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Abstract

Background Metabolomic changes during pregnancy have been suggested to underlie the etiology of gestational
diabetes mellitus (GDM). However, research on metabolites during preconception is lacking. Therefore, this study
aimed to investigate distinctive metabolites during the preconception phase between GDM and non-GDM controls
in a nested case—control study in Singapore.

Methods Within a Singapore preconception cohort, we included 33 Chinese pregnant women diagnosed with GDM
according to the IADPSG criteria between 24 and 28 weeks of gestation. We then matched them with 33 non-GDM
Chinese women by age and pre-pregnancy body mass index (ppBMI) within the same cohort. We performed a non-
targeted metabolomics approach using fasting serum samples collected within 12 months prior to conception. We
used generalized linear mixed model to identify metabolites associated with GDM at preconception after adjusting
for maternal age and ppBMI. After annotation and multiple testing, we explored the additional predictive value of
novel signatures of preconception metabolites in terms of GDM diagnosis.

Results A total of 57 metabolites were significantly associated with GDM, and eight phosphatidylethanolamines
were annotated using HMDB. After multiple testing corrections and sensitivity analysis, phosphatidylethanolamines
36:4 (mean difference : 0.07; 95% Cl: 0.02, 0.11) and 38:6 (3: 0.06; 0.004, 0.11) remained significantly higher in GDM
subjects, compared with non-GDM controls. With all preconception signals of phosphatidylethanolamines in addition
to traditional risk factors (e.g., maternal age and ppBM)), the predictive value measured by area under the curve (AUC)
increased from 0.620 to 0.843.

Conclusions Our data identified distinctive signatures of GDM-associated preconception phosphatidylethanola-
mines, which is of potential value to understand the etiology of GDM as early as in the preconception phase. Future
studies with larger sample sizes among alternative populations are warranted to validate the associations of these
signatures of metabolites and their predictive value in GDM.
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Background

Metabolic alterations in a healthy pregnancy include a
30% increment in basal endogenous glucose production
by late pregnancy, primarily by hepatic function [1]. In
order to maintain euglycemia, circulating fasting glu-
cose concentrations decrease during pregnancy mainly
due to an increase in plasma volume in early pregnancy
and an increase in glucose utilization in later gestation
by the fetoplacental unit [2, 3]. Women with disruption
during such metabolic adaptation during any time of
pregnancy, such as reduced peripheral insulin sensitiv-
ity (e.g., reduced glucose uptake in skeletal muscle and
adipose tissue, adverse amino acid, and lipid metabo-
lism) [1] and diminished pancreatic B-cell reserve [4],
could develop hyperglycemia also known as gestational
diabetes mellitus (GDM).

GDM affects from 1% to >30% of pregnancies world-
wide and is exceptionally prevalent in Asian popula-
tions such as Saudi Arabia, India, and Singapore [5].
GDM is also important for public health awareness for
two reasons. To begin with, GDM increases the risk
of pregnancy complications for both mothers and off-
spring [3]. Subsequently, a GDM diagnosis identifies
populations at risk (i.e., women and their offspring) of
obesity, diabetes, and premature cardiovascular disease
in the long run [3, 6, 7]. The etiology of GDM remains
unclear, even though its involvement with maternal
obesity, inflammation, and oxidative stress-mediated
insulin resistance has been widely suggested [3, 8].

Metabolomics approach, defined as the study of
global metabolite profiles in bio-samples under a
given set of conditions, has been beneficial for assess-
ing cardiometabolic conditions [9]. Emerging evidence
rooted in epidemiological studies has also investigated
plasma, serum, and even urine metabolite profiles
during pregnancy that significantly differed between
women with and without GDM [8, 10-15]. However,
the findings in metabolite panels were inconsistent,
and later assessment in pregnancy was subjective to
reverse causality [9, 16]. In addition, metabolic disrup-
tion as early as the preconception phase could help in
understanding the etiology of GDM, which has been
lacking in current literature. Therefore, we aimed to
investigate distinctive metabolites during the precon-
ception phase between GDM and non-GDM controls
using a non-targeted approach, in a nested case—con-
trol study among homogenous Chinese pregnant sub-
jects in Singapore.

Methods

Study population and study design

Within the Singapore PREconception Study of long-Term
maternal and child Outcomes (SPRESTO), a preconcep-
tion and pregnancy cohort conducted from February
2015 to October 2017, we recruited Chinese, Malay, and
Indian women without type 1 or type 2 diabetes, aged
18-45 years, and planning to conceive within 12 months.
We published the cohort profile earlier and described the
study objective and protocol in detail [17]. The study was
conducted according to the guidelines under the Declara-
tion of Helsinki and approved by the SingHealth Central-
ized Institute Review Board (2014/629/D).

GDM diagnosis

Among 376 singleton live births, we ascertained 33 Chi-
nese pregnant women with GDM according to the Inter-
national Association of Diabetes and Pregnancy Study
(IADPSGQ) criteria between 24 and 28 weeks of gestation
[18]. We then matched them at a 1:1 ratio with 33 non-
GDM Chinese women by age (42 years) and categories
of pre-pregnancy body mass index (ppBMI) (under-
weight [<18.5 kg/m?], normal weight [18.5-22.9 kg/m?],
overweight [23.0—27.4 kg/m?], and obese [>27.5 kg/m?])
[17]. We performed blood collection among all partici-
pants during the preconception phase (within 12 months
prior to conception).

Non-targeted metabolomics approach

Non-targeted metabolomics analysis was performed
using liquid chromatography-mass spectrometry
(LC-MS), as described in accordance with standard
procedures [19, 20]. Upon enrolment during the pre-
conception phase, we collected fasting serum sam-
ples from all participants and stored biospecimens at
— 80 °C until thawing them immediately before assay.
Briefly, fasting serum samples were processed with
methanol or butanol/methanol precipitation for polar
or non-polar metabolite analysis and were run in the
same batch. Quality control samples were prepared by
mixing equal amounts from all the samples and ana-
lyzed after every ten samples to monitor the stability
of the system. We then reported the intra-coefficient
of variation (CV) accordingly. LC-MS analysis was
conducted using Agilent 1290 ultrahigh pressure liq-
uid chromatography system equipped with a 6550
quadrupole time-of-flight mass detector managed by
a MassHunter workstation. Mass data were collected
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between m/z 100 and 1000 Da at a rate of two scans
per second. The electrospray ionization mass spectra
were acquired in both positive and negative ion mode.
Two reference masses were continuously infused to
the system to allow constant mass correction dur-
ing the run: m/z 121.0509 (C;H,N,) and m/z 922.0098
(C1gH gOgN;P5F,y,). Raw spectrometric data were ana-
lyzed by the Agilent MassHunter Qualitative Analy-
sis software. The molecular features characterized by
retention time, chromatographic peak intensity and
accurate mass were obtained using Agilent MassHunter
Mass Profiler Professional software. A total of 5263
features extracted from both positive and negative ion
modes were used for subsequent statistical analyses.
All these features have an intensity >20,000 counts
(approximately three times the detection limit of our
LC-MS instrument) and were found in at least 80% of
the samples in either GDM or non-GDM groups.

Covariates

During recruitment, trained research coordinators con-
ducted in-person interviews and measured the partici-
pants’ weight, height, and blood pressure at the study
clinic. Covariates collected via questionnaires at study
entry included socio-demographic factors, health his-
tory, menstrual characteristics, and lifestyle behaviors.
In detail, they were maternal age, parity (nulliparous vs.
parous), pre-pregnancy BMI, family history of diabetes,
smoking (never vs. past or current), alcohol intake (never
vs. past or current), micronutrient supplements intake
in the past 3 months (yes vs. no). In addition, a 2-h 75 g
two-time point oral glucose tolerance test (OGTT) was
performed at the clinic during the first preconception
visit. Preconception prediabetes was diagnosed based
on fasting glucose concentration at>6.1 mmol/L and/or
2-h glucose concentration at>7.8 mmol/L, according to
World Health Organization (WHO) guidelines [21].

Statistical analyses

We performed the following steps for our statistical
analyses. Step 1, we compared baseline characteris-
tics between GDM and non-GDM controls using either
generalized linear mixed model (GLMM) or general-
ized estimation equation (GEE) to account for 1:1 ratio
matching effect. Step 2, we applied Student’s ¢-test to
identify a pool of metabolite candidates, from which we
further used GLMM to identify signatures of metabo-
lites with adjustment of maternal age and ppBMI and
accounting for the case—control matching effect. Step 3,
upon GLMM identification, we performed annotation
via Human Metabolite Database (HMDB) and pathway
analysis via the KEGG database and assessed the cor-
relation among all signatures of metabolites using the
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spearman rank correlation. Step 4, we compared the
means and standard errors of all annotated metabolites
after log-transformation their peak area between GDM
and non-GDM controls using GLMM model and indi-
cated regression estimate in mean difference between
GDM and non-GDM subjects for each signature of
metabolite identified. Due to the exploratory nature of
our study, we corrected multiple testing using the false
discovery rate (FDR) approach [22] and conducted sensi-
tivity analysis by additionally adjusting for preconception
diabetes according to WHO 2015 criteria [21], family his-
tory of diabetes, and parity. Step 5, all annotated metabo-
lites from the preconception phase were presented in box
plots, including median and inter-quartile range (IQR).
Step 6, we performed the receiver operating character-
istic (ROC) curve to calculate the area under the curve
(AUC) value for GDM using annotated metabolites and
traditional risks (e.g., maternal age, ppBMI) at the pre-
conception phase.

In the descriptive table, we expressed all maternal char-
acteristics data as median with IQR or mean with stand-
ard deviation (SD) when appropriate. We conducted all
statistical analyses using the SIMCA 13.2 (Umetrics,
Umea, Sweden), MetaboAnalyst (Version 4.0), and R Soft-
ware (Version 3.5.0). We reported regression estimates in
mean difference with 95% confidence interval (CI) after
log-transformation of all signatures of metabolites and
deemed significance at p-value (2-sided) less than 0.05.

Results

No significant difference in baseline maternal character-
istics were identified between GDM cases and matched
controls (Table 1). A total of 57 metabolites were sig-
nificantly associated with GDM. Nine were further suc-
cessfully annotated. Since two were duplicated, a total of
eight phosphatidylethanolamines were identified using
HMDB, including 34:1, 34:2, 36:2, 36:4, 38:4, 38:5, 38:6,
and 40:6. All of them were normalized after log-trans-
formation in peak area and highly correlated with each
other using the spearman rank correlation (Additional
file 1: Tab. S1).

These eight phosphatidylethanolamines expressed
significantly higher signals in the GDM than the non-
GDM controls (5 range of mean difference: 0.04—0.07, all
p<0.05). The intra-CV in these eight phosphatidyletha-
nolamines ranged between 2.86 and 4.14% (Additional
file 2: Tab. S2). After FDR correction and sensitivity
analysis, phosphatidylethanolamines 36:4 (mean differ-
ence B: 0.07; 95% CI: 0.02, 0.11, FDR-corrected p-value:
0.0084) and 38:6 (mean difference f: 0.06; 95% CI:
0.004, 0.11; FDR-corrected p-value: 0.0032) remained
significantly different between GDM and non-GDM
controls (Table 2) during preconception phase. We
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Table 1 Preconception maternal characteristics between GDM and non-GDM matching controls by maternal age, ethnicity, and pre-

pregnancy body mass index category

Maternal characteristics before pregnancy

GDM subjects (N=33)

Non-GDM subjects (N=33) p*

Mean (SD) or N (%) Mean (SD) or N (%)

Age, years 30.09 (2.52) 30.59 (2.39) 0.50
Parity 0.55

0 23 (67.65) 22 (68.75)

1 9(26.47) 10(31.25)

2 2(5.88) 0(0)
BMI, kg/m? 23.5% (4.13) 23.77% (4.24) 044
BMI category, 0.86

Underweight, < 18.5 kg/m? 1(3.0) 3(9.0)

Normal weight, 18.5-22.9 kg/m? 17 (51.5) 17 (51.5)

Overweight, 23.0-27.4 kg/m? 7(212) 6(18.2)

Obese, > =275 kg/m? 8(24.2) 712
Waist to hip ratio 0.85 (0.06) 0.86 (0.04) 0.60
HbA1c, mmol 33.2(2.96) 32.5(3.09) 033
Prior GDM, yes 0(0) 0(0) -
OGTT

Fasting glucose, mmol/L 491 (0.5 4.8 (0.26) 0.16

2-h glucose, mmol/L 6.1 (1.61) 548 (1.37) 0.13

Prediabetes, yes 1(3.23) 2 (6.25) 0.10
Family history of DM, yes 12 (36.36) 7(21.88) 0.27
Time-to-pregnancy, months 245 (7.74) 3.84(5.22) 0.86

Abbreviations: GDM Gestational diabetes mellitus, /QR Inter-quartile range, BMI Body mass index, HbATc Glycated hemoglobin, OGTT Oral glucose tolerance test, DM

Diabetes

" Accounted for matching with generalized linear mixed model or generalized estimating equation, if applicable

Table 2 Comparison of eight annotated metabolites between
GDM and non-GDM subjects using GLMM during preconception
phase within 12 months prior to conception

Phosphatidylethanolamines GDM vs. non-GDM (reference)

Mean difference  pvalue FDR

B (95% CI)
34:1 0.04(-001,009  0.04 0.0498
342 006 (-001,012)  0.03 0.0498
36:2 0.05(-0.004,0.11)  0.049 0.0498
36:4 0.07(0.02,0.11) 0.001  0.0084
384 0.05(0.01,0.09) 0.03 0.0498
385 0.04 (—0.003,009) 0.04 0.0498
386 0.06 (0.004,0.11) 0.01 0.0332
40:6 006 (0.0002,0.11)  0.049 00498

GLMM was adjusted for maternal age and pre-pregnancy body mass index
(pp-BMI) at the preconception phase

Abbreviations: GDM Gestational diabetes mellitus, GLMM Generalized linear
mixed model, FDR False discovery rate

applied scatterplot overlaying box plots to showcase
the distribution and signal mean differences between
GDM and non-GDM controls according to eight

phosphatidylethanolamines (Additional file 3: Fig. S1)
and highlighted 36:4 and 38:6 in Fig. 1. Sensitivity analy-
sis by additionally adjusting for family history of diabe-
tes, parity, prediabetes during the preconception phase,
and prior GDM history did not significantly attenuate
our findings on 36:4 and 38:6 (Additional file 4: Tab.S3).

Furthermore, no pathway was identified among eight
annotated metabolites, whereas 12 pathways were identi-
fied among unannotated metabolites via KEGG pathway
analysis (Additional file 5: Tab. S4).

Since there were eight metabolites identified while
two remained significant after FDR correction, we per-
formed the ROC curve for all candidate models based on
different sets of metabolites. With 36:4 and 38:6 signals
in addition to traditional risk factors such as maternal
age, ppBMI, family history of diabetes, prior history of
GDM, preconception prediabetes, and parity, the AUC
increased from 0.620 to 0.773 and R? increased from
0.048 to 0.236 (Table 3 and Fig. 2). With all eight metabo-
lites’ signals in addition to the same set of traditional risk
factors mentioned above, the AUC increased from 0.620
to 0.843 and R? increased from 0.048 to 0.377 (Table 3
and Fig. 2). Due to the multiple adjustments within a
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Fig. 1 Scatter plots and box plots of phosphatidylethanolamines 36:4
and 38:6 at preconception (within 12 months prior to conception)
phase between GDM and non-GDM controls in the nested case—
control study embedded in SPRESTO study

relatively small sample size, all comparisons did not reach
statistical significance.

Discussion

In our longitudinal study of 33 pairs of Chinese GDM
and non-GDM controls on non-targeted metabolomics
signature at the preconception phase within 12 months
prior to conception, fifty-seven metabolites were signifi-
cantly related to GDM. Among them, eight phosphati-
dylethanolamines were successfully annotated with a
range of fatty acid chain lengths. After FDR correction
in multiple testing, only phosphatidylethanolamines 36:4
and 38:6 remained significant in association with GDM.
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Compared with non-GDM controls, these two glycer-
ophospholipids were related to adverse cardiometabolic
profiles and exhibited significantly higher signals during
the preconception phase in GDM subjects.

Emerging evidence has shown that serum, plasma, and
even urine metabolites (e.g., lipids, fatty acids, amino
acids, acylcarnitines, dopamine) were associated with
incident GDM in either early or mid-pregnancy [8-11,
23, 24]. However, we are unaware of studies on metabo-
lomics measurements before pregnancy. Women at risk
of GDM already exert differences in fat deposition and
glycose tolerance even before their pregnancy [25]. The
signatures of metabolites in preconception are of poten-
tial value to understand the pathophysiology of GDM.

Our study is the first to investigate the missing link of
changes in metabolites as early as in the preconception
phase. Among the eight metabolites identified to differ-
entiate GDM from non-GDM controls, all were phos-
phatidylethanolamines—a class of glycerophospholipids
that is made in the endoplasmic reticulum (ER) via the
cytidine diphosphate-diacylglycerol-ethanolamine path-
way [26]. Since phosphatidylethanolamine is one of the
most abundant glycerophospholipids in mammalian
cells and is easy to obtain from human blood and small
biopsy tissues, clinical studies in the past decade have
widely investigated its association with insulin sensitiv-
ity. Emerging evidence has demonstrated the key role of
phosphatidylethanolamine in the insulin signaling path-
way, and it was suggested that increased phosphatidyl-
choline/phosphatidylethanolamines ratio was associated
with reduced insulin sensitivity [27] and elevated among
patients with type 2 diabetes [28]. In mice models, accu-
mulation of phosphatidylethanolamine production in
mitochondria is suggested to modulate glucose [29] and
increase diacylglycerol [30], the latter of which is known
for causing insulin resistance in cells [31].

Table 3 Predictive value for GDM using traditional and novel biomarkers identified in our cohort

Models

R? AUC Pvalue

Ref (model 1) Ref (model 2) Ref (model 3)

Metabolites prediction model
Model 1, adjusting for 36:4, 38:6

Model 2, adjusting for eight metabolites (34:1, 34:2, 36:2, 36:4, 38:4, 38:5, 38:6, and

40:6)
Traditional risks prediction model

Model 3, adjusting for maternal age, ppBMI, family history of GDM, prior history of

GDM, preconception prediabetes, parity

Metabolites and traditional risks combined prediction model
Model 4, model 1+ model 3
Model 5, model 2 4+ model 3

0.127 0694 N/A N/A N/A
0.194 0.754 0.554 N/A N/A

0.048 0620 0.382 0.612 N/A
0.236 0.773 0.360 0.738 0.480
0377 0843 0433 0.257 0.300

Abbreviations: GDM Gestational diabetes mellitus, ppBMI pre-pregnancy body mass index, AUC Area under the curve
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Fig. 2 Receiver operating characteristic (ROC) curve admissions of the predictive models on GDM using identified metabolites and traditional
risks. The red line represents the ROC curve of model 3: GDM ~all traditional maternal risk factors including maternal age, ppBMI, family history
of diabetes, prior history of GDM, preconception prediabetes and parity at the preconception phase (R?=0.048, AUC = 0.620). The yellow line

represents the ROC curve of model 5: GDM ~ all eight metabolites identified at preconception in addition to model 3 (R*=0.377, AUC=0.843)

Our study showed a significantly higher signal of phos-
phatidylethanolamines 36:4 and 38:6 in GDM cases than
in non-GDM controls. Emerging evidence also showed
elevated levels of phosphatidylethanolamines (e.g., 18:1,
22:2, 36:1, 36:4, and 38:6) in both mid- and late pregnancy
[11, 32], among women with different racial backgrounds.
Even though their biological functions underlying the
pathogenesis of GDM are largely unknown, we postu-
lated that phosphatidylethanolamines could adversely
impact cellular activity and glucose and fatty acid metab-
olism [27], since lipid metabolism disorders often accom-
pany glucose metabolism disorders in diabetes, and the
complex relationship between metabolism and numerous
lipid metabolites needs further elucidation. A recent lon-
gitudinal study also reported that glycerophospholipids
could predict the transition from GDM to type 2 diabe-
tes in the early postpartum period, which was a supe-
rior indicator to clinical parameters [33]. Our findings
and others might provide strong evidence to pinpoint
the consistent and distinctive values of certain types of
phosphatidylethanolamines related to GDM, from pre-
conception to postpartum phases. And the identification
of these might help classify and prevent GDM and even
postpartum type 2 diabetes among women at risk. Future

studies should explore such metabolites and pathways
underlying the GDM etiology in alternative populations
and with larger sample sizes.

The strength of this study lies in the preconception
blood sample within 12 months prior to conception, and
the comprehensive measures of metabolomics based on
an untargeted approach, from a group of homogenous
Chinese women. The study is not without limitations.
Firstly, the relatively small sample size may limit the sta-
tistical power of the study. We are not able to validate
our results in a subset of samples within our cohort.
However, even with 33 pairs of GDM cases and con-
trols, we robustly annotated two metabolites that could
distinctively differentiate GDM subjects from non-
GDM controls after FDR correction. Secondly, the study
design of one-time measurement of metabolites within
12 months prior to conception might not capture the
dynamic trajectories of metabolic profiles. Even though
it may be practically much more challenging, future
studies with longitudinal measures before pregnancy are
warranted. Considering our subjects were more moti-
vated to maintain a relatively healthy lifestyle and phy-
sique to achieve a successful pregnancy than the general
population [34], and those who entered pregnancy with
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livebirth outcomes had a more healthful plant-based
eating dietary pattern [35], the impact of identifying
metabolites due to dynamic trajectories in our study is
speculated less significant than the general population.
Lastly, even though we developed the prediction model
from a nested case—control study, the under-sampling
of non-outcomes might potentially overestimate the
AUC performance in our study.

Conclusions

Our data identified distinctive signatures of metabolites
of GDM, specifically in preconception fasting serum (i.e.,
phosphatidylethanolamines 36:4 and 38:6), which is of
potential value to understand in depth on the etiology
of GDM as early as in the preconception phase. Future
studies with larger sample sizes in a multiracial prospec-
tive study setting with external validation and multiple
time points of metabolites testing are warranted to vali-
date the association of these signatures with GDM and
even evaluate the predictive value of such metabolites.

Abbreviations

GDM Gestational diabetes mellitus

SPRESTO  Singapore PREconception Study of long-Term maternal and child
Outcomes

IADPSG International Association of Diabetes and Pregnancy Study

ppBMI Pre-pregnancy body mass index

LC-MS Liquid chromatography-mass spectrometry

cv Coefficient of variation

OGTT Oral glucose tolerance test
WHO World Health Organization
GLMM Generalized linear mixed model
GEE Generalized estimation equation
HMDB Human Metabolite Database
FDR False discovery rate

IQR Inter-quartile range

ROC Receiver operating characteristic
AUC Area under the curve

SD Standard deviation

ER Endoplasmic reticulum

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512916-023-02819-5.

Additional file 1: Tab. S1. Spearman rank correlation among all anno-
tated phosphatidylethanolamines (n=8).

Additional file 2: Tab. S2. The intra-coefficient of variation (CV) among all
identified phosphatidylethanolamines in our study after eight attempts of
quality control.

Additional file 3: Fig. S1. Scatter plots and box plots of eight annotated
phosphatidylethanolamines at preconception (within 12 months prior to
conception) phase between GDM and non-GDM controls in the nested
case—control study embedded in SPRESTO study.

Additional file 4: Tab S3. Sensitivity analysis.

Additional file 5: Tab. S4. KEGG pathway analyses of all GLMM-identified
and yet unannotated metabolites (1 =48).

Page 7 of 8

Acknowledgements
We thank all mothers for participating in this study and all clinic and research
staff for running this study.

Authors’ contributions

L-JL designed the study, supervised the analysis, conducted the whole study,
and drafted and edited the manuscript. X-MW performed the data analyses
and drafted and edited the manuscript. YSC designed the study, reviewed
the manuscript, and provided research data. JKYC designed the study and
provided research data. KHT provided research data. JGE designed the study
and reviewed and edited the manuscript. ZH reviewed the manuscript. MLR
reviewed the manuscript and supervised the statistical analysis. LC provided
research data, interpreted the data, and reviewed and edited the manuscript.
CZ supervised the study design and reviewed and edited the manuscript. All
authors read and approved the final manuscript. L-JL and X-MW contributed
equally to the first author role. LC and CZ contributed equally to the senior
author role.

Funding
Singapore National Medical Research Council (NMRC) (Singapore-NMRC/
TCR/004-NUS/2008; NMRC/TCR/012-NUHS/2014; NMRC TA/0027/2014).

Availability of data and materials

Data will be made available to the editors of the journal for review or query
upon request. Individual participant data (including data dictionaries) underlie
the results reported in this article after deidentification will be available if

an investigator who is an independent review committee from SPRESTO
cohort has approved the proposed use of the data identified for the research
purpose. The data are available between 9 and 36 months following article
publication.

Declarations

Ethics approval and consent to participate

The study was conducted according to the guidelines under the Declaration
of Helsinki and approved by the SingHealth Centralized Institute Review Board
(2014/629/D).

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

'Global Centre for Asian Women's Health, Yong Loo Lin School of Medi-

cine, National University of Singapore, Singapore, Singapore. “Department

of Obstetrics and Gynaecology, Yong Loo Lin School of Medicine, National
University of Singapore, Singapore, Singapore. >NUS Bia-Echo Asia Centre

for Reproductive Longevity and Equality (ACRLE), Yong Loo Lin School

of Medicine, National University of Singapore, Singapore, Singapore. “Global
Health Research Center, Guangdong Provincial People’s Hospital, Guangdong
Academy of Medical Sciences, Southern Medical University, Guangzhou,
China. >Guangdong Cardiovascular Institute, Guangdong Provincial People’s
Hospital, Guangdong Academy of Medical Sciences, Southern Medical Uni-
versity, Guangzhou, China. °Duke-NUS Medical School, Singapore, Singapore.
/KK Women's and Children’s Hospital, Singapore, Singapore. 8Department

of General Practice and Primary Health Care, University of Helsinki and Helsinki
University Hospital, Helsinki, Finland. 9Folkhalsan Research Center, Helsinki,
Finland. "°Agency for Science, Technology and Research (A*STAR), Singapore
Institute for Clinical Sciences (SICS), Singapore, Singapore. ''Institute of Molec-
ular and Cell Biology, Agency of Science, Technology and Research, Singapore,
Singapore. ?Occupational and Environmental Epidemiology Branch, Division
of Cancer Epidemiology and Genetics, National Cancer Institute, National
Institutes of Health, Rockville, MD, USA. "> Antimicrobial Resistance Interdisci-
plinary Research Group, Singapore-MIT Alliance for Research and Technology,
Singapore, Singapore.

Received: 27 September 2022 Accepted: 6 March 2023
Published online: 16 March 2023


https://doi.org/10.1186/s12916-023-02819-5
https://doi.org/10.1186/s12916-023-02819-5

Li et al. BMC Medicine (2023) 21:99

References

1.

2.

Catalano PM. Trying to understand gestational diabetes. Diabet Med.
2014;31(3):273-81.

ZhuY, Zhang C. Prevalence of gestational diabetes and risk of progression
to type 2 diabetes: a global perspective. Curr Diab Rep. 2016;16(1):7.
Mclntyre HD, Catalano P, Zhang C, Desoye G, Mathiesen ER, Damm P.
Gestational diabetes mellitus. Nat Rev Dis Primers. 2019;5(1):47.
Buchanan TA. Pancreatic B-cell defects in gestational diabetes: implica-
tions for the pathogenesis and prevention of type 2 diabetes. J Clin Endo-
crinol Metab. 2001;86(3):989-93.

Li LJ, Huang L, Tobias DK, Zhang C. Gestational diabetes mellitus among
asians - a systematic review from a population health perspective. Front
Endocrinol (Lausanne). 2022;13:840331.

Daly B, Toulis KA, Thomas N, Gokhale K, Martin J, Webber J, Keerthy D,
Jolly K, Saravanan P, Nirantharakumar K. Increased risk of ischemic heart
disease, hypertension, and type 2 diabetes in women with previous
gestational diabetes mellitus, a target group in general practice for
preventive interventions: a population-based cohort study. PLoS Med.
2018;15(1):21002488.

Clausen TD, Mathiesen ER, Hansen T, Pedersen O, Jensen DM, Lauenborg
J, Damm P. High prevalence of type 2 diabetes and pre-diabetes in adult
offspring of women with gestational diabetes mellitus or type 1 diabetes:
the role of intrauterine hyperglycemia. Diabetes Care. 2008;31(2):340-6.
Koos BJ, Gornbein JA. Early pregnancy metabolites predict gestational
diabetes mellitus: implications for fetal programming. Am J Obstet
Gynecol. 2021;224(2):215 e211-215 e217.

Alesi S, Ghelani D, Rassie K, Mousa A. Metabolomic biomarkers in
gestational diabetes mellitus: a review of the evidence. Int J Mol Sci.
2021,22(11):5512.

ZhuY, Tsai MY, Sun Q, Hinkle SN, Rawal S, Mendola P, Ferrara A, Albert PS,
Zhang C. A prospective and longitudinal study of plasma phospholipid
saturated fatty acid profile in relation to cardiometabolic biomarkers and
the risk of gestational diabetes. Am J Clin Nutr. 2018;107(6):1017-26.

. Rahman ML, Feng YA, Fiehn O, Albert PS, Tsai MY, Zhu Y, Wang X, Tekola-

Ayele F, Liang L, Zhang C. Plasma lipidomics profile in pregnancy and
gestational diabetes risk: a prospective study in a multiracial/ethnic
cohort. BMJ Open Diabetes Res Care. 2021;9(1):e001551.

Chen X, Scholl TO, Leskiw M, Savaille J, Stein TP. Differences in maternal
circulating fatty acid composition and dietary fat intake in women with
gestational diabetes mellitus or mild gestational hyperglycemia. Diabetes
Care. 2010;33(9):2049-54.

Zhu, Li M, Rahman ML, Hinkle SN, Wu J, Weir NL, Lin Y, Yang H, Tsai MY,
Ferrara A, et al. Plasma phospholipid n-3 and n-6 polyunsaturated fatty
acids in relation to cardiometabolic markers and gestational diabetes: a
longitudinal study within the prospective NICHD Fetal Growth Studies.
PLoS Med. 2019;16(9):e1002910.

LuW, Luo M, Fang X, Zhang R, Li S, Tang M, Yu X, Hu C. Discovery of
metabolic biomarkers for gestational diabetes mellitus in a Chinese
population. Nutr Metab (Lond). 2021;18(1):79.

Sikorski C, Azab S, de Souza RJ, Shanmuganathan M, Desai D, Teo K, Atkin-
son SA, Morrison K, Gupta M, Britz-McKibbin P, et al. Serum metabolomic
signatures of gestational diabetes in South Asian and white European
women. BMJ Open Diabetes Res Care. 2022;10(2):e002733.

Zhang M, Yang H. Perspectives from metabolomics in the early diagnosis
and prognosis of gestational diabetes mellitus. Front Endocrinol (Laus-
anne). 2022;13:967191.

Loo EXL, Soh SE, Loy SL, Ng S, Tint MT, Chan SY, Huang JY, Yap F, Tan

KH, Chern BSM, et al. Cohort profile: Singapore Preconception Study of
Long-Term Maternal and Child Outcomes (S-PRESTO). Eur J Epidemiol.
2021;36(1):129-42.

International Association of D, Pregnancy Study Groups Consensus P,
Metzger BE, Gabbe SG, Persson B, Buchanan TA, Catalano PA, Damm P,
Dyer AR, Leiva A, et al. International association of diabetes and preg-
nancy study groups recommendations on the diagnosis and classifica-
tion of hyperglycemia in pregnancy. Diabetes Care. 2010;33(3):676-82.
CuiL, Lee YH, Thein TL, Fang J, Pang J, Ooi EE, Leo YS, Ong CN, Tan-
nenbaum SR. Serum metabolomics reveals serotonin as a predictor of
severe dengue in the early phase of dengue fever. PLoS Negl Trop Dis.
2016;10(4):e0004607.

Page 8 of 8

20. Alshehry ZH, Barlow CK, Weir JM, Zhou Y, McConville MJ, Meikle PJ.

An >efficient single phase method for the extraction of plasma lipids.
Metabolites. 2015;5(2):389-403.

21. Bansal N. Prediabetes diagnosis and treatment: a review. World J Diabe-
tes. 2015;6(2):296-303.

22. Wang XM, Gao Y, Eriksson JG, Chen W, Chong YS, Tan KH, Zhang C, Zhou
L, Li LJ. Metabolic signatures in the conversion from gestational diabetes
mellitus to postpartum abnormal glucose metabolism: a pilot study in
Asian women. Sci Rep. 2021;11(1):16435.

23. LinY,WuJ, ZhuY, Hinkle SN, Rawal S, Liang L, Weir NL, Tsai MY, Zhang
C. Allongitudinal study of plasma acylcarnitines throughout pregnancy
and associations with risk of gestational diabetes mellitus. Clin Nutr.
2021;40(8):4863-70.

24. Zhao L, Wang M, Li J, BiY, Li M, Yang J. Association of circulating
branched-chain amino acids with gestational diabetes mellitus: a meta-
analysis. Int J Endocrinol Metab. 2019;17(3):e85413.

25. Plows JF, Stanley JL, Baker PN, Reynolds CM, Vickers MH. The pathophysi-
ology of gestational diabetes mellitus. Int J Mol Sci. 2018;19(11):3342.

26. Chang W, Hatch GM, Wang Y, Yu F, Wang M. The relationship between
phospholipids and insulin resistance: from clinical to experimental stud-
ies. J Cell Mol Med. 2019;23(2):702-10.

27. FunaiK, Lodhi I, Spears LD, Yin L, Song H, Klein S, Semenkovich CF. Skel-
etal muscle phospholipid metabolism regulates insulin sensitivity and
contractile function. Diabetes. 2016;65(2):358-70.

28. Newsom SA, Brozinick JT, Kiseljak-Vassiliades K, Strauss AN, Bacon SD,
Kerege AA, Bui HH, Sanders P, Siddall P, Wei T, et al. Skeletal muscle phos-
phatidylcholine and phosphatidylethanolamine are related to insulin
sensitivity and respond to acute exercise in humans. J Appl Physiol
(1985).2016;120(11):1355-63.

29. van derVeen JN, Lingrell S, da Silva RP, Jacobs RL, Vance DE. The
concentration of phosphatidylethanolamine in mitochondria can
modulate ATP production and glucose metabolism in mice. Diabetes.
2014;63(8):2620-30.

30. Chang W, Chen L, Hatch GM. Berberine treatment attenuates the
palmitate-mediated inhibition of glucose uptake and consumption
through increased 1,2,3-triacyl-sn-glycerol synthesis and accumulation in
H9c2 cardiomyocytes. Biochim Biophys Acta. 2016;1861(4):352-62.

31. Selathurai A, Kowalski GM, Burch ML, Sepulveda P, Risis S, Lee-Young
RS, Lamon S, Meikle PJ, Genders AJ, McGee SL, et al. The CDP-ethanol-
amine pathway regulates skeletal muscle diacylglycerol content and
mitochondrial biogenesis without altering insulin sensitivity. Cell Metab.
2015;21(5):718-30.

32. ZhanY,Wang J, He X, Huang M, Yang X, He L, Qiu Y, Lou Y. Plasma
metabolites, especially lipid metabolites, are altered in pregnant women
with gestational diabetes mellitus. Clin Chim Acta. 2021,517:139-48.

33. Lai M, LiuY, Ronnett GV, Wu A, Cox BJ, Dai FF, Rost HL, Gunderson EP,
Wheeler MB. Amino acid and lipid metabolism in post-gestational diabe-
tes and progression to type 2 diabetes: A metabolic profiling study. PLoS
Med. 2020;17(5):21003112.

34. Stephenson J, Heslehurst N, Hall J, Schoenaker D, Hutchinson J, Cade
JE, Poston L, Barrett G, Crozier SR, Barker M, et al. Before the beginning:
nutrition and lifestyle in the preconception period and its importance for
future health. Lancet. 2018;391(10132):1830-41.

35. Lim SX, Loy SL, Colega MT, Lai JS, Godfrey KM, Lee YS, Tan KH, Yap F, Shek
LP, Chong YS, et al. Prepregnancy adherence to plant-based diet indices
and exploratory dietary patterns in relation to fecundability. Am J Clin
Nutr. 2022;115(2):559-69.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.



	Exploring preconception signatures of metabolites in mothers with gestational diabetes mellitus using a non-targeted approach
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Study population and study design
	GDM diagnosis
	Non-targeted metabolomics approach
	Covariates
	Statistical analyses

	Results
	Discussion
	Conclusions
	Anchor 17
	Acknowledgements
	References


