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Simple Summary

Breast cancer is influenced by both inherited genetic factors and lifestyle or personal factors
such as age, family history, and reproductive history. Scientists have developed tools to
estimate a woman's risk of developing breast cancer. One type of tool, called a polygenic
risk score, uses many small genetic variations to estimate risk, while another, the Gail
model, uses personal and family medical information. We studied how well these tools
predict breast cancer risk in women of European and Asian backgrounds. Our research
included more than 180,000 women and compared performance across age groups and
cancer types. We found that genetic scores were especially useful in younger women and
in women of Asian background, while the Gail model worked better in older women of
European background. However, both tools showed some inaccuracy when comparing
predicted and observed risks. Overall, combining genetic information with traditional risk
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factors could improve how doctors identify women at higher risk for breast cancer, leading
to more personalized screening and prevention strategies across different populations.

Abstract

Background: Breast cancer polygenic risk scores (PRS) and traditional risk models (e.g.,
the Gail model [Gail]) are known to contribute largely independent information, but it
is unclear how the overlap varies by ancestry, age, disease type (invasive breast cancer,
DCIS), and risk threshold. Methods: In a retrospective case—control study, we evaluated
risk prediction performance in 180,398 women (161,849 of European ancestry; 18,549 of
Asian ancestry). Odds ratios (ORs) from logistic regression models and the area under
the receiver operating characteristic curve (AUC) were estimated. Results: PRS for in-
vasive disease showed a stronger association in younger (<50 years) women (OR = 2.51,
AUC = 0.622) than in women > 50 years (OR = 2.06, AUC = 0.653) of European ancestry.
PRS performance in Asians was lower (OR range = 1.62-1.64, AUC = 0.551-0.600). Gail
performance was modest across groups and poor in younger Asian women (OR = 0.94-0.99,
AUC = 0.523-0.533). Age interactions were observed for both PRS (p < 0.001) and Gail
(p < 0.001) in Europeans, whereas in Asians, age interaction was observed only for Gail
(invasive: p < 0.001; DCIS: p = 0.002). PRS identified more high-risk individuals than Gail
in Asian populations, especially >50 years, while Gail identified more in Europeans. Over-
lap between PRS, Gail, and family history was limited at higher thresholds. Calibration
analysis, comparing empirical and model-based ROC curves, showed divergence for both
PRS and Gail (p < 0.001), which indicates miscalibration. In Europeans, family history and
prior biopsies drove Gail discrimination. In younger Asians, age at first live birth was
influential. Conclusions: PRS adds value to risk stratification beyond traditional tools,
especially in younger women and Asian ancestry populations.

Keywords: breast cancer; ductal carcinoma in situ (DCIS); polygenic risk score (PRS); Gail
model; risk stratification; BRCA1; BRCA2; risk-based screening

1. Introduction

Breast cancer risk arises from many factors, including inherited genetic mutations
(e.g., BRCA1/2), reproductive and hormonal history, and lifestyle exposures [1,2]. However,
in everyday clinical practice, age and family history (FH) remain the commonly used
predictors for preliminary risk stratification. Polygenic risk scores (PRS) and traditional
breast cancer risk models, such as the Gail model (Gail), the Tyrer-Cuzick model, or the
Breast Cancer Surveillance Consortium (BCSC) model, have each demonstrated predictive
power in prior studies [3]. They have been shown to contribute largely independent
information and can identify non-overlapping high-risk individuals when combined with
FH and pathogenic variants of breast cancer predisposition genes [3-5]. Combining PRS
with non-genetic risk factors, including mammographic density, has consistently improved
discriminatory performance compared to using a single predictor [3]. Many ongoing
trials of risk-based breast cancer screening (e.g., MyPEBS and WISDOM) are already
implementing integrated risk models [6,7].

Although integrated models generally improve discrimination, their applicability
may be limited in populations where there is a lack of validation data. In this context,
evaluating PRS and traditional breast cancer risk models comprising non-genetic risk
factors separately enables the quantification of (a) unique genetic risk attributed to PRS,
(b) distinctive predictive value from clinical and epidemiologic factors, and (c) how each
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independently identifies high-risk individuals with insights on potential miscalibration. For
example, the BREATHE study in Singapore stratifies women using separate risk domains
(i.e., PRS, non-genetic risk factors (Gail), mammographic density, and recall history) and
considers women as high risk if they exceed thresholds in any one category [8,9]. This
approach reveals the proportion of women uniquely identified by PRS, traditional risk
factors, and imaging as high-risk. The level of incomplete risk capture may inform policy
decisions in settings where PRS assessment is not yet routine.

Typically, women are stratified into two categories of breast cancer risk (high/not
high). A wide range of five-year absolute-risk thresholds (1.3%, corresponding to the risk
of an average 50-year-old Caucasian woman, to 3% for intervention eligibility) has been
used to define elevated breast cancer risk in academic literature and guidelines [4,5]. The
National Comprehensive Cancer Network (NCCN) guidelines specify that women aged
>35 years, with a life expectancy of at least ten years and a five-year Gail risk > 1.67%,
may be considered for risk-reducing therapies [10]. The US Preventive Services Task Force
(USPSTF) recommends a higher 5-year risk threshold of >3.0% to define elevated risk
where the benefits of chemoprevention (tamoxifen or raloxifene) are likely to outweigh
harms in most women [11]. As risk thresholds for initiating or escalating surveillance
(e.g., imaging by mammography) often differ from those guiding preventive interventions,
the same risk cut-off may not apply. To assess how different predictors capture unique
high-risk women, multiple threshold values should be evaluated.

The incidence of ductal carcinoma in situ (DCIS), a non-invasive form of breast cancer,
has increased markedly in recent decades, and DCIS now accounts for approximately
20-25% of newly diagnosed breast cancers [12]. DCIS is widely regarded as a precursor to
invasive breast cancer [13,14]. Not unexpectedly, DCIS and invasive disease share many
risk factors [15]. However, both Gail and PRS were developed and validated specifically for
predicting invasive breast cancer, not DCIS (Gail excludes women with prior DCIS or LCIS).
The transferability of these models to DCIS remains uncertain. As DCIS constitutes a non-
negligible healthcare burden in terms of overdiagnosis, adverse treatment-related effects,
and costs, and given the shared risk factors between DCIS and invasive breast cancer, it is
worthwhile to explore the application of invasive cancer prediction tools for DCIS [16,17].

This study aims to evaluate the performance of genetic (PRS) and non-genetic (Gail)
breast cancer risk predictors in identifying high-risk individuals across different age groups
(<50 years and >50 years) and ancestries (Asian and European). By examining the propor-
tion of individuals identified as high risk by these factors across various risk thresholds
(five-year absolute risk 0.5-2.5%), we seek to determine how well each predictor performs
in diverse populations and age groups.

2. Methods
2.1. Study Population

The Breast Cancer Association Consortium (BCAC) is an international collaboration
that was formed to provide large sample sizes for investigating genetic associations [18].
Women diagnosed with invasive breast cancer DCIS and cancer-free controls were recruited
by study groups globally and collectively studied under BCAC [17]. Our retrospective case—
control study focuses on individuals who are genetically Asian or European White (from
here on referred to as “European”). Details of the ancestry analysis (the “EthnicityGeno”
variable used in BCAC analyses) have been previously described [19].

To reduce the influence of missing values on the performance of Gail, studies were
excluded if they had missing values for at least two of the three risk factors in the model
(age at menarche, age at first live birth, and first-degree breast cancer FH), for 50% or more
of participants [20]. The studies included are listed in Supplementary Table S1. Exclusion
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was determined separately for individual studies and each disease status (invasive, DCIS,
and controls).

Further exclusions were made on an individual level (Supplementary Figure S1).
Women with unknown age at enrolment for controls (n = 5566) and unknown age at
diagnosis for invasive breast cancer or DCIS (n = 2103) were excluded. Women below the
age of 30 years (n = 2360) and above 80 years (n = 1897) of age for whom Gail prediction is
not valid were excluded. A total of 180,398 individuals were included in our study. We
compared demographic differences between the included and excluded individuals to
assess potential selection bias.

2.2. Prediction Models
2.2.1. Gail Model

Due to the large number of studies with varying degrees of missing data for different
risk factors, the parsimonious Gail model, which most studies would have information
on, was selected [20]. The model uses information on reproductive risk factors (age of
menarche, age at first live birth), personal history (number of breast biopsies, and history
of atypical hyperplasia), and family (first-degree) history of breast cancer. The R package
“BCRA” (version 2.1.2) was used to calculate five-year absolute risk. Missing values were
recoded to the baseline category by the package (i.e., relative risk = 1). In addition, FH
(yes/no) was separately studied. Those with unknown FH were considered to have no FH.
Five-year absolute risks were estimated by applying the breast cancer incidence rates and
mortality rates of “Whites” and “Chinese” (“BCRA” package) to the European and Asian
genetic subgroups, respectively.

2.2.2. Handling of Missing Data and Sensitivity Analyses

Information on the number of prior breast biopsies was unavailable for the majority
of participants (94% of included European-ancestry and 100% of included Asian-ancestry
participants). Because this variable was almost entirely missing, multiple imputation
was not performed, as imputed values would have been determined primarily by model
assumptions rather than observed data. For the primary analysis, missing values for all
Gail model variables were assigned to the reference (lowest-risk) category, consistent with
prior validation studies of the model.

To assess the potential influence of missing data on model performance, sensitivity
analysis was conducted in which missing values were instead assigned to the highest-risk
category for each variable (age at menarche, age at first live birth, number of first-degree
relatives with breast cancer, and number of prior breast biopsies). Five-year absolute
risk was calculated using the R package BCRA, and the model’s discriminatory ability
for invasive breast cancer was evaluated using the area under the receiver operating
characteristic curve (AUC) with 95% confidence intervals.

2.2.3. PRS

Among the multiple PRSs available for breast cancer, we used the 313-variant breast
cancer PRS developed by the Breast Cancer Association Consortium (BCAC). This PRS
was selected because it has been extensively validated in large-scale studies across diverse
populations and has demonstrated strong and consistent associations with breast cancer
risk and reproducible discriminatory performance [15,21]. Details of the variants, including
allele frequencies stratified by ancestry, age, and disease status in our analytical dataset, are
presented in Supplementary Table S2.

PRS was calculated with the --score function (scoresum option) in PLINK2 [22]. When
PLINK2 encounters missing dosage entries (e.g., NA, -9, or blank), it applies mean impu-
tation to replace the missing value with the allele frequency calculated across the dataset
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(population average as opposed to zero). The rates from the “BCRA” package were used to
maintain comparability between the absolute risk estimated for the PRS and Gail. Details
for the calculation of absolute risk were published by Mavaddat et al. [21]. In brief, an
individual’s PRS percentile was obtained from the standardized PRS using the “pnorm”
function in R. Standardization was performed using the ancestry-specific means and stan-
dard deviations of the controls (Supplementary Table S3). The five-year absolute risk
was calculated by estimating the theoretical odds ratio of this percentile in relation to the
40-60th percentile, which was taken to represent the general population [23].

2.3. Statistical Analysis

Differences in characteristics for invasive breast cancer cases, DCIS cases, and controls
were assessed using the Chi-squared test (categorical variables) and the Kruskal-Wallis
test (continuous variables). We assessed the relationship between estimated five-year
absolute breast cancer risk (modeled as a continuous variable using PRS and the Gail
model) and invasive breast cancer or DCIS. Logistic regression models were fitted to
estimate odds ratios (ORs) and corresponding 95% confidence intervals (Cls). Analyses
were stratified by disease (invasive, DCIS), genetic ancestry (Asian, European), and age
group (<50 years, >50 years). This approach provides directly interpretable, age-specific
effect estimates without relying on interaction terms. Formal interaction tests between
age (modeled as a continuous variable) and each risk score were conducted separately
and reported as P interaction values to assess potential heterogeneity of effects by age.
Venn diagrams (R package “VennDiagram”, v1.7.3) were used to ascertain the overlaps
in high-risk individuals identified by PRS and Gail for five-year absolute-risk thresholds
from 0.5 to 2.5%, and FH (binary) for the different groups. Traditional evaluation of
calibration often relies on the Hosmer—Lemeshow goodness-of-fit test, which partitions
subjects into risk deciles and compares observed versus predicted events. However, in
our case—control study, the observed event rate in the sample does not represent the true
population prevalence, making the standard Hosmer-Lemeshow test unreliable without
design-specific adjustment. Hence, we used the “model-based” ROC curve approach,
which focuses on the relative accuracy of predicted risks [24]. The slope is valid without
adjustment, reflecting over- or under-fitting in terms of risk spread. The European-ancestry
population aged >50 years was set as the reference for comparisons.

Although studies with high missingness rates for variables required to compute the
Gail risk score were excluded, there were still individuals with missing values. Hence, we
studied the potential drivers of Gail in discriminating invasive breast cancer cases from
controls using logistic regression models. All combinations of risk factors, where available,
were assessed. Discriminatory ability was assessed by the area under the receiver operator
curve (AUC).

All analyses were performed in R (version 4.5.0), unless otherwise stated. All analytical
code used in this study is publicly available at the GitHub repository: https://github.com/
ryan-limjy/Gene.and.Tonic.

3. Results
3.1. Excluded Participants

Supplementary Table S4 compares included and excluded participants (all from studies
missing >50% of data for at least two of the three Gail variables) by ancestry. Excluded
women of European ancestry were younger at interview or diagnosis (mean age of 54 vs. 57;
p < 0.001), and none had information on prior biopsies. Excluded Asians were particularly
likely to lack data on age at menarche, age at first full-term pregnancy, and FH. Excluded
European-ancestry women differed significantly from those included regarding age at
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first full-term pregnancy, and missing data on age at menarche was more common among
excluded European-ancestry women. Across all subgroups, excluded individuals had
significantly lower five-year absolute risk according to Gail (p < 0.001). The PRS sum
score was significantly higher in excluded European-ancestry women (—0.237 vs. —0.247;
p = 0.002) and in excluded Asians (0.308 vs. 0.279; p = 0.002). For Asian-ancestry women,
excluded individuals also had significantly higher PRS-based five-year absolute risk (0.716
vs. 0.681; p < 0.001).

Supplementary Tables S5-S8 further stratify participants by age group (<50 years vs.
>50 years) and disease status (controls, invasive breast cancer, DCIS). In older European
invasive breast cancer cases, excluded participants had higher PRS (—0.083 vs. —0.107;
p <0.001). Younger European controls and invasive cases had lower PRS-based five-year
risk when excluded. Among Asians, except DCIS, excluded individuals consistently
showed higher PRS scores or risk estimates than those included (p < 0.05).

3.2. Analytical Cohort

A total of 180,398 women were included, where 161,849 (90%) women were of Eu-
ropean ancestry (52% invasive and 6% DCIS) and 18,549 (10%) were of Asian ancestry
(50% invasive and 5% DCIS) (Table 1).

Table 1. Characteristics of 161,849 European-ancestry (European) and 18,549 Asian-ancestry (Asian)
individuals between the ages of 30 and 80 years. IQR: interquartile range; Family history: number of
first-degree relatives with breast cancer; Invasive: invasive breast cancer; DCIS: ductal carcinoma
in situ.

European, n = 161,849

Asian, n = 18,549

Control
n = 68,540 (42%)

Invasive
n = 83,685 (52%)

DCIS
n = 9624 (6%)

Control
n = 8347 (45%)

Invasive
n = 9222 (50%)

DCIS
n =980 (5%)

Median age (at
interview/diagnosis),
years (IQR)

Age at menarche, n
(%)
<12 years
12 to 14 years
>14 years
Unknown
Age at first full-term
pregnancy, n (%)
Nulliparous
<20 years
20to 24 years
25 to 29 years
>30 years
Unknown
Family history, n (%)
No

1
>2
Unknown
Number of breast
biopsy, n (%)
No
1
>2
Unknown
Atypical hyperplasia,
n (%)
No
Yes
Unknown

57 (50 to 64) 57 (49 to 65) 55 (50 to 63) 50 (44 to 58) 49 (43 t0 57) 49 (43 t0 56)
9825 (14) 10,859 (13) 1733 (18) 508 (6) 586 (6) 61(6)
30,243 (44) 33,476 (40) 4546 (47) 3080 (37) 3278 (36) 326 (33)
21,133 (31) 23,169 (28) 2758 (29) 4321 (52) 4186 (45) 467 (48)
7339 (11) 16,181 (19) 587 (6) 438 (5) 1172 (13) 126 (13)
8319 (12) 10,769 (13) 1520 (16) 1005 (12) 1236 (13) 158 (16)
5427 (8) 6138 (7) 794 (8) 316 (4) 362 (4) 29 (3)
21,863 (32) 21,927 (26) 2899 (30) 1948 (23) 1810 (20) 135 (14)
17,543 (26) 18,174 (22) 2382 (25) 2836 (34) 3030 (33) 293 (30)
8487 (12) 9973 (12) 1386 (14) 1149 (14) 1554 (17) 156 (16)
6901 (10) 16,704 (20) 643 (7) 1093 (13) 1230 (13) 209 (21)
45,629 (67) 48,903 (58) 4005 (42) 7181 (86) 7500 (81) 708 (72)
5348 (8) 10,256 (12) 1115 (12) 437 (5) 876 (9) 114 (12)
791 (1) 2064 (2) 305 (3) 63 (1) 93(1) 13 (1)
16,772 (24) 22,462 (27) 4199 (44) 666 (8) 753 (8) 145 (15)
930 (1) 3181 (4) 96 (1) 0(0) 0(0) 0(0)
277 (0) 3148 (4) 216 (2) 0(0) 0(0) 0(0)
103 (0) 1822 (2) 148 (2) 0(0) 0(0) 0(0)
67,230 (98) 75,534 (90) 9164 (95) 8347 (100) 9222 (100) 980 (100)
930 (1) 3181 (4) 96 (1) 0(0) 0(0) 0(0)

5 (0) 49 (0) 8(0) 0(0) 0(0) 0(0)
67,605 (99) 80,455 (96) 9520 (99) 8347 (100) 9222 (100) 980 (100)
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Table 1. Cont.
European, n = 161,849 Asian, n = 18,549
Control Invasive DCIS Control Invasive DCIS

n =980 (5%)

Median five-year
absolute risk by
Gail
(IQR)
Protein truncating
variants (9 Genes)
No
Yes
Unknown
Polygenic risk score
(PRS)
Median five-year
absolute risk by

1.25 (0.92 to 1.64)

24,215 (35)
583 (1)
43,742 (64)
—0.45(—0.86 to
—0.04)

0.69 (0.46 t0 1.05)

1.25(0.89 to 1.73)

27,926 (33)
1927 (2)
53,832 (64)

~0.09 (—0.51 t0 0.32)

0.95 (0.62 to 1.44)

1.29 (0.98 to 1.71)

1662 (17)
74(1)
7888 (82)

~0.15(—0.55t0 0.27)

0.91(0.61t0 1.37)

0.61 (045 t0 0.78)

1091 (13)
24(0)
7232 (87)

0.16 (—0.20 to 0.53)

0.62 (0.40 to 0.95)

0.61 (0.4 to 0.80)

2049 (22)
129 (1)
7044 (76)

0.37 (=0.01 to 0.76)

0.74 (044 t0 1.15)

0.61 (0.38 t0 0.81)

317 (32)
7(1)
656 (67)

0.45 (0.05 t0 0.83)

0.79 (0.44 t0 1.28)

PRS (IQR)

3.2.1. European Ancestry

The median age at diagnosis for invasive cases of European ancestry was 57 years [in-
terquartile range [IQR]: 49-65]. The corresponding age at interview for European-ancestry
controls was 57 years [IQR: 50-64] (Table 1). Invasive cases were more likely to have a FH
than controls (14% vs. 9%, respectively). The PRS distributions and corresponding five-year
absolute risks were similar across countries (Supplementary Figure S2). The observations
were largely similar for DCIS (Table 1).

3.2.2. Asian Ancestry

The median age at diagnosis for Asian-ancestry invasive cases was younger at 49 years
[IQR: 43-57], and the age at enrolment was 50 years [IQR: 44-58] for controls (Table 1). Of
the invasive cases, 10% reported positive FH, compared to a smaller proportion of controls
(6%). In contrast to the European ancestry group, the distribution of PRS and five-year
absolute risks varied by country (Supplementary Figure S3). As with the Europeans, the
observations were mostly consistent for DCIS in those of Asian ancestry (Table 1).

3.2.3. Performance of Risk Models

In invasive breast cancer among individuals of European ancestry, younger women
(<50 years) exhibited a stronger PRS association (OR:2.51 [2.39-2.62]) but lower discrim-
ination (AUC: 0.622 [0.617-0.628]), whereas in older women (>50 years), the PRS effect
was weaker (OR: 2.06 [2.02-2.11]) with higher discrimination (AUC: 0.653 [0.650-0.656])
(Table 2). In contrast, for DCIS, younger women showed both stronger association and
better discrimination (OR: 2.56 [2.37-2.78]; AUC = 0.657 [0.645-0.669]), while older women
had lower OR and AUC (OR: 1.56 [1.51-1.61]; AUC = 0.620 [0.613-0.626]).

In a sensitivity analysis assuming missing values corresponded to the highest risk cat-
egory, the Gail model’s discriminatory ability changed notably among European-ancestry
women. (Supplementary Table S9 and Figure S4) For invasive disease, the AUC for the full
model increased from 0.493 (0.487-0.499) to 0.627 (0.621-0.632) and for women < 50 years
and from 0.517 (0.514-0.520) to 0.561 (0.557-0.564) for those >50 years, suggesting that the
large proportion of missing data, particularly for family history and biopsy variables, may
have led to underestimation of model discrimination in the original analysis. Among Asian
women, AUCs were similar between the two approaches (<50 years: 0.523 [0.511-0.535] vs.
0.507 [0.494-0.519]; >50 years: 0.554 [0.543-0.566] vs. 0.531 [0.520-0.543]).
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Table 2. Association between five-year absolute breast cancer risk (modeled as a continuous variable,
estimated using the polygenic risk score (PRS) versus the Gail model) and the development of invasive
breast cancer or ductal carcinoma in situ (DCIS), stratified by ancestry and age groups. OR: odds
ratios; CI: confidence intervals; AUC: area under the curve. ORs and AUCs are estimated separately
in age-stratified logistic regression models (<50 years and >50 years). p-values for interaction (risk
score X Age) were obtained from separate logistic regression models that included the risk score, age
(treated as a continuous variable), and their interaction term; the interaction test assessed statistical
heterogeneity of the risk-score effect by age.

All Ages <50 Years >50 Years
OR (95% CI) AUC (95% CI) OR (95% CI) AUC (95% CI) OR (95% CI) AUC (95% CI)
Invasive
European, n = 152,225
PRS 1.97 (1.94 0 2.01) 0.635 (0.632 to 0.638) 2,51 (2.39 t0 2.62) 0.622 (0.617 t0 0.628) 2,06 (2.02 t0 2.11) 0.653 (0.650 to 0.656)
P interaction <0.001
(PRS x Age) :
Gail 1.12(1.11 to 1.14) 0.492 (0.489 to 0.495) 1.35(1.29 to 1.40) 0.493 (0.487 o 0.499) 1.18(1.16 to 1.19) 0.517 (0.514 to 0.520)
P interaction <0.001
(Gail x Age) ’
Pfg;g&fgﬂ 0.635 (0.632 to 0.638) 0.621 (0.616 t0 0.627) 0.654 (0.651 to 0.658)
PRS 1.97 (1.93 o 2.00) 2.46 (2.35 t0 2.58) 2.04 (2.00 to 2.08)
Gail 1.01 (1.00 to 1.03) 1.06 (1.02 to 1.10) 1.13(1.11 to 1.15)
Asian, n = 17,569
PRS 1.48 (1.41 to 1.56) 0.564 (0.556 to 0.573) 1.62 (1.47 t0 1.78) 0.551 (0.539 to 0.563) 1.64 (153 to 1.75) 0.600 (0.588 to 0.611)
P interaction 0.833
(PRS x Age) :
Gail 1.19 (1.09 to 1.30) 0.506 (0.497 to 0.514) 0.94 (0.81 to 1.08) 0.523 (0.511 to 0.535) 1.82 (1.61 t0 2.07) 0.554 (0.543 to 0.566)
P interaction <0.001
(Gail x Age) ’
P ff;‘gi\f;ﬂ 0.564 (0.556 to 0.573) 0.566 (0.554 to 0.578) 0.611 (0.599 t0 0.622)
PRS 1.48 (1.40 to 1.56) 1.76 (1.58 to 1.95) 1.61 (151 t0 1.73)
Gail 1.00(0.91 to 1.09) 0.69 (0.59 to 0.81) 1.75 (1.54 to 1.99)
DCIS
European, n = 78,164
PRS 1.63 (1.59 to 1.68) 0.626 (0.620 to 0.631) 2.56 (2.37 t0 2.78) 0.657 (0.645 0 0.669) 1.56 (1.51 to 1.61) 0.620 (0.613 to 0.626)
P interaction <0.001
(PRS x Age) ’
Gail 1.23(1.20 to 1.26) 0.537 (0.531 to 0.543) 2.28(2.10 to 2.49) 0.610 (0.597 to 0.622) 1.19 (1.16 to 1.22) 0.519 (0.512 to 0.526)
P interaction <0.001
(Gail x Age) ’
Pff:\giggﬂ 0.622 (0.616 to 0.628) 0.669 (0.657 to 0.681) 0.618 (0.611 t0 0.624)
PRS 1.59 (1.55 to 1.64) 2.29 (2.11 to 2.48) 1.54 (1.50 to 1.59)
Gail 1.15(1.12 to 1.18) 1.92 (1.76 t0 2.10) 1.15(1.12 to 1.19)
Asian, n = 9327
PRS 1.67 (152 to 1.83) 0.587 (0.566 to 0.607) 1.70 (1.42 t0 2.03) 0.556 (0.528 to 0.584) 1.89 (1.69 to 2.12) 0.654 (0.628 to 0.680)
P interaction 0313
(PRS x Age) -
Gail 1.25(1.03 to 1.52) 0.507 (0.486 to 0.528) 0.99 (0.71 to 1.38) 0.533 (0.505 to 0.562) 1.88 (1.46 to 2.41) 0.542 (0.513 to 0.572)
Pinteraction 0.002
(Gail x Age) :
Pfg}iﬂﬁ\fgﬂ 0.587 (0.566 to 0.607) 0.565 (0.537 t0 0.593) 0.665 (0.640 to 0.691)
PRS 1.66 (1.52 to 1.83) 1.78 (1.48 t0 2.15) 1.88(1.68 0 2.11)
Gail 1.01 (0.82 to 1.25) 0.72 (0.50 to 1.05) 1.80 (1.39 t0 2.32)

For Gail, in younger European-ancestry individuals with invasive breast cancer, the OR was 1.35 (1.29-1.40,
AUC: 0.493 [0.487-0.499]). Among older individuals with invasive disease, the OR was 1.18 (1.16-1.19, AUC:
0.517 [0.514-0.520]). For DCIS, the younger group had a markedly higher OR of 2.28 (2.10-2.49, AUC: 0.610
[0.597-0.622]). In contrast, older DCIS cases showed an OR of 1.19 (1.16-1.22, AUC: 0.519 [0.512-0.526]). Age
interactions were found for both invasive breast cancer (PRS, p < 0.001; Gail, p < 0.001) and DCIS (PRS, p < 0.001;
Galil, p < 0.001).

In contrast, for DCIS, the Gail model showed minimal change or a reduction in AUCs
when missing data were assigned to the high-risk category (Supplementary Table S10 and
Figure S5). Among European women, the AUC for the full model was 0.521 (0.509-0.533)
compared with 0.610 (0.597-0.622) in the original model for those <50 years, and 0.525
(0.518-0.531) vs. 0.519 (0.512-0.526) for those >50 years. Among Asian women, AUCs were
similar or modestly higher under the high-risk assumption (0.589 (0.560-0.619) vs. 0.533
(0.505-0.562) for <50 years; 0.599 (0.571-0.627) vs. 0.542 (0.513-0.572) for >50 years).

The PRS associations for women of Asian ancestry are lower compared to those of
European ancestry across age groups for invasive disease (OR range: 1.62-1.64, AUC
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range: 0.551-0.600) and DCIS (OR range: 1.70-1.89, AUC range: 0.556-0.654). Gail model
associations were weak for younger Asian-ancestry women for invasive disease and DCIS
(OR range: 0.94-0.99, AUC range: 0.523-0.533), but stronger for older women (OR range:
1.82-1.88, AUC range: 0.542-0.554). Age interaction was observed only for Gail (invasive:
p <0.001; DCIS: p = 0.002).

When limiting the analysis to population-based controls only, the PRS results re-
mained largely consistent across all disease subgroups (Supplementary Table S11). Among
European-ancestry women, PRS discrimination was similar for invasive breast cancer
(AUC: 0.633 [0.629-0.636] vs. 0.635 [0.632-0.638] in the full cohort) and slightly lower for
DCIS (AUC: 0.623 [0.617-0.629] vs. 0.626 [0.620-0.631]). For the Gail model, discrimination
in European-ancestry women decreased slightly when using population-based controls,
particularly for invasive disease (AUC: 0.514 [0.510-0.517] vs. 0.492 [0.489-0.495]). In Asian-
ancestry women, PRS discrimination showed modest changes: for invasive disease, the
AUC decreased slightly from 0.564 [0.556-0.573] in the full cohort to 0.554 [0.542-0.565] with
population-based controls, and for DCIS, from 0.587 [0.566-0.607] to 0.576 [0.555-0.598]. By
contrast, Gail discrimination in Asian-ancestry women improved with population-based
controls, increasing for invasive disease from 0.506 [0.497-0.514] to 0.538 [0.527-0.548] and
for DCIS from 0.507 [0.486-0.528] to 0.522 [0.499-0.544]. These results suggest that PRS
performance is robust to the control sampling approach, while Gail model discrimination
may be more sensitive to the composition of the control group.

3.3. Proportions Identified as High Risk

Among women of European ancestry, Gail generally identified a greater proportion at
high risk across all risk thresholds; however, in women of Asian ancestry, risk stratification
was driven primarily by PRS (Supplementary Figure S6). Supplementary Table S12 shows
the distribution of Venn diagram segments across ancestry groups, age groups, and risk
thresholds. In the European-ancestry population aged >50 years, the minimum threshold
at which PRS picked up twice as many cases as high-risk compared to controls was 1.4%
(invasive) and 1.8% (DCIS). At no threshold tested did Gail identify twice as many cases as
high-risk compared to controls. In younger women of European ancestry (<50 years), a risk
threshold of 1% could capture twice as many invasive and DCIS cases compared to controls;
for Galil, the threshold was 1.2-1.3%. At the highest threshold tested (2.5%), the proportion
of invasive or DCIS cases identified as high-risk compared to controls was between 3.9 to
4.6 times. In the Asian-ancestry population aged >50 years, the risk threshold at which
the proportion of high-risk individuals who are invasive cases is twice that of controls is
approximately 2% (PRS and Gail); for DCIS, the threshold is 1.1-1.2% (PRS and Gail). For
the Asian-ancestry population aged <50 years, the risk threshold at which the proportion
of high-risk individuals who are invasive cases is twice that of controls is approximately
1.4% (PRS) and 2% (Gail), and for DCIS cases, the threshold is ~1.2% (PRS) and 1% (Gail).

Figure 1 shows the proportion of individuals uniquely identified by PRS, Gail, and FH
across different five-year absolute-risk thresholds (0.5-2.5%). Gail uniquely identifies a large
proportion of both cases (invasive and DCIS) and controls in women of European ancestry,
especially among older women, at lower thresholds (<1%). At higher-risk thresholds
(>~1.3%), less than 10% of the population is classified as high-risk by more than one
predictor (Supplementary Figure S7). However, PRS and Gail tend to have higher overlap
at lower-risk thresholds. Variations in the proportions of high-risk individuals identified
and overlap between predictors by country were observed (Supplementary Figure S8).
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Figure 1. Proportions of individuals uniquely identified as high-risk by the polygenic risk score
(PRS), the Gail model, and family history (FH) at varying absolute-risk thresholds for PRS and Gail.
FH is binary (presence vs. absence of a first-degree relative with breast cancer), so its classification as
high-risk does not have a varying threshold. Each line represents one identification method (black:
PRS only; grey: Gail only; orange: FH only). These values match the non-overlapping regions (unique
segments) if Venn diagrams were to be plotted for each threshold. y: years.

Calibration

The empirical ROC curve does not align with the mROC curve (reference: European-
ancestry, >50 years) for both PRS and Gail, which signals miscalibration (Figure 2).
This divergence is supported by small p-values from the mean calibration (ranging
from <2.2 x 10710 t09.00 x 10~°), ROC equality (from <2.2 x 10~ t0 0.00032), and unified
calibration tests (ranging from <2.2 x 10716 t0 4.37 x 1077) (Supplementary Table 513).
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(A) European

Aged 30 to 49 years

Age at menarche

Discriminatory ability
(AUC)

0604

0.554

0.454

of the reference population: European, >50 years). The model-based ROC (mROC) curve (red)
depicts the ROC performance expected if the prediction model is perfectly calibrated in the external
population (i.e., European, <50 years; Asian, >50 years; Asian, <50 years). The empirical ROC
curve (blue) shows discrimination based on observed outcomes. Alignment between red and blue
curves implies good calibration; divergence suggests miscalibration after accounting for case mix.
Calibration plots are used to assess the agreement between predictions and observations in different
percentiles of the predicted values. The black diagonal line represents ideal calibration, where the
predicted probabilities match the observed frequencies. Deviations from this diagonal line indicate
either overconfidence or underconfidence in the model’s predictions. y: years.

3.4. Drivers of Gail Model Risk

In Figure 3A, we show that in those of European ancestry, the inclusion of both FH
(number of first-degree relatives with breast cancer) and prior breast biopsies yields the
highest AUC values (optimal model discrimination) (AUC = 0.545 [0.540-0.551] and 0.559
[0.555-0.562] for <50 years and >50 years, respectively), as shown in Supplementary Table
S14. For Asians < 50 years (Figure 3B), the most influential predictors are age at first live
birth and number of prior biopsies (set at the reference level, as missingness is 100%) (AUC
= 0.543 [0.530-0.555]). Models omitting FH performed better (Figure 3C, Supplementary
Table S14). For Asian women aged >50 years, the best-performing model (age at first live
birth + family history; AUC = 0.556 [0.544-0.568]) showed similar discrimination to the full
model (AUC = 0.554 [0.543-0.566]) (Figure 3D, Supplementary Table S14).
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Figure 3. Discriminatory ability of risk factor combinations in the Gail model. Five-year absolute risk
was calculated using the R package “BCRA” and used to predict the risk of invasive breast cancer in
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a case—control study. Grey dashed line: AUC=0.5, model performs no better than random chance.
Dots represent risk factors included in the model (factors not considered are set to missing), and X
indicates the model with all risk factors with the addition of atypical hyperplasia. European: women
of European ancestry; Asian: women of Asian ancestry. As data on prior biopsies were unavailable
for Asian-ancestry participants, retaining this variable in the model produced the same effect as
assuming all participants of Asian ancestry had missing values for this variable (i.e., lowest-risk
group assigned by default).

4. Discussion

In this large case—control study, we analyzed the performance of PRS and Gail in
180,398 women (161,849 of European ancestry; 18,549 of Asian ancestry), stratified by
age (<50 years vs. >50 years) and disease subtype (invasive vs. DCIS). PRS consistently
outperformed traditional non-genetic risk factors (Gail model), especially in younger
women and when non-genetic data were incomplete. For European-ancestry women,
PRS captured inflection points where case enrichment was twice that of controls at lower
absolute-risk thresholds than Gail. At the highest thresholds (2.5%), PRS enriched for
3.9-4.6 x more cases than expected in both invasive and DCIS subtypes, whereas Gail
failed to achieve similar discrimination. In Asian women, PRS also drove stratification,
and Gail contributed minimal incremental value, particularly in younger women, where
its ORs and AUCs were nearly null. PRS and Gail in groups other than the European-
ancestry population aged >50 years require recalibration before clinical application. Driver
analyses further revealed that key Gail contributors vary by ancestry: FH and prior biopsies
dominate in Europeans, while reproductive factors and biopsies are most informative in
younger Asians, and FH adds little incremental value. Together, these results affirm that
PRS provides risk stratification by ancestry, age, and disease status, outperforming Gail
across thresholds and subgroups.

PRS offers unique advantages to breast cancer risk stratification, particularly in
younger women and in settings where non-genetic risk data (e.g., those used by the
Gail model) are missing or unreliable (self-reporting bias, miscalibration). We observed
that across age groups and disease subtypes, PRS consistently demonstrated superior
discriminative accuracy compared with the Gail model. These advantages are especially
pronounced in women under 50 years, for whom traditional non-genetic variables con-
tribute minimally to risk prediction and whose risk profiles are poorly captured (and not
designed to be captured) by the Gail model. Consequently, PRS identifies a large pro-
portion of high-risk individuals missed by only considering risk factors used in routine
clinical practice (age and FH) or traditional non-genetic risk factors (Gail). Given that
the American College of Breast Surgeons recommends formal risk assessment beginning
at age 25, integrating PRS into early risk evaluation frameworks is timely and clinically
actionable [25]. Unlike traditional non-genetic risk factors, PRS enables individualized risk
modeling from a younger age and supports stratified screening and prevention planning.
Separating the contributions of genetic and non-genetic risk components remains relevant
even when integrated models are available, especially for policy decisions in regions where
PRS testing is not yet routine [26-28]. By quantifying the independent predictive value
of PRS, policymakers can better estimate the added benefit of genetic risk stratification
beyond traditional non-genetic risk factors.

These observed advantages of PRS raise the question of why genetic risk scores can pro-
vide additional predictive value beyond traditional non-genetic models. One explanation
lies in the complex, multifactorial nature of cancer transformation. Cancer development
can be conceptualized as a loss of regulatory control over cellular functions at both the
unicellular and multicellular layers, resulting in aberrant or atavistic cell behavior [29]. This
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process is influenced by numerous factors, including ancestry, age, disease subtype, and
other risk determinants, that may not be fully captured by clinical models like Gail. PRS,
by quantifying inherited genetic susceptibility, captures part of this underlying biological
risk, complementing non-genetic risk factors. The observed differences in age interactions
between PRS and Gail across populations (i.e., both PRS and Gail in Europeans, but only
for Gail in Asians) highlight how genetic and non-genetic contributors to risk may operate
differently across populations and contexts. Therefore, integrating PRS into risk models
allows for a more individualized and biologically informed assessment of breast cancer
susceptibility, improving identification of high-risk individuals who may be missed by
traditional risk factors alone.

Despite neither the Gail model nor PRS being explicitly developed to predict DCIS,
we found that PRS stratifies DCIS risk meaningfully across age and ancestry groups,
outperforming the Gail model in the ability to flag high-risk individuals [21]. In younger
European-ancestry women, PRS reached the >2Xx case-to-control enrichment threshold
at lower risk levels than Gail, while Gail’s enrichment was weaker and inconsistent. For
older Asians, PRS again performed at least as well or better than Gail, particularly where
Galil had little discriminatory power in younger women. PRS therefore adds value in DCIS
risk stratification even though it was not originally designed for it. Our findings support
exploring PRS as an additional component in risk models tailored for DCIS. However, the
differentiation between indolent cases and those prone to progression to invasive disease
will be important in the context of DCIS [30].

In European-ancestry women, the Gail model flags more individuals as “high-risk”
across all risk thresholds, particularly at lower cut-points (<1%). However, PRS identifies
more actual breast cancer cases. For instance, among European women aged >50, PRS at
a 1.4% threshold for invasive disease (1.8% for DCIS) identified twice as many cases as
controls, whereas the Gail model never achieves such a level of case-enrichment at any
threshold. Among younger women (<50 years), PRS reaches the two-fold case vs. control
ratio at a lower threshold (1.0%), compared to 1.2-1.3% for Gail. At the highest threshold
(2.5%), PRS identifies 3.9-4.6 x DCIS more cases than controls (i.e., it is superior to Gail at
identifying women at genuinely elevated risk). Our data suggests that PRS achieves much
better case—control discrimination and is able to identify high-risk individuals with fewer
false positives at appropriate thresholds.

In Asian-ancestry women, risk stratification is driven primarily by PRS. Both PRS and
Gail reach the two-fold enrichment threshold at similar absolute risk levels (~1.4-2.0% for
invasive disease, ~1.1-1.2% for DCIS), but Gail contributes minimally in younger Asian
women (where its ORs and discrimination are particularly weak). The unique Venn diagram
segmentation further highlights that PRS uniquely flags high-risk individuals who are
missed by Gail or FH. In sum, these results demonstrate that PRS adds value, especially in
populations or age groups where non-genetic predictors are weak. However, it is important
to weigh that benefit against expected increases in false positives and overdiagnoses [31].

While both models show reasonable discrimination, they fail to assign accurate abso-
lute risks, which can potentially over- or underestimate risks and mislead clinical decisions.
Miscalibration is a common issue when applying PRS or Gail model estimates derived
from European-ancestry datasets to independent samples with different case mix character-
istics [32-34]. In practice, a well-calibrated model typically has a calibration slope close to 1
and an intercept near 0. In the absence of a universally accepted numerical threshold for
deviations, it is important to consider miscalibration as clinically meaningful if it leads to
over- or underestimation of risk that could influence clinical decision-making [35]. There-
fore, in real-world applications, recalibration or adjustment protocols, such as updating
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baseline incidence rate or performing logistic recalibration, will be necessary to ensure
accurate absolute-risk predictions before clinical implementation.

We showed that the Gail model’s performance varies across populations due to dif-
ferences in risk factor distributions. These variations highlight the need for adapting risk
models to specific population characteristics. While our findings may not generalize be-
yond European and Asian populations, prior work has shown that PRSs derived from
European GWAS can retain predictive potential within each ancestry group, highlighting
the importance of evaluating PRS performance across diverse populations [36]. Addition-
ally, challenges in accurately completing clinical fields have limited the widespread use of
the Gail model in the general population [37].

Our study benefits from a large, multi-ancestry case—control cohort of 180,398 women
(161,849 of European ancestry; 18,549 of Asian ancestry), providing substantial power to
compare PRS versus Gail model performance across clinically important subgroups of age
(<50 years vs. >50 years) and disease subtype (invasive vs. DCIS). Where the previous
literature typically used one threshold for risk cut-off, we quantified high-risk enrichment
across absolute-risk thresholds. We also performed driver analyses, revealing that key
contributors to Gail’s performance differ by population.

However, our study has limitations. The heterogeneity in data sources and cohort
methods may introduce variability in risk-factor measurement and disease ascertainment.
The high proportion of missing data for key Gail model variables represents an important
limitation, particularly among European participants. Sensitivity analyses indicated that
the model’s discrimination for invasive breast cancer was more affected by assumptions
about missing data than for DCIS, likely due to the heavy weighting of family history and
biopsy variables in the Gail model. The larger changes in AUC observed among Europeans
suggest that missingness in these predictors contributed to greater uncertainty in model
performance. Additionally, while we showed PRS superiority for case enrichment, formal
calibration assessments and clinical thresholds were not exhaustively validated in every
subgroup. Asian-specific polygenic risk scores could improve breast cancer risk prediction
and risk stratification. However, they were not evaluated in our study. Finally, our models
did not include other potentially informative predictors, such as mammographic density,
lifestyle factors, or hormone use, that may further refine individualized risk.

5. Conclusions

Our results highlight ancestry- and age-specific performance of PRS and Gail model
across risk thresholds and strengthen the case for incorporating PRS into breast cancer
risk stratification. PRS adds value risk stratification beyond traditional tools, especially in
younger women and Asian-ancestry populations.
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Demographic and risk factor differences between included (Yes) and excluded (No) individuals of
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