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Prediction of coronary heart disease (CHD) risk through standard equations relying on laboratory-
based clinical markers has proven challenging and needs advancement. This study aims to derive and
cross-validate novel CHD-risk prediction models based on lifestyle behaviours including wearables
and polygenic risk scores (PRS), with comparison to the established Pooled Cohort Equations (PCE)
and Systematic COronary Risk Evaluation 2 (SCORE?2). This study included 291,151 white British
individuals of UK Biobank. Cox regression was applied to derive Lifestyle-Based Model (LBM) for CHD-
risk prediction incorporating age, sex, body mass index, dietary intake score (0-3; derived from self-
reported food types), smoking status, and physical activity (wearable-device-derived Euclidean Norm
Minus One). Weighted PRS for CHD was calculated based on 300 genetic variants. Over a median 13.8-
year follow-up, 13,063 CHD incidence cases were ascertained. The C-index (indicative of discrimination)
of the LBM, PCE and SCORE2 was 0.713 (95% Confidence Interval [Cl]: 0.703-0.722), 0.714 (95% Cl:
0.705-0.724) and 0.709 (95% Cl: 0.700-0.719). Adding PRS to LBM, PCE and SCORE?2 increased the
C-index to 0.733 (95% Cl: 0.724-0.742), 0.726 (95% Cl: 0.716-0.735) and 0.721 (95% CI: 0.711-0.730).
The LBM with and without PRS both demonstrated good calibration, demonstrating by p-values

of 0.997 and 0.999. The addition of PRS to LBM marginally improved calibration, with the slope
increasing from 0.981 to 0.983. Integrating PRS rendered a positive categorical net reclassification
improvement (cut-off point: 7.5%) of 4.30% for LBM. The non-laboratory-based LBM, integrating
wearable-based and anthropometric data, demonstrated moderate cardiovascular risk prediction
accuracy, though external validations remain to be explored.

Keywords Physical activity, Polygenic risk score, Coronary heart disease, UK biobank, Risk prediction
modelling

Abbreviations

CHD coronary heart disease

CVD cardiovascular disease

PRS polygenic risk score

LBM Lifestyle-Based Model

LBM +PRS Lifestyle-Based Model plus polygenic risk score
PCE Pooled Cohort Equations

PCE+PRS Pooled Cohort Equations plus polygenic risk score
SCORE2 Systematic COronary Risk Evaluation 2
SCORE2+PRS  Systematic COronary Risk Evaluation 2 plus polygenic risk score
GWAS Genome-Wide Association Studies

SNPs single-nucleotide polymorphisms
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HR hazard ratio

CI confidence interval

ENMO Euclidean Norm Minus One
BMI body mass index

GND Greenwood-Nam-D’Agostino
NRI net reclassification improvement
IDI integrated discrimination index

Coronary heart disease (CHD), the most prevalent type of cardiovascular disease (CVD), accounts for
approximately 33.3% of all-cause mortality and 49.2% of cardiovascular mortality globally'. The development
of CHD is multi-factorial as it is caused by both genetic and non-genetic environmental factors’>™. Evidence
indicates that genetic predispositions to CHD account for up to 50% of CVD risk,> and CHD can be prevented
through adherence to a healthy lifestyle, including regular participation in physical activity, a healthy diet, no
smoking, and maintaining a healthy weight*57.

Accurate assessment of coronary heart disease (CHD) risk is essential for primary prevention as it informs
clinical decisions regarding preventive interventions including lifestyle modification and pharmacotherapy®.
As such, the current clinical guidelines for the prevention of cardiovascular events recommend estimation
and provision of the 10-year absolute risk of CHD through the use of risk assessment models, such as the
established Pooled Cohort Equations (PCE) and Systematic COronary Risk Evaluation 2 (SCORE2) widely used
in the clinical settings®-'!. However, evidence for the predictive accuracy of the PCE and SCORE2 remains
equivocal!>"!4, Notably, the inclusion of multiple conventional laboratory-based clinical risk markers (e.g., total/
high-density lipoprotein cholesterol, systolic blood pressure) as predictors in the PCE and SCORE2 makes
the equations less practical for use by general populations and in the community/household settings where
the collection of such information is not feasible. Another limitation of the PCE and SCORE2 is the lack of
incorporation of prominent lifestyle behaviours, which are key markers of cardiovascular risk®. Currently,
there is no CHD risk prediction model that integrates multiple lifestyle predictors (e.g., physical activity, diet,
smoking) particularly wearable indicators. The purpose of this study was, therefore, to derive and cross-validate
lifestyle-based prediction models for CHD risk by integrating polygenic risk scores (PRS) and multiple lifestyle
predictors including wearable-device-measured physical activity, and evaluate the predictive performance in
comparison to the PCE and SCORE2 approach using large-scale national cohort data.

Methods

Participants and study design

This study used data from UK Biobank, which is an ongoing prospective cohort study of over half a million
participants aged 40-69 years at recruitment (5.5% response rate out of around 9,000,000 eligible individuals)®®.
The study protocol of the UK Biobank, detailed in eText 1, was approved by the North West Multicentre
Research Ethics Committee (11/N'W/0382). The conduct of the present study was approved by the Institutional
Review Board of The University of Hong Kong / Hospital Authority Hong Kong West Cluster (UW 21-542). All
measurements and experiments were performed in accordance with relevant guidelines and regulations, and all
participants provided written informed consent prior to participation'®.

The present study included 291,151 individuals who met the following inclusion criteria: (1) having self-
reported as European descendants (‘white British’) with verification by principal component analysis of genetic
ancestry, (2) having consistent self-reported and inferred gender information, (3) having no prevalence of
cardiovascular events at baseline (i.e., CHD and stroke; based on hospital admission, deaths registries and self-
report data), and (4) having no missing values for any predictors and PRS (eFigure 1).

Polygenic risk score (PRS)

In the UK Biobank study, genotyping of all participants was carried out with the UK Biobank Axiom Array
and UK BiLEVE Axiom Array, with imputation to a haplotype reference panel of the Haplotype Reference
Consortium combined with UK10K'. Specifically, the calculation of weighted PRS was based on 300 Single-
Nucleotide Polymorphisms (SNPs) known to be associated with the risk of CHD, consisting of genome-wide
significant and non-significant SNPs uncorrelated with each other at a false discovery rate of 5% (eTable 1),
as applied in a previous study by Ntalla et al.> Weighted PRS for CHD risk was then derived by summing the
products of the number of risk-increasing alleles at each of the loci and the corresponding effect size identified
from the literature®>.

Derivation of the Lifestyle-Based Model (LBM)
The LBM was developed using the following variables as predictors, based on the established associations with
the risk of CHD:* age, sex, body mass index (BMI), dietary intake score (0-3; generated based on self-reported
food categories), smoking status (current, previous, never), and physical activity (wrist-worn wearable-device-
derived Euclidean Norm Minus One; ENMO, a composite value of 3 axes’ acceleration values).

Information on diet and smoking status was collected through the self-reported touch-screen questionnaire.
A dietary intake score (ranging from 0 to 3) was constructed based on the guidelines from the AHA,!” following
an established procedure!'®. Both calibrated ENMO and raw ENMO were used as indicators of physical activity.
Information on the generation of dietary intake scores and physical activity variables can be found in eText 2
and eText 3!718,
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Pooled Cohort Equations (PCE) and Systematic COronary Risk Evaluation 2 (SCORE2)
Following the recommended procedures,'>!” we recalibrated the PCE and SCORE2 in order to match the PCE
and SCORE2 predictors to the variables of the UK Biobank database incorporating information on age, sex,
smoking status (yes or no), total and high-density lipoprotein cholesterol (mmol/l), blood pressure (mmHg;
treated with medications or untreated), and diabetes (yes or no). We re-estimated the rescaling weights obtained
from regressing the predicted risk against observed risk using the original PCE published in 2013 and SCORE2
formula for low risk region (the United Kingdom)'’. Detailed information on the definition and quantification
of PCE and SCORE2 risk predictors is provided in eTable 2.

Incidence of CHD

CHD incidence was ascertained through the linkage of UK Biobank participants’ measured data with their
hospital admission records and death registry'®. Codes of International Classification of Diseases (ICD) and
operative procedures were used to classify CHD events (ICD-9: 410, 411,412.X, ICD-10: 121, 122, 123, 124, 125.2,
OPCS: K40 - K46, K49, K50.1, K50.2, K50.4). Incident CHD was defined as the first observation of CHD events
that occurred until 9th December 2022 for individuals in England and Wales and 19th December 2022 for
individuals in Scotland.

Statistical analyses

The full data sample was randomly split into 5 sub-groups with an approximately equal number of individuals
allocated per group (See Fig. 1) for model development and cross-validation of LBM and LBM + PRS. To develop
the LBM, we fit Cox proportional hazard models incorporating age, sex, BMI, dietary intake score, smoking
status, and physical activity. Following the established methodology for PCE model development,!? interactions
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Fig. 1. Study design, model derivation, and model validation process. Notes: LBM: using age, sex, body
mass index (BMI), dietary intake score, smoking status (current, previous, never), and physical activity
(mg). LBM + PRS: adding polygenic risk scores to the LBM. PCE: using age, sex, smoking status (yes or
no), total and high-density lipoprotein cholesterol (mmol/l), treated or untreated systolic blood pressure
(mmHg), and diabetes (yes or no). PCE + PRS: adding polygenic risk scores to the PCE. SCORE2: using
age, sex, smoking status (yes or no), total and high-density lipoprotein cholesterol (mmol/l), systolic blood
pressure (mmHg), and diabetes (yes or no). SCORE2 + PRS: adding polygenic risk scores to the SCORE2.
Abbreviations: CHD = coronary heart disease; CI = confidence interval; IDI = Integrated Discrimination
Index; LBM = Lifestyle-Based Model; LBM + PRS = Lifestyle-Based Model plus polygenic risk score; NRI=Net
Reclassification Improvement; PCE =Pooled Cohort Equations; PCE + PRS = Pooled Cohort Equations
plus polygenic risk score; PRS = polygenic risk score; SCORE2 = Systematic COronary Risk Evaluation 2;
SCORE2 + PRS = Systematic COronary Risk Evaluation 2 plus polygenic risk score.
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of age with each lifestyle-based predictor were tested, and retained as predictors in the model if the p-value was
less than 0.01; or the p-value was between 0.01 and 0.05, with a continuous net reclassification improvement
(NRI) for non-events>15% or a statistically significant integrated discrimination index (IDI) in the full sample.

For cross-validation of prediction models (LBM, PCE, SCORE2, LBM+PRS, PCE+PRS and SCORE+PRS),
a total of 5 iterations of training/cross-validation were performed, with each 20% sub-group used as a cross-
validation set and the remaining 80% subset (i.e., four 20% sub-groups) as a training set in each iteration®. Cox
regression was fit to estimate the C-index (ranging from 0.5 for no discrimination to 1.0 for perfect discrimination,
on average) along with 95% confidence interval (CI) values for each model across the 5 iterations?! We then
weighted each of the 5 C-index values relative to the corresponding number of CHD incidence cases to obtain
the weighted average C-index. A paired t-test was performed to evaluate the changes in the C-index between the
prediction models with and without the inclusion of the PRS.

To further examine the added value of PRS to the LBM and established algorithms, we evaluated the risk
reclassification ability by calculating the continuous NRI (calculated as the sum of “NRI+” [event NRI] and
“NRI-" [non-event NRI]), categorical NRI (according to the threshold of 7.5% for LBM and PCE and 10% for
SCORE2), and IDI (calculated based on the sum of the integrated sensitivity and integrated specificity, indicative
of improvements in the slopes of the discrimination curves) as additional parameters of discrimination?2.

To examine the calibration of the LBM and established prediction models, calibration plots were created by
plotting the mean observed Kaplan-Meier estimates (observed probability) against the mean predicted probability
within each decile of the predicted probabilities from each model. We also calculated the corresponding
calibration slopes (with a “slope value=1” indicating perfect calibration, on average), and Greenwood-Nam-
D’Agostino (GND) P-values?.

To demonstrate how incidence CHD rates vary by 10-year absolute CHD risk estimates predicted by the
six models (LBM, PCE, SCORE2, LBM + PRS, PCE+PRS and SCORE2 + PRS), we estimated cumulative CHD
incidence rates for four risk reclassification groups defined according to 10-year CHD risk estimates, applying
the cut-off point of 7.5% for PCE and LBM; and 10% for SCORE2.

A total of 3 sets of sensitivity analyses were performed with details provided in eText 4. Statistical analyses
were performed using Stata/MP Version 17.0 (StataCorp LP, College Station, TX) and R (Version 4.4.3).

Results

Participants’ characteristics at baseline are presented in eTable 3. Of 291,151 participants, a total of 13,063
CHD cases (3949, cases in women and 9,114 cases in men) were observed over a 13.8-year median follow-up
(interquartile range: 13.1-14.4 years). Lifestyle predictors with which age had evidence of interaction included
BMI, smoking status and physical activity, all of which were retained in the LBM and LBM + PRS models. The
predictive algorithms for estimating 10-year CHD risk using LBM and LBM +PRS models are presented in
eTable 4. The calculation of 10-year CHD risk follows the equation: 1-S,," , where S10 represents the
baseline survival rate at 10 years, IndX’B denotes the sum of individual risk factor values multiplied by their
respective coeflicients, and MeanX’B represents the population mean of these coeflicient-weighted risk factors.
The sex-specific recalibration coefficients of the PCE and SCORE?2 are shown in eTable 5.

Figure 2 presents the discrimination of the LBM as opposed to the established PCE and SCORE2 as identified
through the 5-fold cross-validation. The weighted C-index of the LBM, PCE and SCORE2 was 0.713 (95% CI,
0.703-0.722), 0.714 (95% CI, 0.705-0.724) and 0.709 (95% CI: 0.700-0.719), respectively. When additionally
incorporating PRS, there was an improvement in the discriminant performance of both models: C-index
values were increased to 0.733 (95% CI, 0.724-0.742) for the LBM + PRS, 0.726 (95% CI, 0.716-0.735) for the
PCE+PRS and 0.721 (95% CI, 0.711, 0.730) for the SCORE2 + PRS. The addition of PRS resulted in statistically
significant improvements in the C-index, as demonstrated by paired t-test p-values of 0.0002, 0.0034 and 0.0038
for LBM +PRS, PCE + PRS and SCORE2 + PRS, indicating enhanced discrimination. C-index values in each of
the 5-fold iterations are presented in eTable 6.

Figure 3 displays the agreement between the observed Kaplan-Meier estimates and predicted estimates of
10-year absolute CHD risk from the six models in the form of calibration plots. LBM, LBM + PRS, PCE and
SCORE2 (but not PCE + PRS and SCORE2 + PRS) passed the GND test with the P-value>0.05, indicating that
there was no evidence of difference between the observed risk and predicted risk, on average. The slope of the
LBM was 0.981, reflecting a stronger calibration of the LBM prediction, compared with the PCE (slope: 0.954)
and SCORE2 (slope: 0.974), with a minimal overestimate of CHD risk, on average. The addition of PRS to the
LBM further minimised the difference between the predicted and observed risk with a larger P-value (0.999) and
a slope (0.983) closer to 1, albeit a slight overestimation.

Changes in risk reclassification when additionally incorporating PRS are shown in Table 1. The addition of
PRS resulted in positive overall NRIs in LBM, PCE and SCORE2 models, which is in line with the pattern of
change in the C-index. The overall continuous NRI was 29.9% (15.3% for cases and 14.7% for non-cases) for the
LBM + PRS, 28.4% (14.3% for cases and 14.0% for non-cases) for the PCE + PRS, and 28.3% (14.3% for cases
and 13.9% for non-cases) for SCORE2 + PRS. The direction of change in the overall categorical NRI (cut-off
point: 7.5%/10%) and IDI is significant and consistent with the direction of change in the continuous NRI for
the LBM + PRS, PCE + PRS and SCORE2 + PRS. The overall categorical NRI for the LBM + PRS was 4.30%, with
4.78% for cases and —0.49% for non-cases. The categorical NRI for the PCE + PRS and SCORE2 + PRS was 4.29%
(5.04% for cases and —0.75% for non-cases) and 3.09% (3.45% for cases and — 0.39% for non-cases). Proportions
of cases and non-cases reclassified according to the 7.5%/10% risk threshold are presented in eTable 7. The IDI
for the LBM + PRS, PCE + PRS and SCORE2 + PRS was 0.62%, 0.60% and 0.59%, respectively, which suggests an
increment in risk differences between non-cases and cases with the addition of PRS.

Figure 4 shows the cumulative incidence of CHD for risk reclassification groups generated based on 10-
year CHD risk estimates from the prediction models. With respect to the LBM and LBM +PRS, the highest
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Weighted C-index of prediction models for coronary heart disease (CHD)

LBM

C-index (95% CI)

—— 0.713 (0.703,0.722)

LBM+PRS —— 0.733 (0.724,0.742)

PCE

- 0.714 (0.705,0.724)

PCE+PRS —— 0.726 (0.716,0.735)

SCORE2 —— 0.709 (0.700,0.719)

SCORE2+PRS - 0.721 (0.711,0.730)

| I |
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Fig. 2. Discriminant performance (C-index) of prediction models as identified through 5-fold cross-
validation. Notes: LBM: using age, sex, body mass index (BMI), dietary intake score, smoking status (current,
previous, never), and physical activity (mg). LBM + PRS: adding polygenic risk scores to the LBM. PCE:
using age, sex, smoking status (yes or no), total and high-density lipoprotein cholesterol (mmol/l), treated

or untreated systolic blood pressure (mmHg), and diabetes (yes or no). PCE + PRS: adding polygenic risk
scores to the PCE. SCORE2: using age, sex, smoking status (yes or no), total and high-density lipoprotein
cholesterol (mmol/l), systolic blood pressure (mmHg), and diabetes (yes or no). SCORE2 + PRS: adding
polygenic risk scores to the SCORE2. Abbreviations: CHD = coronary heart disease; CI=confidence interval;
LBM = Lifestyle-Based Model; LBM + PRS = Lifestyle-Based Model plus polygenic risk score; PCE = Pooled
Cohort Equations; PCE + PRS = Pooled Cohort Equations plus polygenic risk score; PRS = polygenic risk score;
SCORE2 = Systematic COronary Risk Evaluation 2; SCORE2 + PRS = Systematic COronary Risk Evaluation 2
plus polygenic risk score.

cumulative incidence of CHD was observed in the ‘shared high risk’ category (i.e. 10-year risk estimates >7.5%
by both the LBM and LBM + PRS), followed by ‘up-classified” (i.e. 10-year risk estimates>7.5% by LBM + PRS,
but 10-year risk estimates <7.5% by LBM), ‘down-classified’ (i.e. 10-year risk estimates < 7.5% by LBM + PRS, but
10-year risk estimates >7.5% by LBM), and ‘shared low risk’ (i.e. 10-year risk estimates <7.5% by both the LBM
and LBM + PRS). A similar pattern of cumulative CHD incidence was observed for the PCE + PRS (cut-off point:
7.5%) and SCORE2 + PRS (cut-off point: 10%). As shown in eFigure 3, for each of the six models, cumulative
CHD incidence rates were also greater in individuals at high risk (=7.5% or >10%) than in those at low risk
(<7.5% or <10%).

Figure 5 shows the distribution of 10-year CHD risk estimates, derived from LBM and LBM + PRS, varies
across age-specific and sex-specific groups. The proportions of individuals expected in each risk category
indicate that predicted risks are generally higher in males than in females, and older age groups exhibit greater
risk compared to younger ones. Compared to the LBM, the LBM + PRS offers a more nuanced differentiation of
individual risk estimates across various gender and age levels.

Results of the sensitivity analyses are presented in eFigures 4-9 and eTables 8-17, showing generally similar
patterns of findings as the main analysis. For example, the LBM models demonstrated acceptable predictive
accuracy not only in an independent hold-out set, but also in relation to the PCE and SCORE2 models.

Discussion

This is the first study deriving and cross-validating CHD risk prediction models based on lifestyle behaviours
including wearable-device-measured physical activity in conjunction with genetic risk markers. The LBMs
demonstrated comparable predictive ability compared to the PCE and SCORE2 models. In addition, we found
that there was a modest improvement in predictive accuracy after the addition of PRS to LBM.

Using a series of statistical procedures recommended by the guidelines of precise medicine research,
we evaluated the predictive performance of the risk prediction models in terms of discriminant ability, risk
reclassification and calibration?-?*. The similar discriminant ability and calibration of the LBM as the PCE and
SCORE2 suggest that estimates of CHD risk predicted by the LBM are, in general, comparable to those predicted
by the PCE and SCORE2. No previous studies have established CHD prediction models integrating multiple
lifestyle predictors, although up to 80-90% of CHD mortality cases may be attributable to lifestyle risk factors>?%,
The derivation and testing of the LBM, of which risk predictors are non-clinical, easy-to-assess lifestyle indicators
along with key demographic variables, offer possibilities of CHD risk prediction performed not only under
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Calibration of LBM
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clinical settings, but also under non-clinical community settings where routine collection of clinical markers is
not feasible. The widespread use of wearable devices coupled with significant advances in wearable technology
would allow for more streamlined acquisition and processing of the wearable-device-measured PA parameters
included in the LBM. Given that all predictive factors in the LBM are accessible without the need for laboratory
testing, this new predictive model will enable individuals to assess their cardiovascular risk conveniently at any
time and place. Such approaches hold great potential for facilitating pre-emptive identification of individuals at
elevated risk of cardiovascular events, allowing for the prompt implementation of preventive measures including
lifestyle modification®>?%. In this sense, while the use of the PCE and SCORE2 has been formally recommended
to use in the clinical setting,'® the LBM may be used as a feasible stand-alone CHD risk prediction tool in the
primary care setting. The LBM framework, as a non-invasive risk assessment tool leveraging wearable data,
highlights modifiable lifestyle factors to enable personalized cardiovascular risk evaluation. While the current
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«Fig. 3. Calibration plots and P-values for Greenwood-Nam-D’Agostino (GND) tests across four prediction

models. Notes: P-values reported are derived from Greenwood-Nam-D’Agostino tests, which examine the
null hypothesis that the observed and predicted probabilities in each group are identical, on average. The
slope represents the relationship between the observed and predicted probability, with the slope =1 suggesting
perfect calibration, on average. LBM: using age, sex, body mass index (BMI), dietary intake score, smoking
status (current, previous, never), and physical activity (mg). LBM + PRS: adding polygenic risk scores to

the LBM. PCE: using age, sex, smoking status (yes or no), total and high-density lipoprotein cholesterol
(mmol/l), treated or untreated systolic blood pressure (mmHg), and diabetes (yes or no). PCE + PRS: adding
polygenic risk scores to the PCE. SCORE2: using age, sex, smoking status (yes or no), total and high-density
lipoprotein cholesterol (mmol/l), systolic blood pressure (mmHg), and diabetes (yes or no). SCORE2 + PRS:
adding polygenic risk scores to the SCORE2. Abbreviations: CHD = coronary heart disease; LBM = Lifestyle-
Based Model; LBM + PRS = Lifestyle-Based Model plus polygenic risk score; PCE = Pooled Cohort Equations;
PCE + PRS =Pooled Cohort Equations plus polygenic risk score; PRS = polygenic risk score; RMSE = Root-
mean-square error (the standard deviation of the residuals); SCORE2 = Systematic COronary Risk Evaluation
2; SCORE2 + PRS = Systematic COronary Risk Evaluation 2 plus polygenic risk score.

LBM +PRS PCE +PRS SCORE2 +PRS

Estimate | 95%CI Estimate | 95%CI Estimate | 95%CI
Continuous NRI
Overall NRI 29.9% (27.9%, 32.1%) 28.4% (26.4%, 30.5%) 28.3% (26.2%, 30.4%)
NRI+ 15.3% (13.7%, 17.1%) 14.3% (12.8%, 16.0%) 14.3% (12.8%, 16.1%)
NRI- 14.7% (13.9%, 15.5%) 14.0% (13.2%, 14.9%) 13.9% (13.1%, 14.7%)
Categorical NRI
(7.5% - LBM)
(7.5% - PCE)
(10% - SCORE2)
Overall NRI 4.30% (3.54%, 5.01%) 4.29% (3.52%, 4.92%) 3.09% (2.57%, 3.66%)
NRI+ 4.78% (3.97%, 5.48%) 5.04% (4.21%, 5.71%) 3.45% (2.90%, 4.05%)
NRI- -0.49% (-0.60%, -0.38%) | -0.75% (-0.85%, -0.65%) | -0.35% (-0.42%, -0.29%)
IDI 0.62% (0.56%, 0.70%) 0.60% (0.53%, 0.68%) 0.59% (0.52%, 0.67%)

Table 1. Changes in risk reclassification when additionally including polygenic risk score (PRS) in
prediction models. Notes: The formula defining overall NRI, NRI+ and NRI- are shown as follows: Overall
NRI= P( P(down\cases) - P(up|non-cases) + P(down|n0n-cases); NRI+= P(up\cases) - P(down\cases); and NRI- =

(down|non—cases) ~ P (upjnon—cases)" “Cases” refer to individuals with the incidence of CHD, and “non-cases” refer
to individuals without the incidence of CHD; “up” means that the model with PRS added ranks an individual
into a higher risk category than the old model, whereas “down” means that the model with PRS added ranks
an individual into a lower risk category. LBM: using age, sex, body mass index (BMI), dietary intake score,
smoking status (current, previous, never), and physical activity (mg). LBM + PRS: adding polygenic risk scores
to the LBM. PCE: using age, sex, smoking status (yes or no), total and high-density lipoprotein cholesterol
(mmol/l), treated or untreated systolic blood pressure (mmHg), and diabetes (yes or no). PCE + PRS: adding
polygenic risk scores to the PCE. SCORE2: using age, sex, smoking status (yes or no), total and high-density
lipoprotein cholesterol (mmol/l), systolic blood pressure (mmHg), and diabetes (yes or no). SCORE2 + PRS:
adding polygenic risk scores to the SCORE2. Abbreviations: CHD = coronary heart disease; CI = confidence
interval; IDI = Integrated Discrimination Index; LBM = Lifestyle-Based Model; LBM + PRS = Lifestyle-Based
Model; NRI = Net Reclassification Improvement; PCE =Pooled Cohort Equations; PCE + PRS = Pooled
Cohort Equations plus polygenic risk score; PRS = polygenic risk score; SCORE2 = Systematic COronary Risk
Evaluation; 2SCORE2 + PRS = Systematic COronary Risk Evaluation 2 plus polygenic risk score.

up|cases)

design does not support longitudinal tracking of risk trajectory in response to lifestyle modifications, the
model’s capacity for self-assessments empower users with actionable feedback on lifestyle impacts. This iterative
approach may enhance heightened risk awareness—a crucial precursor to behavioral change—though its long-
term influence on lifestyle modifications requires further validation.

Improvements in predictive accuracy when incorporating PRS demonstrate the potential utility of genetic
markers in CHD risk prediction?’~*°. Previous studies using UK Biobank data found that adding PRS to the
PCE (i.e. PCE + PRS) modestly improved risk reclassification ability!*?°. While the present study corroborates
these findings on improved risk classification and discriminant ability, our results suggest that incorporating
PRS into PCE or SCORE2 may not necessarily enhance the calibration. For comparison, we found that adding
PRS into CHD risk prediction models based on lifestyle factors could lead to an improvement in not only
discrimination but also calibration. Notably, the increment in C-index was generally greater for the LBM than
for the PCE and SCORE2 when adding PRS. These phenomena may be explained by the inclusion of clinical
markers (e.g. blood pressure, cholesterol) as predictors in the PCE and SCORE2, which are characterised by the
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joint influences of environmental and genetic traits, with the latter having shared mechanisms accounted for
by genetic susceptibility to CHD (i.e. PRS)*!=33 Therefore, adding PRS to prediction models based on clinical
factors may confer a relatively smaller gain in discriminatory ability, and could, thereby, potentially decrease
calibration. Further research is needed to elucidate the extent to which clinical markers are modified by PRS for
CHD risk in order to validate the actual value of incorporating PRS into CHD risk prediction relying on standard
cardiovascular risk markers. Taken together, the addition of PRS into prediction models incorporating lifestyle
indicators or clinical risk markers could be taken into consideration with cautiousness in clinical applications
aimed at early identification of individuals at elevated risk of CHD, as well as improved prediction of CHD

risk®4%.
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on 10-year CHD risk estimates derived from prediction models. Notes: All participants are divided into
four risk reclassification groups according to their 10-year risk estimates predicted by models using the
cut-off point of 7.5% for LBM and PCE models; and the cut-off point of 10% for SCORE2. For example, the
‘shared high risk’ category (i.e. 10-year risk estimates >7.5% by both the LBM and LBM + PRS), followed by
‘up-classified’ (i.e. 10-year risk estimate >7.5% by LBM + PRS, while 10-year risk estimates <7.5% by LBM),
‘shared low risk’ (i.e. 10-year risk estimates <7.5% by both the LBM and LBM + PRS) and ‘down-classified’
(i.e. 10-year risk estimates <7.5% by LBM + PRS, while 10-year risk estimates >7.5% by LBM). LBM: using
age, sex, body mass index (BMI), dietary intake score, smoking status (current, previous, never), and physical
activity (mg). LBM + PRS: adding polygenic risk scores to the LBM. PCE: using age, sex, smoking status (yes
or no), total and high-density lipoprotein cholesterol (mmol/l), treated or untreated systolic blood pressure
(mmHg), and diabetes (yes or no). PCE + PRS: adding polygenic risk scores to the PCE. SCORE2: using
age, sex, smoking status (yes or no), total and high-density lipoprotein cholesterol (mmol/l), systolic blood
pressure (mmHg), and diabetes (yes or no). SCORE2 + PRS: adding polygenic risk scores to the SCORE2.
Abbreviations: CHD = coronary heart disease; CI=confidence interval; IDI = Integrated Discrimination Index;
LBM = Lifestyle-Based Model; LBM + PRS = Lifestyle-Based Model; NRI = Net Reclassification Improvement;
PCE =Pooled Cohort Equations; PCE + PRS =Pooled Cohort Equations plus polygenic risk score;
PRS = polygenic risk score; SCORE2 = Systematic COronary Risk Evaluation; 2SCORE2 + PRS = Systematic
COronary Risk Evaluation 2 plus polygenic risk score.
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Fig. 5. Estimates of 10-year cardiovascular risk distribution based on Lifestyle-Based Models across various
age and sex groups. Notes: The figure reflects the 10-year coronary heart disease risk estimates by LBM and
LBM +PRS in sex-specific and age-specific groups. LBM: using age, sex, body mass index (BMI), dietary intake
score, smoking status (current, previous, never), and physical activity (mg). LBM + PRS: adding polygenic

risk scores to the LBM. Abbreviations: LBM = Lifestyle-Based Model; LBM + PRS = Lifestyle-Based Model;

NRI = Net Reclassification Improvement.

Strengths and limitations

The present study has multiple strengths worth noting. First, we employed rigorous statistical procedures to
cross-validate the discriminant ability, risk reclassification and calibration of our newly developed prediction
model (e.g., LBM), and compared it against an established prediction model (PCE and SCORE2); while many of
the previous studies only presented the results of discrimination without calibration, and/or cross-validation®®.
Second, the use of a large-scale cohort dataset (n=291,151) with a large number of CHD events (n=13,063)
adjudicated over a median 13.8-year follow-up ensured sufficient statistical power in the conduct of training/
recalibration and testing of the models. Furthermore, the present study used wearable device data to derive
indicators of physical activity”’. Third, unlike traditional risk models that rely on clinical markers, our model
leverages non-invasive, wearable-derived lifestyle indicators, making it more accessible for broader population-
level screening and self-assessment.

However, several limitations must be considered when interpreting the findings of the present study. First,
the analysis was restricted to individuals of European ancestry from UK Biobank who have more favourable
metabolic profiles, compared with the general adult population,®! which limits the generalisability of our findings.
Nevertheless, this study informs future work on the construction of comparable lifestyle-based models for
feasible and accurate prediction of cardiovascular risk in individuals of different socio-economic backgrounds,
particularly those in developing countries where the burden of CHD is increasingly high with limited healthcare
resources>®?. Second, while the models included herein were all cross-validated, no external validation was
carried out using datasets external to UK Biobank data. Future studies are warranted to examine the external
validity of the models developed herein not only in non-UK Biobank samples but also in individuals of different
ethnic backgrounds and age ranges. Third, some of the self-reported predictors may have measurement errors,

Scientific Reports |

(2025) 15:36513 | https://doi.org/10.1038/s41598-025-99536-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

while the LBM demonstrated acceptable predictive accuracy as compared with the model performance of PCE
and SCORE2¥. Given these limitations, when replicating the LBM in other populations, the recalibration
process, as recommended by the working groups of PCE and SCORE2,%!! will be essential. Furthermore, we
only used data from baseline timepoint in explaining the lifestyle in the analyses. Future studies incorporating
larger samples of individuals with repeated measures are warranted to allow for prediction of CHD risk through
changes in risk predictors.

Conclusion

The novel LBM and LBM +PRS both have acceptable accuracy for the prediction of first-onset CHD events
comparing with PCE and SCORE2. The addition of PRS results in a modest improvement in the predictive
accuracy of CHD risk for the LBM, PCE and SCORE2 (except calibration). Our novel models integrating either
lifestyle predictors or in combination with genetic traits have great potential to serve as an accurate and feasible
CHD-risk prediction method.

Data availability

The dataset supporting the conclusions of this study is available in the UK Biobank repository. The Access Com-
mittee of the UK Biobank Board should be contacted if someone wants to request the data from this study.
Researchers interested in accessing the UK Biobank data can apply directly through the UK Biobank online
Access Management System (https://www.ukbiobank.ac.uk/). For further information on data acquisition and
statistical details, please contact Dr. Youngwon Kim at youngwon.kim@hku.hk.
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