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Abstract
Aims/hypothesis We aimed to determine the association of maternal metabolites with newborn adiposity and hyperinsulinaemia
in a multi-ethnic cohort of mother–newborn dyads.
Methods Targeted and non-targeted metabolomics assays were performed on fasting and 1 h serum samples from a total of 1600
mothers in four ancestry groups (Northern European, Afro-Caribbean, Mexican American and Thai) who participated in the
Hyperglycemia and Adverse Pregnancy Outcome (HAPO) study, underwent an OGTT at ~28 weeks gestation and whose
newborns had anthropometric measurements at birth.
Results In this observational study, meta-analyses demonstrated significant associations of maternal fasting and 1 hmetabolites with
birthweight, cord C-peptide and/or sum of skinfolds across ancestry groups. In particular, maternal fasting triacylglycerols were
associated with newborn sum of skinfolds. At 1 h, several amino acids, fatty acids and lipid metabolites were associated with one or
more newborn outcomes. Network analyses revealed clusters of fasting acylcarnitines, amino acids, lipids and fatty acid metabolites
associated with cord C-peptide and sum of skinfolds, with the addition of branched-chain and aromatic amino acids at 1 h.
Conclusions/interpretation The maternal metabolome during pregnancy is associated with newborn outcomes. Maternal levels
of amino acids, acylcarnitines, lipids and fatty acids and their metabolites during pregnancy relate to fetal growth, adiposity and
cord C-peptide, independent of maternal BMI and blood glucose levels.
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Abbreviations
AAA Aromatic amino acid
BCAA Branched-chain amino acid
CMPF 3-Carboxy-4-methyl-5-propyl-2-

furanpropanoic acid
FDR False discovery rate
GDM Gestational diabetes mellitus
HAPO Hyperglycemia and Adverse Pregnancy Outcome
QC Quality control
RTL Retention-time-locking
SSF Sum of skinfolds

Introduction

The developmental origins hypothesis posits that the intrauter-
ine environment has an impact on fetal development and
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childhood health [1], since nutritional, metabolic and hormonal
cues in utero can influence offspring susceptibility to disease.
Specifically, newborn adiposity is a perinatal marker of adverse
metabolic exposures in utero and has been linked to childhood
adiposity, ultimately affecting future risk of metabolic diseases
such as type 2 diabetes mellitus [2–4]. Maternal obesity and
hyperglycaemia are well-known independent risk factors for
newborn fat deposition, although excess adiposity at birth can
be present even in their absence [5]. Understanding contribu-
tors to and biomarkers of newborn adiposity might help iden-
tify at-risk children early in life.

Metabolomics characterises metabolites that represent an
individual’s biological status in a normal or pathological state.
The metabolome is affected by genetic, dietary and environ-
mental contributors; thus, metabolomics allows for a compre-
hensive understanding of pathophysiological states and pro-
vides mechanistic insight into disease development. During
pregnancy, a mother’s metabolite profile represents her physi-
ological state at a specific time point. Pre-pregnancy and
intrapartum factors, such as BMI, gestational weight gain, body
composition andmaternal glucose, likely affect both a mother’s
metabolite levels and newborn body composition, particularly
newborn adiposity. A unique metabolic signature integrating
several contributory pre-pregnancy and intrapartum factors
might emerge as a proxy for the metabolic environment sur-
rounding the fetus, which, in turn, might affect fetal organo-
genesis, fat deposition and insulin sensitivity.

Metabolomics has the potential to identify predictive
markers of later adiposity and insulin resistance. In adults,
branched-chain amino acids (BCAAs), aromatic amino acids

(AAAs), short-chain acylcarnitines (C2, C6, C8; see ESM
Table 1 for acylcarnitine nomenclature) and the carnitine ester
of 3-hydroxybutyrate (acylcarnitine C4-OH) have all been as-
sociated with insulin resistance, higher HbA1c and/or postpran-
dial glucose levels [5–8]. However, the impact of the maternal
metabolome on the developing fetus, as evidenced by newborn
outcomes, is largely unknown and understudied [9, 10].

Identification of a maternal metabolomic signature associ-
ated with adverse newborn outcomes might emerge as a way
to determine risk early in life and inform targeted prevention
efforts during pregnancy and early infancy. In this study of
1600 well-characterised, multi-ethnic mother–newborn pairs,
we aimed to investigate associations of the maternal metabo-
lome during pregnancy with newborn adiposity at birth to
begin clarifying relationships between maternal metabolism
and fetal development.

Methods

Data and sample collection

Maternal blood samples were obtained during a 75 g OGTT
between 24 and 32 weeks gestation as part of the
Hyperglycemia and Adverse Pregnancy Outcome (HAPO)
Study [11]. Fasting, 1 h and 2 h glucose levels were measured
as described [11]. Maternal samples were stored at −80°C
prior to metabolomics assays. Metabolic profiling was per-
formed on maternal fasting and 1 h serum samples from 400
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mothers in each of four ancestry groups: Afro-Caribbean,
Mexican American, Northern European and Thai.

Trained personnel obtained maternal anthropometrics using
a standardised protocol at the time of the OGTT. Gestational
age was calculated as previously described [11]. Demographic
data were ascertained via questionnaire. Newborn anthropo-
metric measurements, including birthweight and sum of
skinfolds (SSF), were measured within 72 h of birth using
calibrated equipment and standardised methods across field
centres. The protocol was approved by the Institutional
Review Board at all participating sites and each mother provid-
ed written informed consent for herself and her child.

Conventional metabolites and targeted
metabolomics assays

Sixty-two conventional and targeted metabolites were assayed
as previously described [12]. Briefly, conventional metabolite
levels (lactate, triacylglycerols, 3-hydroxybutyrate, glycerol,
NEFA) were measured on a Unicel DxC 600 clinical analyser
(Beckman Coulter, Brea, CA, USA). Targeted metabolomics
assays for acylcarnitines and amino acids were performed by
tandem MS with addition of known quantities of stable
isotope-labelled internal standards on an Acquity TQD
Triple Quadrupole system (Waters Corporation, Milford,
MA, USA).

Non-targeted analyses

Non-targeted GC–MS assays were performed to analyse the
full range of metabolites in serum, as described [12].
Methanol, the extraction solvent, was spiked with a retention-
time-locking (RTL) internal standard of perdeuterated myristic
acid. Extracts were prepared for GC–MS by methoximation
and trimethylsilylation [13, 14]. Sera from Northern European
and Thai ancestries were run on 6890 N GC-5975B Inert MS
(Agilent Technologies, Santa Clara, CA, USA). Afro-
Caribbean and Mexican American samples were run on
7890B GC-5977B Inert MS (Agilent Technologies). Peaks
were deconvoluted with AMDIS freeware [15] and parsed
against the Fiehn RTL spectral library [14] with additions from
our laboratory. Manual curation included identifying co-eluting
groups of isomeric metabolites and selecting reliable peaks
[13]. Detected peak areas were log2-transformed for analysis.
In total, 73 GC–MS metabolites not assayed using targeted
approaches were used for data analysis.

Fasting and 1 h maternal serum sample pairs were batched
for GC–MS. Batches of equal size were run over 50 days and
balanced by field centre, maternal glucose and BMI and new-
born outcomes. Quality control (QC) pools were constructed
using equal volumes from all maternal samples and prepared
for analysis as described above. QCs were injected as first,
middle and last samples of each GC–MS batch. To control

technical variability attributable to batch and run order, GC–
MS data were normalised using QC data and metabomxtr R
package, version 1.16.0 [12, 16].

Statistical analysis

Per-metabolite analysis Acylcarnitine and 3-hydroxybutyrate
levels were log-transformed to improve normality. Outlying
metabolite values, defined as values >5 SD from the mean,
and data from individuals with more than ten outlying metab-
olites for a sample type (fasting, 1 h), were excluded prior to
statistical analysis.

Associations between phenotypes and metabolites with
<10% missing data within sample type were identified using
linear regression within ancestry groups. Analyses treatingma-
ternal metabolites as predictors and newborn phenotypes as
outcomes were adjusted for field centre, mean arterial pressure,
maternal age, neonatal sex, sample storage time, maternal
height and gestational age at delivery (model 1). Two addition-
al models adjusted for the covariates above plus eithermaternal
BMI at OGTT (model 2) or fasting or 1 h maternal glucose for
the corresponding fasting or 1 h metabolite levels (model 3).

Meta-analysis β values from per-metabolite analyses were
combined across ancestry groups using random effects meta-
analysis with inverse variance weights and restricted maximum
likelihood estimation [17] using the ‘metafor’ R package, ver-
sion 2.0.0 (http://www.metafor-project.org). Heterogeneity of
effects among ancestry groups was assessed descriptively with
I2 statistics and formally tested via Cochran Q tests. False
discovery rate (FDR) correction was applied to meta-analysis
and Cochran Q test p values, and FDR-adjusted p values <0.05
were considered statistically significant. All statistical analy-
ses were conducted using R (version 3.4.3, http://www.
r-project.org).

Network analyses Graphical lasso techniques were used to
identify metabolic networks associated with phenotype [18].
Metabolites are represented by nodes, and edges depict depen-
dence of metabolite pairs conditional on all other metabolites.
First, we identified the subset of metabolites associated with
phenotype at nominal p < 0.05. Next, we identified all other
metabolites demonstrating partial correlation with magnitude
>0.25 with at least one significant metabolite after adjusting
for model variables, as described previously. We calculated
residuals from linear models for these metabolites including
model covariates, and used these residuals as inputs into
graphical lasso. Graphical lasso uses a coordinate descent al-
gorithm and a penalty term to provide a sparse estimate of the
inverse covariance matrix for a given set of input features.
Zero covariance indicates independence for pairs of features
conditional on all others, while non-zero covariance indicates
dependence, conditional on all other features. In network
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parlance, if nodes represent input features (i.e. metabolites),
non-zero covariance estimates correspond to edges between
pairs of nodes that represent their association with each other,
independent of all other graph features. The penalty term trims
likely false-positive edges by gauging the strength of estimat-
ed edges.

Graphical lasso was applied within each ancestry group
and in meta-analysis, using meta-analytical estimates of par-
tial correlations based on a Fisher’s z-transformation. To fur-
ther elucidate network structure, spinglass clusters [19] were
estimated on graphical lasso networks to identify communities
of nodes that are more tightly connected to each other than the
other nodes in the network.

Results

Participant characteristics are shown in Table 1. All infants
were born full-term and newborn sex was roughly equally
distributed. Thai newborns had the lowest birthweight, while
Thai and Afro-Caribbean newborns had the lowest SSF.
Maternal glucose levels and BMI spanned the range observed
in the HAPO study. Mexican American and Thai mothers had
the highest fasting and 1 h glucose levels, respectively. Thai
mothers had the lowest BMI and shortest stature.

Metabolites associated across ancestry groups

Figure 1 depicts 95% CIs for maternal fasting and 1 h metab-
olites that demonstrate significant associations with newborn

birthweight, SSF and/or cord C-peptide in meta-analyses after
FDR-adjustment in at least one model. The β estimates and
FDR-adjusted p values are listed in ESM Table 2. The mag-
nitude of the association between some metabolite levels and
newborn outcomes was minimally affected by adjustment for
maternal BMI and/or glucose, while for other metabolites, the
magnitude and significance was greatly reduced.

Fasting levels of few metabolites were associated with
newborn outcomes. Maternal fasting triacylglycerols were as-
sociated with birthweight and SSF and valine with cord C-
peptide at baseline. The associations of triacylglycerols with
birthweight and valine with C-peptide were attenuated when
adjusting for maternal BMI or maternal glucose, while the
significance of the association between triacylglycerols and
SSF was maintained. At fasting, pyruvate demonstrated pos-
itive association and acylcarnitine C20 a negative association
with SSF, both at baseline and after adjusting for maternal
BMI. Glucose adjustment attenuated the association with
pyruvate.

At 1 h, several fatty acids, other lipid-related metabolites
and amino acids and their metabolites were associated with
newborn outcomes across all models. Lauric acid was associ-
ated with birthweight at baseline and in model 2. Maternal 1 h
triacylglycerols were associated with birthweight, SSF and C-
peptide at baseline. The association with birthweight and SSF
remained after adjusting for maternal BMI (model 2); howev-
er, adjusting for maternal glucose attenuated all associations.
NEFA and 3-hydroxybutyrate, a ketone body, were associated
with birthweight and C-peptide at baseline and after adjusting
for BMI. Additionally, maternal 1 h 3-hydroxybutyrate was

Table 1 Characteristics of participants

Characteristic Afro-Caribbean
(n = 400)

Northern European
(n = 400)

Mexican American
(n = 400)

Thai
(n = 400)

Maternal characteristics

Age at OGTT, years 25.7 ± 5.6 29.4 ± 5.1 29 ± 5.3 28 ± 5.8

Height, cm 164 ± 6.9 164.5 ± 6.3 159.7 ± 5.8 154 ± 5.4

BMI at OGTT, kg/m2 28.2 ± 6.3 29.2 ± 5.3 29.6 ± 5.2 25.8 ± 3.7

Mean arterial pressure, mmHg 78.9 ± 7.5 83.1 ± 6.9 82.6 ± 7.3 79.5 ± 7.1

Fasting plasma glucose, mmol/l 4.5 ± 0.4 4.6 ± 0.3 4.6 ± 0.4 4.4 ± 0.4

1 h plasma glucose, mmol/l 6.8 ± 1.6 7.3 ± 1.5 7.5 ± 1.9 8.2 ± 1.7

Gestational age at OGTT, weeks 27.1 ± 1.8 28.6 ± 1.4 26.9 ± 2.1 28.1 ± 1.8

Gestational age at delivery, weeks 39.8 ± 1.2 40.2 ± 1.1 39.7 ± 1.1 39.4 ± 1.3

Newborn characteristics

Birthweight, g 3251 ± 440 3668 ± 485 3555 ± 444 3148 ± 374

SSF 11.6 ± 1.8 12.8 ± 2.7 14.2 ± 3.1 11.6 ± 2.3

Cord blood C-peptide, nmol/l 0.33 ± 0.20 0.37 ± 0.20 0.37 ± 0.17 0.33 ± 0.17

Male sex 208 (52) 209 (52) 180 (45) 201 (50)

Female sex 192 (48) 191 (48) 220 (55) 199 (50)

Data are shown as mean ± SD or n (%)
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associated with SSF at baseline only. One hour 3-
hydroxybutyrate and NEFAwere not associated with any out-
comes after adjusting for maternal glucose. One hour
palmitoleic acid, an abundant fatty acid in adipose tissue,
was associated with SSF at baseline only. The BCAAs
leucine/isoleucine and valine, as well as their carnitine ester,
acylcarnitine C4/Ci4, were associated with C-peptide at base-
line; however, only valine was associated independent of glu-
cose (model 3) and acylcarnitine C4/Ci4 independent of ma-
ternal BMI (model 2). One hour alanine, a gluconeogenic
precursor, was associated with birthweight in all models. At
1 h, several other amino acids, including threonine, methio-
nine, ornithine and proline, were associated with birthweight
at baseline and after adjusting for maternal BMI or glucose.

Metabolite associations within ancestry groups

Metabolites demonstrating significant associations with new-
born outcomes in individual ancestry groups were also ob-
served (ESM Table 3). Fasting pyruvate, 3-indoleacetic acid,
threonine and 3-carboxy-4-methyl-5-propyl-2-furanpropanoic
acid (CMPF) were associated with birthweight in Afro-
Caribbean mother–newborn pairs in all models. At 1 h, there
were strong positive associations of leucine/isoleucine, valine,
and the BCAA metabolites acylcarnitine C3 and C4/Ci4 with
C-peptide in the Afro-Caribbean group in all models (Fig. 2).
The associations between fasting CMPF and birthweight in
model 1 and 1 h acylcarnitine C4/Ci4 and C-peptide in all
models had similar effect sizes in Northern Europeans as in
Afro-Caribbeans, but were not significant.

As shown in Fig. 3, fasting 3-hydroxybutyrate and its car-
nitine ester acylcarnitine C4-OH were associated with SSF at
baseline (model 1) and after adjusting for maternal glucose
(model 3) in Northern Europeans, while fasting acylcarnitine
C4-OH was also associated with birthweight (model 1) and
SSF after adjusting for maternal BMI (model 2).

Few ancestry-specific associations were present in
Mexican Americans and Thais. Three fasting acylcarnitines
(C12-OH/C10-DC, C18:1-OH/C16:1-DC and C5:1) were as-
sociated with newborn C-peptide or SSF in Mexican
Americans. Fasting triacylglycerols in Thais were associated
with SSF in model 1 only. At 1 h in Thais, tyrosine was
associated with birthweight in models 1 and 3, while 3-
hydroxybutyrate was associated with birthweight in model 1
only. Maternal 1 h 3-hydroxybutyrate and triacylglycerols
were associated with SSF in all models, while 1 h leucine/
isoleucine and tyrosine were associated with SSF in model
3. The association of fasting and 1 h triacylglycerols with
SSF also displayed similar effect sizes in Northern European
and Mexican American ancestries, though the associations
were not significant.

Network analyses

Recognising that dependencies exist among metabolites, we
conducted network analyses to better characterise joint asso-
ciations of metabolites at both fasting and 1 h with newborn
outcomes. Network analyses help identify the context in
which metabolite–phenotype associations occur and clarify
the interplay between metabolites that do and do not demon-
strate individual statistically significant associations with new-
born phenotypes.

Globally, metabolite networks were larger at 1 h than at
fasting but included similar classes of metabolites (Figs. 4,
5, 6, and 7). In maternal metabolite networks associated with
newborn C-peptide, several distinct metabolite communities
were present. At fasting (Fig. 4), acylcarnitines, amino acids,
lipids and fatty acid metabolites were the major metabolites
present in models adjusted for maternal BMI (model 2) and
maternal glucose (model 3); however, acylcarnitines of all
chain lengths were represented in model 3, while only
acetylcarnitine C2 and a few medium-chain acylcarnitines
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Fig. 1 Maternal metabolites associated with newborn outcomes across
ancestries. Forest plot depicting maternal metabolites after fasting and at
1 h in the OGTT that are significantly associated with newborn
birthweight (a), cord blood C-peptide (b) and/or newborn SSF (c). The
x-axis represents the standardised β of each individual metabolite.
Analyses were adjusted for field centre, mean arterial pressure, maternal

age, neonatal sex, sample storage time, maternal height and gestational
age at delivery (model 1). Model 2 included model 1 covariates and
maternal BMI; model 3 included model 1 covariates and fasting or 1 h
maternal glucose for the corresponding fasting or 1 h metabolite levels.
Squares, model 1; circles, model 2; diamonds, model 3. AC, acylcarnitine
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were represented in model 2. At 1 h (Fig. 5), several of the
same metabolite communities were present in the maternal
metabolite networks associated with newborn C-peptide, with
the addition of BCAAs and AAAs in bothmodels. In model 2,
we also demonstrated the presence of carbohydrate metabo-
lites at 1 h. At both fasting and 1 h, metabolite communities
were tightly correlated within metabolite class.

Maternal fasting metabolites associated with newborn SSF
(Fig. 6) included fatty acids, lipid metabolites, amino acids
and acylcarnitines in the model adjusted for maternal BMI
(model 2). Acylcarnitines formed several clusters, each with
acylcarnitines of different chain lengths. Similar classes were
represented when adjusting for maternal glucose (model 3);
however, the acylcarnitine communities were smaller. At 1 h
(Fig. 7), in the models adjusted for maternal BMI or glucose,
smaller communities of similar acylcarnitines, fatty acids and
lipid metabolites were again represented in the maternal me-
tabolite networks associated with SSF; however, the amino
acid community expanded to include all BCAAs and AAAs.
In both networks, fatty acids were linked to each other or to

lipid metabolites, while amino acids and acylcarnitines were
primarily linked to other amino acids and acylcarnitines, re-
spectively. Interconnectivity between clusters occurred pri-
marily between molecules of the same metabolite class; there
was minimal connectivity noted between molecules of differ-
ing metabolite classes. These data are consistent with different
classes of inter-related metabolites contributing to infant body
composition independent of maternal glucose and BMI.

Discussion

The current study demonstrates associations of maternal me-
tabolites during pregnancy with newborn adiposity and high
cord C-peptide across four ancestry groups in the HAPO co-
hort. The HAPO study previously demonstrated independent
associations of maternal blood glucose levels and BMI with
newborn outcomes, including adiposity and C-peptide [11,
20]. Additionally, maternal obesity and gestational diabetes
mellitus (GDM) in mothers in the HAPO study had an addi-
tive effect on these same newborn outcomes that was greater
than either factor alone [21]. The present study suggests that
maternal metabolites beyond glucose may contribute to some
of these phenotype associations. Several novel metabolite–
phenotype associations independent of maternal glucose or
BMI were identified, suggesting that additional metabolites
contribute to the maternal metabolic milieu and may be reflec-
tive of specific maternal exposures, thereby affecting newborn
outcomes.

Few existing studies have investigated associations be-
tween maternal pregnancy metabolites and newborn size
[9, 10] and none have examined maternal metabolite profiles
post glucose load or evaluated the relationship between ma-
ternal metabolites and newborn adiposity or cord C-peptide. A
Spanish cohort of 800 mother–newborn pairs related maternal
urinary metabolites during pregnancy with fetal and newborn
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3-Hydroxybutyrate

0 0.2 0.4 0.6 0.8 1

β (95% CI)

AC C4-OH

0 25 50 75 100 125 150

β (95% CI)

a b

Fig. 3 Fasting metabolites and newborn outcomes in Northern
Europeans. Forest plot depicting fasting maternal metabolites that are
significantly associated with newborn birthweight (a) and newborn SSF
(b) in Northern European participants. The x-axis represents the
standardised β of each individual metabolite. Covariates for each model
are as stated in the legend for Fig. 1. Squares, model 1; circles, model 2;
diamonds, model 3. AC, acylcarnitine
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Fig. 2 One hour metabolites and newborn outcomes in Afro-Caribbeans.
Forest plot depicting 1 h maternal metabolites that are significantly asso-
ciated with newborn birthweight (a) and cord blood C-peptide (b) in
Afro-Caribbean participants. The x-axis represents the standardised β of

each individual metabolite. Covariates for each model are as stated in the
legend for Fig. 1. Squares, model 1; circles, model 2; diamonds, model 3.
AC, acylcarnitine
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size and similarly found that maternal urinary BCAAs, ala-
nine, steroid hormones and choline were associated with
greater intrauterine fetal growth and birthweight [9]. In a
Polish cohort, mothers with lower lipid metabolites and higher
adipocyte fatty acid-binding protein at 12–14 weeks of gesta-
tion had infants with larger birthweights, hypothesised to be
due to greater mother–fetus transport of lipids [10]. However,
neither of these studies specifically examined newborn adi-
posity or insulin resistance and both studied participants with
a homogeneous ethnic background.

Our study is the first to identify numerous maternal fatty
acid, amino acid and lipid-related metabolites 1 h post glucose
load that are associated with newborn birthweight, SSF and C-
peptide. Insulin resistance during pregnancy is a normal phys-
iological process that promotes mother–fetus nutrient transfer;
this is especially important in the postprandial state. This
study and prior studies from our group have identified mater-
nal metabolites associated both with maternal insulin resis-
tance and newborn outcomes, providing insight into which
metabolites are important for the regulation of fetal adiposity.
Akin to Freinkel’s fuel-mediated teratogenesis hypothesis

[22], we propose that maternal metabolic disturbances may
have the following consequences: (1) changes in placental
transfer of metabolites, including glucose, amino acids and
lipid-related metabolites, to the fetus and/or (2) altered devel-
opment of fetal metabolic tissues in response to exposure to an
adverse intrauterine metabolic environment.

We previously demonstrated the association of maternal
blood glucose levels and BMI with maternal metabolites
[17, 23]; we now show that some of these same metabolites,
as well as newly identified metabolites, are associated with
newborn size. After adjustment for maternal BMI, maternal
fasting glucose was associated with alanine levels; the present
study demonstrates that maternal alanine is also associated
with birthweight. Maternal 1 h glucose was also associated
with 1 h 3-hydroxybutyrate and triacylglycerols, independent
of maternal BMI. In the present study, after adjustment for
maternal BMI, 1 h 3-hydroxybutyrate levels were associated
with birthweight and C-peptide, while 1 h triacylglycerols
were associated with birthweight and SSF. Fasting maternal
BMI was associated with triacylglycerols independent of glu-
cose levels; in this study, we demonstrate an association of
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Fig. 4 Maternal fasting metabolite subnetworks associated with newborn
C-peptide. Subnetwork of maternal fasting metabolites associated with
newborn C-peptide in models 2 (a) and 3 (b). Covariates for each model
are as stated in the legend for Fig. 1. Blue shading denotes spinglass
communities within the estimated networks. The lines between two nodes
(edges) represent dependence among metabolite pairs conditional on all
other metabolites in the network according to graphical lasso. Solid edges
represent dependencies for metabolites in the same spinglass cluster and
red dashed edges represent dependencies for metabolites in different
spinglass clusters. Large nodes represent metabolites that are individually

significant with newborn C-peptide while small nodes are correlated with
an individually significant metabolite. Nodes are coloured by metabolite
class (amino acid, lipid, glycolysis/tricarboxylic acid cycle, acylcarnitine,
fatty acid, miscellaneous, carbohydrate, organic acid, purine/pyrimidine).
AA, amino acid; AC, acylcarnitine; Asn/Asx, asparagine/aspartic acid;
CHO, carbohydrate; FA, fatty acid; GC/TCA, glycolysis/tricarboxylic
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maternal fasting triacylglycerols with birthweight and SSF.
The association with birthweight was attenuated when
adjusting for maternal BMI or glucose, while the association
with SSF was independent of maternal BMI. Thus, maternal
glucose elevations may preferentially affect maternal levels of
amino acids and ketone bodies, while BMI affects triacylglyc-
erol levels, suggesting that maternal glucose and BMI may
contribute to unique maternal metabolic signatures that have
an impact on fetal growth and insulin sensitivity.

The positive relationship between maternal triacylglycerols
and newborn size independent of maternal BMI in women
across the blood glucose spectrum is well described [24].
Though maternal triacylglycerols do not cross the placenta,
various placental transporters and receptors facilitate fatty acid
transfer to the fetus, providing a substrate for excess fetal
growth. While cross-sectional associations between triacyl-
glycerols and newborn size have been established,
Mendelian randomisation studies suggest that this association
may not be causal and that other factors may contribute [25].

BCAAs and AAAs are related to insulin resistance and
type 2 diabetes in adults [6, 26] and obesity and insulin resis-
tance in adolescents [27], although it is unclear whether
elevations in these metabolites precede or follow the

development of these phenotypes. Some studies in adoles-
cents and adults show that higher BCAA and AAA levels
are associated with future insulin resistance and diabetes
[27–30], while more recent studies suggests that BCAA and
AAA elevations occur subsequent to the development of
adiposity and insulin resistance [31, 32]. Genetic studies have
also demonstrated that SNPs associated with elevated BCAA
are also strongly associated with type 2 diabetes risk [30, 32].
Although we only identified a relationship between 1 h
leucine/isoleucine and birthweight and C-peptide in model 1,
1 h valine was associated with cord C-peptide even after ad-
justment for maternal BMI or glucose. As maternal BCAAs
are a presumed marker of maternal insulin resistance, our
findings suggest that elevations in maternal BCAA during
pregnancy may relate to newborn size and/or insulin sensitiv-
ity. However, we are unable to discern whether this is a direct
relationship or indirectly mediated via maternal insulin
resistance.

Alanine, a gluconeogenic substrate, has previously been
associated with post-load glucose levels in adults [33, 34]. In
an insulin-resistant state, insulin-mediated suppression of pro-
tein catabolism is reduced; therefore, higher circulating levels
of protein-derived gluconeogenic precursors, such as alanine,

Tyrosine Methionine

AC C14

AC C14:1Gluconic acid 
or similar sugar acid

Aldopentoses

AC C10:1

AC C8

3-OHB

Threonine

NM
/2AA
/NE

NM
/2AA

Asn
/Asx

Glu
/Glx

/NE

NEFA

Valine

AC C18:1

AC C18:2

AC C8:1-DC
AC C16

AC C8:1

AC C18

AC C16:1

Arginine Serine

Phenylalanine

Glycine

AC C12:1
AC C10-OH

/C8-DC

AC C8

AC C14

AC C12

AC C14:2

3-OHB
Threonine

TyrosineMethionine

OHpro

NEFA

Palmitoleic acid

AC C14:1

AC C10:1

Leu
/lle

2-Hydroxybutyric acid

Palmitoleic acid
AC C8:1

Pyruvic acid

AC C10-OH
/C8-DC

Leu
Valine

AC C12

AC C16

AC C18:2

AC C18:1

AC C18

AC C14:2

AC C8:1-DC

Serine

Phenylalanine

Methyl palmitate

Methyl linoleate

G1P

Methyl
stearate

Glycine
Methyl heptadecanoate

Arginine

Asn

Glu

AC C12:1

/Ile
AC C16:1

/Glx

/Asx

2-Hydroxybutyric acid

a b

AA

Lipids
GC/TCA
AC
FA
Misc

CHO
OA

Pur/Pyr

Fig. 5 Maternal 1 h metabolite subnetworks associated with newborn C-
peptide. Subnetwork ofmaternal 1 hmetabolites associated with newborn
C-peptide in models 2 (a) and 3 (b). Covariates for each model are as
stated in the legend for Fig. 1. Blue shading denotes spinglass communi-
ties within the estimated networks. The lines between two nodes (edges)
represent dependence among metabolite pairs conditional on all other
metabolites in the network according to graphical lasso. Solid edges rep-
resent dependencies for metabolites in the same spinglass cluster and red
dashed edges represent dependencies for metabolites in different
spinglass clusters. Large nodes represent metabolites that are individually
significant with newborn C-peptide while small nodes are correlated with

an individually significant metabolite. Nodes are coloured by metabolite
class (amino acid, lipid, glycolysis/tricarboxylic acid cycle, acylcarnitine,
fatty acid, miscellaneous, carbohydrate, organic acid, purine/pyrimidine).
AA, amino acid; AC, acylcarnitine; Asn/Asx, asparagine/aspartic acid;
CHO, carbohydrate; FA, fatty acid; GC/TCA, glycolysis/tricarboxylic
acid cycle; G1P, glycerol-1-phosphate; Glu/Glx, glutamine/glutamic acid;
Leu/Ile, leucine/isoleucine; Misc, miscellaneous; NM/2AA/NE, N-me-
thylamine/2-aminobutanoic acid/N-ethylglycine; OA, organic acid; 3-
OHB, 3-hydroxybutyrate; OHpro, hydroxyproline; Pur/Pyr, purine or
pyrimidine

480 Diabetologia (2019) 62:473–484



would be expected. In our cohort, the association of maternal
1 h alanine with newborn birthweight may be a manifestation
of higher maternal insulin resistance affecting newborn size,
although we did not see a relationship specifically with mea-
sures of excess newborn fat. Alternatively, placental transfer
of alanine may contribute preferentially to lean body mass
development in newborns. 3-Hydroxybutyrate is known to
cross the placenta, serving as a substrate for fetal lipogenesis
[35]. The associations of maternal 1 h 3-hydroxybutyrate with
newborn birthweight and SSF in our cohort suggests that
transplacental transfer of 3-hydroxybutyrate may promote
growth of fetal adipose tissue, affecting newborn body
composition.

Palmitoleic acid, one of the most abundant fatty acids in
adipose tissue, is derived primarily from endogenous synthe-
sis and a small amount comes from dietary intake [36].
Palmitoleic acid is readily mobilised from adipose tissue
[36] and higher plasma concentrations have been noted in
obese children and adults [37, 38]. While some studies have
demonstrated a positive correlation between palmitoleic acid
levels and diabetes, most show the opposite relationship, sug-
gesting that palmitoleic acid is a measure of insulin sensitivity
[36]. In our cohort, 1 h palmitoleic acid was positively

associated with SSF, a paradoxical finding in comparison to
previous descriptions of the role of this metabolite.

CMPF is a furoic acid that has been implicated in beta cell
dysfunction and impaired insulin granule maturation and se-
cretion. CMPF levels have been positively associated with
maternal blood glucose levels and GDM and rising levels
have been noted over time in non-pregnant individuals that
develop type 2 diabetes, due to impaired beta cell function
[39–41]. In newborns, one would anticipate that markers of
maternal insulin resistance, such as CMPF, would be associ-
ated with larger newborn size and greater adiposity. In our
study, the significant negative association of fasting maternal
CMPF with birthweight in Afro-Caribbeans in all models is
notable; a positive relationship would have been expected
based on previous studies of CMPF reported in the literature.

The network analyses performed in this study highlight the
interconnectedness of maternal metabolites as potential con-
tributors to newborn body composition and high cord C-pep-
tide. Acetylcarnitine C2, nearly always the most abundant
acylcarnitine in human serum, is a short-chain acylcarnitine
thought to be important for the regulation of mitochondrial
fuel switching and is elevated in insulin-resistant states
[42, 43]. Acylcarnitine C2 was represented in fasting
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metabolite networks associated with newborn C-peptide and
SSF independent of maternal BMI or glucose. Acylcarnitine
C2may be a marker of maternal metabolic inflexibility since it
affects the ability of mitochondria to switch between glucose
and fatty acid metabolism during a fed or fasted state [44].
When fuel switching is ineffective, mitochondria may become
overburdened, leading to acylcarnitine accumulation in tis-
sues; this, in turn, may affect newborn size and insulin action.
Interestingly, when examining significant metabolite net-
works associated with all newborn outcomes at 1 h post glu-
cose when compared with the fasting state, BCAAs and
AAAs were consistently represented independent of maternal
glucose or BMI. Therefore, these findings in our cohort sug-
gest that the higher levels of these amino acids seen in re-
sponse to a glucose load are due to maternal insulin resistance
limiting insulin-mediated suppression of protein catabolism
and may help mediate the well-known association between
maternal insulin resistance and newborn size, independent of
maternal BMI or glucose levels.

Strengths of this study include its large size and multi-
ethnic population, allowing for identification of associations

that are shared across ancestries and unique among fewer an-
cestry groups. Metabolite patterns are influenced by diet and
environment and might contribute to the ancestry-specific
findings. We also used SSF as a measure of newborn fat mass;
this is a more accurate measure than birthweight, weight-for-
length or BMI, which do not discriminate between fat mass
and fat-free mass [45].

One limitation of this observational study is an inability to
establish causality. Evaluating how the association ofmaternal
metabolites and newborn outcomes relates to childhood met-
abolic disease requires further study in our longitudinal
follow-up cohort. Furthermore, metabolites are influenced
by many environmental factors, not all of which could be
accounted for in the present study.

Maternal metabolites during pregnancy, particularly 1 h
post-glucose challenge, are associated with newborn out-
comes even when accounting for maternal BMI and glucose.
Maternal triacylglycerols, amino acids and acylcarnitines, and
their metabolites, may impact fetal growth and adiposity.
Further study is needed to delineate the mechanisms underly-
ing these associations.
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