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Abstract

Objective—Metabolomic is now widely used to characterize metabolic phenotypes associated
with lifestyle risk factors such as obesity. The objective of the present study was to explore the

associations of body mass index (BMI) with 145 metabolites measured in blood samples in the
European Prospective Investigation into Cancer and Nutrition (EPIC) study.

Methods—Metabolites were measured in blood from 392 men from the Oxford (UK) cohort
(EPI1C-Oxford) and in 327 control subjects who were part of a nested case-control study on
hepatobiliary carcinomas (EPIC-Hepatobiliary). Measured metabolites included amino acids,
acylcarnitines, hexoses, biogenic amines, phosphatidylcholines, and sphingomyelins. Linear
regression models controlled for potential confounders and multiple testing were run to evaluate
the associations of metabolite concentrations with BMI.

Results—40 and 45 individual metabolites showed significant differences according to BMI
variations, in the EPIC-Oxford and EPIC-Hepatobiliary sub-cohorts, respectively. Twenty two
individual metabolites (kynurenine, one sphingomyelin, glutamate and 19 phosphatidylcholines)
were associated with BMI in both sub-cohorts.

Conclusions—The present findings provide additional knowledge on blood metabolic
signatures of BMI in European adults, which may help identifying mechanisms mediating the
relationship of BMI with obesity-related diseases.
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Introduction

Methods

Obesity is associated with increased morbidity and mortality from non-communicable
diseases, such as diabetes, cardiovascular disease, and some cancers.1-3 The World Health
Organization estimates that 2.8 and 3.2 million people worldwide die each year due to
excess body weight and physical inactivity, respectively.4 In the US and Europe, 20 to 30%
of all cancers could be prevented by the adoption of a healthy diet, normal body weight and
appropriate physical activity habits. Epidemiologic studies suggest that obesity modifies sex
hormone production, circulating inflammatory biomarkers, insulin resistance, oxidative
stress, and lipid metabolism that have been associated with increased risk of major non-
communicable diseases.6—-8 However, further investigations are needed to understand how
these factors may exert their effects.

The advancement of analytical technologies and metabolomics now allows the quantification
of large numbers of low-molecular weight metabolites in human blood,9,10 the
discrimination of metabolic signatures associated with individual phenotypes and the
exploration of metabolic effects associated with lifestyle factors.11-13 Blood metabolic
signatures of adiposity were characterized in multiple observation studies14-25 and
associations between amino acids and body mass index (BMI), particularly isoleucine,
glycine, and valine were consistently reported.14-16,18,20,21,24 However, findings related
to other classes of compounds such as glycerophospholipids, sphingolipids, and
acylcarnitines were largely inconsistent across studies.16-18,21-26

The aim of the present work was to examine the relationships between BMI and 145
endogenous metabolites, including amino acids, acylcarnitines, hexoses, biogenic amines,
phosphatidylcholines (PCs), and sphingomyelins, measured in blood samples from the
European Prospective Investigation into Cancer and Nutrition (EPIC) study.

Study design and population

EPIC is a large, multicenter prospective study aiming at investigating the associations
between lifestyle, diet, and environmental factors and the incidence of cancers and other
chronic, non-communicable diseases. Study population and data collection procedures have
been described in details in previous publications.27 Diet and lifestyle variables were
collected through questionnaires from about 520,000 men and women enrolled between
1992 and 2000 throughout 23 centers in 10 European countries.28 The present study
involves two subsets of the EPIC population: the EPIC-Oxford and the EPIC-Hepatobiliary
sub-cohorts.

EPIC-Oxford sub-cohort—Sixty-five thousand participants older than 20 years of age, of
whom 14,606 (22%) were men, were recruited from across the UK into the EPIC-Oxford
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sub-cohort from 1993 to 2000.29 As one of the major aims of this cohort was to investigate
associations of diet with cancer risk in individuals having contrasted habitual dietary habits,
a large number of vegetarians and vegans were included.

In the present study, the eligibility criteria were: age 30 to 49 years; male gender; providing
blood sample at study entry; known diet group (vegan, vegetarian, meat eater, fish eater);
known smoking status; response to at least 80% of the food frequency questionnaire relevant
questions with a daily energy intake ranging from 800 to 4,000 kcal; and no prior cancer
(excluding non-melanoma skin cancer), cardiovascular disease, or treatment for any long-
term illness or condition at recruitment. Of the 110 eligible vegans (who do not eat any
animal products), we selected all those aged 30-39 years and randomly selected four out of
every five aged 40-49 years. In addition, eligible meat-eaters (who eat meat), fish-eaters
(who do not eat meat but do eat fish) and vegetarians (who do not eat meat or fish but do eat
dairy products and/or eggs) were randomly selected in equal numbers within strata of age
30-39 and 40-49 years. A total of 392 men were included in this analysis and equally
distributed in the four diet groups (n=98 per group)30,31. All individual participants
included in the study provided signed informed consent and a multi-center research ethics
committee approved the protocol for the EPIC-Oxford (MREC/02/0/90).

EPIC-Hepatobiliary control sub-cohort—Three hundred twenty seven controls
(women and men) who provided blood samples at recruitment, were selected from a nested
case-control study on hepatobiliary cancer within the EPIC study.32 The present analysis
was carried out on healthy controls to avoid any risk of bias from metabolic changes due to
hepatobiliary cancer development.

All individual participants included in the study provided signed informed consent. Approval
for the metabolomics studies was obtained from the IARC Ethics Committee (Lyon, France)
and the relevant ethical review boards of the institutions participating in the EPIC cohort.

Laboratory analysis

Blood metabolites from the two sub-cohorts were assayed with the same procedure, by
tandem mass spectrometry at IARC, Lyon, France, using the AbsolutelDQ™ p180 Kit
(BIOCRATES Life Sciences AG, Innsbruck, Austria). Amino acids and biogenic amines
were separated by liquid chromatography before injection into the mass spectrometer, while
flow injection analysis was used for PCs, hexose, acylcarnitines, and sphingolipids. In both
datasets, metabolites with coefficients of variation larger than 20%, those with more than
30% measurements outside the measurable range, and those with missing values for more
than 30% of participants were excluded from the analyses. When measurements were
outside the measurable range, values were imputed as follows: concentrations below the
detection limit (LOD), when applicable, were set to half of the lowest measured
concentrations in the EP1C-Oxford sub-cohort, and to half the LOD in the EPIC-
Hepatobiliary control sub-cohort, respectively. In both datasets, concentrations below the
limit of quantification (LOQ), when applicable, were set to half of the LOQ. In addition,
measurements higher than the highest calibration standard concentration were set to the
highest standard concentrations.
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In the EPIC-Oxford sub-cohort, a total of 145 metabolites were quantified in citrated
plasma. Five of these metabolites had coefficients of variation greater than 20%, 11 had
more than 30% of the concentrations outside the measurable range and one metabolite had
missing values for more than 30% of participants; these 17 metabolites were excluded. Thus,
128 metabolites (10 acylcarnitines, 21 amino acids, four biogenic amines, 78 PCs, hexose
and 14 sphingolipids) were included in the study. The median coefficients of variation of
quality control samples (calculated based on the 128 included metabolites) were 5.6% for
acylcarnitines, 8.2% for amino acids, 8.1% for biogenic amines, 6.8% for PCs, 5.1% for
hexose, and 6.7% for sphingolipids.

In the EPIC-Hepatobiliary controls sub-cohort, 145 metabolites were quantified in serum.
Two of these metabolites had coefficients of variation greater than 20%, 13 metabolites had
more than 30% of the measured concentrations outside the measurable range, and were
therefore excluded. Thus, 130 metabolites (11 acylcarnitines, 20 amino acids, five biogenic
amines, 79 PCs, hexose and 14 sphingolipids) were included in the study. Samples from
different EPIC centers were randomly distributed between analytical batches. The median
coefficients of variation of quality control samples (calculated based on the 130 included
metabolites) were 3.3% for acylcarnitines, 7.2% for amino acids, 6.6% for biogenic amines,
4.1% for PCs, 2.6% for hexose, and 5.4% for sphingolipids.

The nomenclature of the metabolites is detailed in Supporting Information APPendix S1 anq
has been published previously.33

Assessment of BMI

Height and weight were used to calculate BMI in kg/m?2, based on self-reported data in the
EPIC-Oxford sub-cohort and standardized measurements in the EPIC-Hepatobiliary control
sub-cohort. In addition to self-reported measurements in the EPIC-Oxford, height and
weight were measured in a cohort subsample. Self-reported values showed very good
agreement with those measured (correlation coefficient (r)>0.9).34

Statistical analysis

Selected characteristics of the study populations were described and compared according to
BMI (<25; 225 kg/m?) in each sub-cohort. All metabolite concentrations were
logarithmically transformed, and were Z-standardized for better comparison of variables
with different blood concentrations.

To evaluate how much of the total variability in the metabolomics data was explained
separately by BMI and confounders such as subjects’ characteristics and technical aspects of
the sample analysis, the Principal Component Partial R-squared method was performed.35 A

Associated Content Available

Appendix S1 - Material and methods.

Table S1 - Means and Standard Deviations (SD) of metabolites concentrations according to body mass index (BMI).

Table S2 - Relationship of metabolites with body mass index in the EPIC-Oxford and the EPIC-Hepatobiliary control cohorts.
Figure S1 - Proportion of variability explained by lifestyle, dietary and blood sample characteristics in the metabolomics data of the
EPIC-Oxford cohort.

Figure S2 - Proportion of variability explained by lifestyle, dietary and blood sample characteristics in the metabolomics data of the
EPIC-Hepatobiliary controls cohort.
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principal component analysis was performed on the concentrations of the metabolites. The
first 16 and 17 principal components explaining more than 80% of the total variability were
retained in the EP1C-Oxford subjects and the EPIC-Hepatobiliary controls, respectively. The
principal components scores were regressed in multivariable models on covariates
expressing participant’ and blood sample’ characteristics, including BMI. The RpartiaF
statistic was calculated for each principal component for all covariates and the overall
Rpartia|2 statistic was determined as a weighted average for each covariate. R software
version 3.1.2 was used to run the Principal Component Partial R-squared analysis.36

Associations of individual metabolite concentrations with BMI (continuous) were tested
using multivariable linear regression. In the EPIC-Oxford sub-cohort, adjustment variables
were included as continuous variables i.e., age (years), time since last food/drink at blood
collection (min); and indicator variables i.e., alcohol intake (<1; 1-7; 8-15; =16 g/d),
smoking status (never; former; current), the Cambridge index of physical activity (inactive;
moderately inactive; moderately active; active), diet group (meat eater; fish eater; vegetarian;
vegan), batch (categorical), time between blood collection and processing (<25; 25-41;
41-72; =72h; unknown). In the EPIC-Hepatobiliary control sub-cohort, adjustment variables
were included as continuous variable i.e., age (years); and indicator variables i.e., sex
(female; male); smoking status (never; former; current; unknown), alcohol intake (<1; 1-7;
8-15; 216 g/d), the Cambridge index of physical activity, meat intake (quartiles in g/d:
<68.5; 68.5-99.6; 99.6-144.3; =144.3), fish intake (quartiles in g/d: <16.1; 16.1-28.3;
28.3-46.3; =46.3), batch (categorical), time since last food or drink at blood collection (<3; 3
to 6; =6 hours; unknown), and country (United Kingdom; Germany; Sweden; Greece; Spain;
The Netherlands; Italy; Denmark).

Pearson correlation coefficients (/) were estimated based on multivariable models to
quantify magnitude of effects. Associations with r>|0.20| were considered as the most
relevant regarding their magnitude.

Due to the many tests performed in these analyses, all p-values were adjusted for multiple
testing as g-values by using false discovery rates with the Simes method,37 given that
Bonferroni correction could be overly conservative.38 Significant threshold for Q-
values39,40 was set at 0.05. The statistical analyses were run in Stata 12 (Stata Corp., Texas,
USA), except otherwise specified.

Participant and blood sample characteristics

Characteristics of participants and blood samples according to BMI are presented in Table 1,
and the description of metabolites concentrations according to BMI is presented in
Supporting Information Table S1,

In the EPIC-Oxford sub-cohort (N=392), 80 men (20%) were overweight (defined as
25<BMI<30), and 12 (3%) were obese (defined as BMI=30).
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The EPIC-Hepatobiliary controls sub-cohort (N=327) included 183 men (56%) and 144
women (44%). Among them, 157 individuals (48%) were overweight, and 70 (21%) were
obese.

In both sub-cohorts, the intake of nutrients varied according to BMI, but the BMI groups
were not different in smoking, alcohol intake, and physical activity practice.

Contributors to metabolome variability

In the EPIC-Oxford sub-cohort, lifestyle, dietary and blood sample characteristics combined
explained 31.9% of the total variability in the metabolomics data (Supporting Information
Fig- S1). BMI explained 1.4% of the total variability. The major contributor to the observed
variation was diet group, explaining 20.7% of the total variability.

In the EPIC-Hepatobiliary controls sub-cohort, lifestyle, and personal and blood sample
characteristics combined explained 37.7% of the total variability in the metabolomics data
(Supporting Information Fig. 82). BMI explained 2.2% of the total variability. The two main
contributors to the variation were batch and country, explaining 14.9% and 13.6% of the
total variability, respectively.

Analysis of individual metabolite concentrations

EPIC-Oxford sub-cohort—Overall, concentrations of 40 out of 128 metabolites (31.3%)
were significantly associated with BMI in the EPIC-Oxford sub-cohort (Fig. 1; Supporting
Information Table 52) after adjusting for confounders and multiple testing. Significant
associations of BMI were found with 50% of biogenic amines, 45.4% of lysoPCs, 33.3% of
amino acids, 32.8% of PCs, 20% of acylcarnitines, and 14.3% of sphingomyelins.

Among the 10 acylcarnitines, C3 and C5 were significantly positively associated with BMI.
Seven of the 21 amino acids were significantly related to BMI. Concentrations of leucine,
isoleucine, valine, tryptophan, alanine, glutamate, and tyrosine all increased with increasing
BMI. The biogenic amines kynurenine and creatinine were also positively associated with
BMI. Twenty-two of the 67 PCs were significantly related to BMI, positively for the diacyl-
PCs C28:1, C32:1t0:3, C34:4, C36:3, C38:3 to :4, C40:4 to :6, and inversely for all the
significant acyl-alkyl PCs, i.e., C38:2, C40:5, C42:3 to :5, and C44:4 to :6, as well as for
diacyl-PCs aaC42:0 to :2. In addition, 5 lysoPCs were associated with BMI, inversely for
lysoPCs C18:1, C18:2, and C28:0, and positively for lysoPCs C16:1 and C20:3. Finally,
concentrations of 2 out of 14 sphingolipids, namely SM C18:0 and SM C20:2, were
significantly positively related to BMI. No association was observed between hexose and
BMI. The sum of branched chain amino acids (BCAA) was significantly and positively
related to BMI. Ratios of metabolites that were tested (i.e., monounsaturated fatty acids
(MUFA) to saturated fatty acids (SFA); polyunsaturated fatty acids (PUFA) to SFA;
kynurenine to tryptophan; and lysoPC to PC ratios did not exhibit significant associations
with BMI (Supporting Information Table S2)

EPIC Hepatobiliary controls sub-cohort—Overall, concentrations of 45 out of 130

metabolites (34.6%) were significantly associated with BMI in the EPIC-Hepatobiliary
controls sub-cohort (Fig. 2; Supporting Information Teble S2y after adjusting for
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confounders and multiple testing. Statistically significant associations of BMI were found
with 44.1% of PCs, 36.4% of lysoPCs, 25% of amino acids, 21.4% of sphingomyelins, 20%
of biogenic amines, and 9.1% of acylcarnitines.

Among the 11 acylcarnitines, C18 was significantly and inversely associated with BMI. Five
out of 20 amino acids were significantly related to BMI. Concentrations of asparagine,
glutamine, glycine and serine decreased, whereas concentrations of glutamate increased with
BMI. The biogenic amine kynurenine was positively associated with BMI. Thirty-one of the
68 PCs were significantly related to BMI, positively for the diacyl-PCs C32:1, C34:2, C34:4,
C38:3, C38:4, and C40:6, and inversely for all the significant acyl-alkyl-PCs, i.e., C30:0,
C34:2,C34:3, C36:1 t0 :3, C38:2, C40:1, C40:3 to :6, C42:1 to :5 and C44:3 to :6, as well as
for diacyl PCs C40:2 and C42:0 to :2. In addition, 4 of the 11 lysoPCs, i.e., C17:0, C18:1,
C18:2, and C28:0, were all inversely associated with BMI. Finally, concentrations of 3 out
of 14 sphingolipids varied significantly with BMI, inversely for SM(OH) C14:1, and
positively for SM C18:0 and SM C18:1. No association was seen between hexose and BMI.

The ratio of kynurenine to tryptophan was positively and significantly related to BMI. BMI
was significantly negatively associated with the ratio of total lysoPCs to total PCs. No
significant association of BMI was found with MUFA to SFA or PUFA to SFA ratios
(Supporting Information Table S2y,

Common associations of metabolites with BMI in both sub-cohorts

Twenty-two metabolites were statistically significantly associated with BMI in both the
EPIC-Oxford and the EPIC-Hepatobiliary controls sub-cohorts (Fig. 3). The directions of 21
out of these 22 associations were consistent in both sub-cohorts; an opposing direction was
seen for the association of lysoPCaC28:0 with BMI (positive in the EPIC-Oxford and
inverse in the EPIC-Hepatobiliary controls sub-cohort). All those 22 compounds were
correlated with BMI with a partial Pearson correlation coefficient (7) higher than |0.1] in both
sub-cohorts (Table 2).

Discussion

In this population-based study involving two sub-cohorts from EPIC and using a targeted
metabolomics approach, 21 specific metabolic signatures of BMI were identified as being
consistent across the two sub-cohorts; those associations may be particularly robust as these
two samples presented heterogeneous characteristics regarding blood matrix, and
participants’ gender, BMI and dietary patterns. BMI increase was associated with increased
blood concentrations of kynurenine; glutamate; SM C18:0; and diacyl-PCs C32:2, C34:4,
C38:3, C38:4 and C40:6; and decreased blood concentrations of lysoPCs C18:1, and C18:2;
diacyl-PCs C42:0, C42:1, and C42:2; and acyl-alkyl-PCs C38:2, C40:5, C42:3, C42:4,
C42:5, C44:4, C44:5 and C44:6.

Our results are consistent with previous findings on metabolomics and body size. One cross-
sectional study measured 127 metabolites in serum in 2,270 participants from the EPIC-
Potsdam cohort with the same assay used in the current study.15,41 This study found 23
serum metabolites related to BMI with coefficients of Spearman’s partial rank correlation
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higher than |0.20]. Among the 21 metabolites that were consistently associated with BMI in
our two datasets, 13 compounds were also correlated with BMI (with multivariable-adjusted
Spearman’s rho>|0.20|) in the EPIC-Potsdam study41 in the same directions as in our study,
including two lysoPCs (C18:1 and, C18:2), four diacyl-PCs (C38:3, C38:4, C40:6; and
C42:0) and seven acyl-alkyl-PCs (C38:2, C42:3, C42:4, C42:5, C44:4, C44:5, and C44:6).
For seven of these compounds (lysoPCs C18:1 and C18:2; PCaaC38:3; and acyl-alkyl-PCs
C38:2, C42:3, C42:4 and C44:6), correlations exceeded |0.20] in at least one of our two sub-
cohorts. LysoPCaC18:2, PCaaC38:3 and PCaeC42:4 showed correlations higher than |0.20]
in our two sub-cohorts as well as in the EPIC-Potsdam, suggesting that the association of
BMI with these three compounds was highly reproducible with a large magnitude of effect
across different European EPIC population subsets. Biogenic amines, and especially
kynurenine that correlated higher than |0.20] with BMI in our two sub-cohorts, were not
measured in the EPIC-Potsdam.15,41

Additional studies have reported associations of PCs that were found to be associated with
BMI in both our datasets.15,17,18,22,25 Present and former findings show that diacyl-PCs
from C30 to C40 are increased in obese as compared to lean subjects, whereas diacyl-PCs
from C42 to C44 and acyl-alkyl-PCs are systematically decreased with increasing BMI.
15,18,22,25,42 LysoPCs compounds may have different biological and physical properties
according to their degree of saturation and length of fatty acid chain.18,43 In our study,
lysoPCs C18:1 and C18:2 were inversely associated with BMI in both datasets, which is in
accordance with findings regarding obesity or diabetes in other studies.15,18,44

Kynurenine, a metabolite of tryptophan, was consistently positively related to BMI in both
our datasets, and the ratio of kynurenine to tryptophan was positively associated with BMI in
the EPIC-Hepatobiliary controls. Positive relations of kynurenine or the kynurenine to
tryptophan ratio to BMI or obesity have been reported in other studies,19,20 and have also
been related to the metabolic syndrome.19 High levels of kynurenine and its ratio to
tryptophan are thought to reflect immune activation and low-grade systemic inflammation.
19

Most amino acids were not consistently associated with BMI in our two sub-cohorts. In
accordance with previous findings, results from the EPIC-Oxford sub-cohort suggest a
BCAA-related metabolite signature of BMI with leucine, isoleucine and valine significantly
associated with BMI. Tyrosine (aromatic amino acid) that was highlighted as a BMI
signature in men from the EPIC-Potsdam (r=0.29),41 also showed a good correlation with
BMI in our EPIC-Oxford sub-cohort (/=0.23). This is consistent with previous findings
showing that aromatic amino acids and BCAA were positively associated with excess body
weight,14-16,18,20,21,24 with a relatively high magnitude of effect observed for isoleucine,
valine and tyrosine in the EPIC-Potsdam.41

Potential limitations of the current study include the relatively small sample size. Pre-
analytic factors such as time since last food/drink at blood collection (and time from blood
collection to processing in the EPIC-Oxford sub-cohort) contributed to less than 4% to the
total variability in the metabolite data. To limit their potential impact on the concentrations
of metabolites, pre-analytical factors were adjusted for in the statistical analyses. It is worth
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noting that in previous methodological work using the same assay a limited impact of fasting
status on metabolites’ reliability or study results was reported in EP1C33,35,45 and the
majority of metabolites (72% and 93%) were stable after non-centrifuged blood samples had
been left at room temperature for 24 hours and after two thaw/freeze cycles, respectively.46
The main analytical discrepancy between the two sub-cohorts is that metabolites were
quantified based on different matrices in blood samples: citrated plasma in the EP1C-Oxford
and serum in the EPIC-Hepatobiliary controls. Yu et a/47 assessed differences between
human plasma and serum metabolite profiles with the same assay as the one we used in the
current study. Although significantly higher concentrations were found in serum than in
EDTA plasma for 64% of the metabolites, the overall correlation between the two matrices
was high (mean r=0.81; range: 0.47-0.97), indicating a proportional change in plasma and
serum concentrations.47 Moreover, both datasets were analyzed separately after log-
transformation and standardization of metabolites concentrations. Therefore, the influence of
blood matrices on our results should be very limited.

The main strength of our study was the ability to replicate associations in two populations
with different general characteristics. The EPIC-Oxford involved only men with a relatively
low BMI (only 3% obese), subjects had a median age of 41 years, and half the sub-cohort
followed a vegan or vegetarian diet, whereas the EPIC-Hepatobiliary controls included men
and women coming from 8 different European countries with a higher BMI (21% obese) and
median age (60 years old) and all participants eating meat and/or fish. Still, 21 metabolites
were similarly related to BMI in those two different populations. It is worth mentioning that
those metabolites were measured using standard methods for laboratory analyses in both
sub-cohorts and were identified after correction for multiple testing and potential
confounding factors. Therefore, the findings which are common to the two studies are most
likely to be robust and suggest consistent relationships of a metabolic phenotype reflecting
body size in individuals with a wide range in BMI.

Conclusion

This study showed that variations in levels of BMI are paralleled by extensive and robust
metabolic changes in PCs and kynurenine blood concentrations. Our results support the
existence of a systemic metabolite profile reflecting body size and suggest that body size
variation may be associated with a broadly modifiable metabolite phenotype. Our findings
confirm PCs and kynurenine as candidate biomarkers that could mediate the relation of
obesity to the risk of obesity-related diseases. Further research is warranted to investigate
whether the identified metabolic signatures of BMI could mediate the relationship of
adiposity with higher risk of certain non-communicable diseases (e.g., cancer and ischemic
heart disease).
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Figure 1.

Associations between body mass index (continuous) and metabolite concentrations plotted
as —logyg (g-values) in the EPIC-Oxford cohort. The dashed line shows the corrected
significance level (False Discovery Rate). The g-values were derived from linear regression
adjusted for age (years, continuous), smoking status (never; former; current), the Cambridge
index of physical activity (inactive; moderately inactive, moderately active; active), alcohol
intake (<1; 1-7; 8-15; =16 g/d), diet group (meat eater; fish eater; vegetarian; vegan), batch
(categorical), time since last food or drink at blood collection (min, continuous), time
between blood collection and processing (fourths of the distribution corresponding to <25;
25-41; 41-72; =72h; unknown). The beta coefficient and 95% confidence intervals of
metabolite concentrations are shown in Table S2.
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Figure 2.

Associations between body mass index (continuous) and metabolite concentrations plotted
as —logyg (g-values) in the EPIC-Hepatobiliary controls cohort. The dashed line shows the
corrected significance level (False Discovery Rate). The g-values were derived from linear
regression adjusted for sex (female; male), age (years, continuous), the Cambridge index of
physical activity (inactive; moderately inactive, moderately active; active), alcohol intake
(<1; 1-7; 8-15; =16 g/d), smoking status (never; former; current; missing), meat intake
(quartiles in g/d: <68.5; 68.5-99.6; 99.6-144.3; 2144.3); fish intake (quartiles in g/d: <16.1;
16.1-28.3; 28.3-46.3; =46.3); batch (categorical), time since last food or drink at blood
collection (<3; 3 to 6; =6 hours; missing), and country (United Kingdom; Denmark; Greece;
Germany; Spain; The Netherlands; Sweden; Italy). The beta coefficient and 95% confidence
intervals of metabolite concentrations are shown in Table S2.
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C40:6(7), C42:0(N), C42:1(N), C42:2(N);
8 acyl-alkyl PCs: C38:2(\), C40:5(V), C42:3(\), C42:4(N),
C42:5(N), C44:4(N), C44:5(N), C44:6(N)

Figure 3.
Statistically significant associations of metabolites with BMI and commonly associated

metabolites in both EPIC-Oxford and EPIC-Hepatobiliary controls cohorts. Arrows indicate
the direction of the associations: positive association ('), negative association () and
inconsistent direction (?).
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Significant metabolites associated with body mass index in both the EPIC-Oxford and in
the EPIC-Hepatobiliary control cohorts.

Betas, Partial R? and Pearson correlation coefficients (r) are estimated from multivariable models adjusted for
multiple testing (Q-value computed with False Discovery Rate, Simes method) and for potential confounders.
In the EPIC-Oxford cohort, adjustment variables were age (years, continuous), Cambridge physical activity

index (inactive; moderately inactive, moderately active; active), smoking status (never; former; current),
alcohol intake (<1; 1-7; 8-15; =16 g/d), diet group (meat eater; fish eater; vegetarian; vegan), batch
(categorical), time since last food or drink at blood collection (min, continuous), time between blood

collection and processing (fourths of the distribution corresponding to <25; 25-41; 41-72; =72h; unknown). In
the EPIC-Hepatobiliary control cohort, corresponding adjustment variables were age (years, continuous), sex
(male; female), Cambridge physical activity index (inactive; moderately inactive, moderately active; active),

smoking status (never; former; current; missing), alcohol intake (<1; 1-7; 8-15; 216 g/d), meat intake
(quartiles in g/d: <68.5; 68.5-99.6; 99.6-144.3; 2144.3); fish intake (quartiles in g/d: <16.1; 16.1-28.3;

28.3-46.3; 246.3); batch (categorical), time since last food or drink at blood collection (<3; 3 to 6; =6 hours;

missing), and country (Denmark; Germany; Greece; Spain; Sweden; The Netherlands; Italy; United

Kingdom).
EPIC-Oxford (N = 392) EPIC-Hepatobiliary controls (N = 327)
Metabolites Beta Q-value Partial R2 r* (Pearson) Beta Q-value Partial R2  r* (Pearson)
lysoPC a C18:1  -0.0464 0.017 0.0247 -0.157 -0.0467 0.003 0.0411 -0.203
lysoPC a C18:2 -0.0901 <0.0001 0.0877 -0.296 -0.0659  <0.0001 0.0814 -0.285
lysoPC aC28:0  0.0353 0.041 0.0185 0.136 -0.0319 0.013 0.0349 -0.187
PC aa C32:1 0.0538 0.002 0.0443 0.210 0.0301 0.045 0.0201 0.142
PC aa C34:4 0.0496 0.007 0.0327 0.181 0.0359 0.023 0.026 0.161
PC aa C38:3 0.104 <0.0001 0.1241 0.352 0.0568  <0.0001 0.0676 0.260
PC aa C38:4 0.039 0.049 0.0172 0.131 0.0374 0.018 0.0281 0.168
PC aa C40:6 0.0307 0.035 0.0196 0.140 0.0404 0.010 0.0329 0.181
PC aa C42:0 -0.0497 0.008 0.0313 -0.177 -0.0433 0.005 0.0381 -0.195
PC aa C42:1 -0.0426 0.018 0.0242 -0.156 -0.0377 0.019 0.0276 -0.166
PC aa C42:2 -0.0561  0.004 0.037 -0.192 -0.0353  0.027 0.0243 -0.156
PC ae C38:2 -0.0396 0.032 0.0205 -0.143 -0.0493 0.001 0.0506 -0.225
PC ae C40:5 -0.0383 0.050 0.0168 -0.130 -0.0413 0.013 0.0303 -0.174
PC ae C42:3 -0.0513 0.004 0.0364 -0.191 -0.0567 <0.0001 0.0577 -0.240
PC ae C42:4 -0.0635 0.002 0.0428 -0.207 -0.0575 <0.0001 0.0587 -0.242
PC ae C42:5 -0.0519 0.011 0.0288 -0.170 -0.048 0.005 0.0376 -0.194
PC ae C44:4 -0.0488 0.015 0.0265 -0.163 -0.0553 0.001 0.0532 -0.231
PC ae C44:5 -0.0596 0.004 0.0365 -0.191 -0.0373 0.028 0.0239 -0.155
PC ae C44:6 -0.0654 0.002 0.0446 -0.211 -0.0439 0.009 0.034 -0.184
SM C18:0 0.0326 0.047 0.0176 0.133 0.0296 0.045 0.018 0.134
Kynurenine 0.0667 0.001 0.0502 0.224 0.0494 0.002 0.0465 0.216
Glutamate 0.0372 0.028 0.0213 0.146 0.0449  <0.0001 0.0573 0.239
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