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Childhood overeating is associated 
with adverse cardiometabolic 
and inflammatory profiles 
in adolescence
Christopher Hübel1,2,3,4,16, Moritz Herle5,16, Diana L. Santos Ferreira6,7, 
Mohamed Abdulkadir8,9, Rachel Bryant‑Waugh10, Ruth J. F. Loos11, Cynthia M. Bulik4,12,13, 
Deborah A. Lawlor6,7,14 & Nadia Micali8,9,15*

Childhood eating behaviour contributes to the rise of obesity and related noncommunicable disease 
worldwide. However, we lack a deep understanding of biochemical alterations that can arise from 
aberrant eating behaviour. In this study, we prospectively associate longitudinal trajectories of 
childhood overeating, undereating, and fussy eating with metabolic markers at age 16 years to 
explore adolescent metabolic alterations related to specific eating patterns in the first 10 years of 
life. Data are from the Avon Longitudinal Study of Parents and Children (n = 3104). We measure 158 
metabolic markers with a high‑throughput (1H) NMR metabolomics platform. Increasing childhood 
overeating is prospectively associated with an adverse cardiometabolic profile (i.e., hyperlipidemia, 
hypercholesterolemia, hyperlipoproteinemia) in adolescence; whereas undereating and fussy eating 
are associated with lower concentrations of the amino acids glutamine and valine, suggesting a 
potential lack of micronutrients. Here, we show associations between early behavioural indicators of 
eating and metabolic markers.

Childhood obesity is a worldwide health  problem1 and this is particularly concerning as childhood obesity tracks 
into  adulthood2. Individuals with larger bodies face discrimination and stigmatisation, which may perpetuate 
their eating problems and the adverse impact of high BMI on  health3,4. Developmental programming suggests 
that early nutrition and lifestyle have long-term effects on later health and the risk of noncommunicable dis-
eases. Persistent obesity throughout childhood is associated with cardiometabolic disease, type 2  diabetes5, and 
 cancer6, all representing chronic health conditions that severely reduce quality of life and are associated with 
poor mental  health7.

The interaction between eating behaviours and our changing environment has played a vital role in the rise 
of childhood obesity over the last four  decades8. Combinations of genetic, behavioural, and environmental fac-
tors are responsible for weight gain over  time9. For instance, children living in an obesogenic  environment10 are 
exposed to highly palatable, energy dense food while being sedentary most of the  time11. These environmental 
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conditions may motivate children with an avid  appetite12 to consume large quantities of energy dense food, 
which can result in weight  gain13,14. Findings that children’s eating is prospectively associated with their body 
mass support the proposed  model15–18 that eating behaviour is involved in long-term body weight regulation.

Several aetiological factors contribute to childhood obesity, but little is known about underlying biochemi-
cal mechanisms that might relate these to later adult diseases. High throughput metabolomics platforms can 
unveil mechanisms by measuring metabolic profiles that consist of several hundred metabolic markers (e.g., 
metabolites, lipids, and proteins) in human specimens like plasma. Metabolic profiles represent intermediate 
phenotypes between eating behaviour and health outcomes. For instance, individuals with obesity have higher 
lipid concentrations than those at normal  weight19 and early alterations in metabolic profiles associated with 
obesity can be observed in  childhood20. These preliminary findings suggest that metabolic markers are potential 
biomarkers of noncommunicable disease in children.

Only a few studies have modelled the association between eating behaviour and metabolic markers directly. 
For instance, metabolic markers have been associated with healthy dietary patterns in postmenopausal  women21 
or the intake of certain food groups in adult English  twins22, showing specific associations between eating and 
the human metabolic profile. Eating behaviours, including overeating, undereating, and fussy eating, typically 
develop in childhood and are influenced by both biological and environmental  factors12,23. The few studies that 
have examined metabolomic markers in childhood are either cross-sectional20, based on small  samples24,25, 
measure only a selected set of  markers25, or aggregate data from children, adolescents, and adults, introducing 
extensive heterogeneity and complicating  interpretations26. Most studies in children and adolescents associate 
these metabolic profiles with body composition traits, whereas the children’s eating behaviour has not been 
modeled explicitly.

We have previously provided evidence that parent-reported eating behaviours during the first ten years of 
life follow longitudinal  trajectories27 in the large UK population-based Avon Longitudinal Study of Parents and 
Children (ALSPAC)28,29. These trajectories cover three key aspects of eating behaviour: overeating, undereating, 
and fussy eating, and are associated with body mass index (BMI) at age 11  years17 as well as disordered eating 
at age 16  years27. Here, we explore if these childhood eating behaviour  trajectories17 are associated with meta-
bolic profiles at 16 years assessed by a high-throughput (1H) NMR metabolomics platform, using longitudinal 
data from a subsample of the ALSPAC cohort. Furthermore, we investigate if the relationship between eating 
behaviour in childhood and metabolic markers in adolescence at 16 years is mediated through BMI measured 
at 12 years of age. Modelling eating behaviour and body composition jointly to disentangle direct associations of 
eating with the metabolic profile from indirect associations mediated through BMI represents a unique approach 
that allows us to differentiate eating-related from body mass-related biomarkers.

Results
In 3104 adolescents, a subsample of the original ~ 14,000 ALSPAC cohort (Table 1), we test the prospective asso-
ciation between parent-reported eating behaviour in the first ten years of life (Fig. 1a–c) and metabolic profiles at 
the age of 16 years. Trajectories of overeating (Fig. 2), undereating (Fig. 3) and fussy eating (Fig. 4) in childhood 
differ in their metabolic profile at age 16 years (Fig. 5).

We illustrate the results in forest plots, presenting standardised β coefficients with corresponding 95% con-
fidence intervals (95% CI). Unstandardised estimates are reported in Supplementary Tables S1–S3. Each eating 
behaviour trajectory is compared with the “low stable” reference trajectory, see grey colour in Figs. 1, 2 and 3 and 
in Supplementary Figs. S1–S3. Positive estimates (i.e., to the right of the black reference line) indicate that this 
metabolic marker is higher in adolescents that were assigned to the corresponding eating behaviour trajectory 
in childhood compared with the reference “low stable” trajectory. Negative estimates (i.e., to the left of the black 
reference line) indicate the opposite. Filled-in dots in the plot represent associations that were statistically signifi-
cant with a p value lower than the significance threshold of 0.003 after multiple testing correction. We grouped 
the metabolic markers by their chemical structures (e.g., fatty acids) or metabolic function (e.g., glycolysis). 
Information on lipoprotein subclasses is presented in Supplementary Methods and Supplementary Figs. S1–S3.

We present results without BMI adjustment as primary results, because we assume that BMI lies on the 
causal pathway between eating behaviour and metabolic markers. Alternatively, higher BMI may be a result of 
the changes in metabolic markers and conditioning on BMI would introduce a collider in this case. However, 
sensitivity analyses adjusted for BMI can be found in Supplementary Tables S1–S3.

Moreover, to systematically investigate the potential mediating effect of BMI on the association between 
eating behaviour and metabolic profile, we perform mediation analysis using structural equation modelling. 
See Supplementary Fig. 4 for an illustration of the mediation model. The eating behaviours trajectories are the 
exposure, BMI at age 12 years is the mediator and the metabolic profile at age 16 years is the outcome. A total 
of 37 significant associations, discovered in the main analyses, were carried forward for the mediation analyses. 
Absence of mediation is indicated by a non-significant indirect association but significant direct association, for 
example, there is no significant indirect association via BMI at 12 years for the association between increasing 
overeating and the omega-3 fatty acid concentration. A significant indirect path implies mediation via interme-
diate BMI at age 12 years.

Adolescent metabolic profile of children who overeat in childhood. Children that are reported to 
be overeating during the first ten years of life show the following metabolic profile at age 16 years.

Very low‑density lipoprotein (VLDL) particles. Children who reportedly overate early in life and with an 
increasing pattern of overeating during the first ten years of life (Fig. 1a, pink line) have a 0.23 standard devia-
tion (SD; 95% CI 0.08, 0.38; p = 0.002) higher concentration of very small VLDL particles than children who are 
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not reported to overeat. This association is not mediated through the children’s BMI at age 12 years. Additionally, 
these children have a 0.24 SD (95% CI 0.08, 0.39; p = 0.002) higher concentration of small VLDL than children 
who do not overeat and the association is mediated through the children’s BMI at age 12 years.

The very small and small VLDL particles of children with early increasing overeating contain more lipids and 
phospholipids than those of children who do not overeat (Supplementary Fig. 1). Similar to the total particle 
concentration, the higher concentrations of lipids and phospholipids within the small VLDL particles is associ-
ated with childhood overeating mediated through BMI at age 12 years but not in very small VLDL particles. 
Detailed results for the lipoprotein content (i.e., subclasses) are presented in Supplementary Tables S1-3 and 
Supplementary Figs. 1–3.

Additionally, cholesterol and cholesteryl esters are present in higher concentrations in very small VLDL 
particles of children who reportedly started overeating early and do so increasingly over the first ten years of life 
compared with children that do not overeat (Supplementary Table S1). In contrast to the lipid concentrations in 
very small VLDL particles, the association between higher concentrations of cholesterol and cholesteryl esters 
in very small VLDL and early increasing overeating is mediated through the children’s BMI at age 12 years 
(Supplementary Table S4).

Intermediate‑density lipoprotein (IDL). Independent of their BMI at age 12 years, children with reported early 
increasing overeating have higher concentrations of cholesterol and cholesteryl esters in their IDL particles at 
age 16 years than children that do not overeat (Supplementary Table S1).

Remnant cholesterol. Children with early increasing overeating show a 0.29 SD (95% CI 0.14, 0.45; p = 2.4 ×  10–4) 
higher concentration of remnant cholesterol at 16 years than children that do not overeat. This association is 

Table 1.  Eating behaviours and characteristics of the subsamples of the Avon Longitudinal Study of Parents 
and Children (ALSPAC) that were included in the construction of the eating behaviour trajectories using latent 
class growth  analysis27 and the subsample that also has an available metabolic profile at age 16 years. BMI body 
mass index, EB eating behaviour, n number, SD standard deviation.

Characteristics

Participants at baseline (alive at 
one year and part of the original 
core ALSPAC cohort (n = 13,783)

Participants with at least one 
measure of eating behaviour 
during their first 10 years 
(n = 12,048)

Participants with at least one 
measure of eating behaviour and 
metabolic markers at 16 years 
(n = 3107)

Mean (SD) or n (%) Mean (SD) or n (%)

Sex

Boys 7111 (52%) 6208 (52%) 1499 (48%)

Girls 6672 (48%) 5840 (48%) 1608 (52%)

Maternal education

Less than A-levels 7917 (65%) 7271 (60%) 1558 (52%)

A-levels or higher 4330 (35%) 4831 (40%) 1459 (48%)

BMI at 12 years (kg/m2) 19.1 (3.4), n = 6651 19.1 (3.4), n = 6548 19.1 (3.3), n = 2832

BMI at 16 years (kg/m2) 21.5 (3.6), n = 5086 21.5 (3.6), n = 4993 21.5 (2.4), n = 3067

Eating behaviour trajectories Mean BMI at 16 years per EB 
trajectory in analyses sample

Overeating

Low overeating 8240 (69%) 2107 (68%) 21 (3.1)

Low transient 1756 (15%) 421 (14%) 21.6 (3.2)

Late increasing 1276 (11%) 373 (12%) 23.3 (3.9)

Early increasing 730 (6%) 203 (6%) 23.8 (4.5)

Undereating

Low undereating 2940 (24%) 790 (25%) 21.8 (3.5)

Low transient 4413 (37%) 1169 (38%) 21.6 (3.6)

Low and decreasing 2454 (20%) 599 (19%) 21.4 (3.4)

High transient 1548 (13%) 390 (13%) 21.1 (3.5)

High decreasing 437 (4%) 104 (3%) 21.2 (3.2)

High persistent 214 (2%) 52 (2%) 19.5 (2.7)

Fussy eating

Low fussy eating 2713 (23%) 713 (23%) 21.9 (3.6)

Low decreasing 1718 (14%) 460 (15%) 21.9 (3.6)

Low transient 3272 (27%) 840 (27%) 21.5 (3.4)

High and decreasing 1710 (14%) 429 (14%) 21.2 (3.5)

Low increasing 1590 (13%) 401 (13%) 21.3 (3.4)

High persistent 1045 (9%) 264 (8%) 20.6 (3.3)
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mediated through BMI at age 12 years (Supplementary Table S4). Remnant cholesterol summarises the total 
cholesterol contained in IDL and VLDL particles.

Low‑density lipoprotein (LDL). Children with early and increasing overeating patterns have a 0.24 SD (95% CI 
0.09, 0.39; p = 0.002) higher concentration of small and medium LDL particles than children who do not overeat. 
These small and medium LDL particles contain higher concentrations of lipids, phospholipids, cholesterol, and 
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Figure 1.  Trajectories of parent-reported child eating behaviours: overeating, undereating, and fussy eating. 
Trajectories are created using latent class growth analysis. Participants (n = 3107) with at least one measure of 
eating behaviour and metabolic data at 16 years in the Avon Longitudinal Study of Parents and Children are 
included.
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cholesteryl esters than those LDL particles of children who do not overeat (detailed results, see Supplementary 
Table S1).

Additionally, children with early increasing overeating have higher concentrations of phospholipids, choles-
terol, and cholesterol esters in their large LDL particles than children who do not overeat. These higher concentra-
tions and altered compositions of small, medium, and large LDL particles are directly associated with the over-
eating that occurred in childhood independent of the children’s BMI at age 12 years (Supplementary Table S4).

Apolipoprotein B. Children reported to early and increasingly overeat during the first ten years of life have a 
0.28 SD (95% CI 0.13, 0.44; p = 3.4 ×  10–4) higher concentration of apolipoprotein B in adolescence than children 
who do not overeat. This association is mediated through the children’s BMI at age 12 years.

Polyunsaturated fatty acids (PUFA). Besides these alterations in lipoprotein particles, children that early 
and increasingly overeat also have higher concentrations of polyunsaturated fatty acids, including omega-3 
(β = 0.25 SD, 95% CI 0.10, 0.39; p = 9.5 ×  10–4) and omega-6 fatty acids (β = 0.21 SD, 95% CI 0.08, 0.35; p = 0.002) 
than children who do not overeat, independent from their BMI at age 12 years. This is expected because the 
human body does neither produce omega-3 nor omega-6 fatty acids itself. Providing evidence for the additional 
value of modelling eating behaviour independent from measures of body mass (e.g., BMI or body fat percent-
age).

Glycoprotein acetyls. Additionally, children who overeat early and increasingly during the first ten years of 
life have a 0.27 SD (95% CI 0.11, 0.42; p = 7.1  ×  10–4) higher concentration of glycoprotein acetyls, markers of 
chronic inflammation. This association is mediated through their BMI at age 12 years.

Citrate. Children who are reported to overeat early and increasingly (β = − 0.24  SD, 95% CI − 0.39, − 0.09; 
p = 0.002) or late and increasingly (β = − 0.19 SD, 95% CI − 0.29, − 0.09; p = 2.7 ×  10–4) have lower concentrations 
of citrate than children who do not. The association between increasing overeating and lower citrate concentra-
tion is mediated through BMI at 12 years.

The results for undereating and fussy eating are described below. For a list of all results, see Supplementary 
Tables S1–S3 and a full list of all mediation models is in Supplementary Table S4.

Figure 2.  Estimates refer to change in standardised metabolic marker concentration at 16 years in each 
overeating trajectory, in reference to the “low overeating” trajectory (gray dot). Error bars = 95% confidence 
intervals (CI). For lipoprotein subclasses, the total lipids (= triglycerides + phospholipids + total cholesterol) 
point estimate (and CIs) of each 14 subclasses is presented. Estimated beta coefficients and corresponding 
95% CIs for particle concentration and specific lipids in each lipoprotein subclass are given in Figure S1a–c, 
Supplementary Material and Table S1, Supplementary File. Analyses adjusted for sex, age at metabolite measure 
and maternal education. Note: Association where CIs do not cross 0, p-value < 0.05; Filled dot: Association 
meets the p-value threshold of < 0.003. C cholesterol, IDL intermediate-density lipoprotein, LDL low-density 
lipoprotein, HDL high-density lipoprotein, VLDL very low-density lipoprotein, MUFA monounsaturated 
fatty acids, PUFA polyunsaturated fatty acids. Note Filled dot: CI do not include the null after multiple testing 
correction. MUFA, PUFA and saturated fatty acid concentrations include all fatty acids detected which have one, 
more than one, or zero C=C double bonds in their backbone, respectively.
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Adolescent metabolic profile of children who undereat in childhood. Children with reported 
high and persistent undereating (Fig. 1b, pink line) have a 0.52 SD (95% CI 0.26, 0.80; p = 6.4 ×  10–5) higher con-
centration of glutamine at age 16 years than children that do not undereat (Fig. 3). Some mediation is suggested 
by a significant indirect association (β = 0.05, 95% CI 0.02, 0.08), indicating that a small portion of the associa-
tion is mediated via BMI at 12 years, whereas the majority of the association is captured by the direct association 
(β = 0.48, 95% CI 0.20, 0.76).

Adolescent metabolic profile of children who show fussy eating in childhood. Children reported 
to show high persistent fussy eating (Fig. 1c, pink line) throughout childhood have a 0.18 SD (95% CI − 0.29, 
− 0.06; p = 0.002) lower concentration of the essential branched-chain amino acid valine, and children showing 
first low and then increasing fussy eating have a 0.21 SD (95% CI − 0.34, − 0.08; p = 0.002) lower acetate con-
centration than children who do not show fussy eating (Fig. 4). Both associations between fussy eating and the 
metabolic marker are not mediated by BMI at age 12 years.

Discussion
In this comprehensive study, we investigate the association of trajectories of eating behaviours over the first 
10 years of life with variation in metabolic markers at age 16. Adolescents who are reported to overeat, undereat, 
or be fussy about their eating in childhood show alterations in key metabolic markers at the age of 16 years. 
Adolescents who overeat in childhood have a metabolic profile characterised by chronic inflammation and higher 
lipid concentrations (i.e., hyperlipidaemia). This metabolic profile is a well-characterised risk factor for a variety 
of adverse cardiovascular health outcomes, including heart attack and  stroke30,31. Furthermore, children reported 
to undereat persistently in childhood have higher concentrations of glutamine in adolescence. Glutamine is an 
amino acid that serves as an alternative substrate for energy generation if a diet is lacking carbohydrates or other 
energy sources. The metabolism of a child that undereats might resort to glutamine as an alternative energy 
 source32. Lastly, children who are reported to be persistently fussy about their eating have lower concentrations 
of the essential branched-chain amino acid valine that only can be obtained from the  diet33. This may indicate 
a lack of this essential amino acid potentially due to the limited range of food eaten. However, these hypotheses 
require further investigation including detailed dietary reviews and cannot be directly answered with our obser-
vational epidemiological design in the current data set.

Figure 3.  Estimates refer to change in standardised metabolic trait concentration at 16 years in each 
undereating trajectory, in reference to the “low undereating” trajectory (gray dot). Error bars = 95% confidence 
intervals (CI). For lipoprotein subclasses, the total lipids (= triglycerides + phospholipids + total cholesterol) 
point estimate (and CIs) of each 14 subclasses is presented. Estimated beta coefficients and corresponding 
95% CIs for particle concentration and specific lipids in each lipoprotein subclass are given in Figure S2a–c, 
Supplementary Material and Table S2, Supplementary File. Analyses adjusted for sex, age at metabolite measure 
and maternal education. Note Association where CIs do not cross 0, p-value < 0.05; Filled dot: Association 
meets the p-value threshold of < 0.003. C cholesterol, IDL intermediate-density lipoprotein, LDL low-density 
lipoprotein, HDL high-density lipoprotein, VLDL very low-density lipoprotein, MUFA monounsaturated 
fatty acids, PUFA polyunsaturated fatty acids. Note Filled dot: CI do not include the null after multiple testing 
correction. MUFA, PUFA and saturated fatty acid concentrations include all fatty acids detected which have one, 
more than one, or zero C=C double bonds in their backbone, respectively.
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Comparison of our results with previous literature is complicated as only few studies used metabolomics 
platforms to assess metabolic profiles longitudinally. In addition, results from our mediation analyses suggest a 
mechanism by which eating behaviour patterns impact BMI, which is then reflected in changes in the metabolic 
profile in adolescence. However this is only true for some metabolomic markers, as some direct associations from 
eating behaviours to metabolomic markers are indicated to be independent of intermediate BMI.

Figure 4.  Estimates refer to change in standardised metabolic trait concentration at 16 years in each fussy 
eating trajectory, in reference to the “low fussy eating” trajectory (gray dot). Error bars = 95% confidence 
intervals (CI). For lipoprotein subclasses, the total lipids (= triglycerides + phospholipids + total cholesterol) 
point estimate (and CIs) of each 14 subclasses is presented. Estimated beta coefficients and corresponding 
95% CIs for particle concentration and specific lipids in each lipoprotein subclass are given in Figure S3a–c, 
Supplementary Material and Table S3, Supplementary File. Analyses adjusted for sex, age at metabolite measure 
and maternal education. Note Association where CIs do not cross 0, p-value < 0.05; Filled dot: Association 
meets the p-value threshold of < 0.003. C cholesterol, IDL intermediate-density lipoprotein, LDL low-density 
lipoprotein, HDL high-density lipoprotein, VLDL very low-density lipoprotein, MUFA monounsaturated fatty 
acids, PUFA polyunsaturated fatty acids. Note Filled dot: CI do not include the null. MUFA, PUFA and saturated 
fatty acid concentrations include all fatty acids detected which have one, more than one, or zero C=C double 
bonds in their backbone, respectively.

Figure 5.  Overview of significant associations between eating trajectories and metabolic markers and their 
mediation through body mass index (BMI) at age 12 years in the Avon Longitudinal Study of Parents and 
Children (ALSPAC, n = 3104). Arrows in upward direction indicate that the metabolic marker is measured to 
be higher in children with either high and persistent overeating, undereating, or fussy eating compared with 
children that are not reported by their parents to engage in any of these eating behaviours. A red arrow indicates 
that the eating behaviour is associated with the higher metabolite independent from the adolescents’ body mass 
index (BMI) at age 12 years compared to the reference category. Green arrows indicate that the association is 
mediated through BMI at age 12 years. The blue square indicates remnant cholesterol.
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Overeating. Lipoprotein particles, remnant cholesterol, and apolipoprotein B. We show that children who 
have been rated by their parents to overeat in an increasing pattern across the first ten years of life have higher 
concentrations of VLDL, remnant cholesterol, and apolipoprotein B at 16 years of life than children who do not 
overeat. They, furthermore, have VLDL, IDL, and LDL particles that are altered in their composition carrying 
more lipids, phospholipids, cholesterol, and cholesteryl esters than those particles of children who are rated by 
their parents to not overeat. This is of clinical relevance, as these metabolic factors have been associated with 
adverse health outcomes, such as higher risk for cardiovascular  disease34.

VLDL particles are triglyceride-rich lipoproteins that are created in the liver transporting lipids to the adipose 
tissue for storage and the muscles for energy  production35. Pharmaceutical lowering of small VLDL is associated 
with fewer atherosclerotic cardiovascular disease events in preventative  trials36.

Remnant cholesterol is a summary measure of the cholesterol content of all triglyceride-rich lipoproteins (i.e., 
VLDL and IDL)37. Remnant cholesterol is robustly associated with adverse cardiovascular health outcomes, 
including atherosclerosis, myocardial  infarction30,31, and  stroke38. Remnant cholesterol, moreover, shows an 
association with premature myocardial infarction before the age of 40  years39 especially important in the context 
of our findings in the developmental ALSPAC cohort. Our results, therefore, propose remnant cholesterol as a 
potential biomarker for early onset cardiovascular complications.

Apolipoprotein B is the primary organisational protein of lipoproteins and binds to the LDL receptor on 
various cells. Higher apolipoprotein B more accurately indicates risk for cardiovascular  disease40,41 than other 
lipoprotein  markers42,43 because each lipoprotein particle carries exactly one apolipoprotein B particle and based 
on this number the exact concentration of lipoproteins can be estimated. Apolipoprotein B is a better predictor 
of cardiovascular diseases than, for instance, LDL  cholesterol42,43.

Glycoprotein acetyls. Additionally, children who began to overeat early in childhood and did so increasingly 
over the first ten years of life have higher concentrations of glycoprotein acetyls, which indicates a chronic 
inflammatory state as early as at the age of 16 years. Glycoprotein acetyls are heterogeneous nuclear magnetic 
resonance signals summarising five circulating glycoproteins that are primarily produced in the  liver44. The 
concentration of glycoprotein acetyls has previously been associated with  BMI45 paralleling our finding that the 
association between overeating and glycoprotein acetyls is mediated through BMI at age 12 years. Glycopro-
tein acetyls are associated with a variety of adverse health outcomes, including inflammation, cardiovascular 
 disease46, type 2  diabetes47, chronic renal failure, chronic obstructive pulmonary disease, hypertension, inflam-
matory  polyarthritis48, and all-cause  mortality49.

The combination of hyperlipidaemia with higher chronic inflammatory markers represents an adverse cardio-
metabolic profile that is associated with a variety of noncommunicable diseases in epidemiological  studies34,49–51. 
Our study indicates that adolescents who overate in childhood may already have entered this metabolic state or 
a precursor to it at the age of 16 years.

Polyunsaturated fatty acids. Comparing adolescents that overate early and increasingly during childhood with 
those who did not shows that not only lipids that can be synthesised by the human metabolism, but also lipids 
that are solely obtained from the diet are  elevated52. Overeating in childhood was independent of BMI at age 12 
associated with essential polyunsaturated fatty acids, including omega-3 (e.g., mainly contained in plant sources 
and fish oil) and omega-6 (e.g., mainly contained in plant oils) polyunsaturated fatty  acids53. These long chain 
polyunsaturated fatty acids are precursors for locally acting bioactive  metabolites54,55, including eicosanoids like 
prostaglandins, prostacyclin, and  thromboxane55, but only the precise action of a few of those metabolites is 
fully  understood53,56. Imbalances in these pathways can lead to conditions including thrombosis, inflamma-
tion, asthma, and inflammatory bowel  disease57. Overall, the association among polyunsaturated fatty acids and 
cardiovascular  health58–60, diabetes, depression, and neuronal development are controversial and need further 
in-depth  investigation53 as prospective studies and meta-analysis show mixed  results58,61–63. Imbalances in the 
system are measured by the omega-6/omega-3 ratio. A high omega-6 to omega-3 ratio is associated with obesity 
and a pro-inflammatory  state64 as omega-6 fatty acids are often precursors for pro-inflammatory metabolites. 
The absorption of omega-3 and omega-6 fatty acids is highly dependent on the overall fat content of a  meal65 
that may suggest a higher absorption if a general tendency to overeat exists. However, studies investigating the 
absorption are extremely small, sampling generally fewer than 20 individuals. The omega-6/omega-3 ratio of 
adolescents with increasing overeating in childhood in our sample is 10:1, suggesting an overconsumption of 
omega-6 fatty acids within an unhealthy range.

Citrate. Adolescents who were rated to overeat early or later in childhood have lower concentrations of citrate 
at age 16 years than children who do not overeat. The human blood citrate household is tightly regulated by bone 
resorption and renal clearance of citrate via the hormones parathyroid hormone, vitamin D, and  calcitonin66. 
In cells, citrate is produced in the citric acid cycle in  mitochondria67 and citrate regulates energy production 
by inhibiting and inducing strategic enzymes of glycolysis, citric acid cycle, gluconeogenesis, and fatty acids 
 synthesis68. Health conditions, such as obesity, are associated with a dysregulation of the mitochondrial oxida-
tion  chain69 and lower citrate synthase activity in the Krebs  cycle70, resulting in lower productions of citrate. This 
dysregulation can be observed in children 8–12 years  old71 and may reflect the observation that overeating in 
childhood is associated with lower citrate in adolescence in our study. This association is mediated through BMI 
at age 12 years potentially indicating a dysfunction of mitochondria at the age of 16 years.

Undereating. Glutamine. Regarding other eating behaviours that we investigate, adolescents who are 
rated to undereat persistently during childhood show higher glutamine concentrations in adolescence than 
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those who do not. Glutamine is the most abundant amino acid in the human body, a basic building block 
for proteins, and a viable energy  source72. Glutamine can become conditionally essential under  stress32. As a 
biomarker, higher plasma glutamine is associated with lower BMI accompanied by lower triglycerides, lower 
insulin, and higher high-density lipoportein  concentrations73, which overall represents a favourable cardiometa-
bolic  profile74. Cross-sectionally and longitudinally, higher glutamine is associated with lower risk of developing 
type 2  diabetes75,76 and oral administration of glutamine improves glycemic traits in small pilot  studies77,78. In 
summary, this suggests glutamine as a biomarker for a favourable cardiometabolic profile that is associated with 
parent-reported undereating in childhood in our sample. Validation of this association is needed.

Fussy eating. Valine. Adolescents with first low then rapidly increasing fussy eating in childhood have 
lower concentrations of the essential amino acid valine in adolescence than those without fussy eating. Valine 
is one of three essential branched-chain amino acids (i.e., leucine, isoleucine, and valine) that are not synthe-
sised by the human  body79. Branched-chain amino acids regulate several pivotal metabolic  pathways33,80, are 
elevated in  prediabetes81,82, and positively associated with insulin resistance and overweight in  adults83–85 and 
 children24,25,86. Regarding the association between branched-chain amino acids and insulin resistance, cause and 
effect are not yet fully understood, but an branched-chain amino acid-related uncoupling of intracellular insulin 
signalling has been  proposed33. The cross-sectional character of two of the studies in  youth24,86 and the extremely 
small sample (n = 17) of the longitudinal investigation limit the interpretability of the results  severely25. As most 
studies investigate individuals above the age of 18  years84, here, we extend the findings to adolescents. Our find-
ings suggest that children who are deemed by their parents to be persistent fussy eaters in childhood may benefit 
from branched-chain amino acid supplements as they seem to lack essential amino acids in adolescence.

Acetate. Adolescents who are high persistently fussy about their eating in childhood have lower concentrations 
of the short-chain fatty acid acetate than those who are not fussy. One of the main products of colonic microbial 
fermentation of unabsorbed dietary fibre are short-chain fatty acids (e.g., acetate, propionate, and butyrate)87. 
However, short-chain fatty acids are also endogenously produced as a result of elevated fat  oxidation88,89. About 
44% of whole-body acetate production is estimated to be gut microbiota  derived90 and several mechanisms 
are forwarded describing the involvement of acetate in the regulation of appetite and energy homeostasis. For 
instance, intracellular receptors for short-chain fatty acids are expressed in gut epithelium and adipose  tissue91, 
but short-chain fatty acids also seem to have direct central nervous appetite regulating  effects92. Higher systemic 
acetate concentrations suppress food  intake93, reduce lipolysis and plasma free fatty-acid concentrations and 
thus improve insulin  sensitivity94. Acetate is also negatively associated with visceral adipose  tissue95 and oral 
acetate reduces the number of free fatty acids in human  blood96 while rectal infusion of acetate increases serum 
cholesterol, glucagon, and acetate concentrations and reduces free fatty acids within 30  min97. In the light of this 
evidence, and a potential BMI mediated association in our study, individuals that are reported to be fussy about 
eating in childhood may have altered microbiota leading to a lower colonic acetate production and absorption.

Limitations. We present our results in the light of the following limitations. First, dietary habits and eating 
behaviour may be better reflected in the urinary metabolome. Presumably due to high metabolite turn-over, 
metabolites in urine are more closely associated with diet than those in  serum98,99. Second, our subsample of the 
ALSPAC cohort may be selected as it differs with regards to maternal education and variability in BMI at age 
16 years from the core cohort (Table 1) limiting generalisability. Third, due to the overall available sample size, 
some derived eating behaviour trajectories included only a few individuals (e.g., n = 53) reducing power and 
also limiting the ability to examine sex  differences100,101. We, therefore, recommend replication and extension 
of our findings including investigations of sex differences in larger cohorts as soon as a large childhood cohort 
that assesses metabolomic profiles and eating behaviour prospectively becomes available. Fourth, it is not yet 
possible to measure the entire metabolome with a single or a combination of metabolomics  technologies102. 
Nonetheless, our study characterised one of the broadest molecular signatures of systemic metabolism available 
at date of analysis. Fifth, plasma samples were analysed by NMR after 7 years of storage at − 80 °C. Previous work 
has suggested that storage longer than 5 years can result in altered levels of lipids, amino acids, and  hexoses103. 
However, more recently, a study combining metabolite data from different cohorts with varying storage times 
indicated that even though older samples show some degradation of concentration, this does not impact stand-
ard deviation-scaled measures as used in our epidemiological  analyses104. Sixth, given our data set for second-
ary data analysis, we were not able to investigate potential batch effects during the metabolic marker measure-
ment directly. However, studies combining several cohorts using the same NMR platform showed acceptable 
coefficients of  variation105,106. Seventh, the childhood eating behaviour is reported by parents. However, in a 
population cohort sampling ~ 15,000 children, this is the only viable method to obtain information on eating 
behaviour during the first ten years of life. Eighth, our investigation did not include measures of genetic liability 
for metabolic alterations. Future investigations should include, for instance, polygenic scores to model polygenic 
liability for metabolic  alterations107. Finally, our paper focuses on eating behaviours and did not analyse informa-
tion on diet quality or dietary intake, and further investigations including these measures in addition to eating 
behaviours is warranted.

Conclusion
Our findings lend further evidence to the merit of modelling eating behaviour as differential longitudinal trajec-
tories capturing variance and identifying subgroups of eating behaviour throughout the first ten years of life as we 
were able to associate these trajectories with meaningful biochemical markers, including lipid, lipoprotein, gly-
colytic, amino acids and an inflammatory marker. This study represents an important first step in understanding 
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how childhood eating behaviours can impact blood biomarkers in later life. Further replication in independent 
samples is needed, as well as more research on the health impact of metabolic profile in adolescence on health 
in adulthood. If future research validates these initial findings, we could speculate that metabolic biomarkers in 
combination with parent-reported  behaviours108 may represent a potential approach to target children at risk 
for preventative intervention aiming to hopefully curb the development of cardiometabolic illness later in  life109.

Methods
Sample. Participants included in this study are a subsample of adolescents of the population-based ALSPAC 
cohort (n = 3107) that sampled mothers and their children born in the southwest of  England28,29,110. All pregnant 
women that were expected to have a child in the time period between 1 April 1991 and 31 December 1992 were 
contacted to participate in the original cohort. At the beginning, 14,451 pregnant women took part and 13,988 
children were alive at the end of year one. To guarantee independence of individuals, one sibling per set of mul-
tiple births (n = 203 sets) is randomly included in our analysis. The study website contains details of all the data 
that is available through a fully searchable data dictionary and variable search tool (www. brist ol. ac. uk/ alspac/ 
resea rchers/ our- data/).

Ethics approval and consent to participate. Ethical approval for the ALSPAC participants was 
obtained from the ALSPAC Ethics and Law Committee and the Local Research Ethics Committees: www. brist ol. 
ac. uk/ alspac/ resea rchers/ resea rch- ethics/. The main caregiver initially provided consent for child participation, 
and from the age 16 years, the offspring themselves have provided informed written consent. At 16 years old, sole 
consent from the study child was considered acceptable by the Committee and although the law was not specific 
about young people with regards to research, this complied with the Family Law Reform Act 19695 as regards 
treatment: those who are 16 years old or above have the same legal ability to consent to any medical, surgical or 
dental treatment as anyone above 18, without consent from their parent or  guardian111. Children were invited 
to give assent where appropriate. Consent for biological samples was collected in accordance with the Human 
Tissue Act (2004) and informed consent for the use of data collected via questionnaires and clinics was obtained 
from participants following the recommendations of the ALSPAC Ethics and Law Committee at the time. All 
methods were carried out in accordance with relevant guidelines and regulations.

Eating behaviour trajectories during childhood. We obtain longitudinal trajectories of overeating, 
undereating, and fussy eating based on repeatedly parent-reported eating behaviours during childhood. Parents 
report their child’s eating behaviour for the past year at the ages of 1.3, 2.0, 3.2, 4.6, 5.5, 6.9, 8.7 and 9.6  years27. 
Using latent class growth  analyses112,113, we derive trajectories including children that have data on at least 
one time point (n = 12,002), using full information maximum likelihood under the missing at random (MAR) 
assumption. We obtain four trajectories of overeating, six of undereating, and six of fussy eating (Fig. 1).

Sample with available metabolic profile. This analysis includes a subsample of the data presented in 
Herle et al.27 as it includes adolescents with parent-reported childhood eating behaviour, metabolic profile at 
age 16  years, and available covariates: sex, age at metabolite measurement, and maternal education at birth 
(n = 3107). The sample has an average age of 15.5 years (SD = 0.4), and average BMI of 21.5 kg/m2 (SD = 2.4), and 
includes 1608 (52%) girls. The number of individuals in each eating behaviour trajectory is presented in Table 1. 
Our subsample has a similar sex distribution as the original core ALSPAC cohort, but differs with regards to 
maternal education and variability in BMI at age 16 years (for details, see Table 1).

Metabolic profile at age 16. In adolescents’ fasted EDTA plasma, we measure 158 metabolic markers 
using the high-throughput targeted 1H nuclear magnetic resonance (NMR) metabolomics platform, Nightingale 
Health (Helsinki, Finland). The platform contains one single experimental setup and is located at the Univer-
sity of Bristol. The read out includes routine lipids, 14 lipoprotein subclasses with their particle concentration 
and their contained lipids, see Supplementary Methods. Additionally, fatty acids, their chain length, degree of 
unsaturation and others are measured, see Supplementary Methods (i.e., lipoprotein subclasses and fatty acids 
details). Moreover, we measure amino acids, glycolysis-related, and gluconeogenesis-related metabolites and 
their metabolites: ketone bodies. We additionally assess creatinine, and an inflammation-related metabolic 
marker. These metabolic markers are a broad molecular signature of the human  metabolism114 and are assessed 
in clinically meaningful concentrations (e.g., glucose concentration in mmol/L). We present fatty acids in origi-
nal units as well as proportions (%) of total fatty acids. In addition, we calculated the phenylalanine/tyrosine 
ratio as it is a marker of  catabolism115,116.

Nuclear magnetic resonance (NMR) spectroscopy methods. Processing of samples. Plasma sam-
ples were collected when participants were on average 16 years old. All samples were processed and transferred 
for storage at − 80 °C within 4 h. The samples were stored for seven years before processing. The stability of the 
samples was guaranteed through surveillance of the freezing temperature. NMR-based metabolomics was meas-
ured in 2013 from stored blood samples for adolescents collected at the 2006 follow-ups in the clinics.

Prior to sample analysis, frozen samples were thawed in the refrigerator (4 °C) overnight, prepared with a 
sodium phosphate buffer, randomized and then immediately run through the NMR spectrometer. Aliquots of 
each sample were transferred into 3-mm outer-diameter NMR tubes and mixed in 1:1 ratio with a phosphate 
buffer (75 mM  Na2HPO4 in 80%/20%  H2O/D2O, pH 7.4, including also 0.08% sodium 3-(trimethylsilyl) propi-
onate-2,2,3,3-d4 and 0.04% sodium azide) automatically with an automated liquid handler (PerkinElmer Janus 

http://www.bristol.ac.uk/alspac/researchers/our-data/
http://www.bristol.ac.uk/alspac/researchers/our-data/
http://www.bristol.ac.uk/alspac/researchers/research-ethics/
http://www.bristol.ac.uk/alspac/researchers/research-ethics/
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Automated Workstation). Each rack of 96 samples takes about 9 h 22 min to run and contains two control samples 
to check for any degradation. These are (1) a technical control made from glucose and alanine, as well as (2) a 
serum control made from pooled serum. The control samples are used to track the stability of the spectrometer 
over time, independent of plasma and serum samples from the given cohort or other cohorts. Batch effects are 
negligible as Nightingale Health is a targeted platform.

Metabolomics quantification. Using a Bruker AVANCE III spectrometer operating at 500 or 600  MHz that 
measures through three molecular windows in each sample, the metabolites are quantified. From serum with 
added phosphate buffer, two of the spectra (LIPO and LMWM windows) at 37 °C, and from serum lipid extracts 
at 22 °C, one spectrum (LIPID window), that requires minimal preparation, are acquired. Details of the platform 
and its use in epidemiological studies are described in  detail117–122. Several genetic and observational epidemio-
logical studies use the same  platform123–125. Supplementary Table S5 lists the quantified metabolites including 
their units.

Quality control. In an automated procedure, we analyse NMR spectra to quantify absolute molar metabolite 
concentrations. Prior to analyses these pre-processing steps were undertaken: Fourier transformations to NMR 
spectra, automated phase correction, overall signal check for missing/extra peaks, background control, base-
line removal, and spectral area-specific signal  alignments122. We quantify each metabolite via a ridge regression 
model to adjust for heavily overlapping spectra. We quantify lipoproteins and lipids through calibrating against 
high performance liquid chromatography, and individual cross-validation against NMR-independent lipid data. 
We quantify low-molecular-weight metabolites and lipid extract measures (mmol/l) applying regressions cali-
brated against several manually fitted metabolite measures. We quantify our calibration data using an iterative 
line-shape fitting analysis (PERCH NMR software, PERCH Solutions Ltd., Kuopio, Finland).

As lipid extraction protocols show experimental variation, we cannot directly quantify lipid extract measures 
absolutely. Thus, we used the total cholesterol quantified from the native serum LIPO spectrum to scale the 
serum extract metabolites. Measures from our platform are strongly correlated and highly agree with routine 
clinical chemistry measurements of total cholesterol, low density lipoprotein cholesterol, high-density lipoprotein 
cholesterol, triglycerides and glucose assessed on the same plasma/serum  samples117,122. For details of the LIPO 
window spectrum, see the Supplementary Methods (i.e., LIPO window).

Statistical analyses. Prior to analyses, metabolites with a negative value were assigned as missing as nega-
tive concentrations are not possible, and distributions of metabolite measures were screened for implausible 
maximum values. For comparison purposes across metabolic markers and to facilitate plotting, we standardise 
all metabolic markers (i.e., subtraction of the mean and subsequent division by the standard deviation [SD]). We 
fit linear regressions associating the childhood eating behaviour trajectories as categorical independent variables 
with the metabolic markers at 16 years as outcomes. We use the normative trajectory “low stable” (i.e., grey color 
in plots) representing no overeating, undereating, or fussy eating as a reference category. This reference category 
includes children that are rated as not overeating, not undereating, or not being fussy about eating during the 
first 10 years of life.

Our main analysis includes sex, age at metabolite measurement, and maternal education at birth (considered 
as relevant for eating behaviour during the first ten years of life) as confounders. As a sensitivity analysis, to inves-
tigate the potential influence of BMI on the associations, we adjust the regression models for BMI at age 16 years.

In order to correct for multiple testing, we adjust the p value threshold, using the Bonferroni method. How-
ever, the metabolites are highly intercorrelated; therefore, we perform a principal component analysis on the 
correlation matrix of all measured metabolic markers, and identify 20 components explaining the most variance. 
We use this number of principal components to adjust the p value threshold. This results in a Bonferroni-adjusted 
p value threshold of 0.003. All analyses are conducted using Stata version 16.1 and R version 3.5.1.

Mediation analysis. Adjusting the regressions in our sensitivity analysis for BMI reveals that the associations 
between eating behaviours and metabolic markers at 16 years of life are potentially affected by concurrent BMI. 
In order to explore this further, we examine if any statistically significant associations discovered in the main 
analyses are explained by mediation through BMI measured intermediately, between the eating behaviours tra-
jectories and the metabolites, at 12 years. For simplicity, we focus only on comparisons between significantly 
associated trajectory versus the corresponding reference trajectory (e.g., high persistent fussy eating versus low 
fussy eating). Direct, indirect and total associations are illustrated in Supplementary Fig. 4, and are approxi-
mated using the SEM package in Stata version 16.1, retaining the a priori specified p value threshold of 0.003.

Data availability
This study is based on data from the ALSPAC study (http:// www. brist ol. ac. uk/ alspac/). Interested researchers 
can apply for data access with the University of Bristol, UK. Analysis scripts can be requested from the authors.
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