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Abstract 

Background

Polygenic risk scores (PRSs) have been extensively developed for cancer risk predic-

tion in European populations, but their effectiveness in the Chinese population remains 

uncertain.

Methods and findings

We constructed 80 PRSs for the 13 most common cancers using seven schemes and 

evaluated these PRSs in 100,219 participants from the China Kadoorie Biobank (CKB). 

The optimal PRSs with the highest discriminatory ability were used to define genetic risk, 

and their site-specific and cross-cancer associations were assessed. We modeled 10-year 

absolute risk trajectories for each cancer across risk strata defined by PRSs and modifi-

able risk scores and quantified the explained relative risk (ERR) of PRSs with modifiable 
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risk factors for different cancers. More than 60% (50/80) of the PRSs demonstrated 

significant associations with the corresponding cancer outcomes. Optimal PRSs for nine 

common cancers were identified, with each standard deviation increase significantly 

associated with corresponding cancer risk (hazard ratios (HRs) ranging from 1.20 to 1.76). 

Compared with participants at low genetic risk and reduced modifiable risk scores, those 

with high genetic risk and elevated modifiable risk scores had the highest risk of incident 

cancer, with HRs ranging from 1.97 (95% confidence interval (CI): 1.11–3.48 for cervi-

cal cancer, P = 0.020) to 8.26 (95% CI: 1.92–35.46 for prostate cancer, P = 0.005). We 

observed nine significant cross-cancer associations for PRSs and found the integration of 

PRSs significantly increased the prediction accuracy for most cancers. The PRSs contrib-

uted 2.6%–20.3%, while modifiable risk factors explained 2.3%–16.7% of the ERR in the 

Chinese population.

Conclusions

The integration of existing evidence has facilitated the development of PRSs associated 

with nine common cancer risks in the Chinese population, potentially improving clinical 

risk assessment.

Author summary

Why was this study done?

•	 Most polygenic risk scores (PRSs) for cancer risk prediction are developed based on 
European populations, limiting their applicability to other ancestries, such as the Chinese 
population.

•	 PRSs for lung and stomach cancers have been developed for Chinese populations, but 
they differ from European-derived PRSs in terms of genetic composition and effects.

•	 Due to smaller genome-wide association studies sample sizes and fewer identified genetic 
loci, optimal PRSs for other common cancers in the Chinese populations are still lacking.

What did the researchers do and find?

•	 We developed 80 PRSs for 13 common cancers in Chinese populations and evaluated 
them in an independent prospective cohort of 100,000 participants.

•	 Nine optimal PRSs were identified, with improved accuracy for cancer risk prediction 
when incorporating East Asian-specific genetic loci, along with loci validated in Asian 
populations.

•	 We provided 10-year cancer risk projections, highlighting the combined impact of 
genetic and modifiable risk factors. PRSs significantly improved cancer risk prediction, 
particularly for colorectal, cervical, and prostate cancers.

What do these findings mean?

•	 This study demonstrates the potential of leveraging existing genetic data to improve 
cancer risk assessment in Chinese populations.

Data security is an integral part of CKB study 
protocols. Data can be released outside the 
CKB research group only with appropriate 
security safeguards. The data source of the 
GWASs summary statistics applied in this 
study are within the Supporting information 
files.
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•	 The findings provide valuable tools for cancer risk stratification, supporting the develop-
ment of precision prevention strategies in China.

•	 Limitations include the relatively small number of cases for certain cancers and the lack 
of cancer subtype information, which may affect the generalizability of the results. Larger 
studies with detailed cancer classification are needed to validate these findings.

Introduction
Cancer is a leading cause of death worldwide, with more than one-fourth of new cases and 
one-third of cancer-related deaths occurring in China [1]. It is widely acknowledged that both 
heritable genetic factors and modifiable risk factors contribute to the development of can-
cer. In recent years, genome-wide association studies (GWASs) have unveiled a multitude of 
genetic variants associated with the risk of cancer, thereby providing insight into the genetic 
mechanisms of cancer susceptibility [2]. However, over 81% of participants in published 
GWAS are of European ancestry [3].

Panels of single-nucleotide polymorphisms (SNPs) from GWAS have been used to gener-
ate polygenic risk scores (PRSs) for quantifying an individual’s inherent risk. Multiple studies 
have demonstrated that PRS can effectively predict the incidence of cancer and improve can-
cer risk assessment in combination with modifiable exposures [4,5]. Given the ability of PRS 
to identify larger proportions of the population at comparable or elevated risk compared to 
rare monogenic mutations, it is generally accepted that PRS offers greater potential for cancer 
clinical practice [6]. The Polygenic Score (PGS) Catalog has documented 519 PRSs for 64 
cancer types (MONDO_0004992), of which 506 are related to European ancestry by Decem-
ber 2023 [7]. The predictive performance of PRS diminishes across diverse populations, which 
hinders their clinical utility in diverse populations and would exacerbate healthcare dispari-
ties [8]. There is an urgent need to improve the accuracy of polygenic prediction in different 
ancestry populations to maximize the clinical potential of PRS.

Over the past decade, genetic studies in East Asian countries (e.g., China and Japan) have 
experienced some growth [9], with 65 PRSs related to eight cancer types recorded for East 
Asians in the PGS Catalog (MONDO_0004992) [7]. However, most of these PRSs (57/65) 
were derived from a multi-ancestry meta-analysis with limited representation of East Asian 
populations, and the performance of these PRSs remained to be improved. Recently, novel 
cross-population PRS construction methods (i.e., PRS-CSx) were developed and showed the 
ability to improve prediction accuracy across different populations [10]. In Chinese popula-
tions, we have developed a panel of PRSs for lung cancer (PRS-19) and gastric cancer (PRS-
112) based on large-scale GWAS data, which showed substantial differences compared to 
those of European ancestry [11–13]. Nevertheless, due to insufficient GWAS data, the optimal 
PRSs for other cancer types remain to be explored among Chinese populations.

A crucial step in realizing the potential of PRS in precision medicine involves systemati-
cally evaluating the added value of genetic information compared to traditional risk factors 
and assessing its impact on lifetime risk trajectories. Moreover, a recent study demonstrated 
the cross-cancer portability of PRS in line with widespread pleiotropy of cancer susceptibility 
loci [14]. In this study, we compiled 80 PRSs for the 13 most common cancers with seven 
schemes in the Chinese population. We then assessed their predictive performance, explored 
cross-cancer associations, and evaluated their contribution to cancer risk prediction. The 
primary aim of this study is to determine whether PRSs can significantly enhance cancer risk 
prediction and stratification in the Chinese population, particularly in comparison to environ-
mental risk factors, using data from a large cohort of 100,219 participants.
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Methods

Study participants and design
The China Kadoorie Biobank (CKB) cohort is a nationwide prospective cohort in China. 
The study design, methods, and Institutional Review Board (IRB) approval for the CKB have 
been described previously [15,16]. In brief, a total of 512,726 Chinese adults aged 30−79 years 
were recruited from 10 geographically diverse regions across China between 2004 and 2008. 
All participants completed an interviewer-administered electronic questionnaire regarding 
lifestyle and other health-related information, as well as provided physical measurements and 
a blood sample at baseline. All eligible participants in CKB completed a written informed 
consent form approved by the IRB. The CKB cohort was approved by the Ethical Review 
Committee of the Chinese Center for Disease Control and Prevention (Beijing, China) (No. 
005/2004) and the Oxford Tropical Research Ethics Committee at the University of Oxford 
(Oxford, UK) (No. 025-04).

A total of 100,640 participants were selected for genotyping based on a clustered random 
selection method and finally passed quality control. Individuals with cancers diagnosed at 
baseline were excluded from the analysis (n = 421), leaving 100,219 eligible participants in the 
final analysis. Details of genotyping, quality control, and imputation for the CKB cohort had 
been reported previously (S1 Text) [17].

As shown in Fig 1, a two-stage analysis was included in this study. In the first stage, we con-
structed seven PRSs for each cancer based on published GWAS (4 scores), retrieved recorded 
PRSs from the PGS Catalog (2 scores), and used the PRS-CSx to construct cross-population 
PRSs (1 score). In the second stage, we evaluated the effectiveness of these PRSs in predicting 
the risk of corresponding cancers, exploring cross-cancer associations, and examining their 
combination with modifiable risk factors for cancer risk prediction in an independent pro-
spective cohort of the CKB. None of the studies used to construct the PRS included data from 
the CKB cohort. This study is reported as per the Strengthening the Reporting of Genetic 
Association Studies (STREGA) guideline (S1 STREGA Checklist) [18].

PRS construction
By using three strategies, we constructed seven PRSs for each of the 13 cancer types that were 
available in the CKB (S2 Text). In the first strategy, we initially conducted a comprehensive 
search for GWASs on each cancer type in populations of East Asian ancestry. Subsequently, 
we generated PRS for each cancer type using genetic variants with a significance threshold of 
P < 5 × 10−8 in East Asian GWASs (PRS1), additionally incorporated variants with P < 5 × 10−8 
in BioBank Japan Project (BBJ) (PRS2) [19], added variants from other ethnic populations 
that were replicated with P < 0.05 in East Asian GWASs (PRS3), and finally added variants 
from other ethnic populations that were replicated with P < 0.05 in BBJ GWASs (PRS4). In the 
second strategy, we extracted parameters of PRS from the PGS Catalog constructed mainly for 
European (PRS5) or East Asian populations (PRS6). Details of PRSs for each cancer eligible 
from the PGS catalog are shown in S1 Table. In the third strategy, we applied a newly devel-
oped Bayesian polygenic modeling method, PRS-CSx, utilizing available GWAS summary 
statistics from both East Asian and European populations [10]. Details of the GWAS summary 
statistics can be found in S2 Table. We generated PRSs for the 13 cancer types by using shared 
variants in the two summary statistics (PRS7). We selected the PRSs with the best predictive 
discrimination for each outcome across different strategies and parameters as the optimal 
PRSs.

At the beginning of our study, there were no previously published PRSs for cancers of the 
head and neck, esophagus, liver, pancreas, cervix, endometrium, ovary, and bladder in East 



PLOS Medicine | https://doi.org/10.1371/journal.pmed.1004534  February 28, 2025 5 / 22

PLOS Medicine Polygenic risk scores for pan-cancer prediction in the Chinese population: A cohort study

Asian populations. Additionally, there were no genome-wide significant SNPs identified for 
endometrial cancer in East Asian populations. Consequently, we generated 80 PRSs for 13 
cancer types in our analyses.

Fig 1.  Study design and workflow. PRS, polygenic risk score; GWAS, genome-wide association study; BBJ, BioBank Japan 
Project; PGS, polygenic score; CKB, China Kadoorie Biobank; BMI, body mass index.

https://doi.org/10.1371/journal.pmed.1004534.g001

https://doi.org/10.1371/journal.pmed.1004534.g001
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Assessment of risk factors
Risk factors in addition to age, sex (if applicable), and cancer family histories, such as environ-
mental exposures, lifestyle factors, dietary patterns, and medical history were obtained from 
interviewer-administered electronic questionnaires at baseline in the CKB cohort (S3 Text). 
The selection of modifiable risk factors was based on a comprehensive literature review and 
reports. Furthermore, only established environmental and lifestyle-related characteristics that 
were collected and available in the CKB cohort were included. We selected socio-demographic 
characteristics (including highest education level and study region), lifestyles (including 
smoking status, alcohol consumption, physical activity, dietary habits, and body mass index), 
and medical conditions. Detailed information on the assessed risk factors in this study can be 
found in S3 Table.

Outcomes
Participants in the CKB cohort were followed up for cancer events mainly through ongoing 
electronic linkage with official death certificates, chronic disease registries, and the Chinese 
National Health Insurance claim database semi-annually. This was supplemented with active 
follow-up by the study staff for local residential records annually. The trained study staff, 
who were masked to baseline information, described the outcomes according to the Interna-
tional Classification of Diseases 10th Revision codes. The complete follow-up was updated to 
December 31, 2017. We extracted the outcomes of 13 solid tumors with the highest incidence 
in the Chinese population, including head and neck cancer (C00–C14), esophageal cancer 
(C15), stomach cancer (C16), colorectal cancer (C18–C20), liver cancer (C22), pancreatic 
cancer (C25), lung cancer (C33–C34), breast cancer (C50), cervical cancer (C53), endometrial 
cancer (C54.1), ovarian cancer (C56), prostate cancer (C61), and bladder cancer (C67).

Statistical analysis
Participants’ site-specific cancer risk was assessed from enrollment until the time of cancer diag-
nosis, death, loss to follow-up, or the end of follow-up, using Cox proportional hazards regres-
sion to estimate hazard ratios (HRs) with 95% confidence intervals (CIs) in the CKB cohort. For 
testing the proportional hazards assumption for PRSs and risk factors, we used the Schoenfeld 
residuals. The C-index was introduced by Harrell as a natural extension of the receiver operating 
characteristic curve area to survival analysis, which represents the predictive discrimination. The 
performance of a PRS-model, in distinguishing between those who will develop cancer from 
those who will remain unaffected can be quantified by Harrell’s C-index. The site-specific PRS 
with the highest predictive discrimination was selected as the optimal PRS for each cancer.

Each optimal PRS was then evaluated in multivariable Cox regression models specific 
to the cancer type for which it was developed, as well as for each of the other cancer types, 
adjusting for age, sex (except for sex-specific cancers), region, and the top 10 genetic ancestry 
principal components. Site-specific cancer genetic risk was categorized into low (the bottom 
quintile), intermediate (quintiles 2–4), and high (the top quintile) according to quintile cut-
off points of the optimal PRSs in the CKB population, as previously described [11]. Modi-
fiable risk factors were summarized by generating summary linear predictors based on risk 
factors in S3 Table [5], and individuals above the median of the risk score were considered 
to have elevated modifiable risk factors. Further, for testing the individual associations of 
genetic risk and risk factors with age at cancer onset, we dichotomized the study population 
by the age onset of cancer according to the median age of diagnosis within the Chinese pop-
ulation [20] and fitted Cox models allowing different association coefficients within different 
age groups of onsets.
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The Cox regression model was used to estimate the 10-year absolute risk (P) of each cancer 
as follows:

	 P S t N

i

i i ix M
= − ( ) ∑ −( )









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=

1 0

1
exp β . 	

where S0(t) is the baseline survival rate calculated at the mean values of the variables at time 
t (t = 10), Mi is the mean values of the variables, βi is the regression coefficients, xi represents 
variables, and N is the number of variables in the model. The 10-year absolute risk trajectories 
of each cancer across strata defined by genetic and modifiable risk factors were visualized by 
fitting linear models with smoothing splines to individual risk estimates as a function of age. 
We also estimated cumulative risk in each stratum with index age 40 up to age 80 years using 
cause-specific Cox proportional hazard models, treating death from any cause as a competing 
event.

Finally, we developed cancer-specific prediction models with three classes of risk factors 
progressively: (i) demographic factors (age, sex, and region) and cancer family history; (ii) 
modifiable risk factors; and (iii) genetic susceptibility. The improvement of risk discrimi-
nation was assessed based on the C-index and area under the curve (AUC) at 10 years. The 
continuous net reclassification index (NRI) was used to quantify improvements in reclassi-
fication, which is a more objective and versatile measure of improvement in risk prediction 
[21]. Sensitivity analyses were conducted: (i) excluding participants within the first year after 
recruitment; (ii) only including the first primary cancer. The relative predictive performance 
of the PRS and summarized linear risk factors for predicting the outcome was evaluated 
using Heller R2 for the explained relative risk (ERR) in the proportional hazards model using 
the “clinfun” software package in R. The ERR was selected because it provides a quantifiable 
measure for the importance of each variable in the model and it is robust to censoring that is 
independent of survival time conditional on the variables [22]. The CIs for ERR were esti-
mated using 1,000 bootstrapped iterations. All P-values in this study were two-sided, and P < 
0.05 was considered statistically significant. All statistical analyses were performed by using R 
version 4.3.1 (R Core Team, Vienna, Austria).

Results

Study population
Over a median follow-up of 11.33 years (interquartile range: 10.18–12.26), 5,236 incident 
cancer cases in 13 site-specific cancers were identified among 100,219 participants in the CKB 
cohort (Table 1). The mean age of incident cancer cases was older, more likely to be men, and 
had a higher prevalence of smoking and drinking at baseline than cancer-free individuals. The 
most common cancer types were lung (n = 1,540), stomach (n = 745), colorectal (n = 740), 
liver (n = 661), esophageal (n = 499), and breast cancers (n = 486), accounting for 83.58% of 
all newly diagnosed cancer events (S4 Table).

Construction of optimal cancer-specific PRS
Among the 80 PRSs constructed using seven different schemes, over 60% (50/80) of PRSs 
were associated with the risk of cancer outcomes in the CKB cohort. At least one of the seven 
PRSs showed predictive performance in 10 different cancer types (Fig 2). We selected optimal 
site-specific PRSs with the best predictive discrimination with each cancer outcome according 
to the C-index in the PRS-only model. The optimal PRSs with the highest C-index were: PRS4 
for lung, breast, cervical, and prostate cancers; PRS7 for colorectal and ovarian cancers; PRS1 
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Table 1.  Baseline characteristics of the participants in the CKB.

Total (n = 100,219) Status at the end of follow-up
Cancer-free (n = 94,983) Incident cancer (n = 5,236)

Age at baseline (years)
 � Mean (SD) 53.69 (11.01) 53.37 (10.97) 59.46 (9.93)
Sex
 � Men 42,860 (42.8%) 40,142 (42.3%) 2,718 (51.9%)
 � Women 57,359 (57.2%) 54,841 (57.7%) 2,518 (48.1%)
Highest level of education
 � College or up 5,950 (5.9%) 5,660 (6.0%) 290 (5.5%)
 � High school 14,185 (14.2%) 13,575 (14.3%) 610 (11.7%)
 � Middle school 26,856 (26.8%) 25,654 (27.0%) 1,202 (23.0%)
 � Primary school/no formal school 53,228 (53.1%) 50,094 (52.7%) 3,134 (59.9%)
Body-mass index (kg/m2)
 � Mean (SD) 23.66 (3.49) 23.67 (3.49) 23.58 (3.60)
 � 18.5 ≤ BMI < 24 50,861 (50.7%) 48,259 (50.8%) 2,602 (49.7%)
 � BMI < 18.5 5,192 (5.2%) 4,856 (5.1%) 336 (6.4%)
 � BMI ≥ 24 44,166 (44.1%) 41,868 (44.1%) 2,298 (43.9%)
Smoking status
 � Never 65,736 (65.6%) 62,878 (66.2%) 2,858 (54.6%)
 � Smoker/ex-smoker 34,483 (34.4%) 32,105 (33.8%) 2,378 (45.4%)
  �  Pack-years of smoking (<30) 22,093 (22.0%) 20,879 (22.0%) 1,214 (23.2%)
  �  Pack-years of smoking (≥30) 12,390 (12.4%) 11,226 (11.8%) 1,164 (22.2%)
Alcohol status
 � Never 80,158 (80.0%) 76,349 (80.4%) 3,809 (72.7%)
 � Drinker/abstainer 20,061 (20.0%) 18,634 (19.6%) 1,427 (27.3%)
Meat intake
 � Monthly/never 17,183 (17.1%) 16,333 (17.2%) 850 (16.2%)
 � 1–3 days/week 35,595 (35.5%) 33,644 (35.4%) 1,951 (37.3%)
 � ≥4 days/week 47,441 (47.3%) 45,006 (47.4%) 2,435 (46.5%)
Salty vegetables intake
 � ≤3 days/week 77,143 (77.0%) 73,247 (77.1%) 3,896 (74.4%)
 � ≥4 days/week 23,076 (23.0%) 21,736 (22.9%) 1,340 (25.6%)

Vegetables and fruits intake*

 � Frequent 27,622 (27.6%) 26,150 (27.5%) 1,472 (28.1%)
 � Occasional 72,597 (72.4%) 68,833 (72.5%) 3,764 (71.9%)
Fruits intake
 � ≥1 day/week 59,372 (59.2%) 56,311 (59.3%) 3,061 (58.5%)
 � Monthly/never 40,847 (40.8%) 38,672 (40.7%) 2,175 (41.5%)
Physical activity (MET hours/day)
 � Mean (SD) 19.89 (13.77) 20.05 (13.80) 17.03 (12.95)
Family history of cancer
 � No 83,578 (83.4%) 79,403 (83.6%) 4,175 (79.7%)
 � Yes 16,641 (16.6%) 15,580 (16.4%) 1,061 (20.3%)
*Frequent intake of fresh vegetables and fruits was defined as eating vegetables every day and fruits ≥4 days per week or eating fruits every day and vegetables ≥4 days 
per week, otherwise was less frequent.
CKB, China Kadoorie Biobank; SD, standard deviation; BMI, body mass index.

https://doi.org/10.1371/journal.pmed.1004534.t001

https://doi.org/10.1371/journal.pmed.1004534.t001
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for head and neck cancer; PRS2 for stomach cancer; PRS3 for esophageal cancer; and PRS5 for 
pancreatic cancer, which mostly showed the strongest association with each cancer outcome. 
After adjusting for potential confounders, no PRSs were associated with the incident risk of 
head and neck cancer. Therefore, we retained the remaining nine optimal PRSs for defining 
genetic risk in subsequent analyses (S5 Table). All weights, including comprehensive lists of 
sources of optimal PRSs, are provided in S1 Data.

The distribution of the nine optimal PRSs for each cancer site showed approximately 
normal distribution, with cancer-affected participants exhibiting higher PRSs than unaffected 
ones (S1 Fig). Each standard deviation increase in PRSs was significantly associated with the 
risk of the nine cancers (P < 0.05), with HRs ranging from 1.20 to 1.76 (Table 2). The risk of 
developing site-specific cancer significantly increased from quintile 1 to quintile 5 of PRSs in 
a positive dose–response manner (Ptrend < 0.05). Compared with participants at low genetic 
risk (the bottom quintile of PRS), participants at high genetic risk (the top quintile) exhibited 
more than double for esophageal cancer (HR = 2.05, 95% CI: 1.55–2.71, P < 0.001), stom-
ach cancer (HR = 2.04, 95% CI: 1.60–2.61, P < 0.001), colorectal cancer (HR = 3.25, 95% CI: 
2.53–4.18, P < 0.001), pancreatic cancer (HR = 2.51, 95% CI: 1.47–4.27, P < 0.001), breast can-
cer (HR = 2.58, 95% CI: 1.88–3.53, P < 0.001), ovarian cancer (HR = 2.68, 95% CI: 1.29–5.54, 
P = 0.008), and prostate cancer (HR = 3.28, 95% CI: 1.62–6.63, P < 0.001) (S6 Table and S2 
Fig). These results did not change significantly after additional adjustment for modifiable risk 
factors (S6 Table), exclusion of participants within the first year of follow-up, or only includ-
ing the first primary cancer (S7 and S8 Tables). The 10-year AUC, sensitivity, and specificity 
of the nine optimal PRSs were shown in S9 Table. Cumulative incidence curves for different 
genetic risk groups demonstrated the expected risk stratification of site-specific cancer after 
adjusting for confounders (S3 Fig). Besides, individuals with high genetic risk exhibited a 

Fig 2.  Assessment of discrimination based on Harrell’s C-index in the PRS-only model using Cox proportional hazards regression. The Harrell’s C-indices and 
their 95% CIs were estimated by Cox proportional hazard models. The statistical tests were two sides. The box limits represent 95% CIs and their centers represent 
the C-indices. Associations with statistically significant (P-value < 0.05) were annotated with an asterisk. PRS, polygenic risk score.

https://doi.org/10.1371/journal.pmed.1004534.g002

https://doi.org/10.1371/journal.pmed.1004534.g002
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stronger association with stomach cancer (HR: 2.75 versus 1.53, Phet = 0.020) and cervix cancer 
(HR: 3.27 versus 1.35, Phet = 0.044) in patients with lower onset ages (S10 Table).

Cross-cancer PRS associations
In the CKB cohort, 20 site-specific PRS pairs showed small correlations with each other (r < 
0.2) (S4 Fig). Most participants (78.9%, 79,075/100,219) were at high genetic risk for at least 
one of the nine cancer types (S11 Table). Cross-cancer associations between each PRS and the 
other eight cancer types revealed nine significant positive associations (Fig 3). After further 
adjusting for the corresponding site-specific PRSs, seven cross-cancer associations remained 
unchanged, and similar results were observed in men and women, respectively (Figs 3 and 
S5). Three associations between a PRS and cross-cancer outcome were found after correction 
for multiple testing (P < 0.05/9 = 0.0055): colorectal cancer PRS with stomach cancer (HR = 
1.15, 95% CI: 1.06–1.23, P < 0.001); pancreatic cancer PRS with breast cancer (HR = 1.14, 95% 

Table 2.  The performance metrics of the optimal PRSs in the CKB cohort by cancer site.

Cancer 
site

Cancer events Incidence rate (per 100,000 person-years) HR per s.d. (95% 
CI)*

P-value 
*

C-index † Top 20% vs. other 80% *
HR (95% CI) P-value

Esophagus 499 46.53 1.28 (1.17–1.39) <0.001 0.559 1.67 (1.38–2.04) <0.001
Stomach 745 69.49 1.27 (1.18–1.37) <0.001 0.572 1.48 (1.26–1.74) <0.001
Colorectum 740 69.09 1.54 (1.44–1.66) <0.001 0.612 2.19 (1.88–2.55) <0.001
Pancreas 170 15.84 1.28 (1.11–1.49) <0.001 0.586 1.57 (1.13–2.20) 0.008
Lung 1,540 143.76 1.22 (1.16–1.28) <0.001 0.550 1.38 (1.23–1.55) <0.001
Breast 486 77.49 1.41 (1.29–1.54) <0.001 0.596 1.60 (1.31–1.95) <0.001
Cervix 237 37.72 1.20 (1.06–1.36) 0.004 0.566 1.74 (1.31–2.29) <0.001
Ovary 96 15.26 1.25 (1.02–1.53) 0.031 0.579 1.56 (1.00–2.44) 0.051
Prostate 95 21.40 1.76 (1.44–2.16) <0.001 0.658 2.28 (1.50–3.46) <0.001
*The model was adjusted for age, sex (if applicable), region, and the top 10 principal components.
†C-index in the Cox proportional hazards regression model with only the optimal PRS for each cancer.
PRS, polygenic risk score; CKB, China Kadoorie Biobank; HR, hazard ratio; CI, confidence interval.

https://doi.org/10.1371/journal.pmed.1004534.t002

Fig 3.  Hazard ratios for significant cross-cancer associations. HRs were estimated using a Cox regression model adjusted for age, sex (if applicable), region, and 
the top 10 principal components. The adjusted HRs were further adjusted for the corresponding site-specific PRSs. The error bars represent 95% CIs and their 
centers represent the HRs. PRS, polygenic risk score; HR, hazard ratio; CI, confidence interval.

https://doi.org/10.1371/journal.pmed.1004534.g003

https://doi.org/10.1371/journal.pmed.1004534.t002
https://doi.org/10.1371/journal.pmed.1004534.g003
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CI: 1.05–1.25, P = 0.003); and prostate cancer PRS with colorectal cancer (HR = 1.18, 95% CI: 
1.06–1.31, P = 0.002). Results remained materially unchanged correcting for the false discov-
ery rate at q < 0.05 (S12 Table). Furthermore, after excluding shared SNPs or SNPs in strong 
linkage disequilibrium (r2 > 0.6), two associations were no longer significant, while the other 
associations were largely unchanged (S6 Fig).

Associations of modifiable risk factors
The associations of established modifiable risk factors for the nine cancers in the CKB cohort 
were concordant with previous studies (S13 Table). Participants with elevated modifiable risk 
(above the median modifiable score) showed a significantly increased risk of incident cancer, 
with HRs ranging from 1.19 to 2.91 (S14 Table). Notably, stronger associations (HR ≥ 1.5) 
were observed for esophageal cancer (HR = 1.85, 95% CI: 1.44–2.38, P < 0.001), lung cancer 
(HR = 1.80, 95% CI: 1.58–2.05, P < 0.001), breast cancer (HR = 1.71, 95% CI: 1.36–2.13, P < 
0.001), ovarian cancer (HR = 2.91, 95% CI: 1.79–4.74, P < 0.001), and prostate cancer (HR = 
1.97, 95% CI: 1.17–3.31, P = 0.010). The associations between modifiable risk and incident 
cancer risk remained essentially unchanged after adjustment for the genetic risk (S14 Table). 
Compared with reduced modifiable risk, the elevated risk was borderline associated with a 
greater risk of esophageal cancer in individuals with lower onset ages (S15 Table).

Risk stratification based on the genetic risk and modifiable risk factors
To evaluate the joint impact of genetic risk and modifiable risk factors on individuals’ absolute 
risk with increasing age, we estimated the 10-year absolute risk trajectories and cumulative 
risk by age 80 for the nine cancers (Figs 4 and S7). The span of the 10-year absolute risk tra-
jectory was increasingly notable with older age except for breast, cervical, and ovarian cancers 
(S8 Fig). For colorectal, prostate, and cervical cancers, participants with a high PRS were 
predicted to have an overall risk above average, even when they had reduced modifiable risk 
scores (Fig 4). Participants with high genetic risk and elevated modifiable risk scores (around 
10% of total participants) had the highest risk of incident cancer, with HRs ranging from 1.97 
(95% CI: 1.11–3.48 for cervical cancer, P = 0.020) to 8.26 (95% CI: 1.92–35.46 for prostate 
cancer, P = 0.005) compared with participants at low genetic risk and reduced modifiable risk 
scores (S16 Table). We also calculated the absolute risk reduction (ARR) according to genetic 
risk and modifiable risk factors. Change from an elevated risk profile to a reduced one pro-
vided 4.3-fold, 3.2-fold, and 2.8-fold greater ARRs for prostate, colorectal, and cervical can-
cers, respectively, among participants with high genetic risk than those with low genetic risk 
(S9 Fig). However, there were no significant interactions between genetic risk and modifiable 
risk scores for the nine cancers (S17 Table).

Improvement in risk prediction
The predictive discrimination of each risk model was assessed by Harrell’s C-index, and we 
also reported the AUC at 10 years of follow-up time for completeness. The C-index of the 
basic model based on demographic factors and cancer family history reached 0.60 for all 
cancers except for the cervix and ovary (S18 Table). The improvement in risk prediction of 
models incorporating the modifiable risk factors and the optimal site-specific PRSs compared 
with the basic model was variable (Fig 5A). For cancer sites with more available risk factors, 
incorporating this had a better impact on the C-index, such as esophagus (C = 0.820, ΔC = 
0.015), lung (C = 0.770, ΔC = 0.015), breast (C = 0.665, ΔC = 0.051), and ovary (C = 0.629, ΔC 
= 0.069), and the same improvements in reclassification as indicated by continuous NRI were 
also observed. Next, adding PRSs to the risk models which have multiple risk factors resulted 
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Fig 4.  Predicted 10-year absolute risk trajectories across strata defined by PRS and modifiable risk factors. Participants were categorized into six groups accord-
ing to genetic risk (high risk: the top quintile; medium: quintile 2–4, low risk: the bottom quintile) and modifiable risk factors (elevated: above the median; reduced: 
below the median). Average 10-year absolute risk trajectories across all individuals were visualized by black dashed lines. The error bars represent 95% CIs and their 
centers represent the average 10-year absolute risk. RF, modifiable risk factors; PRS, polygenic risk score.

https://doi.org/10.1371/journal.pmed.1004534.g004

https://doi.org/10.1371/journal.pmed.1004534.g004
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Fig 5.  Assessment of model discrimination based on Harrell’s C-index (A) and the explained relative risk for PRS 
and summarized risk factors (B). (A) The Harrell’s C-indices and their 95% CIs were estimated by Cox proportional 
hazard models. Comparisons were conducted across nested models: Model 1: Including demographic factors (age, sex, 
and region) and family history of cancer. Model 2: Adding summarized modifiable risk factors to Model 1. Model 3: 
Adding genetic susceptibility, represented by the PRS to Model 2. The likelihood-ratio test was performed between Models 
2 and 1, as well as between Models 3 and 2. The significance levels were denoted by asterisks as follows: *P-value < 0.05, 
**P-value < 0.01, and ***P-value < 0.001. The error bars represent 95% CIs and their centers represent the C-indices. (B) 
The explained relative risk was derived from Cox proportional hazard regression models that were adjusted for age, sex 
(if applicable), region, and family cancer history. The confidence intervals were estimated using 1,000 bootstrapped itera-
tions. The error bars represent 95% CIs and their centers represent the explained relative risk.

https://doi.org/10.1371/journal.pmed.1004534.g005

https://doi.org/10.1371/journal.pmed.1004534.g005
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in a modest increase (ΔC ≥ 0.01) in C-index for stomach cancer (from 0.740 to 0.750), col-
orectal cancer (from 0.717 to 0.742), and breast cancer (from 0.665 to 0.686). A large increase 
in the C-index after incorporating the PRS was observed for prostate cancer (from 0.840 to 
0.854) with few available predictors as well. Changes in the AUC at 10 years of follow-up 
were of similar magnitude. Continuous NRI values > 0.15 after incorporating the PRS were 
observed for colorectal, pancreatic, and prostate cancers (S18 Table). Interestingly, additional 
incorporation of the significant cross-cancer PRSs can lead to a further improvement of the 
model’s performance, such as the 10-year AUC of colorectal cancer in men increasing from 
0.738 to 0.746 (DeLong’s test P = 0.009) after adding esophageal cancer PRS and prostate 
cancer PRS (S19 Table). The sensitivity analyses, excluding participants within the first year 
after recruitment or only including the first primary cancer, showed results comparable to the 
main findings (S20 and S21 Tables). In addition, the performance of cancer-specific prediction 
models was largely unchanged when considering the use of interactions, non-linear terms, or 
flexible parametric survival models (S22 Table).

The relative importance as measured by the ERR values for modifiable risk factors and 
site-specific PRSs are shown in Fig 5B. The identified modifiable risk factors and site-specific 
PRSs can explain 5.4%−25.0% of the observed relative risk in the CKB cohort. The contri-
bution of genetic risk exceeded modifiable exposures for several cancers, such as colorectal 
cancer (13.2% versus 2.9%), cervical cancer (3.1% versus 2.3%), and prostate cancer (20.3% 
versus 4.6%). Esophageal cancer (16.7% versus 2.6%), lung cancer (16.2% versus 2.7%), and 
ovarian cancer (13.0% versus 3.5%) were among the cancers where modifiable risk factors had 
a substantially greater impact than PRS (S23 Table).

Discussion
Variations in prediction accuracy across diverse populations have been observed for PRSs 
[23]. Due to the distinct cancer spectrum in China compared to North American and Euro-
pean countries, PRSs derived from European populations may not be directly applicable to 
precision medicine in Chinese populations. In the present study, we proposed multiple strat-
egies to construct PRSs and evaluate cancer risk in the Chinese population based on existing 
GWAS findings and PRS resources. We quantified individuals’ genetic predisposition to nine 
types of cancer and revealed cross-cancer associations of PRS. Additionally, we elucidated the 
relative contributions of identified genetic and modifiable risk factors to cancer risk stratifica-
tion and prediction in the Chinese population.

The cross-ethnic application of PRS has long been a significant scientific concern. Our 
study partially addresses questions on whether selected established PRSs that perform well in 
European-based populations have equal utility in Asian populations. Consistent with previous 
studies, our findings indicated that PRSs primarily developed for European ancestry (6/12) 
were significantly associated with the risk of corresponding cancer in the Chinese population, 
particularly for pancreatic cancer [24]. It is plausible that the PRS derived from European- 
ancestry GWAS performs better due to the lack of effective published pancreatic cancer 
PRS for East Asian populations and the weak predictive performance of currently identified 
genetic loci in East Asians. Our study also observed that two-thirds of the optimal PRSs were 
derived from East Asian GWAS or incorporated replicated SNPs from other ethnic popula-
tions, symmetrically emphasizing that prediction accuracy is consistently higher when using 
GWAS data from ancestry-matched populations. Developing new methods for constructing 
cross-ethnic PRS is a current research focus [10,25]. In our study, we demonstrated the value 
of this approach, showing that PRSs generated using PRS-CSx outperformed other methods 
for predicting the risk of colorectal cancer and ovarian cancer. Due to the lack of sufficient 
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high-quality GWAS for head and neck, liver, endometrial, and bladder cancers among East 
Asian populations, we were unable to construct effective PRS for these cancers, highlighting 
the necessity for further GWAS in the Chinese population. In addition, heritability varies 
across different cancers and plays a crucial role in shaping the performance of PRSs. Cancers 
with higher heritability estimates from twin studies, such as prostate, colorectal, breast, and 
pancreatic cancers, demonstrated better predictive performance in our PRS-only model (S10 
Fig) [26,27]. The systematic construction protocol and robust findings in our study can pro-
vide empirical guidance for developing cancer PRS for other ethnic groups, especially those 
with insufficient GWAS studies, potentially addressing current disparities in PRS research.

Cross-cancer GWAS analyses have observed relatively strong genome-wide genetic correla-
tions across cancers, although many correlations were moderate. Genetic regions including 
5p15.33 (TERT) and 6p21-22 (HLA) also showed wide evidence of pairwise pleiotropy in 
multiple cancer combinations for individual variants [14,28]. In our study, besides individual 
variants, we identified nine pairs of cross-cancer associations of PRS. Notably, two pairs (col-
orectal cancer PRS and breast cancer risk; pancreatic cancer PRS and breast cancer risk) were 
validated in a recent study in European populations [14]. Given the low incidence of stomach 
cancer in European populations, our study demonstrated cross-cancer associations between 
stomach PRS and ovarian cancer risk, as well as colorectal cancer PRS and breast cancer PRS 
with stomach cancer risk. Although genetic correlation analyses in European populations also 
indicated interrelations among these cancer types [29], our findings provide novel insights 
into genetic risk assessment and its application across different cancer types in Chinese 
populations, particularly through incorporating significant cross-cancer PRSs in cancer risk 
models. However, we only assessed the extent to which PRSs themselves show evidence of 
association with multiple cancer types. Further work is needed to understand the mechanisms 
driving these observed associations.

In China, identifying individuals at high risk of cancer is a crucial public health priority for 
both primary and secondary prevention efforts. Demographic factors (e.g., age and sex) alone 
could achieve modest risk discrimination for most cancers [30]. Consistent with previous 
studies, expanding predictors to include modifiable risk factors and PRSs could enhance the 
predictive performance of risk models in the Chinese population [5]. Modifiable risk factors 
contribute significantly to predictive discrimination for ovarian, breast, lung, pancreatic, and 
esophageal cancers, which aligns with their strong associations with these cancer types [31]. 
Including PRSs substantially enhances predictive discrimination for colorectal and breast 
cancers, in line with the wealth of genetic data available for these cancers in East Asian pop-
ulations [32,33]. Although our study revealed a strong association between PRS and prostate 
cancer, the improvement in prediction performance was much weaker than that in European 
populations, likely due to differences in baseline model performance between Chinese popula-
tions (C-index of 0.868) and European populations (C-index of 0.716) [34]. We also observed 
that genetic risk is more strongly associated with stomach cancer and cervical cancer patients 
with lower onset ages, which underscores the importance of early interventions targeting 
modifiable risk factors and screening may need to be implemented for those with high genetic 
risk at younger ages.

A healthy lifestyle has been inversely associated with cancer risk in Chinese populations 
[31]. Our study addressed the absolute risk trajectories of common cancers across different 
modifiable and genetic risk groups in Chinese populations. The distinctly different trajectory 
patterns of lung, breast, cervical, and prostate cancers compared to those in European popula-
tions indicate variations in etiology among different ethnic groups [5,35]. Our study also indi-
cated that maintaining a healthy lifestyle could lower cancer risk across genetic risk groups 
for nine common cancers. Beyond predictive performance and risk stratification, our findings 
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offer a comprehensive understanding of the relative importance of modifiable risk factors and 
genetic risk in Chinese populations, informing potential future prevention policies.

There are several potential limitations of this study. Firstly, due to the unavailability of 
genome-wide summary statistics from the original East Asian GWAS, we primarily used data 
from the BBJ for PRS-CSx. The number of cases in BBJ is generally smaller than the original 
GWAS, which may lead to an underestimation of the efficiency of the PRS-CSx. Secondly, 
although we observed several pairs of cross-cancer associations, it is important to note that the 
associations were weak and some might be false positives. Thirdly, the “optimal” PRSs selected 
in this study may be only superficially superior in terms of C-index over other PRSs. Fourthly, 
several key risk factors of cancer were not available in the CKB cohort, such as Helicobacter 
pylori and human papillomavirus, possibly leading to an underestimation of modifiable risk 
factors’ contribution in the Chinese population. Fifthly, the low incidence of certain cancer 
types, such as prostate, ovarian, and pancreatic cancers, limits our ability to fully demonstrate 
the relationship between some modifiable risk factors and cancer risk in this study. Lastly, 
we acknowledge that the sensitivity and specificity of our PRS were suboptimal, which could 
result in false positives when identifying high-risk populations. Moving forward, it will be 
essential to refine risk stratification tools to reduce false positives and enhance the accuracy of 
identifying individuals genuinely at high risk.

In conclusion, our study derived nine optimal PRSs out of 80, showing superior perfor-
mance for nine common cancers in Chinese populations. We also revealed the potential value 
of cross-cancer risk prediction using PRSs among Chinese populations. The absolute risk pro-
jections and the ERR of established modifiable and genetic risk factors significantly advance 
our understanding of cancer etiology and prevention in the Chinese population.
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