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S U M M A R Y

Background: Cardiovascular diseases may originate in childhood. Biomarkers identifying individuals with
increased risk for disease are needed to support early detection and to optimise prevention strategies.
Methods: In this prospective study, by applying amachine learning to high throughput NMR-basedmetabolomics
data, we identified circulating childhood metabolic predictors of adult cardiovascular disease risk (MetS score) in
a cohort of 396 females, followed from childhood (mean age 11¢2 years) to early adulthood (mean age 18¢1
years). The results obtained from the discovery cohort were validated in a large longitudinal birth cohort of
females andmales followed from puberty to adulthood (n = 2664) and in four cross-sectional data sets (n = 6341).
Findings: The identified childhood metabolic signature included three circulating biomarkers, glycoprotein ace-
tyls (GlycA), large high-density lipoprotein phospholipids (L-HDL-PL), and the ratio of apolipoprotein B to apoli-
poprotein A-1 (ApoB/ApoA) that were associated with increased cardio-metabolic risk in early adulthood
(AUC = 0¢641‒0¢802, all p<0¢01). These associations were confirmed in all validation cohorts with similar effect
estimates both in females (AUC = 0¢667‒0¢905, all p<0¢01) and males (AUC = 0¢734‒0¢889, all p<0¢01) as well as
in elderly patients with and without type 2 diabetes (AUC = 0¢517‒0¢700, all p<0¢01). We subsequently applied
random intercept cross-lagged panel model analysis, which suggested bidirectional causal relationship between
metabolic biomarkers and cardio-metabolic risk score from childhood to early adulthood.
Interpretation: These results provide evidence for the utility of a circulating metabolomics panel to identify
children and adolescents at risk for future cardiovascular disease, to whom preventive measures and follow-
up could be indicated.
Funding: This study was financially supported by the Academy of Finland, Ministry of Education of Finland and
University of Jyv€askyl€a, the National Nature Science Foundation of China (Grant 31571219), the 111 Project
(B17029), the Shanghai Jiao Tong University Zhiyuan Foundation (Grant CP2014013), China Postdoc Scholarship
Council (201806230001), the Food and Health Bureau of Hong Kong SAR’s Health and Medical Research Fund
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and a postdoctoral fellowship from K. Carole Ellison (to T.W.). The UK Medical Research Council and Wellcome
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financial support from University of Oulu Grant no. 24000692, Oulu University Hospital Grant no. 24301140,
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Introduction

Cardiovascular diseases are the largest contributors to global mor-
tality and morbidity, [1] and a significant economic burden to the
healthcare system. Cardio-metabolic abnormalities, including hyper-
glycaemia, elevated blood pressure, dyslipidemia and abdominal obe-
sity are risk factors for the development of cardiovascular diseases
[2]. Although the clinical complications of cardiovascular disease typ-
ically manifest in adulthood, autopsy and observational studies have
shown that development of atherosclerosis starts in childhood and
adolescence, and is associated with the same cardiovascular disease
risk factors that are well established in adults [3,4]. Early identifica-
tion of children who are at risk of developing cardiovascular disease
would allow instituting and maintaining optimum health behaviours,
at a time when it is likely to be most effective.

The availability of metabolic screens provides an opportunity to
identify biomarkers associated with cardio-metabolic risk. For exam-
ple, using liquid chromatography/mass spectrometry, Cheng et al. [8]
demonstrated that obesity, hypertension, insulin resistance and dys-
lipidaemia were associated with multiple circulating metabolites
including branched-chain and aromatic amino acids in adults. These
same metabolites have also been consistently associated with future
development of Type 2 Diabetes (T2D) [5] and cardiovascular dis-
eases [6]. Metabolomics profiling studies in children and adolescents,
however, have reported conflicting results; most of these previous
studies are cross-sectional, and the few existing longitudinal studies
have short follow-up durations and a small number of participants
[7,8] Therefore, longitudinal studies examining temporal associations
between the circulating metabolome and cardio-metabolic risk fac-
tors from childhood to adulthood are needed. In this study, we used
an NMR-based metabolomics platform to quantify 121 circulating
metabolic measures in children followed longitudinally from pre-
puberty to early adulthood. The same platform was also used for all
validation cohorts. Our results show that a small pre-pubertal meta-
bolic signature predicts cardio-metabolic risk score in adulthood, and
provides evidence for a causal role of atherogenic lipoprotein par-
ticles and systemic low-grade inflammation in cardiovascular disease
pathogenesis.
Methods

Study design and participants

This is a prospective study. The study was conducted in the city of
Jyv€askyl€a, and the surrounding area in Central Finland. The profile of
participants in this study is summarized in Figure 1. A total of 396
girls (mean age 11¢2 years at baseline) participated in a longitudinal
study at different time points for an average of 7¢5 years. Detailed
meta-data regarding the participants and study design have been
reported previously [9,10] and in Supplementary file 1 and Supple-
mentary Tables 1.

For validation, we used a large longitudinal cohort and four cross-
sectional datasets (Figure 1). Detailed information about the valida-
tion cohorts are given in Supplementary Table 2a-d.

Written informed consent was obtained from all participants and
their parents. The study was conducted in accordance with the Decla-
ration of Helsinki and approved by the Ethic Committee of the Central
Hospital of Central Finland and the Finnish National Agency of Medi-
cines (memo 22/8/2008 and 5/2009).
Background and Assessments

Detailed information regarding background of participants,
anthropometry and body composition assessments, circulating bio-
marker and NMR metabolomics assessments, cardio-metabolic risk
assessment and statistical analysis are given in Supplementary file 1.
Briefly, serum metabolite concentrations were analysed using a high-
throughput nuclear magnetic resonance (NMR) metabolomics plat-
form. The experimental protocols and applications of the NMR
metabolomics platform have been described in detail elsewhere [11].
To assess cardio-metabolic risk, a standardised continuously distrib-
uted variable for clustered metabolic risk (MetS score) was con-
structed similar to previously published scores [12]. The cardio-
metabolic risk score (MetS score) was calculated by standardising
and then summing the following continuously distributed metabolic
traits: mean arterial pressure ([(2 x diastolic blood
pressure) + systolic blood pressure]/3); abdominal fat mass; fasting
plasma glucose; serum HDL cholesterol x -1; and fasting serum tri-
glyceride z-score. The z-scores for each variable and MetS scores
were calculated separately for each time point. A higher score indi-
cates a higher cardio-metabolic risk. In addition, a Youden index was
calculated to identify actual cut-off points for these identified metab-
olites (see Supplementary file 1).
Role of funding source

The funding sources did not have any role in study design, data
collection, data analyses, interpretation, or writing of this report.
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Figure 1. Data profile of discovery and validation cohorts.
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Results

Cardio-metabolic risk score

We first examined cardio-metabolic risk factor clustering, i.e. met-
abolic syndrome, defined as the presence of at least three of the fol-
lowing five risk factors: abdominal obesity (waist circumference >88
cm), elevated blood pressure (�130/85 mmHg), elevated fasting
blood glucose (�5¢6 mmol/L), elevated serum triglycerides (�1¢7
mmol/L) and reduced serum high-density lipoprotein cholesterol
(HDL-C) (<1¢29 mmol/L) [13] in a total of 396 Finnish adolescent
females that participated in a longitudinal study, from pre-puberty
(mean age, 11¢2 years) to early adulthood (mean age, 18¢1 years). At
the 7¢5 years follow-up, 3¢2% of the participants were classified as
having metabolic syndrome according to this definition. In addition,
10¢8% of the participants had two risk factors, 40¢1% had one risk fac-
tor, and 45¢9% had no risk factors.

Cross-sectional correlation network of circulating metabolites with
cardio-metabolic risk score

We next explored the cross-sectional associations of our constructed
continuous variable for clustered metabolic risk (MetS score) with
serum metabolites at each measurement wave (baseline, 2-year and
7¢5-year follow-ups) to assess the stability of associations during the
course of pubertal growth. The significant cross-sectional correlations
among metabolites (outer cycle) and between metabolites and MetS
score (inner cycle) are presented in Figure 2 and Supplementary Figure
1a and b, and Supplementary Table 3 and Table 4. Several lipoprotein
subclasses, high-density lipoprotein diameter (HDL-D), HDL-2C and
VLDL-TG, apolipoprotein B to apolipoprotein A1 ratio (ApoB/ApoA1)
and glycoprotein acetyls (GlycA) were consistently associated with
MetS score at all three time points after correcting for multiple hypothe-
sis testing. In addition, we found associations of apolipoprotein A1 and
omega 6 fatty acids with the MetS score at baseline and 2-year follow-
up, very-low-density lipoprotein (VLDL-D) at baseline and 7¢5-year fol-
low-up, fatty acid length and triglycerides/phosphoglycerides ratio (TG/
PG) at 2-year follow-up, and apolipoprotein B isoleucine, monounsatu-
rated fatty acids (MUFA) and TG/PG at 7¢5-year follow-up. Further
adjustment for physical activity, dietary intake and other covariates (i.e.,
sex hormones, SHBG and IGF-1, insulin, adiponectin, leptin, PTH and
vitamin D) did not change the results (Supplementary Table 4).

Serum metabolites predict future MetS score

We used Least Absolute Shrinkage and Selection Operator (LASSO)
method to identify circulating metabolites that predict the MetS
score from pre-puberty to early adulthood using a five-fold cross-val-
idation scheme (Supplementary File 2). Of the 121 metabolites mea-
sured for each study participant, ten metabolites at baseline and 11
metabolites at 2-year follow-up were retained in the final model.
These subsets of metabolites were predictive of MetS score at 7¢5
year follow-up, explaining on average 36¢3% (r2 ranged from 0¢10 to
0¢62) and 32¢7% (r2 ranged from 0¢09 to 0¢75) of the variance, respec-
tively (Figure 3a,b,d,e, Supplementary File 2 and Supplementary
Table 5). The identified metabolites included different amino acids,
glycolysis and inflammation related metabolites, ketone bodies, fatty
acids, apolipoproteins, and lipoprotein subclass particles. Four
metabolites (glutamine, L-HDL-PL, ApoB/ApoA1 ratio, GlycA) were
retained in the model at both time points, showing greater associa-
tions with increasing age (Supplementary Table 5).

We next performed a regression analysis with MetS score as the
dependent variable and metabolic biomarkers identified by LASSO as
independent variables. After Bonferroni correction for multiple test-
ing, only ApoB/ApoA ratio, GlycA and L-HDL-PL remained significant
predictors of MetS score (p<0¢0001 for all, Supplementary Table 6).
These associations were also robust to multi-covariate adjustment,
including insulin, leptin, adiponectin, sex steroids, IGF-1, physical
activity and energy yield nutrient intakes. We found that baseline
ApoB/ApoA ratio and GlycA positively while L-HDL-PL negatively



Figure 2. Edge bundling by R ‘geom_conn_bundle’ for bivariate Spearman correlation network among metabolites and between metabolites and MetS at baseline. Each
node represents a variable (such as GlycA or MetS) while the edges linking variable pairs (such as Phe and Val) represent significant correlations between the corresponding nodes.
Significant correlations between metabolites and MetS are shown in the inner cycle. There are 118 nodes and 2483 edges. The significant association among metabolites are shown
in the outer cycle.
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predicted 7¢5-year Mets (r = 0¢471 and p = 2¢66 £ 10�5; r = 0¢400 and
p = 0¢0005; and r = -0¢465 and p =3¢47 £ 10�5, respectively, p:
adjusted for multiple comparisons by Bonferroni). And 2-year ApoB/
ApoA ratio and GlycA positively and L-HDL-PL negatively predicted
7¢5-year Mets (r = 0¢449 and p = 6¢75 £ 10�5; r = 0¢440 and
p = 9¢93 £ 10�5; and r = -0¢445 and p = 8¢12 £ 10�5, respectively, p:
adjusted for multiple comparisons by Bonferroni).

Performance of cardio-metabolic risk prediction

To test the ability of the metabolic biomarkers to distinguish indi-
viduals with high cardio-metabolic risk from those with low risk, we
stratified the study participants into quartiles based on their MetS
score values at 7¢5-year follow-up and performed Area Under the
Receiver Operating Characteristics (AUROC) analysis. The highest quar-
tile was considered as the high-risk group and the other three quartiles
as low-risk. The area under the curve (AUC) showed that baseline lev-
els of ApoB/ApoA1, GlycA and L-HDL-PL were able to classify individu-
als with high MetS score both at baseline (AUC: 0¢643 to 0¢763,
p = 0¢001 to p < 0¢0001, ROC asymptotic significant, Figure 3c), and at
2-year follow-up (AUC: 0¢684 to 0¢802, p = 0¢03 to p < 0¢0001, ROC
asymptotic significant, Figure 3f). For the purpose of comparison, we
also tested the ability of body mass index (BMI) to distinguish individ-
uals with high cardio-metabolic risk. At baseline BMI was not able to
classify individuals with high MetS score at 7.5-year follow-up (AUC:
0.582, p = 0.287), while at 2-year follow-up BMI was a significant pre-
dictor of high MetS score in early adulthood (AUC: 0.667, p = 0.012).
We further calculated Youden index for the metabolic biomarkers and
found that the baseline (age 11 years) ApoB/ApoA1, GlycA and L-HDL-
PL predicting 7.5-year follow-up (age 18 years) MetS, the Youden
index was 0.518, 1.14 and 0.286, respectively. The Youden index of 2-
year follow-up (age 13 years) predicting 7.5-year follow-up was 0.496,
1.31 and 0.327, respectively (Supplementary Table 7).

Directional influences between the serum metabolites and cardio-
metabolic risk

We used the random intercept cross-lagged panel model (RI-
CLPM) to assess the direction of effects between metabolic bio-
markers and the MetS score based on the definition of Granger
causality. In the model (see Figure 4a), the random intercepts (iA
and iM) represent stable part of between-subjects variation



Figure 3. LASSO regression identifies metabolite predictors of adult MetS score. The upper panel represents metabolites at baseline predicted MetS score at 7�5-year follow-up.
The lower panel represents metabolites at 2-year predicted MetS score at 7�5-year follow-up. A and d: The vertical dashed lines indicate the LASSO fit for which the mean squared
error is smallest. The lower x-axis represents LASSO parameter lambda while the upper x-axis represents the number of variables with non-zero coefficients. The y-axis represents
LASSO regression coefficient which is depending on the value of lambda. b and e: LASSO regression coefficients of selected metabolites. c and f: The area under the curve of these sig-
nificant metabolites (AUC) by Receiver Operating Characteristics (ROC) analysis. ApoB/ApoA1 = apolipoprotein B to apolipoprotein A1 ratio; GlycA = glycoprotein acetyls;
HDL2C = high-density lipoprotein two cholesterol; M-VLDL-TG = medium lipoprotein triglycerides; L-HDL-PL = very large high-density lipoprotein phospholipids; M-HDL-
FC = medium high-density lipoprotein free cholesterol; XXLV-LDL-TG = extremely large very-low-density lipoprotein triglycerides; His = Histidine.
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varying across but not within individuals. We additionally mod-
elled within-subjects variation across time points to see, if there
were associations between the two variables over time (cross-lag
parameters c1 and c3 for the biomarker, and c2 and c4 for the
metabolite, respectively) when the variables were adjusted by
their previous measurements (autocorrelation parameters d1 and
d3 for the biomarker, and d2 and d4 for the metabolite, respec-
tively). The results suggested a causal effect of baseline ApoB/
ApoA1 on MetS score at 2-year follow-up, while MetS score at 2-
year follow-up had causal effect on ApoB/ApoA1 at 7¢5-year fol-
low-up (Figure 4b). Similarly, the MetS score at baseline had a
causal effect on L-HDL-PL at 2-year follow-up, while L-HDL-PL at 2
year-follow-up had a causal effect on MetS score at 7¢5-year fol-
low-up (Figure 4d). The results also suggested causal predomi-
nance of MetS score at baseline and at 2 year-follow-up on GlycA
both at 2-year and 7¢5-year follow-ups, but the associations were
not significant (Figure 4c). All RI-CLPM results are shown in Sup-
plementary Table 8.

Key metabolite predictors are confirmed in validation cohorts

To validate our findings, we first sought to test the main results in
a large longitudinal cohort study (Avon Longitudinal Study of Parents
and Children (ALSPAC) [14]. The general characteristics of the ALSPAC
cohort are shown in Supplementary Table 2a. We stratified the
study participants into quartiles by their MetS score and by the cut-
off for high risk as found in the discovery cohort and compared the
metabolic biomarker (ApoB/ApoA1 ratio, GlycA and L-HDL-PL) levels
between the groups. All metabolic biomarker levels were signifi-
cantly different between the highest and lowest quartiles, and the
area under the curve (AUCs) of these three metabolic biomarkers
were similar to the discovery cohort at all-time points from puberty
to early adulthood in both females and males (Supplementary
Figure 2a,b,c), confirming the ability of the identified metabolite
markers to predict future cardiometabolic risk.

We next explored the main results in four cross-sectional datasets.
There were two datasets from the same laboratory including the discov-
ery cohort participants’ sisters and their biological mothers, and a cohort
of middle-aged overweight and obese pre-menopausal women (Sup-
plementary Table b). As the validation cohort includes overweight and
obese women with more cardio-metabolic risk factors, this allowed us
to compare the concentrations of the metabolite biomarkers identified
in the discovery cohort between healthy women and women with met-
abolic syndrome, to validate that the differences observed in puberty
persist into adulthood. Furthermore, in mothers and sisters we com-
pared the high risk and low risk groups by quartiles (the highest quartile
represents high risk) (Figure 5a,d,g and Supplementary Table 9).

We further used LASSO in the validation datasets (sisters, mothers
and menopausal women) to assess whether the performance was
similar to the discovery cohort. Comparing to the discovery cohort at
baseline (r2 = 0¢77) and 7¢5-year follow-up (r2 = 0¢59), the explained
variances of metabolites predicting MetS in the sisters (r2 = 0¢47 and
r2 = 0¢46, respectively), mothers (r2 = 0¢48 for both) and pre-meno-
pausal women (r2 = 0¢48 and r2 = 0¢52, respectively, Supplementary
file 2), which were lower than the discovery cohort due to cross-sec-
tional nature of the datasets. However, the AUCs were similar to the
discovery cohort (Figure 5 b, e and h and Supplementary Table 10).
Additionally, a regression analysis on metabolic biomarkers identi-
fied by LASSO showed a strong correlation between the same key
metabolic biomarkers (ApoB/ApoA1 ratio, GlycA and L-HDL-PL) and
MetS score in both validation cohorts (Figure 5 c, f, i).

We then replicated the main findings in the large Northern Fin-
land Birth Cohort 1966 study (NFBC1966) at 46 years dataset [15].
Characteristics of the participants are shown in Supplementary
Table 2c. We found all three biomarker levels were significantly dif-
ferent between the high and low cardio-metabolic risk groups both



Figure 4. Directional influences between the common metabolite predictors. a: Con-
ceptual random intercept cross-lagged panel model (RI-CPLM). The path coefficients of
main interest include the between- participants random intercept variances (vIA ; vIM ) and
covariance (vIA ;IM ) and within- participants autoregressive coefficients (d) and cross-lagged
coefficients (c). The remaining parameters (v) include variances / residual variances and cor-
relations / residual correlations among the variables. Directed arrows with no coefficient
attached were constrained to unity. b: The RI-CPLM for ApoB/ApoA1; c: the RI-CPLM for
GlycA; d: the RI-CPLM for L-HDL-PL. Likelihood ratio tests indicated a significant between-
participants effect in the model when ApoB/ApoA1 (x2df=3 = 17�0, p = 0�001, b), GlycA
(x2df=3 = 10�2, p = 0�017, c), or L-HDL-PL (x2df=3 =12�1, p = 0�007, d), were considered,
while the within- participants effects did not have a significant contribution for either
ApoB/ApoA1 (x2df=4 = 3�7, p = 0�442) or GlycA (x2df=4 = 4�6, p = 0�333) or L-HDL-PL
(x2df=4 = 8�6, p = 0�072). The between components, indicated by A, are the random inter-
cepts: iA for metabolic biomarkers and iM forMetS score. Thewithin components, indicated
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in women (Supplementary Figure 3a, p < 0¢001 � 0¢0001, ANOVA
adjusted for multiple comparisons by Bonferroni) and in men (Sup-
plementary Figure 3d, p < 0¢05 � 0¢0001). The regression analysis
showed that metabolites were correlated with MetS significantly in
similar ways both in women (r range from 0¢644 to 0¢674, Supple-
mentary Figure 3c) and men (r range from 0¢613 to 0¢698), respec-
tively, (Supplementary Figure 3f). The AUCs were also similar in
women and men, and showing even stronger performance than in
the discovery cohort (Supplementary Figure 3b, women: ApoB/
ApoA1 ratio r = 0¢846, GlycA r = 0¢905 and L-HDL-PL r = 0¢877; Men:
ApoB/ApoA1 ratio r = 0¢807, GlycA r = 0¢889 and L-HDL-PL r = 0¢839
Supplementary Figure 3e).

Finally, we compared the metabolic biomarkers between the T2D
(n = 191) and non-diabetic controls (n = 200)(Supplementary Table
2d), and found a significant difference in GlycA and L-HDL-PL but not
ApoB/ApoA ratio between the groups. After adjusting for age, sex,
BMI, and use of statin, antihypertensive and anti-diabetic medica-
tions, the significant differences in GlycA and L-HDL-PL between the
groups remained. We further performed ROC analysis and found a
moderately high performance of GlycA and L-HDL-PL in classifying
T2D in the elderly (AUC: 0¢656 and 0¢668, respectively, p <0¢001 for
both, ROC asymptotic significant) (Supplementary Figure 4).

Since the validation cohort of ALSPAC has three-time points meas-
urements in females and males, we also calculated the Youden index
for ApoB/ApoA1, GlycA and L-HDL-Pl at 14-year or 17-year old to pre-
dict the MetS at 24-year old. The Youden indexes (in females: for
ApoB/ApoA1 = 0.504 or 0.468, for GlycA = 1.269 or 1.189 and for L-
HDL-Pl = 0.372 or 0.350, respectively; in males: for ApoB/
ApoA1 = 0.455 or 0.504, for GlycA = 1.145 or 1.169 and for L-HDL-
Pl = 0.310 or 0.291, respectively) were comparable to the discover
cohort (Supplementary Table 7).

Taken together, these validation analyses confirm that the identi-
fied metabolites are elevated in both males and females who are at
high risk for cardio-metabolic disease across adolescence, adulthood,
and older age.

Discussion

In this study, we utilised a rich longitudinal data resource,
machine learning techniques, and statistical modelling to identify a
metabolic signature in childhood that predicts increased cardiovascu-
lar disease risk in adulthood. These metabolic measures (ApoB/ApoA1
ratio, GlycA, L-HDL-PL) have atherogenic properties and reflect
chronic systemic inflammation, previously associated with future
cardiovascular disease and pre-mature mortality in older individuals
[16]. Thus, our results provide further evidence that the pathogenic
processes that contribute to cardiovascular diseases in later life origi-
nate in childhood and adolescence, providing an impetus to earlier
intervention strategies to reduce the global burden of cardiovascular
disease.

We found that the serum ApoB/ApoA1 ratio in childhood strongly
and consistently predicted future cardio-metabolic risk score (MetS)
across all time points. ApoB and ApoA1 are the two main lipoproteins
involved in lipid transport. ApoB is the main protein in VLDL and LDL
(atherogenic) particles, while ApoA1 is the main protein in HDL
(anti-atherogenic) particles. This result is supported by an earlier 9-
year follow-up study in school girls from childhood to adulthood,
demonstrating that ApoB/ApoA1 ratio was associated with metabolic
syndrome and its components [17]. In another prospective study,
Juonala et al. reported that ApoB and ApoA1 levels and their ratio in
adolescence were associated with carotid artery intima-media thick-
ness and brachial artery flow-mediated dilation in adulthood [18]. In
that study, ApoB and ApoA1 were stronger predictors of abnormal
vascular changes than conventional cholesterol measurements (LDL-
C and HDL-C), which suggests that the carriers (apolipoproteins)
might play a more central role than the actual lipid content



Figure 5. Validations cohorts. Comparison of selected metabolites across different cardio-metabolic risk groups. a, b and c: premenopausal women (MS = metabolic syndrome,
NMS = without MS); d, e and f: biological mothers; g, h and i: biological sisters. a: comparison of metabolic syndrome groups; d and g comparison of MetS quartiles; plot boxes rep-
resent median with 95% confident interval (CI) and the circles out of the plot boxes are the outliers corresponding to each group. b, e and h: the area under the curve of these signifi-
cant metabolites (AUC) by Receiver Operating Characteristics (ROC) analysis. c, f and i: regression between Mets and selected metabolites. ApoB/ApoA1 = apolipoprotein B to
apolipoprotein A1 ratio; GlycA = glycoprotein acetyls; L-HDL-PL = very large high-density lipoprotein phospholipids.
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transported in these lipoprotein particles. These findings are further
supported by the Pathobiological Determinants of Atherosclerosis in
Youth study which found apolipoproteins associated with post-mor-
tem arterial lesions, [19] and the Bogalusa Heart Study, which
showed that high ApoB/ApoA1 ratio in children was associated with
incidence of parental myocardial infarction, [20] and a recent publi-
cation identifying ApoB/ApoA ratio as a predictor of cardiovascular
risk in adolescent SLE patients [21]. A recent study also showed that
increased ApoB/ApoA1 ratio predicts cardiometabolic risk in patients
with juvenile onset systemic lupus erythematosus [21].

We also found a strong inverse association between L-HDL phos-
pholipids in childhood and cardio-metabolic risk in early adulthood.
A previous study by Piperi et al. found that HDL-phospholipids were
more closely related to coronary artery disease than HDL-C or other
lipoproteins studied [22]. Meikle et al. also recently reported that
HDL phospholipids, but not HDL cholesterol, distinguished acute cor-
onary syndrome from stable coronary artery disease [23]. Low serum
HDL-phospholipid concentrations have also been associated with
high coronary artery calcification scores in asymptomatic patients
with atherosclerosis, [24] and with increased risk of metabolic syn-
drome and coronary heart disease, particularly in women [25]. Our
key finding of the strong inverse association between L-HDL phos-
pholipids in childhood and cardio-metabolic risk in early adulthood
was confirmed in both the validation longitudinal and cross-sectional
cohorts, demonstrating that adult women and men with metabolic
syndrome had lower serum L-HDL-PL concentration than their
healthy counterparts. Our results also demonstrated that L-HDL-PL
level was significantly lower in the T2D than the non-T2D of elderly
people and was independent of medication for diabetes, hyperten-
sion and hyperlipidemia. It has been previously shown that HDL
phospholipids play an important role in the cholesterol efflux pro-
cess, [26] and that metabolic syndrome is associated with progressive
reduction in cholesterol efflux capacity, which contributes to devel-
opment of atherosclerosis [27]. Taken together, our results suggest
that exposure to an atherogenic apolipoprotein profile and low HDL
phospholipids in childhood may cause reduced cholesterol efflux
capacity and changes in the arteries that contribute to the develop-
ment of atherosclerosis and coronary heart disease in adulthood.

It is increasingly recognised that the atherosclerotic process
involves not only lipid and lipoprotein metabolism but it also
requires a pro-inflammatory response that includes both the innate
and adaptive immune systems. Another NMR marker predicting
MetS score in our study was GlycA, which reflects systemic inflam-
mation originating from glycan groups of acute-phase glycoproteins,
mainly a1-acid glycoprotein, but also other acute-phase reactants
such as haptoglobin, alpha1-antitrypsin, a1-antichymotrypsin, and
transferrin [28]. GlycA has been found to correlate with adiposity,
insulin resistance and other markers of metabolic syndrome in
adults, suggesting that in addition to being elevated in acute inflam-
mation, GlycA might also be a biomarker of subclinical vascular
inflammation [29]. Accordingly, it was recently shown that plasma
GlycA is independently associated with the incidence of cardiovascu-
lar disease in a large cohort study of initially healthy women [30].
Elevated circulating GlycA levels have also been shown to predict
risk of T2D, nonalcoholic fatty liver disease, [31] and all-cause mortal-
ity [29] in adults, but so far, no comparable data are available in chil-
dren and adolescents. In our study, GlycA levels in childhood and
adolescence strongly and consistently predicted MetS score in early
adulthood, and this finding was confirmed in all validation cohorts.
Thus, the findings of our study confirm and extend the results of ear-
lier reports by demonstrating that GlycA is a viable biomarker of sys-
temic subclinical inflammation associated with increased cardio-
metabolic risk not only in adults but also in children and adolescents.
However, further studies are needed before GlycA could be routinely
used in clinical tests for the purposes of risk assessment, manage-
ment, or follow-up in paediatric populations.
We further investigated the direction of associations between
metabolite biomarkers and cardio-metabolic risk using a random
intercept cross-lagged path model [32]. This novel analytical
approach revealed a bidirectional association pattern in which
increased ApoB/ApoA1 ratio in childhood was associated with an
increased MetS score in adolescence, and elevated MetS score in ado-
lescence was associated with increased ApoB/ApoA1 ratio in early
adulthood. Similar bidirectional associations were observed between
the MetS score and the other two key metabolites i.e., L-HDL-PL and
GlycA from childhood to early adulthood. Importantly, these associa-
tions were also robust to multi-covariate adjustment, including insu-
lin, leptin, adiponectin, sex steroids, IGF-1, physical activity and
energy yield nutrient intakes, suggesting that metabolites and cardio-
vascular risk factors aggravate each other, leading inexorably to a
worsening cardio-metabolic health.

Our results support the theory that cardiovascular diseases origi-
nate from childhood. The novelty of our study lies in the application
of a machine learning approach to identify the early risk biomarkers
and the sophisticated statistical models to reveal the bidirectional
relationship between the metabolic biomarkers and MetS score. The
AUCs for the biomarkers showed moderate to excellent performance
in the discovery and validation cohorts except for the very old T2D
patients. In terms of the AUC values, the metabolic biomarkers were
superior discriminators of high MetS score than BMI in our study as
well as compared to an earlier meta-analysis of cross-sectional stud-
ies [33]. Furthermore, we were also able to identify an appropriate
cut-off value for the cardio-metabolic risk, which may be of value as
potential clinical application for identifying high cardiometabolic risk
individuals at an early age. A further major strength of our study is
the longitudinal data on children followed from pre-puberty to early
adulthood, and validation of the results in several cohorts, including
the large longitudinal birth cohort of females and males followed
from puberty to adulthood.

There are several limitations that warrant consideration. The
prevalence of metabolic syndrome was low among the children and
adolescents studied. However, while binary definition of metabolic
syndrome might be a useful tool for clinical practice to assess cardio-
vascular disease risk in adults, [13] continuous MetS score is more
appropriate for epidemiological studies for the following reasons:
first, dichotomizing continuous outcome variables reduces statistical
power; second, the risk of cardiovascular disease is an aggregative
progressive function of several risk factors, and third, cardiovascular
risk increases progressively with increasing numbers of risk factors.
Therefore, numerous studies with paediatric and adult populations
have used continuous metabolic risk scores, integrating components
of the metabolic syndrome definition to represent clustering of meta-
bolic risk factors. Another limitation to consider is that the discovery
cohort included only females. However, the results were well vali-
dated in different cohorts including males and females of different
age and demographics. Finally, although most of the metabolic bio-
markers presented in this study are not routinely used in clinical set-
tings today, the use of high-throughput and cost-effective
metabolomics platforms in the clinic are emerging. For example, dif-
ferent biobanks and companies have offered their services for clinical
and epidemiological studies, hence the applicability in clinical set-
tings is right around the corner. The findings of our study may open
the door for future screening programmes for children and families
at high risk for atherosclerotic cardiovascular diseases. Further stud-
ies are needed to explore the generalizability and the potential clini-
cal utility of these biomarkers to lower the global burden of cardio-
metabolic disease through shaping early-life health strategies.

In conclusion, previous observational studies have found an asso-
ciation of cardio-metabolic risk with atherogenic lipoproteins, cho-
lesterol efflux capacity and subclinical systemic inflammation. Our
results show that these metabolite-cardio-metabolic risk associations
are present already in early childhood, thus providing evidence for
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the utility of circulating metabolomics panel to identify children and
adolescents at risk for cardiovascular disease in future.
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