing PRS without using individual-level training data, when such data is available it
may be possible to develop PRS with higher accuracy using methods that fit all variants
simultaneously, such as the step-wise hard-thresholding method as described in Mavaddat
et al (2019)3, or considering subtype-specific disease analyses to retain more informative
variants. Morover, our results showed that PRSs developed using Asian-derived GWAS
dataset had significantly poorer performance compared to the European PRS indicating that

such improvement likely requires much larger discovery cohort of Asian ancestry. Finally, PRSs
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were linearly combined using the validation dataset and hence the reported performance is
likely subject to overfitting. Although we have shown that performance of the combined PRSs
in East Asians were replicated in the prospective cohorts, we did not have a similar

independent dataset for South Asian for such replication.

In summary, we have shown that genome-wide PRS derived from trans-ancestry method had
significantly higher predictive accuracy for women of Asian ancestry than existing breast
cancer PRSs. We also showed that European-based PRS can be improved for use in Asian
populations by integrating population-specific weights and combined with Asian-specific PRS.
Importantly, the differences in distribution of the same PRS across different ethnic groups
(among Asians, or between Asian and Europeans) emphasise the need for ethnic-specific

calibration before translating PRS into practice for diverse Asian populations.

Data availability

Summary statistics (odds ratios and confidence limits) for all SNPs used in the analysis are provided in
Supplementary Data 1 of the manuscript. Request for access to individual level data on which these
analyses were based can be made via the Data Access Coordinating Committee of BCAC (BCAC

Coordinator: BCAC@medschl.cam.ac.uk).
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Figure legends

Figure 1. Overview of methods for polygenic risk scores (PRS) development. Inputs are
summary statistics from meta-analysis of multiple GWAS datasets - BCAC ASN+ABCC
denoted training dataset 1, BCAC ASN+BBJ1 denoted training dataset 2 and BCAC-EUR
denoted training dataset 3 as described in the method section. LD ref: reference panel for
linkage disequilibrium. LD ref: BCAC ASN denoted Oncoarray studies in BCAC Asian
studies were used as reference panel; LD ref: BCAC EUR denoted BCAC studies of
European ancestries were used as reference panel; 1000G ASN and 1000G EUR denoted
the Asian and European samples, respectively, in 1000Genome Project. Figure 1 illustrate
methods using East Asian ancestry women (Chinese and Malays) as an example, same

methods were applied to South Asian ancestry women in the validation dataset.
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Figure 2: Principal components analysis and mean of PRS46+PRS287 s by country and
ethnicity. (a) Principal component plot by country. Principal components analysis of
samples genotyped with OncoArray as listed in Table S1. The samples were grouped
according to country (Thailand, Taiwan, Hong Kong, China, Korea and Japan). For
Malaysia and Singapore (M+S), the samples were further categorized by their self-
reported ethnic origin (Chinese, Malay and Indian). (b) Mean of standardised
PRS46+PRS287 B in controls by country. PRS was standardised by the control SDs of each

study. Error bars represent 95% CI.

Figure 3: Absolute breast cancer risk by percentiles of PRS and PRS distribution by
ancestry. . (a) Lifetime and (b) 10-year absolute risk of developing breast cancer for
Chinese women calculated using Singaporean incidence and mortality data and OR per
SD of PRS46+PRS287 g8 in Chinese (1.56 as reported in Table S5). The gray dashed lines in
the (a) and (b) represent the average lifetime risk and absolute 10-year risk, respectively, of
Singaporean Chinese women. The red horizontal dashed line (2.3%) in the (b) represents the
10-year absolute risk of a 50-year old European women where screening is recommended; (c)
the distribution of PRS46+PRS287.es in Chinese, Indian and Malay-ancestry women,
generated using ethnic-specific mean and standard deviation as reported in Table S5.
Area under the curves represent the percentiles of PRS 287 gs.The right vertical dashed
line represents the 90th percentile cutoff for PRS distribution in Chinese-ancestry
women; (d) the distritbution of European PRS (PRS2s7.kur) for women of European,
Chinese, Malay, or Indian ancestry. The right vertical dashed line represents the 90th

percentile cutoff for PRS distribution in European-ancestry women;
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Table 1. Mean, standard deviation, and the association of polygenic risk scores (PRS) with breast cancer risk in women of East Asian ancestry

Validation set? Test set®
Method PRS Cases Control  OR per SD' Cases Control  HR per SD” *
Vean Mo fesway o Men o Men ey M
'[I't]riﬁz]lzll:i e “PRS4s (_g.'jfg) (_(()).':j:) (1.312'?17.42) 0.589 (_cc)).j??:) (_g.f::) (1.21;1?56) 0.600
[2] Penalised regression  “PRSzsss (8:%2) (_g.f;gzz) (1.317'?11.47) 0.598 (8:1112;) (_8.255:) (1.;;561) 0.608
waghte N PRSw oms) o wasise) % s s (1316 OO0
[STEUR SNPs+ EB weights  “PRSzs.eo 0as1) (0403 (Laasy O (oasy  (oass)  (1asaes) OO
Combine 1] + 3] "PRS4s + PRS27_eun (gigig) (_8.}:11::) (1.419'-Siso) 0.623 (8:123) (_8.23765) (1.316-512.70) 0.620
Combine [2] + [3] "PRS2sss + PRSz37_eun (812:613) (_g.jjf) (1.516-516.61) 0.626 (8:222) (_c?.'iff) (1.318'?372) 0.622
Combine [1] + 4] "PRSas + PRS207 s (3133_3,) (_8.):11223?) (1.417'—512.58) 0619 (8:%2) (_8.22113) (1.315-512.70) 0621
0.057
Combine [2] + [4] 9PRS 2985 + PRS287 asn (8:22(5)) ('8,24153) (w 412§-5i 60) 0621 (0.435) ('3_22375) : 1'317'_513.72) 0.623
Combine [1] + [3] "PRS45 + PRS2 04t (0ar) (150w OB o) (o) (arasy O
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0.063 -0.139 1.56 0.077 -0.120 1.55

H d
Combine [2] + [5] PRS2985 + PRS287 £0 (0451)  (0.449) (1.51-162) 5% (0.455)  (0.447) (1.39-1.72) °6%3
0.082 -0.159 1.62 -0.145  -0.388 1.62
PRS-C 9pR PR . .
[6] PRS-CSx Saw_ertPRSaw sy 6 199 (0.489)  (1.52-1.68) 0036 (0.511) (0.511)  (1.46-1.80) °6%

aValidation cohort which consist of 6,392 breast cancer cases and 6,638 control of Chinese- and Malay- ancestry from MyBrCa and SGBCC (Table S1).

bProspective cohorts which consist of 89,898 control and 1,592 breast cancer cases from 3 prospective cohorts, Singapore Chinese Health Study (SCHS), China
Kadoorie Biobank (CKB) and Korean Cancer Prevention Study-II Biobank (KCPS-II) (Table S1).

°PRSs were derived using 46, 2,985 and 287 selected SNPs respectively as described in the Method section.

dCombined PRSs were generated using the formula C + a; PRS; + a,PRS, where C, a; and a, are the weights obtained by fitting a logistic regression model with breast
cancer as outcome, PRS; and PRS, as explanatory variables using the validation dataset. The weights for the considered combination of PRSs can be found in Table
S5.

tAdjusted for first the 10 principal components and study, and standardised to SDs in controls of each PRS.

“Fixed effect meta-analysis of three prospective cohorts, SCHS, CKB and KCPS-II. HR per SD and AUC of individual studies can be found in Figure S5.
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Table 2. Mean, standard deviation, and the association of polygenic risk scores (PRS) with

breast cancer risk in women of South Asian ancestry

Validation set®

Method develop::f_)ased on Cases Control  OR per SD'

East Asians?® Mean Mean AUC

(D) (D) (95% Cl)

'[I'lh]rs.l;r:IFc)lll:i T R (_8.;?:) (—(())..35:78) (1.016—118.3 ) 0048
z]gfei:?cllr?ed "PRSzses (gigzi) (-g.'aojg) (1.119.-312.46) 0-581
\[/jiiZEtZSNPSJr R RS an (8245‘273(2)) (822(5)213) (1.314.?19.67) 0-614
waights RS 0493 (oars) (12siss) O
weights RS 0521) (054 (13saer) O3
Combine [1] + [3] PRS4 + PRS287 eur ('8.'52102) (_g.jZf) . 313:1;3. 65) 0.611
Combine [2] + [3] PRS,985 + PRS287 ur (_8_2596) (_3.5217) . 317513 71) 0.62
Combine [1] +[4]  “PRSss + PRSz57.asn (8122?) (_g.jgg) (1.218.?12.57) 0.591
Combine [2] +[4] ~ “PRSz9s5 + PRS287_asn (gigig) (-8.212;) (1.312'?16.62) 0.602
Combine [1] + [5] PRS46 + PRS257 s ('8_:35;) ('gj’:f) . 313'?3 66) 0.610
Combine [2] + [5] PRS;085 + PRS287 5 (_8_):11312) (_g.jz?:) . 3175127 0) 0.618
[6] PRS-CSx EZ'Z?ZEZT (-8.':85) (-g.';gz(i) (1.416-612.81) 0.633

a PRSs developed based on Chinese and Malay ancestry women in the validation dataset as described in
Table 1. cohort from Chinese- and Malay- ancestry of MyBrCa and SGBCC as in Table 1.

bEvaluation of PRSs performance in 585 breast cancer cases and 1,018 controls of Indian ancestry women
in the validation dataset (Table S1).

¢ Combined PRSs were generated using the formula a, + @; PRS; + a,PRS, where oy, a; and a, are the
weights obtained by fitting a logistic regression model with breast cancer as outcome, PRS; and PRS, as
explanatory variables using Chinese- and Malay- ancestries women in the validation dataset. The weights for

the considered combination of PRSs can be found in Table S5.

tAdjusted for first the 10 principal components and study, and standardised to SDs in controls of each PRS.
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