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Abstract

Background: Using a genetic risk score (GRS) to predict coronary heart disease (CHD) may detect disease earlier. The current study
aims to assess whether GRS is associated with CHD incidence and whether it is clinically useful for improving prediction using traditional
risk factors (TRFs) as well as family history. Methods: Data from a total of 48,941 participants in the Korean Genome and Epidemiology
Study were analyzed in the current study. The weighted GRS was constructed using 55 single-nucleotide polymorphisms based on pub-
lished genome-wide association studies. The association of GRS with incident CHD was analyzed using Cox proportional hazard model.
Discrimination and reclassification were assessed to demonstrate the clinical utility of GRS. The analyses were performed separately by
sex. Results: After adjusting for family history and TRFs, GRS was significantly associated with CHD incidence in men; compared to
the low GRS group, men in the high GRS group had a 2.07-fold increased risk of CHD (95% confidence interval [CI]: 1.51–2.85). In
men, the combination of TRFs, family history, and GRS had better performance than TRFs alone (C statistics for TRF-only model, 0.66,
95% CI, 0.64–0.69; C statistics for combination model, 0.68, 95% CI, 0.65–0.71; category-free reclassification index, 15%). In women,
however, there was no significant association between GRS and CHD and no improvement between models. Conclusions: GRS was
associated with CHD incidence and contributed to a small improvement of CHD prediction in men. The potential clinical use of GRS
may not outweigh the value of family history.

Keywords: coronary heart disease; genetic risk score; risk prediction

1. Introduction
Coronary heart disease (CHD) is the leading cause

of premature mortality and disease burden worldwide, and
early detection of individuals at high risk for CHD is im-
portant for primary prevention. CHD is a complex multi-
factorial disease caused by a combination of genetic, car-
diometabolic, behavioral, environmental, and social risk
factors [1].

Major CHD risk-assessment tools have been devel-
oped. The Framingham Risk Score of the United States
[2], the Risk Score of the American College of Cardiol-
ogy (ACC)/American Heart Association (AHA) [3], the
Systemic Coronary Risk Evaluation (SCORE) based on a
large European cohort [4], and the QRISK calibrated fit
to the United Kingdom (UK) population [5] have been
used to identify individuals at risk for CHD. Since some of
these risk-assessment tools overestimate the risk for CHD
in the Korean population [6–8], the Korean CHD risk score
(KRS), which incorporates age, blood pressure (BP), to-
tal cholesterol, high-density lipoprotein (HDL) cholesterol,
smoking, and diabetes mellitus (DM), was also designed
[9].

The heritability of CHD has been estimated to be
40%–60% [10]. Family history has long been known as
a risk factor for CHD. Genome-wide association studies

(GWAS) has contributed to the discovery of significant in-
dividual genetic predispositions to CHD. During the past
decade, GWAS have enabled the development of a genetic
risk score (GRS) consisting of a selection of genomic vari-
ants and their associated GWAS-derived weights for CHD
[11–14]. The GRS suggests a strong association with CHD
and can potentially play an important role in primary pre-
vention by detecting early individuals at high risk of CHD.
However, its adoption in routine clinical practice remains a
matter of debate. Thus, it is unclear to what extent GRS can
improve CHD risk assessment when combined with tradi-
tional risk factors (TRFs), which include cardiometabolic
and behavioral risk factors. Some studies [12,15,16] have
reported an enhanced risk stratification, while others [17–
19] determined that GRS does not contribute substantially
to improvement of CHD prediction accuracy.

Moreover, the vast majority of CHD prediction studies
using both TRFs and GRS has been conducted on popula-
tions of European descent [20]. A lack of data from Asian
populations drove the current study. Thus, this study in-
tends to determine whether GRS is associated with onset
of new CHD within the follow-up period using data from
the Korean population and whether GRS is clinically useful
by improving CHD prediction over validated algorithms al-
ready in use, such as traditional CHD risk-assessment tools
or family history.
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Fig. 1. Flow chart of selection of study participants. CHD, coronary heart disease.

2. Method
2.1 Study Participants

The Health Examinees (HEXA) study of the Korea
Genomic Epidemiology Research (KoGES) project was
established to investigate the epidemiologic characteris-
tics, genomic characteristics, and gene–environment inter-
actions of chronic diseases [21]. The baseline survey was
performed from 2004–2013, during which 167,169 partici-
pants aged 40–69 years attended 38 health examination cen-
ters and training hospitals located in eight regions in South
Korea. Among them, 58,623 participants with genomic in-
formation were included in the present study. Participants
who reported CHD at baseline and those who did not partic-
ipate in follow-up were excluded. Based on the same crite-
ria as those developed in theKRS [9], participants aged≥75
years or those without data on covariates were excluded.
Based on the above criteria, a total of 48,941 participants
was finally selected for study inclusion (Fig. 1).

The HEXA study protocol was approved by the
Ethics Committee of the Korea National Institute of Health
(KNIH) [21]. All participants provided written informed
consent to participate in the study. Use of HEXA data
was approved by the institutional review board of Catholic
Kkottongnae University (2-7008080-A-N-01-202005-HR-
002).

2.2 Outcome Variables
The main endpoint of this study was self-reported

medical history of CHD, including angina and myocardial
infarction, at follow-up examination. Subjects were classi-
fied based on answering ‘yes’ or ‘no’ to questions of diag-
nosis of angina or myocardial infarction by a doctor.

2.3 Traditional Risk Factors
Data on demographic characteristics, lifestyle factors,

and medical history of study participants were obtained
through individual interview using a structured question-
naire by trained experts familiar with the KoGES survey
guidelines. Clinical measurements, including blood pres-
sure, blood sugar, and lipid profiles, were obtained accord-
ing to the KoGES survey guidelines. A detail explanation
of the methods used to examine these indicators is available
in previous publications [21,22].

The KRS incorporated TRFs for CHD, including sex,
age, BP, total cholesterol, HDL cholesterol, smoking, and
DM [9]. Based on the 2018 guideline for management of
hypertension by the Korean Society of Hypertension [23],
BP was classified into four groups as follows; systolic BP
[SBP] <120 mmHg and diastolic BP [DBP] <80 mmHg;
SBP = 120–139 mmHg or DBP = 80–89 mmHg; SBP =
140–159 mmHg or DBP = 90–99 mmHg; and SBP ≥160
mmHg or DBP ≥100 mmHg. Total cholesterol (<160
mg/dL, 160–199 mg/dL, 200–239 mg/dL, 240–279 mg/dL,
or ≥280 mg/dL) and HDL cholesterol (<35 mg/dL, 35–44
mg/dL, 45–49 mg/dL, 50–59 mg/dL, or ≥60 mg/dL) were
grouped into five categories each. Smoking status was clas-
sified as non-smokers, former smokers, and current smok-
ers, and DM was defined by self-reported medical history
of diabetes, fasting serum glucose≥126mg/dL, or glycosy-
lated hemoglobin ≥6.5% [24]. In addition, family history
of CHD was obtained by self-report.

2.4 Genetic Risk Score Calculation
All participants were genotyped using the Kore-

anCHIP array designed by the Center for Genome Science
of KNIH based onUKBiobankAxiom® array [25]. Single-
nucleotide polymorphisms (SNPs) were imputed using IM-
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Table 1. Participant characteristics by sex.
Overall Men Women p-value*

(n = 48,941) (n = 16,758) (n = 32,183) (t or χ2)

Age (years) 53.7 (± 8.0) 55.0 (± 8.4) 53.0 (± 7.6) <0.001
SBP (mmHg) 122.3 (± 14.8) 125.7 (± 14.1) 120.6 (± 14.8) <0.001
DBP (mmHg) 75.8 (± 9.6) 78.5 (± 9.5) 74.4 (± 9.4) <0.001
Hypertension (mmHg)

SBP <120 and DBP <80 18,346 (37.5) 4446 (26.5) 13,900 (43.2)

<0.001
SBP = 120–139 or DBP = 80–89 26,843 (54.8) 10,549 (63.0) 16,294 (50.6)
SBP = 140–159 or DBP = 90–99 3404 (7.0) 1587 (9.5) 1817 (5.6)
SBP ≥160 or DBP ≥100 348 (0.7) 176 (1.1) 172 (0.5)

Total cholesterol (mg/dL) 197.5 (± 35.1) 192.9 (± 34.1) 199.9 (± 35.4)
<160 6458 (13.2) 2679 (16.0) 3779 (11.7)

<0.001
160–199 20,359 (41.6) 7323 (43.7) 13,036 (40.5)
200–239 16,406 (33.5) 5278 (31.5) 11,128 (34.6)
240–279 4827 (9.9) 1282 (7.7) 3545 (11.0)
≥280 891 (1.8) 196 (1.2) 695 (2.2)

HDL cholesterol (mg/dL) 53.5 (± 12.8) 49.1 (± 11.7) 55.8 (± 12.8)
<35 1911 (3.9) 1180 (7.0) 731 (2.3)

<0.001
35–44 10,893 (22.3) 5440 (32.5) 5453 (16.9)
45–49 7803 (15.9) 3020 (18.0) 4783 (14.9)
50–59 14,273 (29.2) 4247 (25.3) 10,026 (31.2)
≥60 14,061 (28.7) 2871 (17.1) 11,190 (34.8)

Smoking status
Non-smoker 36,039 (73.6) 4808 (28.7) 31,231 (97.0)

<0.001Former smoker 7649 (15.6) 7273 (43.4) 376 (1.2)
Current smoker 5253 (10.7) 4677 (27.9) 576 (1.8)

DM (yes) † 4560 (9.3) 2188 (13.1) 2372 (7.4) <0.001
Family history (yes) 3588 (7.3) 1017 (6.1) 2571 (8.0) <0.001
Incident CHD event (yes) 650 (1.3) 336 (2.0) 314 (1.0) <0.001
Values are presented as mean (± SD) or n (%). Abbreviations: CHD, coronary heart disease; DBP, diastolic
blood pressure; DM, diabetes mellitus; HDL, high-density lipoprotein; SBP, systolic blood pressure.
* Significance difference in proportion or mean among groups tested by Chi-square test or t-test, respectively.
† DM was defined by self-reported medical history of diabetes, fasting serum glucose ≥126 mg/dL, or gly-
cosylated hemoglobin ≥6.5%.

PUTE version 2 [26] using Phase 3 of the 1000 Genomes
project as a reference. Among imputed SNPs, those of low
quality were filtered based on an INFO score <0.4, minor
allele frequency (MAF)≤0.01, and Hardy–Weinberg equi-
librium (HWE) p-value ≤ 1 × 10−6. Following SNP qual-
ity control, 7,104,351 SNPs were used for further analysis.

We constructed a coronary artery disease (CAD) GRS
based on a large-scale GWAS using a Japanese population
(29,319 CAD cases and 183,134 controls), which reported
57 CAD SNPs [27]. Among these, 55 SNPs were included
in our imputed data. The CAD-weighted GRS was cal-
culated as a weighted sum of risk allele counts, and the
beta coefficients estimated from CAD GWAS were used
as the weights of risk alleles (Supplementary Table 1)
[27]. To calculate the GRS, we first calculated an indi-
vidual’s weighted score, summing the CAD risk effects for
each SNP as follows: weighted score = β1 × SNP 1 +

β2 × SNP 2 + · · · + β55 × SNP 55. We then generated
a GRS by rescaling the weighted scores for each individ-

ual to represent the number of CAD risk alleles: GRS =
weighted score × number of available SNPs
sum of the β coefficients of available SNPs [27].

The GRSwas divided into quartiles and classified into
three groups: Low-risk group (first quartile), intermediate-
risk group (second and third quartiles), or high-risk group
(fourth quartile).

2.5 Statistical Analysis
The association between GRS and time to CHD event

was evaluated in a Cox proportional hazards model. Anal-
yses were performed separately for men and women. First,
we determined whether the proportional-hazards assump-
tion was satisfied [28]. Four models were developed.
Model 0 included risk factors of KRS of age, BP, total
cholesterol, HDL cholesterol, smoking, and DM. Model 1
added GRS to model 0, and model 2 added family history to
model 0. Model 3 included the risk factors of KRS, GRS,
and family history.
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Table 2. Associations between genetic risk score and coronary heart disease incidence by sex.
Men Women

Model 1 Model 2 Model 3 Model 1 Model 2 Model 3

HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI) HR (95% CI)

GRS (ref. low risk)
Intermediate risk 1.40 (1.03, 1.89) 1.39 (1.02, 1.89) 1.27 (0.95, 1.68) 1.25 (0.95, 1.66)
High risk 2.10 (1.53, 2.88) 2.07 (1.51, 2.85) 1.11 (0.80, 1.55) 1.10 (0.79, 1.54)

Family history (ref. no)
Yes 1.93 (1.34, 2.77) 1.88 (1.31, 2.70) 1.65 (1.16, 2.36) 1.64 (1.15, 2.34)

Concordance (SE) 0.67 (0.016) 0.67 (0.016) 0.68 (0.016) 0.71 (0.015) 0.71 (0.015) 0.71 (0.015)
Likelihood ratio test 139.6 (p < 0.001) 127.0 (p < 0.001) 149.6 (p < 0.001) 177.9 (p < 0.001) 181.6 (p < 0.001) 184.4 (p < 0.001)
Abbreviations: CI, confidence interval; GRS, genetic risk score; HR, hazard ratio; Ref., reference; SE, standard error.
Model 0 included the factors of the Korean Coronary Heart Disease Risk Score (age, age*age, blood pressure, total cholesterol, high-density
lipoprotein cholesterol, smoking status, and diabetes); Model 1 added GRS to model 0, model 2 added family history to model 0, and model 3
added GRS and family history to model 0.

Fig. 2. Receiver operating characteristic curves and C statistics for models of incident coronary heart disease. (A) Men and (B)
women. Abbreviations: AUC, area under the receiver operating characteristic curve; FH, family history; GRS, genetic risk score; KRS,
Korean coronary heart disease risk score.

To evaluate the ability of GRS to classify risks,
the area under the receiver operating characteristics curve
(AUC) was compared among models to assess improve-
ment in discrimination. Even if the associations between
covariates and CHD events did not reach statistical signif-
icance, relationships could be modified by exclusion and
were maintained in the model for comparison with the ex-
isting predictive model. The risk categories generally es-
tablished during reclassification analysis are applied over a
period of 10 years; thus, they could not be directly applied
to this study with its short follow-up period [29]. As such,
an alternative method when the application is confusing is
to use a category-free reclassification index (cNRI), which
was calculated in this study [30]. Additionally, the inte-
grated discrimination index (IDI) was calculated to evalu-
ate model performance regardless of risk category selection
[31]. Data were analyzed using R software, version 3.3.0
for Windows (The R Foundation for Statistical Computing,
Vienna, Austria).

3. Results

Among the subjects of the HEXA cohort with genetic
information, a total of 48,941 participants (32,183 women)
without CHD at baseline were included in this study. Ta-
ble 1 presents the characteristics of the participants. The
average age at the baseline was 53.7 ± 8.0 years, and ap-
proximately 7.3% of participants had a family history of
CHD. There were 650 incident cases of CHD (1.3%) dur-
ing an average follow-up of 4.6 years.

The association of GRS with CHD incidence in men
and women is shown in Table 2. For men, family history
and GRS were confirmed to be significant predictors. After
adjusting for both TRFs and family history, the risk of CHD
increased by 2.07 in the high-risk GRS group compared to
the low-risk GRS group (hazard ratio [HR], 2.07, 95% CI,
1.51–2.85). For women, after adjusting for TRFs, the risk
of incident CHD increased by 1.65 in those with family his-
tory of CHD compared to those without family history (HR,
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Table 3. Evaluation of genetic risk scores for prediction of coronary heart disease by sex.

Model
Discrimination, AUC (95% CI) Reclassification

Model Without GRS Model With GRS p value for difference cNRI (95% CI) IDI (95% CI)

Men
KRS* 0.66 (0.63, 0.69) 0.67 (0.65, 0.70) 0.027 0.15 (0.04, 0.25) 0.003 (0.001, 0.005)

KRS + FH 0.67 (0.64, 0.69) 0.68 (0.65, 0.71) 0.036 0.15 (0.04, 0.25) 0.003 (0.001, 0.005)

Women
KRS 0.70 (0.68, 0.73) 0.70 (0.68, 0.73) 0.529 0.06 (–0.05, 0.17) 0.001 (–0.0001, 0.002)

KRS + FH 0.71 (0.68, 0.73) 0.71 (0.68, 0.74) 0.472 0.10 (–0.01, 0.21) 0.001 (0.00002, 0.002)
Abbreviations: AUC, area under the receiver operating characteristic curve; CI, confidence interval; cNRI, category-free net reclassification
Index; FH, family history; GRS, genetic risk score; IDI, integrated discrimination index; KRS, Korean coronary heart disease risk score.
* The KRS was calculated by sex, age, blood pressure, total cholesterol, high-density lipoprotein cholesterol, smoking status, and diabetes.

1.65, 95% CI, 1.16–2.36). However, a statistically signifi-
cant association between GRS and CHD incidence was not
observed in women.

The comparison of the models through discrimination
and reclassification analysis is shown in Table 3 and Fig. 2.
For men, the AUC value was marginally improved from
0.66 to 0.67 (p = 0.027) when GRS was added to the KRS.
The AUC value increased significantly from 0.66 to 0.68
(p = 0.016) when comparing the KRS-only model with the
final model including all factors. By cNRI metric, the im-
provement of reclassification was modest. For women, the
AUC value of the KRS-only model was 0.70, which was
higher than that for men; however, there was no significant
improvement in discrimination when GRS and family his-
tory were added to the KRS-only model (Supplementary
Table 2, Supplementary Fig. 1,2) .

4. Discussion
This study confirmed a significant association be-

tween GRS constructed with 55 SNPs and CHD incidence
in Koreanmen after adjusting for both TRFs and family his-
tory. In men, there was marginally significant improvement
with the combined model of KRS and GRS compared with
the KRS-only model. However, women showed no associ-
ation between GRS and CHD and no improvement between
models.

Similar to our findings, Hajek et al. [32] reported in
2018 that a CHD GRS calculated with 46 SNPs was as-
sociated with increased risk for incident CHD among men
in the Multi-Ethnic Study of Atherosclerosis cohort. The
risk of CHD in white men was increased by 1.92 (95%
CI, 1.19–3.11) in the highest risk GRS group compared to
the lowest. However, this was not found among women.
Pechlivanis et al. [33] likewise reported in 2020 that GRS
constructed with 70 SNPs was significantly associated with
CHD only in men. These findings suggest the need for fur-
ther studies. The relatively small sample size and lower
CHD incidence in women compared to men may have con-
tributed to these findings, and larger studies could help to
discern whether the GRS is associated with CHD incidence
in women [32,33]. Since sex chromosomes have been ig-
nored in GWAS of CHD, there may be unidentified genetic

variants for women [34]. Therefore, future studies should
consider a GRS based on sex-stratified GWAS as well as
that considering genetic variants of chromosome X [32–
34]. Additionally, sex hormones should be considered due
to their association with elevated risk for CHD events in
postmenopausal women [35].

Consistent with previous studies [19,36], adding GRS
to the KRS led to a significant increase in the CHD risk
stratification provided by KRS alone. However, the incre-
mental values of GRS were modest and the significant in-
crease was observed only in men. Elliott et al. [19] sug-
gested that the incremental value of new predictors may
vary depending on the discrimination potential of the ex-
isting model. In this study, the AUC values in the KRS-
only model were 0.66 in men and 0.70 in women. When
GRS was added to the KRS, significant improvements in
discrimination ability were seen amongmen, whichmay re-
flect the relatively poorer performance of KRS in men com-
pared with women [6,9]. Although our findings showed
improvement of discrimination and reclassification in the
combination model of GRS and KRS, they support con-
clusions from previous studies that adding GRS would not
yield a clinically meaningful impact to well-established
comprehensive CHD risk-assessment tools such as KRS
[15,19]. However, Riveros-Mckay et al. [16] showed in
2021 that CAD GRS was the best-performing single risk
factor in men aged <55 years. Since earlier CHD events
may be more genetically determined than later events, as-
sessment of GRS for CHD in young populations may facil-
itate earlier primary prevention [15,16,19].

Although identification of more SNPs may improve
risk prediction, at least in our study, a family history of
CHD compensated for this. Family history incorporates
shared genetics, shared behaviors, and shared environments
in families. Family history is an easily identifiable risk fac-
tor, albeit sometimes an uncertain one [37]. Tada et al.
[38] showed that subjectively measured family history of
CHD and objectively measured GRS were not redundant.
Our findings also indicate that both family history and GRS
should be assessed to reveal genetic predisposition.

This study has several limitations. First, it enrolled
a middle-aged Korean population, so its generalizability to
other ethnicities or age groups is uncertain. Second, KRS
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was developed to predict the 10-year risk, while the aver-
age follow-up period in this study was 4.6 years. Third, the
current study did not include hard endpoints of CHD, such
as a sudden cardiac death, which were included in outcome
variables when developing the KRS [9]. Fourth, since the
predictive power of the GRS can be further advanced using
larger GWAS, the estimated risk of CHD in individuals at
high genetic risk may be altered. Fifth, although the accu-
racy between self-report andmedical record was substantial
in life-threatening conditions such as myocardial infraction
[39], self-reported informationmay have recall bias. There-
fore, further study using medical records is needed. Never-
theless, this study is meaningful in that it is the first attempt
to examine CHD prediction using KRS and GRS in a Ko-
rean population. Further studies are expected to investigate
the reliability and validity of GRS models using long-term
follow-up data. Additionally, in order to prevent CHD and
to detect individuals at high risk for CHD early, it is neces-
sary to identify the influence of genetic predisposition ac-
cording to sex and age and to conduct repeated studies in
multiancestry populations.

5. Conclusions
Family history and GRS constructed with 55 SNPs

were associated with the risk of CHD after adjusting TRFs.
AlthoughGRS and family history improved CHD risk iden-
tification and reclassification over TRFs, these results did
not demonstrate the clinical utility of GRS as a complement
to existing CHD risk-assessment tools. For more accurate
CHD risk prediction, further studies on various models us-
ing GRS should be performed.
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