
Association of circulating metabolites with risk of
coronary heart disease in a European population: results
from the biomarkers for cardiovascular risk assessment
in Europe (BiomarCaRE) Consortium

Ersin Cavus, Mahir Karakas, Francisco M. Ojeda, Jukka Kontto, Giovanni
Veronesi, Marco Mario Ferrario, Allan Linneberg, Torben Jørgensen, Christa
Meisinger, Barbara Thorand, Licia Iacoviello, Daniela Börnigen, Mark
Woodward, Renate Schnabel, Simona Costanzo, Hugh Tunstall-Pedoe,
Wolfgang Koenig, Kari Kuulasmaa, Veikko Salomaa, Stefan Blankenberg,
Tanja Zeller

Angaben zur Veröffentlichung / Publication details:

Cavus, Ersin, Mahir Karakas, Francisco M. Ojeda, Jukka Kontto, Giovanni Veronesi, Marco
Mario Ferrario, Allan Linneberg, et al. 2019. “Association of circulating metabolites with
risk of coronary heart disease in a European population: results from the biomarkers for
cardiovascular risk assessment in Europe (BiomarCaRE) Consortium.” JAMA Cardiology 4
(12): 1270–79. https://doi.org/10.1001/jamacardio.2019.4130.

Nutzungsbedingungen / Terms of use:

Dieses Dokument wird unter folgenden Bedingungen zur Verfügung gestellt: / This document is made available under these conditions:
Deutsches Urheberrecht
Weitere Informationen finden Sie unter: / For more information see:
https://www.uni-augsburg.de/de/organisation/bibliothek/publizieren-zitieren-archivieren/publiz/

licgercopyright

https://doi.org/10.1001/jamacardio.2019.4130
https://www.uni-augsburg.de/de/organisation/bibliothek/publizieren-zitieren-archivieren/publiz/


Association of Circulating Metabolites With Risk
of Coronary Heart Disease in a European Population
Results From the Biomarkers for Cardiovascular Risk Assessment
in Europe (BiomarCaRE) Consortium
Ersin Cavus, MD; Mahir Karakas, MD; Francisco M. Ojeda, PhD; Jukka Kontto, PhD; Giovanni Veronesi, PhD; Marco Mario Ferrario, PhD;
Allan Linneberg, MD; Torben Jørgensen, MD; Christa Meisinger, MD; Barbara Thorand, PhD; Licia Iacoviello, MD; Daniela Börnigen, PhD;
Mark Woodward, PhD; Renate Schnabel, MD; Simona Costanzo, PhD; Hugh Tunstall-Pedoe, MD; Wolfgang Koenig, MD;
Kari Kuulasmaa, PhD; Veikko Salomaa, MD; Stefan Blankenberg, MD; Tanja Zeller, PhD; for the BiomarCaRE consortium

IMPORTANCE Risk stratification for coronary heart disease (CHD) remains challenging
because of the complex causative mechanism of the disease. Metabolomic profiling offers the
potential to detect new biomarkers and improve CHD risk assessment.

OBJECTIVE To evaluate the association between circulating metabolites and incident CHD in
a large European cohort.

DESIGN, SETTING, AND PARTICIPANTS This population-based study used the Biomarkers for
Cardiovascular Risk Assessment in Europe (BiomarCaRE) case-cohort to measure circulating
metabolites using a targeted approach in serum samples from 10 741 individuals without
prevalent CHD. The cohort consisted of a weighted, random subcohort of the original cohort
of more than 70 000 individuals. The case-cohort design was applied to 6 European cohorts:
FINRISK97 (Finland), Monitoring of Trends and Determinants in Cardiovascular
Diseases/Cooperative Health Research in the Region of Augsburg (MONICA/KORA;
Germany), MONICA-Brianza and Moli-sani (Italy), DanMONICA (Denmark), and the Scottish
Heart Health Extended Cohort (United Kingdom).

MAIN OUTCOMES AND MEASURES Associations with time to CHD onset were assessed
individually by applying weighted and adjusted Cox proportional hazard models. The
association of metabolites with CHD onset was examined by C indices.

RESULTS In 10 741 individuals (4157 women [38.7%]; median [interquartile range] age, 56.5
[49.2-62.2] years), 2166 incident CHD events (20.2%) occurred over a median (interquartile
range) follow-up time of 9.2 (4.5-15.0) years. Among the 141 metabolites analyzed, 24 were
significantly associated with incident CHD at a nominal P value of .05, including
phosphatidylcholines (PCs), lysoPCs, amino acids, and sphingolipids. Five PCs remained
significant after correction for multiple testing: acyl-alkyl-PC C40:6 (hazard ratio [HR],
1.13 [95% CI, 1.07-1.18]), diacyl-PC C40:6 (HR, 1.10 [95% CI, 1.04-1.15]), acyl-alkyl-PC C38:6
(HR, 1.11 [95% CI, 1.05-1.16]), diacyl-PC C38:6 (HR, 1.09 [95% CI, 1.04-1.14]) and diacyl-PC
C38:5 (HR, 1.10 [95% CI, 1.05-1.16]). Lower levels of these metabolites were associated with
increased risk of incident CHD. The strength of the associations competes with those of
classic risk factors (C statistics: acyl-alkyl-PC C40:6, 0.756 [95% CI, 0.738-0.774], diacyl-PC
C40:6, 0.754 [95% CI, 0.736-0.772], acyl-alkyl-PC C38:6, 0.755 [95% CI, 0.736-0.773],
diacyl-PC C38:6, 0.754 [95% CI, 0.736-0.772]), diacyl-PC C38:5, 0.754 [95% CI,
0.736-0.772]). Adding metabolites to a base risk model including classic risk factors
high-sensitivity C-reactive protein and high-sensitivity troponin I did not improve
discrimination by C statistics.

CONCLUSIONS AND RELEVANCE Five PCs were significantly associated with increased risk
of incident CHD and showed comparable discrimination with individual classic risk factors.
Although these metabolites do not improve CHD risk assessment beyond that of classic risk
factors, these findings hold promise for an improved understanding of the pathophysiology of
CHD.

Author Affiliations: Author
affiliations are listed at the end of this
article.

Group Information: BiomarCaRE
consortium information appears at
the end of the article.

Corresponding Author: Tanja Zeller,
PhD, University Heart Center
Hamburg, Clinic for General and
Interventional Cardiology,
Martinistraße 52, 20246 Hamburg,
Germany (t.zeller@uke.de).

1270

https://jamanetwork.com/journals/jama/fullarticle/10.1001/jamacardio.2019.4130?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamacardio.2019.4130
mailto:t.zeller@uke.de
http://www.jamacardiology.com/?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamacardio.2019.4130


C oronary heart disease (CHD) constitutes an increasing
public health burden worldwide.1 Improvement of car-
diovascular risk stratification might advance preven-

tive therapies. Current risk stratification is mainly based on clas-
sic risk factors, including the European Society of Cardiology
or American Heart Association/American College of Cardiol-
ogy recommended scores.2,3 However, these scores do not in-
clude the numerous environmental and genetic and epigen-
etic factors that reflect the complex and heterogenic causative
mechanisms of CHD.4,5 Consequently, efforts have been un-
dertaken to identify novel molecular markers of risk. Metabo-
lomics, the systematic study of small molecules (<1.5 kDa), is
a powerful approach to unravel metabolic disturbances linked
to pathological conditions and may improve disease prognos-
tication. The field of metabolomics and its applications to car-
diovascular disease has evolved rapidly.6 Prior studies pro-
vided the first steps toward identification of metabolic
disturbances in cardiovascular disease, suggesting a poten-
tial added value of metabolites as biomarkers for CHD.7-14

The aim of this study was to evaluate the association be-
tween circulating metabolites and CHD and assess the capa-
bility of metabolomics for the prognostication of incident CHD
events in the general population. Using the harmonized data-
base and biobank of the European Biomarkers for Cardiovas-
cular Risk Assessment in Europe (BiomarCaRE) project and a
large-scale approach, we evaluated the prognosticative val-
ues of 141 metabolites in more than 12 000 European individu-
als from the general population of Europe.

Methods
Study Cohorts and Definition of End Points
The study was conducted within the multinational Biomar-
CaRE project.15 Baseline variables, phenotypes, CHD events,
and follow-up information from large population-based Eu-
ropean cohorts have been harmonized in the Monica Risk, Ge-
netics, Archiving and Monograph (MORGAM) database.16 All
participating cohorts complied with the Declaration of Hel-
sinki, and all local ethics review boards have approved the
study protocol. The study protocol was approved by the local
ethics review boards of all study centers, and all participants
provided written informed consent.

In the current study, a case-cohort design was applied,
including 6 European cohorts: FINRISK97 (Finland), Moli-
sani (Italy), Monitoring of Trends and Determinants in Car-
diovascular Diseases/Cooperative Health Research in the
Region of Augsburg (MONICA/KORA; Germany), MONICA-
Brianza (Italy), Danish-Multinational Monitoring of Trends
and Determinants in Cardiovascular Disease (DanMONICA;
Denmark), and Scottish Heart Health Extended Cohort
(United Kingdom).15,17 Briefly, the present case-cohort set
consisted of a weighted random subsample (subcohort) of
those in the original cohort of more than 70 000 individuals
who had no history of myocardial infarction, stroke, heart
failure, and atrial fibrillation and who were selected inde-
pendently of the definition of cases, plus all individuals of
the cohort who developed CHD during the follow-up period.

In SHHEC, the case-cohort selection was done from a ran-
dom half of the full cohort.

Completeness of follow-up for the case cohort was 96.4%
(12 462 of 12 928 individuals). Baseline serum samples from
12 928 individuals with 2166 incident CHD events were ana-
lyzed for the present study (eFigure 1 in the Supplement). De-
tails of the individual cohorts are provided in eAppendix 1 in
the Supplement. Baseline characteristics according to the in-
dividual cohorts are provided in eTable 1 and eTable 2 in the
Supplement.

Incident CHD was defined as the first fatal or nonfatal coro-
nary event (including definite or possible acute myocardial in-
farction, possible coronary death, or unstable angina pecto-
ris) during the follow-up period. Details on the event
classification in each cohort are provided in the description of
MORGAM cohorts.18 Measurements of biomarkers high-
sensitive C-reactive protein (hsCRP) and high-sensitive tro-
ponin I (hsTnI) have been described previously.19

Measurement of Metabolites and Data Processing
The AbsoluteIDQ p180 Kit (BIOCRATES Life Sciences AG) was
used for sample preparation according to the manufacturer’s
recommendation. A total of 184 metabolites from 5 analytic
groups (amino acids, biogenic amines, acylcarnitines, glyc-
erophospholipids, sphingolipids, and sugars) were quanti-
fied simultaneously using liquid chromatography and flow-
injection analysis mass spectrometry. Measurements were
performed on a TSQ Vantage (Thermo Fisher Scientific) con-
nected to an UltiMate 3000 Pump/Autosampler (Thermo Fisher
Scientific). For quantification, isotope-labeled internal stan-
dards and 7 calibrators of different concentration levels were
used. In addition, 3 different levels of quality controls were in-
cluded, from which quality control 2 was used for data nor-
malization, containing metabolite levels most comparable with
physiological levels. A detailed description of the sample prepa-
ration is provided in eAppendix 2 in the Supplement.

Normalization of metabolite levels was performed across
the entire BiomarCaRE case-cohort set to ensure harmoniza-
tion. Normalizing each metabolite level was corrected by a fac-
tor determined from the ratio of the median of all quality con-
trol level 2 values across all plates and the median of the

Key Points
Question Which circulating metabolites are associated with
incident coronary heart disease, and what is their value for
assessing the prospective incidence of coronary heart disease?

Findings In the multinational and population-based Biomarkers
for Cardiovascular Risk Assessment in Europe, the case cohort
consisted of a weighted, random subcohort of an original cohort of
more than 70 000 individuals, and 5 phosphatidylcholines were
significantly associated with risk of incident coronary heart disease
and showed comparable prognosticative values as individual
classic risk factors.

Meaning These findings underline the value of metabolomics for
biomarker discovery and demonstrate the potential for use of
phosphatidylcholines in coronary heart disease risk assessment.
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reference samples from the corresponding plates. Within each
cohort, no strong batch effects were observed. After data nor-
malization, metabolites were excluded from all subsequent
analyses if more than 30% of measurements were missing or
more than 50% of measurements were at less than the level
of detection (LOD). Additionally, samples were excluded from
the analyses if more than 50% of metabolites were missing.
A global LOD value was defined for each metabolite of the flow-
injection analysis part that corresponds to the highest LOD
value across all plates being measured, while the liquid chro-
matography LOD values were taken from the Biocrates p180
Kit manual. As a consequence, all subsequent data analyses
were performed on 141 metabolites and 10 741 samples in total
(eFigure 1 in the Supplement). An equal distribution of risk fac-
tors and confounding variables were observed between the
CHD case-cohort set before and after normalization and qual-
ity control (12 928 individuals and 10 741 individuals, respec-
tively) (eTable 3 in the Supplement).

Statistical Analyses
To impute missing measurements, multiple imputation was
performed using multivariate imputations by chained
equations.20 A total of 20 imputed data sets were created. For
the metabolites, a log-normal model was used (for missing val-
ues known to be less than the LOD, the imputed values were
drawn from truncated log-normal distribution). For all other
variables, predictive mean matching was used. The event in-
dicator (CHD) and the Nelson-Aalen estimate of the cumula-
tive survival function of the time to CHD were included in the
imputation model. The imputation was done separately for
each center and sex.

To calculate correlations of log-transformed metabolites
with each other and with cardiovascular risk factors (sex, age
at examination, systolic blood pressure, total cholesterol, high-
density lipoprotein [HDL] cholesterol, body mass index [BMI;
calculated as weight in kilograms divided by height in meters
squared], diabetes, daily smoker status, and antihyperten-
sive treatment), Pearson correlation coefficients were calcu-
lated. For this, only the subcohort was used, and the observa-
tions were weighted by the inverse of the inclusion probability.

Associations with time to CHD were assessed for each of
the 141 log-transformed metabolites individually by applying
weighted Cox proportional hazard models adjusted for BMI,
systolic blood pressure, antihypertensive treatment, diabe-
tes, total cholesterol, sex, daily smoker status, study center,
and age at examination. Adjustment for age, sex, daily smoker
status, and study center was performed without modeling their
effects; age was used as the time scale, and the other 3 factors
were used as stratification variables in the Cox models. For all
Cox regression analyses, the case-cohort design was taken into
account using methods described by Kulathinal et al.17 More
specifically, in Cox regressions, individuals were weighted with
inverse subcohort-sampling probability weights, and robust
standard errors were used. Nominal significance was met at a
P value of .05 or lower. After Bonferroni correction for mul-
tiple testing, significance was met if P values were less than
4.43 × 10−4 (.05 divided into 113). The number of tests used in
the Bonferroni correction (n = 113) was estimated following the

methods described in Gao et al.21 This method estimates the
effective number of tests as the number of principal compo-
nents of the log-metabolites that explain 99.5% of the varia-
tion. To further assess the effect of renal function and lipid me-
tabolism, any significant findings after Bonferroni correction
were additionally adjusted for estimated glomerular filtra-
tion rate and non-HDL cholesterol instead of total choles-
terol. Hazard ratios (HRs) for the log-metabolites were re-
ported per each 1-SD increase, in which the SD was calculated
in the subcohort. For a direct comparison of HRs of metabo-
lites and risk factors, log-metabolite levels were multiplied
by −1. Sex-specific HRs for the log-metabolites were esti-
mated by adding sex–log-metabolite interactions to the Cox
models. Similarly, log-metabolite HRs for those using vs not
using lipid-lowering medication were computed by includ-
ing the interactions of lipid-lowering medication status and log-
metabolites in the Cox models. This analysis was performed
only on the Moli-sani and FINRISK97 cohorts because of the
availability of information on lipid-lowering medications. Cox
regressions in each study center were also performed, and
the I2 statistic and prediction intervals for the HRs were
calculated.22,23

Survival curves were estimated by the Kaplan-Meier
method. Methods previously described17 were used to ac-
count for the case-cohort design. Age was used as the time
scale. For each of the significant metabolites after Bonferroni
correction, HRs according to tertiles of the metabolite levels
were calculated using Cox models. The tertiles were defined
using the subcohort, and analyses were weighted by the in-
verse of the inclusion probabilities. Two models of adjust-
ment were used: (1) basic adjustment for age at examination,
sex, and study center and (2) full adjustment using BMI, sys-
tolic blood pressure, antihypertensive treatment, diabetes, total
cholesterol, sex, daily smoker status, study center, and exami-
nation age. As before, age was used as the time scale and sex,
daily smoker status, and study center were used as the strata.

The prognosticative value of the metabolites was exam-
ined in terms of discrimination, as assessed by C indices. Prob-
abilities of CHD within the next 10 years were estimated for
each combination of sex, daily smoking status, and study cen-
ter by fitting a Weibull model with age as the time scale and
the linear predictor in the corresponding Cox model. In the es-
timation of these probabilities, 10-fold cross-validation was
used. We computed the 95% CIs and P values for differences
of the C indices using the methods described in Antolini et al.24

All statistical analyses were performed using R version 3.4.4
(R Development Core team).

Results
The analysis included 10 741 individuals (FINRISK, n = 1771; Bri-
anza, n = 511; Moli-sani, n = 1364; MONICA/KORA, n = 1085;
DanMONICA, n = 3432; and SHHEC, n = 2578) without CHD at
baseline, including 4157 women (38.7%) and 6584 men, with
a median (interquartile range) age of 56.5 (49.2-62.2) years.
During a median (interquartile range) follow-up time of 9.2 (4.5-
15.0) years, 2166 individuals (20.2%) experienced an inci-
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dent CHD event, including 677 fatal CHD events (6.3% of par-
ticipants) and 1489 nonfatal CHD events (13.9% of participants).
The prevalence of hypertension, diabetes, and daily smoking
at baseline was 48.1% (5169 participants), 5.2% (562 partici-
pants), and 31.8% (3416 participants), respectively. The base-
line characteristics and CHD event numbers for the overall co-
hort, as well as individuals with and without incident CHD
events, are summarized in Table 1.

The baseline characteristics, weighted to represent the full
cohort according to the case-cohort design,17 as well as ac-
cording to sex, are provided in eTable 4 and eTable 5 in the
Supplement. Levels of 141 serum metabolites were analyzed,
and mean metabolite levels are presented in eTable 6 in the
Supplement.

In this analysis, 24 individual metabolites were nomi-
nally associated with CHD at a P value of .05 or less. These 24
metabolites belonged to 3 different metabolite classes (phos-
phatidylcholines [PC]), amino acids, and sphingolipids;
Table 2). Pearson correlations of individual significant me-
tabolites are shown in eFigure 2 in the Supplement. When con-
trolling for multiple testing, 5 PCs remained significant (HRs:
acyl-alkyl-PC C40:6, 1.13 [95% CI, 1.07-1.18]; P = 3.01 × 10−6;
diacyl-PC C40:6, 1.10 [95% CI, 1.04-1.15]; P = 4.28 × 10−4; acyl-
alkyl-PC C38:6, 1.11 [95% CI, 1.05-1.16]; P = 4.61 × 10−5; dia-
cyl-PC C38:6, 1.09 [95% CI, 1.04-1.14]; P = 1.8 × 10−4; dia-
cyl-PC C38:5, 1.10 [95% CI, 1.05-1.16]; P = 1.07 × 10−4; Figure 1;
Table 2). All significant metabolites were negatively associ-
ated with CHD. The associations were consistent between men
and women, with slightly higher HRs in women; all were non-
significantly different, with the exception of acyl-alkyl-PC
C40:6 (men: HR, 1.09 [95% CI, 1.02-1.15], P = .009; women:
HR, 1.21 [95% CI, 1.11-1.31]; P = 1.3 × 10−5; interaction P = .04).
Associations of the 5 significant PCs with CHD per study cen-

ter are illustrated in eFigure 3 in the Supplement, including for
acyl-alkyl-PC C40:6 (FINRISK: HR, 1.31 [95% CI, 1.15-1.50];
P = 4.77 × 10−5; SHHEC: HR, 1.29 [95% CI, 1.17-1.43];
P = 3.11 × 10−7), acyl-alkyl-PC C38:6 (FINRISK: HR, 1.26 [95%
CI, 1.11-1.44]; P = 3.55 × 10−4; SHHEC: HR, 1.22 [95% CI, 1.13-
1.32]; P = 1.42 × 10−7), diacyl-5 PC C38:5 (FINRISK: HR, 1.21
[95% CI, 1.06-1.37]; P = .004; SHHEC: HR, 1.23 [95% CI, 1.14-
1.34]; P = 5.92×10−7), diacyl-PC C38:6 (FINRISK: HR, 1.30 [95%
CI, 1.15-1.47]; P = 3.62×10−5; SHHEC: HR, 1.11 [95% CI, 1.04-
1.19]; P = .003), and diacyl-PC C40:6 (FINRISK: HR, 1.25 [95%
CI, 1.10-1.43]; P = 8.67×10−4; SHHEC: HR, 1.27 [95% CI, 1.15-
1.40]; P = 1.32×10−6). Importantly, the associations of these 5
significant metabolites were not attenuated after additional ad-
justments for estimated glomerular filtration rate and non-
HDL cholesterol instead of total cholesterol (eTable 7 in the
Supplement).

Because medications, such as lipid-lowering drugs, might
affect the levels of metabolites, an interaction analysis was per-
formed in the subset of the case-cohort set in which data on
lipid-lowering medications were available. As shown in
eTable 8 in the Supplement, lipid-lowering medication use had
no significant association with the prognosticative values of
the PCs.

Comparing the association between the 5 significant CHD-
associated PCs and classic cardiovascular risk factors (BMI, sys-
tolic blood pressure, diabetes, and total cholesterol), showed
only a slightly weaker association for metabolites than some
of the classic risk factors. For instance, for acyl-alkyl-PCs C40:6
(HR, 1.13 [95% CI, 1.07-1.18]; P = 3.01 × 10−6) and C38:6 (HR,
1.11 [95% CI, 1.05-1.16]; P = 4.61 × 10−5), the strength of asso-
ciation was similar to those of BMI (HR, 1.14 [95% CI, 1.07-
1.20]; P = 3.10 × 10−5) and systolic blood pressure (HR, 1.17 [95%
CI, 1.10-1.23]; P = 3.28 × 10−8) (Figure 2).

Table 1. Baseline Characteristics

Characteristic
Overall
(N = 10 741)

Individuals With
Incident Coronary
Heart Disease
(n = 2166)

Individuals Without
Incident Coronary
Heart Disease
(n = 8575)

Age at baseline examination, median (IQR), y 56.5 (49.2-62.2) 56.6 (49.9-61.2) 56.5 (49.0-62.6)

Cardiovascular risk factors, median (IQR)

BMI 26.2 (23.7-29.1) 26.6 (24.2-29.4) 26.1 (23.6-29.0)

Systolic blood pressure, mm Hg 135 (121-150) 137 (125-153) 134 (121-150)

Diastolic blood pressure, mm Hg 82 (75-90) 84 (76-92) 82 (74-89)

Total cholesterol, mg/dL 232 (201-263) 244 (217-278) 228 (201-259)

High-density lipoprotein cholesterol, mg/dL 53.0 (44.1-64.2) 49.4 (41.0-60.3) 54.1 (45.2-65.0)

Low-density lipoprotein cholesterol, mg/dL 146 (122-175) 159 (134-188) 143 (119-171)

Triglycerides, mg/dL 123 (89-180) 143 (103-212) 118 (85-172)

Cardiovascular risk factors, No. (%)

Daily smoking status 3416 (31.8) 958 (44.2) 2458 (28.7)

Diabetes mellitus 562 (5.2) 187 (8.6) 376 (4.4)

Hypertension 5169 (48.1) 1151 (53.2) 4018 (46.9)

Antihypertensive medication 1795 (16.7) 429 (19.8) 1366 (15.9)

Coronary heart disease end points, No. (%)

Total cases 2166 (20.2) 2166 (100) NA

Fatal cases 677 (6.3) 677 (31.3) NA

Nonfatal cases 1489 (13.9) 1489 (68.7) NA

Abbreviations: BMI, body mass index
(calculated as weight in kilograms
divided by height in meters squared);
IQR, interquartile range; NA, not
applicable.

SI conversion factors: To convert total
cholesterol, high-density lipoprotein
cholesterol, and low-density
lipoprotein cholesterol to mmol/L,
multiply by 0.0259; to convert
triglycerides to mmol/L, multiply
by 0.0113.
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To assess the ability of the 5 PC metabolites to estimate CHD
risk, Kaplan-Meier survival analyses according to tertiles of me-
tabolite levels using age as the time scale were performed.
Figure 3 shows unadjusted Kaplan-Meier curves of CHD event-
free time for each of the 5 PC metabolites, while eFigure 4 in
the Supplement shows HRs across metabolite tertiles. A de-
crease in CHD risk was observed across increasing tertiles. In-
dividuals in the highest tertile of metabolite distributions had
a decreased risk of developing future CHD compared with those
in the lowest tertile (acyl-alkyl-PC C40:6: HR, 1.21 [95% CI, 1.06-
1.37]; P = .004; acyl-alkyl-PC C38:6: HR, 1.29 [95% CI, 1.12-
1.47], P = 2.29 × 10−4; diacyl-PC C38:5: HR, 1.14 [95% CI, 1.00-
1.29], P = .05; diacyl-PC C38:6: HR, 1.21 [95% CI, 1.06-1.38],
P = .004; diacyl-PC C40:6: HR, 1.09 [95% CI, 0.96-1.24],
P = .17). These findings were similar after full adjustment.

To assess the discriminatory potential of the 5 significant
metabolites, C indices were calculated for the 10-year prog-
nostication of CHD. Acyl-alkyl-PC C40:6 performed best in the
discrimination of CHD, with a C index of 0.756 (95% CI, 0.738-
0.774), followed by acyl-alkyl-PC C38:6 (0.755 [95% CI, 0.736-

0.773]). Diacyl-PC C38:5, C38:6, and C40:6 all performed with
a C index of 0.754 (95% CI, 0.736-0.772). The C indices of the
metabolites were comparable with those of classic cardiovas-
cular risk factors and the 2 clinically established biomarkers,
hsCRP, and hsTnI. However, the addition of the metabolites,
either individually or as a combination to a base risk model
(including sex, examination age, systolic blood pressure, total
cholesterol, HDL cholesterol, BMI, diabetes, daily smoker sta-
tus, antihypertensive treatment, hsCRP, hsTnI, and study cen-
ter) did not improve discrimination by C statistics (C index
base model, 0.828 [95% CI, 0.809-0.846]; C index plus
metabolites, 0.828 [95% CI, 0.810-0.846]; eTable 9 in the
Supplement).

Discussion
Using a comprehensive targeted metabolomics approach, we
analyzed the association of 141 serum metabolites with risk of
incident CHD in a population based case-cohort sample of more
than 70 000 European individuals. We report 3 main find-
ings: first, we identified 24 metabolites that were signifi-
cantly and independently associated with incident CHD. These
metabolites are mainly acyl-alkyl-PCs and diacyl-PCs. Five of
these 24 metabolites remained significantly associated after
correcting for multiple testing. Second, these 5 significant me-
tabolites showed an inverse association with CHD risk, be-
cause lower levels were accompanied with higher risk. Third,
the discriminatory potential of these metabolites for CHD
events was comparable with those of classic risk factors and
established biomarkers hsCRP and hsTnI. However, the me-
tabolites did not relevantly improve the assessment of pro-
spective incident CHD compared with existing conventional
risk factors.

Data from prospective studies are sparse, and previous
smaller studies report conflicting results. Most recent data sug-
gest that beyond the established association between low-
density lipoprotein (LDL) cholesterol, and future cardiovas-
cular events PCs might also contribute to cardiovascular
disease.25,26 In cross-sectional analyses, PCs were identified
in plasma lipoproteins and atherosclerotic plaques, and al-
terations in PC levels were described in patients with stable
coronary artery disease, myocardial infarction, and athero-
sclerosis as compared with healthy participants.25,26 Other pro-
spective analyses in primary and secondary cardiovascular pre-
vention identified PCs as markers for cardiovascular mortality
in patients with established coronary artery disease,27 in the
population-based Bruneck study12 and as markers for risk of
myocardial infarction or CHD in healthy adults in prospective
cohorts.10,28 The group of PCs presents a heterogeneous group,
and different subtypes have different associations and thereby
confer different risks. While the PC subtypes identified by this
study associated inversely with incident disease, Paytner et al28

identified different PC subtypes (C34:2 and C36:4) that were
positively associated with increased risk of CHD.

The growing discipline of metabolomics and lipidomics
provides new insights into the pathogenesis of cardiovascu-
lar disease. In this study, increasing levels of PCs were protec-

Table 2. Metabolite Associations With Future Coronary Heart Diseasea

Metabolite
Hazard Ratio per SD
(95% CI) P Value

Acyl-alkyl-PC C40:6 1.13 (1.07-1.18) 3.01 × 10−6

Acyl-alkyl-PC C38:6 1.11 (1.05-1.16) 4.61 × 10−5

Diacyl-PC C38:5 1.10 (1.05-1.16) 1.07 × 10−4

Diacyl-PC C38:6 1.09 (1.04-1.14) 1.80 × 10−4

Diacyl-PC C40:6 1.10 (1.04-1.15) 4.28 × 10−4

Acyl-alkyl-PC C34:3 1.08 (1.03-1.13) 7.27 × 10−4

Acyl-alkyl-PC C36:5 1.08 (1.03-1.13) .002

Acyl-alkyl-PC C44:5 1.09 (1.03-1.16) .002

Acyl-alkyl-PC C38:5 1.09 (1.03-1.15) .003

Acyl-alkyl-PC C40:5 1.12 (1.04-1.21) .003

Diacyl-PC C40:5 1.08 (1.03-1.14) .003

Acyl-alkyl-PC C38:0 1.12 (1.04-1.20) .004

Diacyl-PC C36:5 1.07 (1.02-1.13) .004

Methionine 1.10 (1.03-1.18) .005

Diacyl-PC C36:4 1.08 (1.02-1.14) .006

Acyl-alkyl-PC C44:6 1.07 (1.02-1.12) .009

Acyl-alkyl-PC C36:4 1.07 (1.02-1.13) .01

Diacyl-PC C36:6 1.10 (1.02-1.19) .01

LysoPC a C18:2 1.08 (1.02-1.15) .02

Acyl-alkyl-PC C42:5 1.07 (1.01-1.14) .02

Histidine 1.08 (1.01-1.15) .02

Sphingomyelin C18:1 1.04 (1.00-1.07) .03

LysoPC a C20:4 1.07 (1.01-1.13) .03

Glutamine 1.10 (1.00-1.19) .04

Abbreviations: BMI, body mass index (calculated as weight in kilograms divided
by height in meters squared); PC, phosphatidylcholine.
a 24 Metabolites associated at a nominal P value less than .05 are shown.

Hazard ratios are per SD of log-transformed metabolite level and are
adjusted for body mass index, systolic blood pressure, antihypertensive
treatment, diabetes, total cholesterol, sex, daily smoking, study center, and
examination age. The log-metabolites levels were multiplied by −1 to obtain
hazard ratios greater or equal than 1. Thus, these are described as hazard ratios
per 1-SD decrease.
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tive against incident CHD. This is in line with a previous in-
terventional study29: using lipidomics, the Rosuvastatin and
Atorvastatin in Different Dosages and Reverse Cholesterol
Transport (RADAR) study analyzed in depth the lipid changes
induced by rosuvastatin at different dosages. Liquid chroma-
tography–mass spectrometry was applied to obtain the me-
tabolite profiles of plasma samples, for which a randomly as-
signed treatment with rosuvastatin in increasing dosages was
administered during an 18-week period. In result, rosuvasta-
tin significantly increased the plasma levels of PCs after 6 and
18 weeks. In accordance, Paapstel et al25 observed inverse as-
sociations between PC and lysoPC profiles and inflammation
as well as arterial function in patients with atherosclerosis using

the same metabolomics approach as in this study. The au-
thors investigated serum PC and lysoPC species in associa-
tion with arterial stiffness, hemodynamics, and endothelial
dysfunction in 32 patients with peripheral arterial disease, 52
patients with coronary artery disease, and in 40 healthy con-
trol participants. Contrarily, Floegel et al10 identified PC classes
that were positively associated with risk of myocardial infarc-
tion in healthy adults. Furthermore, Tang et al30 demon-
strated that higher levels of trimethylamine N-oxide, which is
a product of PCs, are positively associated with cardiovascu-
lar event rates. Interestingly, trimethylamine N-oxide levels de-
pend on gut flora metabolism, suggesting a possible therapy
target.31 Notably, newly identified associations of PC classes

Figure 1. Metabolite Associations With Future Coronary Heart Disease

Adverse
Outcome

Favorable
Outcome P Value

1.04 1.09 1.14 1.20 1.25 1.311
HR (95% CI)

Subgroup
HR
(95% CI)

Acyl-alkyl-PC C40:6

Acyl-alkyl-PC C38:6

Overall 1.13 (1.07-1.18)
Women 1.21 (1.11-1.31)
Men 1.09 (1.02-1.15)

Diacyl-PC C38:5

Overall 1.11 (1.05-1.16)
Women 1.15 (1.05-1.25)
Men 1.08 (1.02-1.15)

Diacyl-PC C38:6

Overall 1.10 (1.05-1.16)
Women 1.14 (1.06-1.24)
Men 1.08 (1.02-1.15)

Diacyl-PC C40:6

3.01 × 10–6

4.61 × 10–5

1.07 × 10–4

1.80 × 10–4

4.28 × 10–4

Overall 1.09 (1.04-1.14)
Women 1.16 (1.07-1.27)
Men 1.06 (1.01-1.12)

Overall 1.10 (1.04-1.15)
Women 1.16 (1.07-1.27)
Men 1.06 (1.00-1.13)

Five phosphatidylcholine metabolites
were associated with future coronary
heart disease after Bonferroni
correction. Hazard ratios (HR) are per
SD of log-transformed metabolite
level and are adjusted for body mass
index, systolic blood pressure,
antihypertensive treatment,
diabetes, total cholesterol, sex, daily
smoker status, study center, and
examination age. Error bars indicate
95% CIs. The log-metabolite levels
were multiplied by −1 to obtain HRs
greater or equal to 1. Thus, HRs are
described as HRs per a 1-SD decrease.
A logarithmic scale is used on the
x-axis. PC indicates
phosphatidylcholine.

Figure 2. Comparison of Hazard Ratios (HRs) for Incident Coronary Heart Disease of Classic Risk Factors and Metabolites

Adverse
Outcome

Favorable
Outcome P Value

1.04 1.10 1.16 1.23 1.29 1.371
HR (95% CI) per 1-SD

Factor
HR
(95% CI)

Acyl-alkyl-PC C40:6 1.13 (1.07-1.18)
Acyl-alkyl-PC C38:6 1.11 (1.05-1.16)
Diacyl-PC C38:5 1.10 (1.05-1.16)
Diacyl-PC C38:6 1.09 (1.04-1.14)
Diacyl-PC C40:6 1.10 (1.04-1.15)
Body mass index 1.14 (1.08-1.20)
Systolic blood pressure 1.17 (1.10-1.23)
Diabetes 1.20 (1.16-1.25)
Total cholesterol

3.01 × 10–6

4.61 × 10–5

1.07 × 10–4

1.80 × 10–4

4.28 × 10–4

3.10 × 10–5

3.28 × 10–8

9.05 × 10–20

1.92 × 10–311.31 (1.26-1.38)

For each metabolite, a Cox model, adjusted for examination age, sex, systolic
blood pressure, total cholesterol, body mass index, diabetes, daily smoker
status, antihypertensive medication, and study center, was computed. The HRs
for the risk factors were computed from a model that included only the
aforementioned adjusting variables. No association could be estimated for age,

since it was used as the time scale, nor for sex and daily smoker status, since
they were used as strata in the Cox models. All HRs are per 1-SD increase. The
log-metabolite levels were multiplied by −1 to obtain HRs greater or equal to 1.
Thus, HRs are per a 1-SD decrease. A logarithmic scale is used on the x-axis.
PC indicates phosphatidylcholine.
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with CHD need to be considered separately, because differ-
ent pathophysiological pathways could underlie disease
development.

The molecular bases of these findings still need to be elu-
cidated. The 3 major phospholipid classes (sphingomyelins,
PCs, and lysoPCs) are important structural components of
plasma lipoproteins and cell membranes and are involved in
regulation of cell function, membrane protein trafficking, and
inflammation.32 In human plasma, PCs and lysoPCs make up
about 60% to 70% and 10% to 20%, respectively, of circulat-
ing phospholipids. Production of lysoPCs is the result of par-
tial hydrolysis of PCs, lecithin-cholesterol acyltransferase ac-
tivity, or hepatic secretion.25 These lipid species are important
components of oxidized LDL. Oxidized LDL has been hypoth-
esized to induce foam-cell formation (an early yet critical step
in the development of atherosclerosis); it downregulates en-
dothelial nitric oxide synthase, increases the formation of me-

talloproteinases, and induces apoptosis in human coronary en-
dothelial cells.33 One may hypothesize that the protective
effects of increased PC levels are attributable to modification
of oxidized LDL. However, this study is not capable of deci-
phering underlying molecular mechanisms, and potential ef-
fects on oxidized LDL and other molecules in this setting
remain speculative.

Strengths
In these analyses, we used the harmonized database of the Bio-
marCaRE project, providing, to our knowledge, the best pos-
sible end point validation across Europe and including a large
sample size and many incident CHD events. In addition to the
use of a harmonized database, all metabolite measurements
were performed in 1 central laboratory using a well-validated
assay platform and stringent quality control was applied. Fur-
thermore, we included study cohorts from different European

Figure 3. Survival Curves According to Tertiles of the Metabolite Distributions in the Case-Cohort Set

0.7

No. at risk

30 50 60 70 80

1.0

0.9

Co
ro

na
ry

 H
ea

rt
 D

is
ea

se
-F

re
e

Pr
ob

ab
ili

ty
, %

Age, y

0.8

40

Low levels
Medium levels

Acyl-alkyl-PC C40:6A

19 850 1345 1470 559310
43 538 1012 1041 426180

High levels 29 810 1779 1856 717196

P = 3.73 × 10–2

0.7

No. at risk

30 50 60 70 80

1.0

0.9

Co
ro

na
ry

 H
ea

rt
 D

is
ea

se
-F

re
e

Pr
ob

ab
ili

ty
, %

Age, y

0.8

40

Low levels
Medium levels

Acyl-alkyl-PC C38:6B

39 1273 2302 2495 945418
29 521 951 958 384139

High levels 23 404 883 914 373129

P = 2.20 × 10–25

0.7

No. at risk

30 50 60 70 80

1.0

0.9

Co
ro

na
ry

 H
ea

rt
 D

is
ea

se
-F

re
e

Pr
ob

ab
ili

ty
, %

Age, y

0.8

40

Low levels
Medium levels

Diacyl-PC C38:5C

45 1179 2051 2295 901406
25 536 1024 990 398154

High levels 21 483 1061 1082 403126

P = 3.69 × 10–15

0.7

No. at risk

30 50 60 70 80

1.0

0.9

Co
ro

na
ry

 H
ea

rt
 D

is
ea

se
-F

re
e

Pr
ob

ab
ili

ty
, %

Age, y

0.8

40

Low levels
Medium levels

Diacyl-PC C38:6D

40 1269 2181 2304 863412
29 474 963 965 395152

High levels 22 455 992 1098 444122

P = 4.85 × 10–18

0.7

No. at risk

30 50 60 70 80

1.0

0.9

Co
ro

na
ry

 H
ea

rt
 D

is
ea

se
-F

re
e

Pr
ob

ab
ili

ty
, %

Age, y

0.8

40

Low levels
Medium levels

Diacyl-PC C40:6E

39 1270 2118 2214 812423
30 494 1003 1017 424155

High levels 22 434 1014 1135 465108

P = 3.98 × 10–14

Low levels
Medium levels
High levels

Survival curves are shown separately for each of the metabolites with
significant associations with coronary heart disease. The P values given in the
respective survival curves are for the log-rank test. The number of persons at
risk during the follow-up period is given per one-third in the table directly below
the survival curves. Tertiles were used to categorize the metabolite
distributions into thirds, and these values were 3.28μM (first tertile) and

4.54μM (second tertile) for acyl-alkyl-PC C40:6, 4.72μM (first tertile) and
6.61μM (second tertile) for acyl-alkyl-PC C38:6, 33.46μM (first tertile) and
46.37μM (second tertile) for diacyl-PC C38:5, and 46.98μM (first tertile) and
69.87μM (diacyl-PC C38:6) and 15.80μM (first tertile) and 23.58μM (second
tertile) for diacyl-PC C40:6. PC indicates phosphatidylcholine.

1276

http://www.jamacardiology.com/?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamacardio.2019.4130


regions. Most importantly, the identification of new and solid
factors associated with CHD, which have not been reported yet
in the context of CHD, might boost the way to new and un-
known pathopysiologic pathways in cardiovascular disease.

The strength of the association of the 5 PCs with the risk
of future CHD was comparable with that of classic risk fac-
tors, in particular BMI and systolic blood pressure. However,
contrary to previous reports,12,34 the metabolites identified in
this study did not appreciably improve the association of
incident CHD compared with existing conventional risk fac-
tors. In contrast to this study, in which only PCs were identi-
fied and assessed in detail, the previous studies used combi-
nations of several metabolite classes in their discrimination
analyses. An explanation for the differences in the ability to
improve risk assessment might be that the various metabo-
lites classes contribute to different pathophysiological path-
ways based on their composition,25,35 thus leading to an im-
proved risk assessment when combined.

Limitations
A limitation of our study is the use of a targeted metabolite ap-
proach and thereby the measurement of formally selected me-
tabolites. The currently known and quantifiable metabolome
consists of more than 100 000 metabolites.36,37 Thus, we can-
not exclude the possibility that by using a nontargeted ap-
proach with a broad coverage of the entire metabolome, ad-
ditional metabolite classes might have been identified.

Furthermore, we were unable to control for dietary and life-
style parameters in general, which have obviously changed dur-
ing the last 3 decades of study time, or for medication, which
may have affected our results of associated metabolites.3,38

Therefore, future studies with information on dietary intake
and fasting status are needed to validate these data. Addition-
ally, basic research is crucial to provide answers as to whether
the identified metabolite markers are central to the pathogen-
esis of CHD.

Conclusions
In conclusion, by quantifying a large set of metabolites in 12 928
European individuals, we identified 5 PCs that were associ-
ated with increased risk of incident CHD. The strength of the
association of metabolites was similar to that of individual
classic cardiovascular risk factors, and C indices were compa-
rable with those obtained from classic risk factors and estab-
lished biomarkers hsCRP and hsTnI. However, these metabo-
lites did not appreciably improve the prognostication of
incident CHD compared with existing conventional risk fac-
tors. The present study demonstrates the value of metabolo-
mics for biomarker discovery and holds promise for im-
proved understanding of pathophysiology of CHD. Further
studies to investigate the link between newly detected PCs and
CHD development are needed.
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