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AI-based multiomics profiling reveals
complementary omics contributions to
personalized prediction of cardiovascular
disease

Yan Luo 1,2, Nan Zhang3, Jiannan Yang4,5, Mengyao Cui5, Kelvin K. F. Tsoi 6,
Gregory Y. H. Lip 7,8, Tong Liu3 & Qingpeng Zhang 2,5,9

Genomics, metabolomics, and proteomics offer complementary insights into
cardiovascular disease (CVD) risk. Leveraging UK Biobank data, we introduce
the CardiOmicScore, a multitask deep learning framework, to learn disease-
specific proteomic (ProScore) andmetabolomic (MetScore) risk scores for the
six most common CVDs by profiling 2920 proteins and 168 metabolites.
Experiments demonstrate that ProScore and MetScore are strong sole CVD
risk predictors (C-index range: 0.69–0.82 for ProScore and 0.64–0.74 for
MetScore), and can significantly enhance risk prediction across CVDs up to 15
years prior to disease onset when combined with clinical data, increasing the
C-indexby0.005–0.102. Thesefindings suggest that incorporatingmultiomics
profiling into clinical practice can improve personalized risk assessments at
early stages. CardiOmicScore also identifies important CVD-related proteins
and metabolites, which represent promising data-driven pathways, calling for
further external validation, to develop novel biomarkers and targeted thera-
pies, facilitating precision medicine for primary prevention of CVDs.

Cardiovascular diseases (CVDs) are the leading cause of mortality
worldwide, claiming an estimated 19.8 million lives in 2022 alone1,2.
This staggering figure is projected to rise further with the aging global
population, underscoring the urgent need for innovative strategies to
identify individuals at high risk and intervene early3–5.

Accurate CVD risk stratification is challenging since cardiovas-
cular risk is determined by the complex interplay of genetic, envir-
onmental, and lifestyle factors6. Several approaches, such as the
ASCVD and SCORE2, though widely used7–9, rely heavily on

conventional clinical risk factors and thus exhibit limited discrimina-
tion and calibration10. Recent endeavors to incorporate polygenic risk
scores (PRSs) have yielded only modest improvements and fail to
capture the pathophysiological processes underlying disease
progression11–14. Blood-based biomarkers offer a promising, non-inva-
sive, and cost-effective alternative, but their full potential remains
untapped11.

We are now entering the era of high-throughput metabolomics
and proteomics. These cutting-edge technologies further enable the
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measurement of awide range of proteins andmetabolites in the blood,
offering a comprehensive snapshot of the molecular mechanisms
driving CVDs11,15. While recent studies have suggested the potential of
metabolomics16–19 and proteomics20–33 data for risk prediction, a hol-
istic integration of genetics, omics-based biomarkers, and traditional
clinical risk factors has yet to be fully realized due to the scarcity of
longitudinal multiomics cohort data and the limitations in scalable
computational frameworks to handle heterogeneous data
modalities13,14,16,17,20–30.

Metabolomics and proteomics offer complementary insights into
CVD risk, with metabolomics providing a broad profile of metabolites
largely involved in lipoproteinmetabolism34, while proteomics focuses
on a detailed set of proteins related to coagulation, inflammation,
oxidative stress, and vascular remodeling35,36. Given the demonstrated
effectiveness of multiomics approaches in improving risk identifica-
tion for diseases such as diabetes and osteoarthritis37,38, integrating
these multiomics data with genetic risk and clinical information may
further enhance the predictive performance for cardiovascular risk.
Moreover, existing prediction models often directly input high-
dimensional omics data into linear regression to predict disease risk,
which are constrained by assumptions of non-correlation between
predictors and linear exposure-outcome associations16,18–20,23,25,27–32. In
fact, high-order correlations exist within and across different omics
data, highlighting the need for artificial intelligence (AI) algorithms to
capture these complex, nonlinear relationships and interactions, and
to generate informative low-dimensional representations for down-
stream disease risk prediction. Additionally, previous studies incor-
porating multiomics data have focused on a narrow set of CVDs, such
as myocardial infarction and atrial fibrillation18,19,31–33, restricting the
understanding of the shared pathways at the metabolomic and pro-
teomic levels across a broad spectrum of cardiovascular outcomes.

Our study aims to bridge this gap by proposing a groundbreaking
AI-based CardiOmicScore framework. Leveraging the unparalleled
depth of data in the UK Biobank (UKB), we introduced two advanced
deep learningmodels,MetNet and ProNet, designed to simultaneously
predict the risk of six CVDs using 168 metabolites and 2920 proteins,
respectively (Fig. 1). Unlike traditional models, both MetNet and
ProNet utilize a multitask architecture to learn high-dimensional
representations from metabolomics and proteomics data, generating
disease-specific risk scores, namely MetScore and ProScore, for a
comprehensive range of CVDs. These CVDs include coronary artery
disease (CAD), stroke, heart failure (HF), atrial fibrillation (AF), per-
ipheral artery disease (PAD), and venous thromboembolism (VTE)—
conditions with the highest global burden1. We further developed Cox
proportional hazards (CPH) models on various combinations of PRS,
MetScore, ProScore, and clinical risk factors to predict each CVD
onset. We evaluated the predictive performance, as well as the
potential clinical utility of all the models to investigate the additive
value of multiomics profiling in CVD risk prediction.

Results
Study population
A two-stage, individual-level data partitioning strategy was employed
to rigorously evaluate our model’s performance and generalizability
(see sub-section “Data partition and imputation” and Supplementary
Fig. 1). First, we excluded participants who had neither metabolomics
nor proteomics data available. Then, we divided the remaining parti-
cipants into the Metabolomics-only (N = 220,859; those with metabo-
lomics but not proteomics data), Proteomics-only (N = 19,086; those
with proteomics but not metabolomics data), and Multiomics
(N = 24,287; those with genomics, metabolomics, and proteomics
data) cohorts based on omics availability. The Metabolomics-only and
Proteomics-only cohorts were used within our CardiOmicScore fra-
mework to develop two deep learning models, MetNet and ProNet,
respectively. The Multiomics cohort was reserved as an untouched

validation set to assess the added predictive value of integrating dif-
ferent omics data.

Following best practices in recent UKB studies39–41, each of these
development cohorts was further split into training/validation sets
(England and Wales) and a geographic testing set (Scotland). Specifi-
cally, the Metabolomics-only cohort included 187,272 participants in
the training set, 20,808 in the validation set, and 12,779 in the geo-
graphic testing set, while the Proteomics-only cohort comprised
15,579, 1732, and 1775 participants in the training, validation, and
geographic testing sets, respectively. Baseline characteristics were
comparable between training and validation sets in both cohorts,
whereas significant differences were observed between training and
geographic testing sets (Supplementary Data 2 and 3), thus allowing a
robust assessment of the models’ regional generalizability.

Baseline characteristics and incident cases during follow-up
were broadly consistent across all study datasets. The median age of
participants at baseline was between 56.0 and 58.0 years. The pro-
portion of males ranged from 42.8% to 45.8%. The prevalence of
baseline medication use was comparable, with 15.8–18.1% of partici-
pants receiving lipid-lowering medication and 10.5–11.2% on anti-
hypertensive medication. The distribution of outcomes was also
similar, with 83.2–85.7% of participants remaining free of any inci-
dent CVD, 10.6–11.8% developing one CVD, and 3.7–5.0% developing
multiple CVDs. Detailed baseline characteristics and follow-up
information for each cohort are provided in Supplementary
Data 1–3 and Supplementary Fig. 2.

Omics information is the key driver of cardiovascular risk
stratification
Wederived theMetScore and ProScore for eachCVD using the trained
MetNet and ProNet with 168 metabolic and 2920 proteomic bio-
markers as input. We observed strong correlations among the Met-
Scores for the six different CVDs (Spearman correlation
coefficients = 0.78–0.96) and among the ProScores (Spearman corre-
lation coefficients = 0.87–0.94) (Supplementary Fig. 3). Additionally,
we constructed PRSs for all CVDs.

Participants were stratified into three risk groups (low, medium,
and high) based on the tertiles of the PRS, MetScore, and ProScore.
Kaplan-Meier survival curves showed significant differences across risk
groups defined by MetScore and ProScore for all CVDs (all log-rank
P <0.001) (Fig. 2a and b). In contrast, PRS risk groups exhibited sig-
nificant differences in survival curves only for CAD, stroke, AF, and VTE
(all log-rank P <0.001) (Supplementary Fig. 5a). Similar patterns were
observed in the correlation between observed event rates and the
percentiles of the three omics scores (Supplementary Fig. 4).

After adjusting for demographic information, healthy lifestyles,
family history of disease, disease and medication history, physical
measurements, and blood count, both categorical and continuous
analyses of ProScore, MetScore, and PRS showed significant associa-
tions with incident CVDs (Fig. 2c and Supplementary Fig. 5b). Partici-
pants in the top tertile of ProScore hadover a 1.68-foldhigher riskof all
CVDs ranging from stroke (hazard ratio [HR] = 1.68, 95% confidence
interval [CI] = 1.40–2.01) to CAD (HR= 2.18, 95% CI = 1.88–2.52) com-
pared with those in the bottom tertile. The top tertile group of Met-
Score was associated with an increased risk of all CVDs, with the
highest HRs observed in HF (HR = 1.64, 95% CI = 1.39–1.92) and CAD
(HR = 1.70, 95% CI = 1.49–1.94). Participants in the high PRS risk group
had a higher risk of stroke (HR = 1.25, 95% CI = 1.08–1.46), VTE (HR =
1.54, 95% CI = 1.33–1.78), CAD (HR = 1.65, 95% CI = 1.49–1.83), and AF
(HR = 1.89, 95% CI = 1.69–2.11) than those in the low PRS risk group.
When modeled as continuous variables (per 1-standard deviation [SD]
increase), ProScore, MetScore, and PRS remained significantly asso-
ciated with CVD risk, with HRs per SD increase ranging from 1.07 (95%
CI = 1.01–1.13) for PRS of stroke to 1.57 (95% CI = 1.49–1.66) for
ProScore of AF.
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Advancing cardiovascular risk prediction with the power of
omics information
We investigated the predictiveperformance of three omics scores, two
published algorithms for CVD risk assessment (ASCVDandSCORE2)7–9,
and three clinical predictor sets (AgeSex, Clin, and PANEL). TheClin set
contained 25 questionnaire-collected variables and physical measure-
ments relevant to cardiovascular risk, while the PANEL set built upon
the Clin set by additionally incorporating blood count information17,26.
ASCVD and SCORE2 were calculated using the published regression
equations (see sub-section “Clinical predictors and cardiovascular risk
scores”). Omics scores were treated as continuous variables, while
clinical predictors were included as either continuous or categorical
variables. Discriminative performance of all models, evaluated by
Harrell’s C-index, and differences in the C-index across models are
presented in Fig. 3. Among the three omics scores, ProScore showed

the highest performance for all CVDs with the C-index ranging from
0.69 (95%CI = 0.67–0.71) for VTE to 0.82 (95% CI = 0.80–0.84) for PAD
(Fig. 3a). The C-index of MetScore spanned from 0.64 (95%
CI = 0.61–0.66) for VTE to 0.74 (95% CI = 0.71–0.76) for PAD. Impor-
tantly, the strong performance of ProScore and MetScore was repli-
cated in their respective geographic testing sets, underscoring their
generalizability across distinct UK populations (Supplementary Fig. 6).
In contrast, PRSprovided themost limitedpredictive capacity (C-index
range =0.52–0.60). Finally, the discriminative performance increased
with more clinical predictors included in the CPH models for all dis-
eases (Fig. 3a).

Compared with baseline clinical-based models (i.e., AgeSex, Clin,
and PANEL), these models had significantly greater performance (i.e.,
95% CIs of delta C-index not including zero) in all CVDs after adding
omics scores (Fig. 3b). For the AgeSex set, a significant increase in the

AgeSex
Clin

PANEL

MetScore
PRS

ProScore
CPH (…)

CardiOmicScore framework Cox proportional hazard models

Cardiovascular disease

• Coronary artery disease
• Stroke
• Heart failure
• Atrial fibrillation
• Peripheral artery disease
• Venous thromboembolism

Predictors
Genomics

Metabolomics

Proteomics

Clinical information

a Study cohort

b Model development

Discrimination Calibration Decision curve

c Performance evaluations

2006–2010 Nov-Dec, 2023

UK Biobank

Neural networks

Metabolomics-only cohort 
Training/Validation set

N = 208,080
(10% for validation)

168 metabolites MetScore
per disease

Proteomics-only cohort
Training/Validation set 

N = 17,311
(10% for validation)

2,920 proteins ProScore
per disease

Proteomics-only cohort
Geographic testing set

for ProScore only  
N = 1,775

Metabolomics-only cohort
Geographic testing set

for MetScore only 
N = 12,779

Multiomics cohort
N = 24,287

Fig. 1 | Study design. aWe extracted data from the UK Biobank, including clinical,
genomic, metabolomic, and proteomic predictors, as well as six cardiovascular
diseases (CVDs) defined by self-reported diagnoses, hospital episode statistics, and
death records. b A two-stage data partition strategy was applied: the Multiomics
cohort, which remained untouched throughout model training and was used as an
independent validation set to evaluate the added value of integrating multiple
omics data types, and separate training, validation, and geographic testing sets
within the Metabolomics-only and Proteomics-only cohorts for model develop-
ment. Our CardiOmicScore framework utilized twomultitask deep neural networks
to predict the risk of six CVDs from 168 metabolites and 2920 proteins separately,

generating MetScore and ProScore for each CVD. We trained Cox proportional
hazards (CPH) models on various combinations of polygenic risk score (PRS),
MetScore, ProScore, and three predefined clinical predictor sets (i.e., AgeSex, Clin,
and PANEL). cModel performancewasfirst evaluated forMetScore and ProScore in
their respective geographic testing sets, and subsequently for all feature combi-
nations in the Multiomics cohort. Performance metrics included Harrell’s C-index,
calibration plots, and net benefit curves, with confidence intervals estimated using
1000 bootstrap resamples. Icons were designed by Freepik from Flaticon (www.
flaticon.com).
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Fig. 2 | MetScore and ProScore stratify the risk of cardiovascular diseases
(CVDs) (N = 24,287). Survival probabilities over time for six CVDs, stratified by the
tertiles ofMetScore (a) and ProScore (b). Solid lines represent survival probabilities
(measure of center), estimated using the Kaplan–Meier method, and shaded areas
represent 95% exponential Greenwood confidence intervals (error bands).
c Associations of CVD risk with MetScore and ProScore. Each score was analyzed
both as a categorical variable (tertile groups: low, medium, high; low as reference)
and as a continuous variable (per 1-standard deviation [SD] increase after

standardization).Data are presentedashazard ratios (measureof center) estimated
by Cox proportional hazards models with error bars representing 95% confidence
intervals. Allmodelswere adjusted for demographic information, healthy lifestyles,
family disease history, disease andmedicationhistory, physicalmeasurements, and
blood count. CAD coronary artery disease, HF heart failure, AF atrial fibrillation,
PAD peripheral artery disease, VTE venous thromboembolism. Source data are
provided as a Source Data file.
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C-index was observed with a range of 0.005 (95% CI = 0.001–0.013,
+PRS for stroke) to 0.102 (95% CI = 0.081–0.124, +PRS +ProScore for
PAD). The addition of ProScore achieved the greatest improvement in
model performance (0.040 for AF to 0.101 for PAD), followed by
MetScore (0.009 for AF to 0.051 for PAD). Although the improvements
weremoremodest than those observedwith the AgeSex-basedmodel,
adding omics scores to theClin- and PANEL-basedmodels still resulted

in significant performance improvements, with the delta C-index ran-
ging from 0.003 (95% CI = 0.001–0.006) to 0.049 (95%
CI = 0.036–0.061) for the Clin set and 0.003 (95%CI = 0.001–0.005) to
0.049 (95% CI = 0.035–0.061) for the PANEL set. Even for the PANEL
set that already contained predictive information, the inclusion of
omics signatures resulted in better discriminative performance for
all CVDs.

Fig. 3 | Predictive performance of multiomics for cardiovascular diseases.
a Discriminative performance of models trained on various predictor sets. Vertical
dashed lines indicate the performance of the three clinical predictor sets. Dis-
criminative performance was evaluated by Harrell’s C-index. b Differences in dis-
criminative performance (ΔC-index) by adding omics information to clinical

predictor sets. In both panels, data are presented as point estimates (measures of
center) with error bars representing 95% confidence intervals estimated from 1000
bootstrap resamples. PRS polygenic risk score, CAD coronary artery disease, HF
heart failure, AF atrial fibrillation, PAD peripheral artery disease, VTE venous
thromboembolism. Source data are provided as a Source Data file.
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We then used models combining the PANEL set with one omics
score (i.e., +PRS, +MetScore, or +ProScore) as baselines to demonstrate
the added value of incorporating additional omics features. Model
performance improved for all CVDs when additional omics features
were integrated into models already containing PRS (i.e., +PRS) or
MetScore (i.e., +MetScore) (Supplementary Fig. 7). Furthermore, when
using +ProScore as the baseline, adding PRS (either alone or in com-
bination withMetScore) improved prediction for CAD, stroke, AF, and
VTE, while incorporatingMetScore specifically improved performance
for CAD and stroke.

PANEL-based models achieve optimal calibration and net
benefit
We assessed the potential clinical utility of our models by two indica-
tors: calibration and net benefit. Calibration measures the extent to

which predicted risks align with observed risks42, while net benefit
quantifies the trade-off between true positives and false positives at
various decision thresholds43. To provide a summary measure of
overall clinical utility, we further calculated the area under the net
benefit curve (A-NBC)44. Models based on the PANEL set were well
calibrated for all outcomes as their calibration curves closely followed
the diagonal line (Fig. 4a). The consistency between the observed risks
and the predicted risks was greater in the PANEL-basedmodels than in
the AgeSex- and Clin-based models (Fig. 4a, Supplementary Fig. 8a,
and Supplementary Fig. 9a). The inclusion of omics information,
especially ProScore, improved standardized net benefits across a
range of decision thresholds compared with clinical-based models.
Specifically, themaximum improvement in A-NBC, achieved by the full
multiomics model (i.e., +PRS +MetScore +ProScore), ranged from 35.39
for stroke to as high as 212.36 for AF. The incremental benefits
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Fig. 4 | Model calibration and net benefit curves for cardiovascular diseases.
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peripheral artery disease, VTE venous thromboembolism. Source data are provided
as a Source Data file.
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diminished as the number of clinical predictors in the baseline models
increased (Fig. 4b, Supplementary Figs. 8b and 9b).

AI identifies disease-specific metabolites and proteins
We further utilized the Shapley Additive exPlanations (SHAP) method
to examine the relationship of metabolites and proteins with each
CVD. To capture global importance, we first calculated the mean
absolute SHAP value for each feature and normalized these values
within eachdisease. Figure 5a and b display the top 65metabolites and
77 proteins ranked by their global importance.

We focused on the top five metabolites and proteins to identify
the most impactful biomarkers for each disease. For metabolites, we
observed a partial overlap across the six CVDs. The commonly
impactful metabolites included creatinine, albumin, glutamine, fatty
acids such as linoleic acids (LA) and monounsaturated fatty acids
(MUFA), and lipoprotein components such as free cholesterol in
intermediate-density lipoprotein (IDL_FC), free cholesterol in very
large high-density lipoprotein (XL_HDL_FC), cholesteryl esters in chy-
lomicrons, and extremely large very-low-density lipoprotein
(XXL_VLDL_CE). Meanwhile, other biomarkers were important for
specific diseases, such as tyrosine and leucine for HF and AF, and
glycoprotein acetyls (GlycA) for PAD and VTE. For proteins, the
impactful biomarkers were more distinct among CVDs. We found that
NT-proBNP and NPPB were important for CAD, HF, and AF, while
GDF15 was important for CAD, HF, AF, and VTE. Other key associations
included MMP12 for CAD and PAD, CDCP1 for CAD, HF, and VTE,
EDA2R for CAD and stroke, NEFL for stroke and PAD, WFDC2 for HF
and PAD, and FASLG for stroke and VTE. The most important disease-
specific proteins also included KLK4 and CRIP2 for stroke; BCAN and
ELN for AF; PLB1 and ENDOU for PAD; and HPGDS and ADGRG2
for VTE.

The SHAP analysis also revealed that while the direction of the top
biomarker-disease associations was highly consistent across all six
CVDs, themagnitude of their contributions varied. We used CAD as an
example to illustrate the associations between plasma biomarkers and
disease risks. Among metabolites, higher plasma levels of creatinine,
GlycA, MUFA, tyrosine, glutamine, IDL_FC, and XL_HDL_FC were asso-
ciated with an increased risk of CAD, while lower levels of albumin, LA,
leucine, and XXL_VLDL_CE were associated with CAD risk (Fig. 6a). For
proteins, NT-proBNP, NPPB, GDF15, MMP12, CDCP1, EDA2R, NEFL,
WFDC2, KLK4, CRIP2, and ELN were positively associated with disease
risk, while a negative association was observed between CAD risk and
elevated levels of FASLG, BCAN, PLB1, ENDOU, HPGDS, and ADGRG2
(Fig. 6b). SHAP beeswarm plots of metabolites and proteins for other
diseases are provided in Supplementary Figs. 10 and 11. A summary of
the top-ranking metabolites and proteins is presented in Supplemen-
tary Data 4.

Sensitivity analyses
We evaluated the performance of 25 key individual biomarkers (8
metabolites and 17 proteins) that were selected for either their high
global importance in our CardiOmicScore framework (see sub-
section “AI identifies disease-specific metabolites and proteins”) or
their routine use in clinical practice. Overall, whether used indivi-
dually or combined with clinical risk factors, these key biomarkers’
discriminative ability was much weaker than that of MetScore or
ProScore (Supplementary Fig. 12). Additionally, the incremental
benefit of adding omics scores to clinical models was consistent
across age groups and sexes (Supplementary Fig. 13), as well as
among participants stratified by lipid-lowering and antihypertensive
therapy (Supplementary Fig. 14). We also found that the predictive
value of the omics scores remained unchanged after excluding inci-
dent cases that occurred within the first two years of follow-up
(Supplementary Fig. 15) or accounting for the competing risk of
death (Supplementary Fig. 16).

Moreover, our CardiOmicScore framework proved superior to
conventional machine learning methods for generating omics scores.
Specifically, MetScore and ProScore derived from MetNet and ProNet
demonstrated generally superior performance across multiple
CVDs compared to analogous scores developed using XGBoost,
LightGBM, random forest, and logistic regression (Supplementary
Fig. 17). Finally, after refitting the MetNet model in the subgroup of
participants not taking lipid-loweringmedications, themost impactful
metabolites included MUFA, glycine, creatinine, albumin, extra-large
high-density lipoprotein free cholesterol, glutamine, IDL_FC, tyrosine,
LA, and GlycA (Supplementary Fig. 18). Seven of these metabolites
overlapped with those highlighted in the main analysis. Furthermore,
although the individual predictive performance of some traditional
lipid-related biomarkers for CAD improved slightly after excluding
participants on lipid-lowering medication, their addition still provided
only limited improvement in predictive performance to the PANEL-
based model. This finding was consistent in both the full Multiomics
cohort and the subgroup excluding baseline users of lipid-lowering
medication (Supplementary Figs. 19 and 20).

Discussion
In a large-scale prospective population-based cohort, we developed
our CardiOmicScore framework, leveraging multitask deep learning
models and multiomics data to derive metabolomic (MetScore) and
proteomic (ProScore) risk scores for six CVDs. Our results showed that
both ProScore and MetScore improved risk stratification for all CVDs,
providing predictive informationcomplementary to traditional clinical
predictors. Additionally, the inclusion of omics signatures, particularly
ProScore, significantly enhanced CVD risk predictions, showing
superior discriminative performance compared to clinical-based
models. Importantly, these improvements in discrimination trans-
lated to clinical utility across all CVDs.

First, our study demonstrates the clinical benefits of integrating
multiomics in CVD risk assessment. Accurate risk stratification is
essential for designing tailored interventions to prevent adverse car-
diovascular outcomes. Traditional risk assessment methods often
focus on predictive factors one disease at a time, which is resource-
intensive and potentially limits feasibility in clinical settings17. Omics
data offer a novel approach, enabling simultaneous risk stratification
for multiple diseases through a single measurement that captures a
broad spectrum of molecular predictors17,19,21,26–30. This is particularly
relevant for CVDs given their shared metabolomic and proteomic
profiles, which reflect common biological pathways and overlapping
risk factors16,25. Furthermore, the integration of various omics data
types—each capturing distinct disease-associated markers—can pro-
vide complementary value and facilitate amore holistic understanding
of biological systems45. Specifically, genetic data offer long-term pre-
dictive information, while metabolomic and proteomic profiles pro-
vide dynamic insights into physiological processes11,15,17,19,26–29.

By systematically comparing models with different combinations
of clinical predictors and omics features, we demonstrated that the
integration of multiomics data significantly improved predictive per-
formance across several CVDs, beyond conventional clinical pre-
dictors or single omicsmeasurements. Theperformanceof ourmodels
was stable across age groups, biological sexes, and participants stra-
tified by lipid-lowering and antihypertensive therapy, suggesting their
robustness and broad applicability in diverse subpopulations. This
robustness was further confirmed by the findings that the predictive
value of the omics scores remained consistent after excluding early
incident cases or accounting for the competing risk of death. Our
models demonstrated not only strong discriminative performance but
also robust calibration. Importantly, they showed clinical net benefits
over different decision thresholds. These results further support the
clinical utility of multiomics data in CVD risk prediction, which allows
for simultaneous risk assessment for common CVDs even up to 15
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years before disease diagnosis, and thus informs early and targeted
primary prevention strategies11,30.

Second, we find that proteomics contributes most to enhancing
CVD risk prediction among the three omics. Consistent with previous
studies utilizing proteomics or metabolomics, we demonstrated their
high predictive value for multiple CVDs16–33. We further compared the
predictive performance of the three omics features for CVD risk,
finding that ProScore provided the greatest discriminative perfor-
mance, followed by MetScore. This aligns with findings from a pre-
vious study29.

The superior performance of proteomics can be attributed to its
dynamic nature, which captures the influences and interactions of
genetic and environmental factors, thereby better elucidating biolo-
gical pathways leading to CVD onset11,15,27,29. In contrast, PRS represents
only a static measure for an individual’s lifetime risk of disease and
provides no direct therapeutic insights11. Another explanation for the
superior performance of proteomics over metabolomics is the larger
number of input features in proteomics (2920 proteins vs. 168 meta-
bolites). Although the nuclear magnetic resonance (NMR) panel in the
UKB, a targeted metabolomics technique, includes hundreds of
metabolites, the majority are lipoproteins and lipid-related markers.
This limitationmay render thepanel insufficient for capturing complex
metabolomic profiles associatedwithCVDs, especially non-lipoprotein
metabolites46. In comparison, proteomics may cover broader CVD-
related pathological processes, including inflammation, immune reg-
ulation, coagulation, and vascular functions24,25,35,36.

Given these findings, our ProScore holds promise as an effective
and standardized tool to be integrated into clinical risk assessments to
enhance CVD risk prediction. Although the proteomics platform used
in this study is relatively expensive and not yet widely accessible, the
integration of multiomics into clinical workflows could become
increasingly cost-effective over time. As technology advances and
costs decrease, the use of omics data and AI models in routine clinical
practice could provide a more efficient, precise, and individualized
approach to cardiovascular risk assessment. By enabling early

identification of patients at high risk of CVD, clinicians may be able to
reduce the overall burden of CVD and improve patient outcomes in a
cost-effective manner.

Third, evaluating the contributions of important proteins and
metabolites to each CVD reveals underlying disease mechanisms and
potential therapeutic targets. We confirmed the role of proteins such
as NT-proBNP and NPPB, as well as metabolites such as albumin and
creatinine, in CVD risk assessment. These biomarkers are well-
established in epidemiological studies and are already part of rou-
tine clinical care47–50. However, our analyses revealed that ProScore
outperformed any single protein, such as NT-proBNP and NPPB, both
as an individual predictor andwhen added to clinicalmodels. Similarly,
individual metabolic biomarkers such as creatinine, albumin, and tra-
ditional lipid-related biomarkers (e.g., total lipids or cholesterol) yiel-
ded lower predictive performance compared to MetScore. These
findings suggest that the MetScore and ProScore may provide a more
comprehensive representation of disease-related molecular mechan-
isms than single biomarkers, and thus highlight the importance of
high-throughput metabolomics and proteomics in personalized CVD
risk prediction. Moreover, our CardiOmicScore framework out-
performed conventional machine learning algorithms, underscoring
the unique strength of the multitask deep learning architecture to
model complex, non-linear interactions in high-dimensional
omics data.

In addition to the established biomarkers, we identified several
less-studied circulating metabolites and proteins associated with CVD
risk, which were consistent with previous omics-based modeling
studies17,22–33. We observed a positive association between future CVD
and GlycA, a composite NMR-based signal and biomarker of systemic
inflammation51. In line with earlier findings, increasing levels ofMUFA52

and tyrosine53 were associatedwith a higher risk of CVDs, while we also
confirmed the protective role of LA52. Interestingly, while remnant
cholesterol is recognized as a causal risk factor for atherosclerotic
cardiovascular disease (ASCVD)54, we found that its components may
have inconsistent associationswith CVD risk: higher IDL_FC levels were
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associated with increased risk, whereas higher XXL_VLDL_CE levels
were associated with lower risk. These opposing associations warrant
future investigation, as they suggest that measuring IDL_FC and
XXL_VLDL_CE may further stratify risk beyond traditional LDL-
cholesterol levels.

Regarding proteins, our analysis identified a diverse spectrum of
protein biomarkers, revealing pathways that are shared across CVDs
and highly specific to individual diseases. Several proteins were asso-
ciated with multiple CVDs, suggesting common underlying patholo-
gical processes. For example, the stress- and inflammation-induced
cytokine GDF15 showed strong predictive value for CAD, HF, AF, and
VTE, acting as a general marker of systemic stress and broad cardio-
vascular pathology55,56. Similarly, MMP12, an enzyme involved in
extracellular matrix degradation and inflammatory responses, was
associated with both CAD and PAD57,58. The apoptosis-related ligand
FASLG, a key mediator of extrinsic cell death and vascular inflamma-
tion, was important for stroke and VTE59. In addition, the neuronal
damage marker NEFL, reflecting systemic neuroaxonal injury, was
predictive of both stroke and PAD, suggesting a mechanistic link
between neural injury and peripheral vascular events60. Beyond these
shared pathways, we also found several disease-specific proteins,
underscoring the distinct biology of each condition. Key specific
associations included such as CRIP2, a key regulator of cellular
responses to ischemia, with stroke61, and PLB1, involved in metabolic
regulation, with PAD62. Taken together, the identification of bio-
markers from such diverse pathways—covering cardiac stress, inflam-
mation, neuronal injury, and matrix remodeling—suggests that our
CardiOmicScore framework can capture a multi-system biological
signatureof cardiovascular risk that extends far beyond traditional risk
factors.

These key molecules not only serve as potential targets for new
therapeutic interventions to prevent or reverse CVD progression, but
also illuminate druggable pathways for repurposing existing medica-
tions—such as anti-inflammatory colchicine63. Our findings also sug-
gest that, based on individual omics profiling, cliniciansmay be able to
tailor treatments targeting the underlying biological mechanisms of
specific CVDs. For example, patients with high levels of inflammation
markers like GlycA may benefit from treatments aimed at reducing
systemic inflammation, while those with elevated proteins likeMMP12,
which is involved in extracellular matrix degradation, could be tar-
geted with therapies focused on preventing the vascular remodeling
that leads to atherosclerosis. Notably, our study provides only pre-
liminary evidence for the predictive importance of circulating bio-
markers; therefore, it must be clearly stated that these signatures are
not clinically generalizable or applicable until they have undergone
external validation.

The main strength of our study is the development of the Cardi-
OmicScore framework, which integrates multiomics data and deep
learning models to predict multiple CVDs within a large community-
based prospective cohort. We implemented a rigorous, two-stage
evaluation process, fully utilizing the UKB data to ensure our models’
generalizability by validating the MetScore and ProScore first on a
geographic testing set and subsequently on an untouched Multiomics
cohort. Additionally, we have deployed a demoof ourmodel on a user-
friendly platform (see “Code availability” section), where clinicians can
input clinical information and omics measurements to predict indivi-
dual CVD risk. With further validation in future research, this platform
maybe embedded into electronic health record systems, increasing its
clinical utility and accessibility.

Our study has several limitations. First, the current metabolomics
panel focuses on lipid-related markers. The predictive performance of
metabolomics techniques that cover more metabolic biomarkers
should be explored. Second, the proteomic and metabolomic data
were measured at baseline. This static snapshot may not capture the
dynamic changes in a person’s molecular profile over time, which

could also influence their long-term disease risk. Third, since the
majority of the UKB population is of European ancestry and white
ethnicity, the generalizability of our findings needs to be validated in
ethnically diverse populations to ensure broader applicability. Finally,
although we conducted geographic validation to assess model gen-
eralizability, our study still lacks an independent external validation.

Taken together, our study demonstrates that integrating genetic,
metabolomic, and proteomic data with traditional risk factors sig-
nificantly improves CVD risk stratification. The findings highlight the
potential of high-throughput omics technologies to uncover novel
biomarkers and mechanistic pathways associated with CVDs. By
leveraging these insights, clinicians can adopt a more personalized
approach to risk assessment and treatment planning, ultimately
improving patient outcomes. This comprehensive framework paves
the way for more precise and individualized cardiovascular care, with
the potential to incorporate additional diagnostic modalities in the
future.

In future work, our framework has the potential to be expanded
into a foundation model capable of incorporating additional impor-
tant information for CVD risk prediction, such as electrocardiograms
and coronary artery imaging. This foundationmodel could be adapted
for a wide range of downstream tasks, including individualized risk
assessment and personalized treatment planning. Large language
models (LLMs) could play a crucial role in this expansion by enhancing
the model’s ability to process and interpret complex, multimodal
medical data (e.g., medical records, imaging, and omics data). For
example, LLMs could help patients and healthcare professionals by
providing real-time insights onpatient riskprofiles, generating easy-to-
understand explanations, and suggesting personalized intervention
options based on integrated data. This integration could provide a
powerful tool for clinicians, enabling them to make data-driven deci-
sions more effectively and ultimately improve patient outcomes.

Methods
Study population
The UKB is a prospective cohort study that has collected extensive
genetic and phenotypic data from ~500,000 participants who were
recruited from 22 centers across the UK during 2006–201064. Meta-
bolomics and proteomics profiling were performed in plasma samples
collected at baseline froma randomly selected subset of ~280,000 and
~54,000 UKB participants. UKB has approval from the North West
Multi-Centre Research Ethics Committee as a Research tissue biobank
(REC reference 11/NW/0382). Participants provided written informed
consent. This study received approval from the UKB under application
number 79146.

Data partition and imputation
To rigorously evaluate model performance and ensure general-
izability, we adopted a two-stage individual-level data partition strat-
egy, designed to approximate external validationwhile fully leveraging
UKB data (Supplementary Fig. 1). First, we excluded participants who
lacked both metabolomics and proteomics data. The remaining par-
ticipants were then split into three cohorts based on omics data
availability: a Metabolomics-only cohort (N = 220,859; those with
metabolomics but not proteomics data), a Proteomics-only cohort
(N = 19,086; those with proteomics but not metabolomics data), and a
Multiomics cohort (N = 24,287; those with genomics, metabolomics,
and proteomics data). In our CardiOmicScore framework, we used the
Metabolomics-only and Proteomics-only cohorts to develop the
respective deep learningmodels (MetNet and ProNet) and to generate
the corresponding omics scores (MetScore and ProScore). To enable
geographic validation, we further split each of these two cohorts into a
training/validation set (England and Wales) and a geographic testing
set (Scotland) according to the recruitment regions, following
approaches commonly used in recent UKB studies39–41. TheMultiomics
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cohort was kept untouched throughout model training and was sub-
sequently used as an additional validation cohort to assess the incre-
mental benefit of integrating multiple omics data types for risk
prediction.

Categorical variables were one-hot encoded, and continuous
variables were standardized by the mean and standard deviation. We
used the K-nearest neighbors algorithm (scikit-learn v1.3.2 package)65,
setting the number of neighbors to five, to impute missing values for
continuous variables. Categorical variables were imputed with the
mode. For metabolomics or proteomics data, imputation and stan-
dardization of continuous variables were performed using parameters
derived exclusively from the training set. The fitted preprocessing
models were then applied to the corresponding validation and geo-
graphic testing sets, as well as the Multiomics cohort. To derive
imputation models and standardization parameters for subsequent
application to the Multiomics cohort, we constructed two cohorts
from all available individuals with relevant data: one for clinical infor-
mation (N = 427,225) and one for genomics (N = 412,797).

Ascertainment of cardiovascular diseases
The six CVDs analyzed in this study included coronary artery disease
(CAD), stroke, heart failure (HF), atrial fibrillation (AF), peripheral
arterydisease (PAD), and venous thromboembolism (VTE). All diseases
were ascertained based on self-reported diagnoses and operations,
hospital episode statistics, and death records. Self-reported informa-
tion was used only to determine the presence of CVDs at baseline.
Detailed definitions are provided in Supplementary Data 5. Follow-up
duration was calculated from the date of baseline assessment to the
date of incident outcomes, death, loss to follow-up, or end of available
registry follow-up (November 30, 2023 for England & Wales and
December 31, 2023 for Scotland66, whichever came first).

Multiomics data
Genetic data. Central quality control and imputation of genotypic
data are available in previous literature64. In brief, genotypes were
generated based on two closely related purpose-designed arrays (UK
BiLEVE Axiom andUKBiobank Axiom). Genotypeswere imputed using
the Haplotype Reference Consortium and the merged UK10K and
1000 Genomes as reference panels.

PRSs were calculated for all CVDs based on the following equa-
tion, implemented via PLINK 1.9 software within the ukbrapR v0.3.7R
package67,68.

PRSj =
Xn

i

βi*dosageij ,

where n is the number of single-nucleotide polymorphisms (SNPs), βi

is the effect size of SNP i, and dosageij is the number of risk alleles of
SNP i for individual j. Effect sizes of SNP-disease associations were
collected from published PRSs available in the PGS Catalog13,69–73. We
included 235 SNPs for CAD (PGS003438)13, 63 SNPs for stroke
(PGS005230)69, 38 SNPs for HF (PGS003969)70, 154 SNPs for AF
(PGS004905)71, 19 SNPs for PAD (PGS005158)72, and 297 SNPs for VTE
(PGS000753)73. Full lists of SNPs are provided in Supplementary
Data 6–11.

Metabolomics data. Metabolite biomarkers from EDTA-plasma sam-
ples were measured using Nightingale’s high-throughput NMR-based
platform34,74. A total of 249 metabolites were quantified, with 168 in
absolute concentrations and 81 ratios, covering lipoprotein lipids in
14 subclasses, apolipoproteins, fatty acids, cholesterol, cholesteryl
esters, amino acids, ketone bodies, glycolysis metabolites, fluid
balance-related metabolites, and inflammation biomarkers. Technical
variation in these NMR metabolic biomarkers was removed using the
ukbnmrv2.2Rpackage75.Wefinally included 168metabolic biomarkers

in absolute concentrations in the present study (Supplementary
Data 12)17.

Proteomics data. Detailed information on sample selection, data
processing, and quality control is provided in published documents76.
Briefly, proteomic profiling was performed in EDTA-plasma samples
using the Olink Explore 1536 and Explore Expansion platforms, which
measured 2923 unique proteins targeted by 2941 assays across four
panels containing cardiometabolic, inflammation, neurology, and
oncology. Protein measurements were expressed as normalized pro-
tein expression values on a log2 scale. After excluding three proteins
with over 50% missingness across samples (GLIPR1, NPM1, PCOLCE),
we included 2920 proteins in this study (Supplementary Data 13).

Clinical predictors and cardiovascular risk scores
Clinical predictors (n = 34) were collected at baseline, including
demographic information (age, sex, ethnicity, and Townsend depri-
vation index), healthy lifestyles (current smoking, daily alcohol intake,
sleep duration, physical activity, diet, and social connection), family
disease history (family history of heart disease, stroke, hypertension,
and diabetes), disease andmedication history (hypertension, diabetes,
lipid-lowering medication, and antihypertensive medication), physical
measurements (height, weight, waist circumference, waist-hip ratio,
body mass index, and systolic/diastolic blood pressure), and blood
count (hemoglobin concentration, hematocrit percentage, and the
count of leukocyte, lymphocyte, monocyte, neutrophil, eosinophil,
basophil, and platelet). We defined three clinical predictor sets—Age-
Sex, Clin, and PANEL. Detailed definitions are listed in Supplementary
Data 14. The Clin set consisted of 25 clinical predictors, covering
sociodemographic factors, lifestyle, health history, and physical mea-
surements, and the PANEL set extended the Clin set by adding blood
count data17,26. Additionally, we calculated two sex-specific cardiovas-
cular risk scores for primary prevention, ASCVD and SCORE2, that are
recommended by the American College of Cardiology and European
Society of Cardiology7–9 (Supplementary Methods).

Deep learning models
Model development. We developed two multitask deep neural net-
works, named MetNet and ProNet, to derive the MetScore and Pro-
Score for six CVDs, with 168 metabolites and 2920 proteins as the
input, respectively. MetNet was trained on the training set from the
Metabolomics-only cohort, and ProNet on the training set from the
Proteomics-only cohort, while their respective validation sets were
used to monitor model fitting and select the optimal checkpoints. The
final model was first evaluated on the geographic testing set to assess
generalizability across regions. Subsequently, the Multiomics cohort,
which remained untouched throughoutmodel development, was used
for a further performance evaluation.

MetNet andProNethad similarmodel architectures, consistingof a
shared network and six parallel, disease-specific networks (one for each
CVD) (Supplementary Fig. 21). The shared neural network (denoted
as “shared multilayer perceptron [MLP]”) included multiple fully
connected layers, each with a nonlinear activation function,
dropout, and batch normalization. The output of the shared network
(i.e., shared representation) is a high-dimensional representation,
capturing the common features for all CVDs. The disease-specific
network, comprising a disease-specific MLP and a predictor MLP, was
designed to learn disease-specific features and predict the risk of indi-
vidual diseases (i.e., whether the disease will occur or not). The original
metabolomic/proteomic biomarkers were fed into the disease-specific
MLP with nonlinear activation functions, dropout, and batch normal-
ization to obtain a disease-specific representation. The shared and
disease-specific representationswere then concatenated andpassedon
to the predictor MLP that included linear layers followed by nonlinear
activation functions, dropout, and batch normalization before the final
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single-output layer to generate the MetScore or ProScore for each
disease. These scores were subsequently used as predictors in CPH
models to assess their utility for cardiovascular risk prediction.
Binary cross-entropy was used as the loss function for each disease.
To address the class imbalance in multitask prediction, we applied
both sample-level and task-level weighting (Supplementary Methods).
At the sample level, the pos_weight parameter was calculated as the
ratio of the number of negative samples to positive samples for each
task, increasing the penalty for misclassifying positive cases and
encouraging themodel to paymore attention to rare events. At the task
level, each disease was assigned a weight equal to the inverse of its
number of positive samples, ensuring that tasks with fewer positive
cases contribute proportionally more to the overall loss. The final loss
was computed as the mean of the weighted losses across all tasks.

Our multitask design enables the simultaneous modeling of
multiple CVDs, accounting for individuals who experience several
events over time (e.g., CAD followed by stroke or HF). In this setup,
eachparticipant simultaneously contributes to the prediction tasks for
all six diseases. If a participant experiences multiple incident diseases,
they generate multiple non-zero losses but are only included once in
the dataset. This design avoids data duplication while fully leveraging
all available incident disease information17,26. It also reflects the clinical
reality in whichmultimorbidity is increasingly common, andwhere the
most useful risk predictionmodels are those capable of discriminating
the outcome of interest in the presence of co-occurring diseases27.

We performed random hyperparameter searches separately for
MetNet and ProNet using their respective training and validation sets.
Each model was trained and evaluated across 100 randomly sampled
hyperparameter configurations. Hyperparameters included the hid-
den layer architecture, dropout rate, and activation function for all
MLPs (Supplementary Data 15). The optimal hyperparameter combi-
nation for each model, provided in Supplementary Data 15, was
selected based on the highest average Harrell’s C-index across all six
CVDs on the validation set. Once the optimal architecture was deter-
mined, we trained the final models five times using different random
seeds to account for stochastic variability in the training process. The
ultimate MetScore and ProScore for each participant represent the
average of the predictions from these five independent runs, ensuring
the robustness of the final scores. The final models were trained using
the Adam optimizer. All deep learning models were developed in
Python v3.8.5 using PyTorch v1.11.0 package with hyperparameter
tuning using Optuna v4.0.0 package77,78.

Model interpretation. Since our deep learning models, MetNet and
ProNet, are black-boxmodels, we further employed the SHAPmethod
(shap v0.46.0 package), a post-hoc explanation algorithm, to explore
the relationships ofmetabolomic andproteomic biomarkerswith each
outcome. SHAP values, computed based on a game-theoretical
approach, can quantify the contribution of each predictor to the pre-
diction for each participant and explain the final prediction as the sum
of the SHAP value of each predictor79. Higher (or lower) SHAP values
imply large positive (or negative) contributions to the MetScore or
ProScore, where both scores were positively related to CVD risk. To
ensure stable and reliable interpretations, we generated SHAP values
for each of the five models trained with different random seeds. The
final SHAP value for each biomarker was calculated by averaging these
results across the five runs. We then calculated the mean absolute
SHAP values across all participants to obtain the global impact of each
predictor.We used all participants in theMultiomics cohort to explain
our models.

Statistical analyses
Baseline characteristics were summarized using median (IQR) for
continuous variables or numbers (percentages) for categorical vari-
ables. Chi-squared tests were used for categorical variables, and

Mann–Whitney U tests were used for non-normally distributed con-
tinuous variables to compare baseline characteristics between the
training and validation sets, and between the training and geographic
testing sets. Incidenceproportion for each specific CVDwas calculated
as the number of new cases for that disease divided by the total
number of participants at risk at baseline. All statistical analyses were
conducted using Pythonv3.8.5, and visualizationswereperformed inR
v4.3.3. A two-sided P <0.05 was considered statistically significant.

We conductedmodel performance evaluations on theMultiomics
cohort, including risk stratification, Harrell’s C-index, calibration plot,
and net benefit curve. For the risk stratification, we classified the par-
ticipants into tertile groups (low, medium, and high) based on PRS,
MetScore, and ProScore, respectively. Then, we used the
Kaplan–Meier curve (lifelines v0.27.8 package)80 to visualize the
cumulative survival probability over time and compared the survival
functions across groups using the log-rank test (lifelines v0.27.8
package). Finally, we fitted CPHmodels for each score to estimate HRs
with 95% CIs. Each score was analyzed both as a categorical variable
(tertiles, with the low group as the reference) and as a continuous
variable (per 1−SD increase).Allmodelswere adjusted for the following
covariates from the PANEL set: demographic information, healthy
lifestyle factors, family history of disease, disease and medication
history, physical measurements, and blood count.

CPHmodels were fitted on various predictor sets. Specifically, we
first developed models with only PRS, MetScore, or ProScore as con-
tinuous variables; next, wefittedmodels using clinical predictor sets of
AgeSex, Clin, and PANEL; finally, we added omics information to clin-
ical predictor-based models to assess the combined predictive power
of PRS, MetScore, and ProScore when integrated with traditional
clinical variables. For example, AgeSex +PRS +MetScore +ProScore
means we included age, sex, and three omics scores as the predictors
in theCPHmodel. AllCPHmodelswerefittedon theMultiomics cohort
using the lifelines v0.27.8 package, with a penalizer of 0.03 to facilitate
model convergence. We calculated the Harrell’s C-index to assess
model discriminative performance. The C-index was reported with a
point estimate and 95% confidence intervals (CIs) calculated via 1000
bootstrap resamples of the Multiomics cohort. Discriminative perfor-
mance was considered significantly different when the 95% CIs of the
C-index deltas did not include zero17,27.

Additionally, we predicted the probability of incident diseases at
15 years to draw calibration curves and net benefit curves, two
recommended metrics for calibration and clinical utility of prediction
models42,43. Calibration curves can measure the concordance between
observed event rates and predicted risks by CPH models, while net
benefit curves (dcurves v0.5.0 R package) are used to evaluate the net
benefit of prediction models compared with two strategies of treat all
patients and treat no patients. Since the net benefit was difficult to
interpret, we further calculated the standardized net benefit by
dividing it by its maximum value81. We also computed the area under
the net benefit curve (A-NBC) using trapezoidal numerical integration,
providing a summary metric of model performance44.

To test the robustness of our findings, we conducted six sensi-
tivity analyses. First, to evaluate the performance of key individual
biomarkers, we developed separate CPH models based on clinical
predictors in combination with one biomarker at a time. The bio-
markers selected for this analysis included those with high global
importance in our deep learning models (i.e., the top five non-
overlapping biomarkers by mean absolute SHAP value for each CVD,
resulting in 8 metabolites and 17 proteins) or routinely used in clinical
practice. Second, since age, sex, and lipid-lowering and anti-
hypertensive therapy may influence metabolomic or proteomic
profiles82–84, we refitted CPH models by age, sex, and baseline use of
lipid-lowering or antihypertensive medications to assess whether the
predictive performance of the models was consistent across sub-
groups. Third, to mitigate the potential for reverse causation, we
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repeated the primary analyses after excluding incident cases that
occurred within the first two years of follow-up for each respective
CVD. Fourth, to account for the competing risk of death, we fitted
Fine–Gray subdistribution hazardmodels, treating all-cause death as a
competing event (cmprsk v2.2.11 R package). Fifth, to demonstrate the
advantage of our CardiOmicScore framework for high-dimensional
omics data, we developed alternative MetScore and ProScore using
several statistical machine learning algorithms, including Extreme
Gradient Boosting (XGBoost, xgboost v2.0.3 package), LightGBM
(lightgbm v4.4.0 package), random forest (scikit-learn v1.3.2 package),
and logistic regression (scikit-learn v1.3.2 package), following an
identical development pipeline (Supplementary Methods and Sup-
plementary Data 16). We then compared the predictive utility of these
scores against those generated by MetNet and ProNet. Finally, to
investigate the potential effect of lipid-lowering treatment, we refitted
the MetNet using the same architecture but trained only on partici-
pants not taking lipid-lowering medication. We then calculated the
mean absolute SHAP values to identify the important metabolites
within this subgroup. Additionally, using the same analytical proce-
dure as our first sensitivity analysis, we evaluated the predictive per-
formance of traditional lipid-related biomarkers in the Multiomics
cohort after excluding baseline users of lipid-loweringmedication, and
compared it with their performance in the full set.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
This research has been conducted using data from the UK Biobank
(Application Number 79146). Researchers may apply for access to the
UK Biobank data through the UK Biobank website (https://www.
ukbiobank.ac.uk/). Source data are provided with this paper.

Code availability
Code associated with our paper is available at https://github.com/
YanLuoCityU/cardiomicscore. An online demo is available at https://
yanluocityu.github.io/cardiomicscore-website/.
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