
1 
 

 

 

 

 

Metabolic profiling of the early pregnancy journey 

 

 

 

Thesis submitted by 

Nancy Georgakopoulou 

For the degree of Doctor of Philosophy of Imperial College London and the Diploma 

of Imperial College London 

 

Supervisors: 

Professor Phillip R. Bennett 

Professor Elaine Holmes 

Professor Jeremy K. Nicholson 

 

Section of Computational Systems Medicine 

Department of Surgery and Cancer 

Faculty of medicine 

Imperial college London 

 

2017 



2 
 

STATEMENT OF ORIGINALITY 

I certify that this thesis, and the research to which it refers, are the products of my own 

work, and that any ideas or quotations from the work of other people, published or 

otherwise, are fully acknowledged in accordance with the standard referencing practices of 

the discipline. 

 

 

 

 

 

 

 

 

 

 

 

 

 



3 
 

COPYRIGHT DECLARATION  

The copyright of this thesis rests with the author and is made available under a Creative 

Commons Attribution Non-Commercial No Derivatives licence. Researchers are free to copy, 

distribute or transmit the thesis on the condition that they attribute it, that they do not use 

it for commercial purposes and that they do not alter, transform or build upon it. For any 

reuse or redistribution, researchers must make clear to others the licence terms of this 

work. 

 

 

 

 

 

 

 

 

 

 

 

 



4 
 

ABSTRACT 

 Pregnancy is a dynamic state of maternal immunologic adaptation during which women 

undergo intense anatomical, physiological and metabolic adaptations to retain conception 

and accommodate the growing foetus. These adaptations are reflected in the maternal 

plasma and urine metabolomes, which can be subsequently studied through metabolic 

profiling. A rich and functional description of an expecting mother’s molecular phenotype 

can be the basis for the stratification of pregnant population and development of 

interventions to prevent pathological outcomes such as preterm birth. Preterm birth, that is 

delivery before 37 weeks of gestation, represents one of the most important problems in 

obstetric practice in the developed world, being the leading cause of death for children 

under the age of five around the globe. Therefore, the establishment of a descriptive early 

pregnancy phenotype, predictive of preterm delivery could facilitate novel understanding of 

the biological mechanisms underlying such pathologies and open prognostic avenues. 

The work presented in this thesis primarily aims to describe the healthy maternal plasma 

and urine metabolomes during the early second trimester of pregnancy. Other sources of 

variation that impact upon the maternal metabolome, besides gestational age, are also 

identified. Additionally, metabolic perturbations indicative of impending cervical shortening 

and preterm delivery are also explored in both maternal plasma and urine biofluids. 

Therefore, a large-scale, longitudinal, exploratory 1H-NMR and RP-ULPLC-MS lipidomic study 

of early second trimester maternal plasma and urine was performed to accurately define a 

metabolic map of a ‘key’ time-window of the early pregnancy journey (i.e., 12-21 weeks). 

Following data processing, univariate and multivariate data analysis was employed to assess 

metabolic markers’ evolution in relation to the uncomplicated gestation.  Gestational age 

was the major source of variation in the plasma metabolic profile during the studied time-

period and characterised by global increases in lipoprotein particle subfractions. 

Additionally, lipidomic analysis highlighted substantial increases in PC and PE subclasses 

from 12 to 22 weeks in healthy gestation; whereas lysoPCs and fatty-acyls simultaneously 

decreased, indicating altered phospholipid metabolism and a shift in energy requirements. 

Despite high patient-to-patient variability, urine metabolites robustly associated with 

gestational age were also identified. Also, correlations between matched plasma and urine 
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data enabled the investigation of the gestational age impact upon systemic maternal 

metabolic phenotypes. Finally, metabolic differences associated mainly with ethnicity but 

also with maternal age, infant gender and weight at birth were also explored in plasma and 

urine, indicating that variability due to confounding factors should be considered when 

investigating the maternal metabolome. In conclusion, a detailed description of plasma and 

urine metabolic trajectories in the early second trimester were presently described and 

provide a framework for additional studies of markers of adverse outcomes.  

In order to observe metabolic perturbations predictive of impending cervical shortening and 

preterm delivery, a cohort of patients that delivered prematurely (<37 gestational weeks) 

was investigated at a time-point conducive to timely stratification and clinical intervention. 

Dysregulation of lipid metabolism appeared to dominate the plasma metabolic phenotype 

of women experiencing preterm delivery, which manifested as either increased (i.e., in 

women delivered between 32+0-36+6 weeks) or decreased (i.e., in in women delivered 

before 31+6 weeks) plasma lipid levels. Also, gestational age at delivery was associated with 

differences in microbial-mammalian co-metabolites between the urinary metabolic profiles 

of women delivering either term or preterm babies.  By combining cervical length 

information and urine metabolic phenotyping, the present study paved the way for the 

potential development of an improved preterm delivery prognostic score.  

 

This thesis suggests that metabolic phenotyping is a key tool to understand the alterations 

associated with gestational complications. At a time-period during which two partner 

organisms are interacting for mutual benefit, metabolic phenotyping platforms offer the 

potential for identification of key molecular markers for early prediction, diagnosis and 

monitoring of different obstetric conditions. Both the metabolic description of healthy 

phenotypes and the characterisation of perturbed pathological phenotypes offer an 

improved understanding of the associated biological mechanisms. This information may 

permit monitoring and stratification of pregnant cohorts and facilitate informed, objective 

and targeted clinical intervention. 
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CHAPTER 1: INTRODUCTION 

“You never understand life until it grows inside you”, said Sandra C. Kassis to stress out the 

importance of the gestation journey and the creation of a new human being along the way. 

Scientific community seems to agree since a major effort has been devoted in the research 

of healthy gestation maintenance and pregnancy-related pathologies to elucidate the 

biochemical, metabolic, physiologic and anatomic changes that shape the optimum 

environment that is able to support optimal foetal growth during this nine-month journey. 

1.1 THE PREGNANCY JOURNEY 

The gestation period, which lasts approximately nine months, begins with fertilization and 

ends with birth. It can be divided into three unequal parts which are known as the stages of 

pregnancy and include the pre-germinal (0-2 weeks), the embryonic (3-26 weeks) and the 

foetal stage (27 weeks to childbirth)1. Clinically women are referred to first, second and 

third trimester, corresponding to 1-12 weeks, 13-28 weeks and 29-40 weeks respectively 

(Figure 1).  

                  

Figure 1:  Foetal growth at first, second and third trimester. Adapted from1 
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1.1.1 PHYSIOLOGICAL AND METABOLIC CHANGES ASSOCIATED WITH NORMAL 
GESTATION 

Pregnancy is a state of maternal immunologic tolerance and co-existence with the foetus 

during which women undergo radical changes in the physiologic, anatomic, cardiovascular, 

respiratory, endocrinological, alimentary and metabolic attributes to retain conception, 

support the growing foetus and store energy to cope with the demands of pregnancy, 

labour and lactation23.  These changes start after conception has taken place and constantly 

evolve throughout pregnancy including the delivery period. 

1.1.1.1 CARDIOVASCULAR AND RESPIRATORY CHANGES ASSOCIATED WITH NORMAL 
GESTATION 

Normal pregnancy is associated with profound cardiovascular changes which are 

programmed to optimise conditions for embryonic and foetal growth, with changes in 

maternal brachial blood pressure and cardiac output (30-50% increase) occurring from the 

first trimester of pregnancy4.  Pregnancy-relevant respiratory changes include a 20% 

increase in oxygen (O2) demand to improve oxygen availability to foetal tissues and the 

placenta, often leading to maternal hyperventilation and breathlessness56.  

1.1.1.2 HORMONAL CHANGES ASSOCIATED WITH NORMAL GESTATION 

Maternal physiology is also highly influenced by the placental hormones especially in the 

last trimester of the pregnancy. Throughout gestation, prolactin concentration increases 

markedly; but acts after delivery to initiate breast milk production. Human growth hormone 

is suppressed and corticosteroid levels increase. Finally, progesterone is known to be vital 

for pregnancy maintenance and the support of the developing foetus7. The variation in 

hormonal levels generally affects the glucose and lipid metabolism and such variations take 

place in order to make sure that the foetus receives an ample supply of nutrients for its 

development despite intermittent maternal food intake7. 
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1.1.1.3 LIPOGENESIS AND GLUCONEOGENESIS ASSOCIATED WITH NORMAL 
GESTATION 

Increased maternal lipogenesis and body fat accumulation during pregnancy commences in 

the 1st trimester (i.e. 9 weeks), with triglycerides accumulating in low-, very low- and high-

density lipoproteins (LDL, VLDL, HDL), and lasting up to 40 weeks8. Gestational lipogenesis 

and the subsequent increase in energy storage are thought to be under hormonal control as 

a result of an increase in the concentration of estrogen, progesterone and insulin during 

early gestation9108.  Lipid mediators have an essential role as energy reserves and major 

constituents of foetal membranes during gestation, but they also represent highly 

biologically active metabolites, with an involvement in a range of signalling processes 

involved in embryo-uterine dialogues to initiate implantation9,10. They are responsible for 

coordinating a series of events during early pregnancy including pre-implantation embryo 

formation and development, implantation and post-implantation growth. Total plasma 

lipids decrease at 4 weeks postpartum2.  Hormonal regulation of maternal gluconeogenesis 

causes an increase in plasma glucose that constitutes the primary energy source of 

foetoplacental tissues, supporting foetal metabolism and growth11,12. Increased 

gluconeogenesis, along with a gestation-related simultaneous increase in the glomerular 

filtration rate (GFR), causes an overwhelming glucose load to be delivered to the renal 

tubules during early pregnancy13,14,15. The increasing rates of glucose production often lead 

to the development of relative glucose intolerance and insulin resistance11,12. Although 

increased gluconeogenesis during pregnancy is a normal condition, some women develop 

higher than normal levels of glucose in their blood which insulin cannot bring under control. 

This condition is called gestational diabetes and can be a cause of long term handicap for 

both the mother and the foetus. 
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1.1.1.4 PROTEIN AND AMINO ACIDS METABOLISM CHANGES ASSOCIATED WITH 
NORMAL GESTATION 

Plasma protein levels (mainly albumin) decrease during pregnancy, which may alter the 

unbound plasma concentrations of drugs that are prescribed during gestation and are highly 

protein bound2. Additionally, healthy gestation is characterised by a rearrangement of 

amino acid metabolism due to the fact that circulating amino acids actively cross the 

placenta, favouring nitrogen conservation and energy production to support the developing 

foetus. Pregnancy complications such as spontaneous preterm birth (PTB) have been 

associated with perturbations in amino-acid metabolism reflecting both metabolic effects 

and placental amino acid fluxes defects to precede this syndrome16,15. This indicates the 

importance of the physiologic amino-acid metabolism for the maintenance of healthy 

gestation and its potential effect to both the mother and the foetus.  

1.1.2 EARLY 2ND TRIMESTER ADAPTATIONS-EARLY INTERVENTION OPPORTUNITY 

For any biomarker to have clinical utility it should predict foetal abnormality or the later 

onset of a pregnancy complication as early as possible in the pregnancy, to allow effective 

intervention. Most women in the United Kingdom present routinely for antenatal care at 

the end of the first trimester of pregnancy. The ideal window for biomarker discovery is 

therefore between the late-first and early-second trimester of pregnancy, i.e. 12 to 20 

weeks. This is a period of major biochemical and physiological changes particularly relating 

to the cardiovascular system, placentation, and metabolism to cope with the demands of 

pregnancy, labour and lactation3,24.  In detail, all early maternal adaptations fulfil important 

functions to support foetal growth and are related to a) increases in dietary intake to 

maintain the availability of substrates and precursors for foetal-placental metabolism and 

hormone production; b) endocrine changes that increase the availability of glucose and  
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lipoproteins; c) enhanced transport capacity via increased cardiac output, facilitating the 

transport of i) oxygen, substrates and precursors to the placenta, and of ii) foetal waste 

products to maternal organs for disposal17.  

Regarding the issue of normal placentation, it involves trophoblast invasion and uterine 

spiral artery remodelling to enable decreased maternal vascular resistance and increased 

uteroplacental blood flow. Trophoblast invasion occurs in two broad waves, the first into 

the decidual segments of spiral arteries in the first trimester and the second into the 

myometrium between 16 and 22 weeks18,19,20.  

Cardiovascular function maladaptation in early pregnancy, failure of adequate placentation 

and normal metabolic adaptation have all been associated with a subsequent development 

of pregnancy complications such as pre-eclampsia (PE) and intrauterine growth restriction 

(IUGR)21,22,23. 

The issue of timing in relationship to usefulness of biochemical markers has rarely been 

considered in sufficient detail. An example of timing significance concerns foetal fibronectin 

(fFN) levels, a powerful clinical marker for subsequent preterm birth when measured at ≥24 

weeks of gestation. Measurements have a much less predictive value when taken at earlier 

gestational ages (i.e., ≤24 weeks) and do not offer a chance for early clinical 

intervention24.  Understandably, appropriate timing also applies to biomarker discovery via 

metabonomics. 

In this thesis, instead of looking globally across the whole pregnancy, which would consume 

a great amount of time, the maternal adaptations that occur at critical time points during 

early pregnancy (12-22 weeks) were studied. Since this period is linked to marked 
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alterations in physiology and biochemistry, perturbations of these alterations are believed 

to be linked to later developing pathologies. Therefore biomarker discovery applied in this 

window has the potential to facilitate interpretation to achieve better pregnancy outcomes.  

1.2 PRETERM LABOUR 

1.2.1 PREFACE: THE SYNDROME OF PRETERM BIRTH  

Preterm birth (PTB), that is delivery before 37 weeks of gestation, represents the most 

important problem in obstetric practice in the developed world25,26. According to recent 

research, preterm birth complications (e.g., immature organs, lung & brain damage, cerebral 

palsy, cognitive impairments) are the leading cause of death for children under the age of 

five globally, with more than 1 million fatalities every year27. Recent advances in neonatal 

intensive care have seen survival and handicap rates in babies born after 32 weeks reach 

levels similar to those for babies born at term. Nonetheless,  outcomes for babies born very 

preterm (<32 gestational weeks) remain poor and mainly contribute to the existing death 

and handicap rates25,28. Despite the fact that advancements in neonatal medicine have 

improved survival outcomes; the rate of preterm birth is continuing to rise in most countries. 

Depending on the population, the rate of preterm birth in Europe and other developed 

countries is between 5-9% of all deliveries, and rises to 15% in the poorest countries26,29. 

Although PTB is a condition with numerous aetiologies, it is clinically treated as a single 

disease phenotype. It can be largely categorised into spontaneous preterm labour (sPTL), 

spontaneous rupture of the membranes, and indicated delivery due to maternal or foetal 

indications (such as IUGR and PE)30; where approximately 40-45% of preterm labour are 

spontaneous, 25-30% with preterm premature rupture of membranes (PPROM) and 30-35% 

are indicated31. Births that follow spontaneous preterm labour, with PPROM or intact 
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membranes, result from several causes, including infection, inflammation, haemorrhage, 

vascular disease or uterine over-distension due to multiple pregnancies26,31. There is also a 

genetic influence, which means that women with a previous history of preterm birth are 

closely monitored throughout their pregnancy32. 

1.2.2 RISK FACTORS OF PRETERM LABOUR AND METHODS OF PREDICTION 

The ability to accurately predict pregnancies that will result in preterm birth would be of 

major benefit for a number of reasons. Firstly, women at high risk of preterm birth could be 

entered into existing high risk clinics where they could be closely monitored through to 

delivery. Secondly, it would provide the means to initiate risk-specific treatment strategies 

such as oxytocin antagonist, progesterone, non-steroid anti-inflammatory drugs and 

cerclage. Finally, early prediction would also provide an important means of assessing 

treatment effectiveness and gain insights into the mechanisms involved in preterm birth33.  

1.2.2.1 PROMINENT RISK FACTORS OF PRETERM BIRTH 

Prediction of PTB takes many factors into consideration such as established risk factors; fFN 

levels in the cervicovaginal fluids, bacterial vaginosis, along with other biomarkers as 

cytokines and chemokines31.  Risk scoring systems through standarised questionnaires have 

also been utilized to identify women at high risk of preterm birth based on their previous 

history of pathological pregnancies34. It has been established that there is a recurrence risk 

of preterm labour in patients with previous preterm delivery that increases by 15-50% 

depending on the gestational age at delivery35. History of cervical cone biopsy sample or 

loop electrocautery excision procedures due to pre-cancerous cervical disorders have also 

been shown to increase the risk for spontaneous preterm birth, presumably due to cervical 

weakness36. 
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Additional maternal risk factors for PTB include maternal ethnic background, low and high 

maternal age and socioeconomic and educational status31. African women have up to 3 

times higher risk of early preterm birth compared to other ethnicities37. Low socioeconomic 

status, along with heavy alcohol and drug abuse, have been associated with PTD but the 

exact underlying drivers remain unknown31,38. Tobacco use also increases the risk of preterm 

labour by approximately 2-fold following adjustment for other factors39. Genetic association 

studies (GWAS) have suggested that gene polymorphism could potentially increase the risk 

of preterm birth. It has been shown that the maternal carriage of the tumour necrosis factor 

(TNF)-2 allele could increase up to 2-fold the risk of a spontaneous preterm birth (>32.9 

gestational weeks)40. Another well-established risk factor is multiple gestations, with 

approximately 60% of all twins born prematurely (<37 weeks) being due to spontaneous 

labour, PPROM or maternal or foetal disorders and subsequent uterine over-distention and 

early contractions. All higher multiple gestations will most probably lead to PTD for the same 

reasons41. Vaginal haemorrhage in early pregnancy, specifically in second and third 

trimesters, is another causal factor of spontaneous preterm delivery42. 

Intrauterine infection consists a frequent and central mechanism that subsequently leads to 

PTD, following activation of the innate immune system. This accounts for 40% of all preterm 

births41,43. Microorganisms can gain access through various routes, such as accidental 

introduction through an invasive procedure, ascending from the vagina or cervix, spreading 

through the fallopian tubes and dissemination via haematogenous route through the 

placenta (Figure 2) 43. 
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Figure 2:    Potential sites of bacterial infection within the uterus. Taken from38 

 

Microorganisms are then detected by pattern-recognition receptors (PRR), such as Toll like 

receptors (TLR), which trigger a signalling cascade  leading to the release of inflammatory 

chemokines and cytokines, such as tumour necrosis factor-α (TNF-α) that subsequently 

result in prostaglandin production and matrix-degrading enzymes that  stimulate uterine 

contractility and PPROM31,41,43. Bacterial vaginosis, in which the balance of bacteria inside 

the vagina becomes disrupted, has been associated with a 1.5-3-fold increase in the risk of 

PTD. African women are three times more likely to be diagnosed with this condition than 

Caucasians both in the USA and the UK44. This could potentially explain the increased risk for 

preterm births in African women (50%)45. 
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In summary, the main causal factors of preterm labour include infection, inflammation, 

haemorrhage, vascular disease or uterine overdistension due to multiple pregnancies, along 

with a genetic predisposition and environmental triggers.  

1.2.2.2 CURRENT PRETERM BIRTH PREDICTORS 

Currently, diagnosis and treatment of preterm labour and birth are limited to specific 

inflammatory or biochemical markers in cervicovaginal secretions (e.g. fFN), amniotic fluid, 

plasma and urine and by the ultrasound measurement of cervical length33,46,47. So far the 

most powerful biochemical PTB predictor is fFN, a glycoprotein (cross links collagen, fusing 

maternal decidual and foetal membranes) that if present in cervicovaginal secretions, from 

24 weeks onwards, is a marker of choriodecidual disruption, indicative of higher risk of PTB. 

Meta-analysis confirmed that fFN screening has high negative predictive value, meaning 

that the marker’s absence is strongly associated with healthy pregnancies48. This marker has 

no predictive power if measured earlier than 22-24 weeks33 (Figure 3). 

In a normal gestation, as labour approaches, the cervix shortens, softens, rotates anteriorly 

and dilates. Therefore, a short cervix with a length of less than 25 mm after 24 weeks’ 

gestation indicates a high risk of preterm delivery49. Currently, ultrasound examination of 

the cervix complements fFN as a diagnostic test, and has proven clinically useful in 

asymptomatic women and in those presenting with early contractions50. Cervical length can 

discriminate between patients not in labour that can be discharged and those who are of 

increased risk of early delivery in need of tocolytic treatment51.  

Nowadays, the combination of cervical assessment and foetal fibronectin is believed to 

provide better predictive values for the prediction of preterm labour than each diagnosis 

alone52. 
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Figure 3:   Foetal-fibronectin (fFn) is a “glue-like” protein that holds the developing baby in the 

womb. From week 22 to 35 of pregnancy detection of fFn could be a sign that the maternal body 

is getting ready to go into labour prematurely. Adapted from ffntest.com 

1.2.3 PREVENTING PRETERM LABOUR 

Undoubtedly, the ability to accurately diagnose and predict PTB would be of major benefit 

as it would permit early intervention and treatment strategies that could positively affect 

the pregnancy outcome33. Prevention of early birth, however, presents several major 

challenges since the condition merely describes an event that occurs before its due time and 

there are also many pathways leading to preterm birth. The prevention of each pathway 

requires different types of clinical strategies and intervention53.  

1.2.3.1 ENHANCED PRENATAL CARE FOR THE PREVENTION OR PRETERM BIRTH 

Management of PTB has been developed to target the syndrome before the actual onset of 

labour, for high-risk patients, as well as established preterm labour. The first scenario 

involves enhanced prenatal care along with nutritional interventions (such as protein, 

caloric, vitamin and mineral supplementation), patient education, screening in high-risk 

clinics and treatment of infection, progestin supplementation and finally cervical cerclage to 
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treat incompetence54. The effectiveness of prenatal care in preventing preterm birth has yet 

to be proved due to inconsistency in different reports. Initial promising results of 

observational studies showed that enhanced prenatal care resulted in lower preterm labour 

rates and improved foetal outcome55. However, randomised, controlled trials contradicted 

this finding, showing that enhanced prenatal care failed to reduce the number of preterm 

births56. 

1.2.3.2 ANTIBIOTICS ADMINISTRATION FOR THE PREVENTION OR PRETERM BIRTH 

Infection is a well-established risk factor of preterm delivery hence screening and effective 

treatment of intrauterine infections during early gestation has been used in preventative 

methods. Treatment involves the use of antibiotics which were shown to be especially 

useful in the case of bacteriuria, following randomised trials, leading to the reduction of 

preterm delivery rates57. Accordingly, other randomised trials also indicated that antibiotics 

were able to decrease spontaneous preterm birth rates in a general obstetric population 

with bacterial vaginosis and abnormal vaginal flora58. Nonetheless, administration of broad-

spectrum antibiotics, such as erythromycin, have delivered contradictory results, being 

beneficial to patients with PPROM or bacterial vaginosis59 but were also linked to neonatal 

necrotising enterocolitis (co-amoxiclav only or combined to erythromycin)60 and increased 

risk of preterm labour in recurrent or persistent bacterial vaginosis61. It is believed that the 

conflicting results regarding the use of antibiotics for preterm labour prevention is due to 

the wide variety of antibiotics currently available. Nonetheless a final finding could be very 

useful, specifically among African patients that have higher incidences of bacterial 

vaginosis62. 
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Finally one should also be aware that apart from their affect on pregnancy outcome, 

antibiotics also affect the ecology of the fetal microbiome (i.e., the collection of cells, genes, 

and metabolites from the bacteria, eukaryotes, and viruses that inhibit the human body), 

turning  it into dysbiotic63. A single course of antibiotics may cause dysbiosis in the intestines 

of the offspring that has been associated with a short-term dysregulation of vital functions 

such as nutrient supply and pathogen-protection, and has long-term consequences in 

normal immune and metabolic functions later in child’s life64. It was shown in pregnant 

women before, that antibiotic administration during gestation leads a shift in the vaginal 

microbiome prior to delivery, with long-term effects on the early microbial colonization of 

the newborn and an association with childhood metabolic immunological, and 

developmental disorders (e.g., obesity, pediatric Crohn's disease, inflammatory bowel 

disease , asthma, hypertention)63,65. 

Therefore it’s clear that prescription of antibiotics to expecting mothers should be carefully 

considered, always weighing its benefits versus drawbacks for both the fetus and the 

mother63. 

1.2.3.3 PROGESTERONE ADMINISTRATION FOR PREGNANCY MAINTANANCE 

The role of progesterone (P4) in the early gestation is critical to the maintenance of 

pregnancy until the placenta takes over this function at 7-9 weeks. Indeed removal of the 

source of progesterone (the corpus luteum) or administration of a P4 antagonist readily 

induces abortion before 7 weeks of gestation66. Progesterone is important in maintaining 

uterine quiescence in latter pregnancy and both term and preterm labour have been 

associated with a functional withdrawal of P4 activity at the levels of the uterus66. A number 

of studies were designed to investigate the effect of progestin (i.e., synthetically produced 
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P4) supplementation in the prevention of PTL and the use of 17 alpha-hydroxyprogesterone 

carpoate has proven to decrease the occurrence and recurrence of PTL67,68. P4 has also been 

implicated in reducing the risk of spontaneous preterm delivery in patients with cervical 

shortening69. A randomised trial in women with an asymptomatic sonographic short cervix, 

were given intravaginal progesterone that led to 45% reduction in PTL before 33 weeks and 

50% reduction in PTL before 28 weeks70. However prophylactic administration of 17 alpha-

hydroxyprogesterone carpoate was ineffective in preventing preterm delivery in twin 

pregnancies and already established preterm labour71. 

1.2.3.4 CERVICAL CERCLAGE FOR PREGNANCY PROLONGATION 

Cervical circumferential stitching (cerclage) has been traditionally used as a treatment for an 

“incompetent” or structurally weak cervix in the absence of recognizable uterine 

contractions (Figure 4)54. Cervical shortening has been shown to be clearly associated with 

high risk of preterm delivery and thus a cervical cerclage placement is able to correct 

potential cervical weakness and retain the conceptus in the uterus, resulting in gestation’s 

prolongation72. The risk of spontaneous PTL increases as cervical length decreases. In low-

risk pregnancies, women with a cervix shorter than 25 mm (10th percentile) at 24 weeks 

have a 6-fold increase in the risk of spontaneous PTL before 35 weeks compared to women 

with values above 40mm49. Emergency cervical cerclage was shown to prolong pregnancy by 

4-10 gestational weeks73, whereas history- and ultrasound-indicated stitches were proven to 

be efficient by leading to lower complication rates74.  Cervical cerclage was shown to be 

more efficient when used in combination with bed rest, prescribed antibiotics and tocolytics 

(such as the non-steroidal anti-inflammatory (NSAID) medication; indomethacin)75,76. 

However there are some contradicting studies showed that cerclage placement is 

ineffective in reducing the risk of a spontaneous preterm delivery in multiple pregnancies77. 
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Figure 4:   Detailed cervical cerclage procedure following a cervical shortening. Adapted from 

pregmed.org 

 

1.2.3.5 TOCOLYTIC THERAPY FOR PREGNANCY PROLONGATION 

The use of pharmacological agents (tocolytic drugs, from the Greek tokos, childbirth, and 

lytic, capable of dissolving) to relax uterine smooth muscle therapeutically for prevention of 

preterm labour or for inhibition of uterine contractions, once PTL has already been initiated, 

has been well established over the last 40 years78. Despite the fact that tocolytics actions 

are directed toward the effects and not the causes of preterm labour41, they manage to 

inhibit uterine contractions and postpone delivery long enough to allow a safe in-utero 

transfer to a tertiary care centre and the opportunity to complete a course of antenatal 

corticosteroid administration for foetal lung maturity and prevention of neonatal respiratory 

distress syndrome, intraventricular haemorrhage and mortality79. Randomised, controlled 

trial data suggest that tocolysis is able to delay labour for 48 hours and up to a week80,81. 

However, if aiming to prolong pregnancy for over a week, tocolysis has limited efficacy. The 

class of drugs used as tocolytics include beta-sympathomimetics (such as ritodrin), oxytocin-

receptor antagonists (such as atosiban), cyclo-oxygenase (COX) inhibitors (such as 

indomethacin), magnesium sulphate, calcium channel blockers (such as nifedipine) and 

Incompetent 
cervix

Cerclage around 
the cervix Detailed cervical cerclage procedure
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nitric oxide donors (glycerol trinitrate)82. Nifedipine and atosiban were reported to have 

comparable effectiveness in delaying birth for up to a week and are currently considered the 

best choice of drug in the UK83,84.  Also, nifedipine, compared to beta-sympathomimetics is 

associated with an improvement in neonatal outcome, at least in the short term85. Using 

more than one type of tocolytic in combination with another appears to increase the risk of 

adverse effects and so should be avoided86. 

1.3 METABONOMICS IN FOETAL-MATERNAL MEDICINE  

Metabonomics, has been defined as “the quantitative measurement of the multi- 

parametric metabolic response of biological systems to pathophysiological stimuli or genetic 

modification”87. Metabonomics allows the simultaneous assessment of the levels of a broad 

range of low molecular weight chemicals present in the metabolome of a cell or tissue88,89. 

Metabolic profiling can potentially improve healthcare during pregnancy. This method 

detects the final downstream products of gene expression and has been shown to generate 

unique insights when investigating the multifactorial phenotypic signatures of both normal 

pregnancy or various gestational pathologies90,91. The acquisition of the global metabolic 

profiles of maternal biofluids (plasma, urine, amniotic fluid) should enable the definition of 

potential disease signatures and unveil metabolite markers for clinical use in predictive 

prenatal diagnostics.  These biomarkers will have the additional advantage of offering an 

early screening opportunity (1st trimester), and at a lower price than that of current markers 

(e.g., fFn, ultrasound examination for PTD prediction). Therefore they could be applied to 

the wider pregnant population. 
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1.3.1 METABOLIC PROFILING OF THE UNCOMPLICATED GESTATION  

A large number of studies have used metabolic profiling to attempt to identify biomarkers 

for a range of pregnancy complications including foetal malformations92,93,94, 

aneuploidy95,96, gestational diabetes95,97,98,99, preterm birth92,98,100,101, preeclampsia 

20,102,103,104 and intrauterine growth restriction105,106,107 with varying degrees of success. 

However, there are relatively few studies looking at the changes in the urine and plasma 

metabolome in uncomplicated pregnancy and to the effects that potential confounders such 

as maternal age or ethnicity have upon the pregnancy metabolome108,109,110,111. These 

studies have been limited to cross-sectional datasets of relatively small sample numbers (n), 

typically between n=55 and 180, and the correlation between maternal urinary and plasma 

metabolomes has only been computed using a gestational-age independent  un-matched 

plasma-urine sample set111. 

Two NMR studies have attempted to define the plasma111 and urine108  metabolic trajectory 

of the whole pregnancy journey (11-40 weeks) using samples (n=55 for urine and n=67 for 

plasma) collected from independent, rather than longitudinal, groups of healthy pregnant 

women, at first, second, and third trimesters during their routine medical appointments. 

Therefore, the resultant findings reflected confounding inter-subject variability, along with 

the larger pregnancy-related variability in the maternal metabolome.  

According to these studies, the most significant changes in the excreted metabolome 

throughout gestation were related to selective aminoaciduria (leucine, isoleucine, glycine, 

alanine, threonine), suggesting alteration on placental transfer of amino acids and a shift in 

energy metabolism108. Creatinine excretion was found to decrease significantly with 

pregnancy, reflecting increased glomerular filtration rate or alteration or creatine synthesis. 
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Carnitine levels were also decreased at the 3rd trimester. Statistical correlations were 

computed through Statistical Total Correlation Spectroscopy (STOCSY) and the results 

suggested an involvement of isoleucine and threonine in lipid peroxidation and ketone body 

synthesis and a relation of excreted choline, taurine and guanidoacetate to methionine 

metabolism and urea regulation108. Regarding the maternal plasma metabolome, a decrease 

in circulating aminoacids at some stage during pregnancy has been reported, since they are 

required and thus taken up by the foetus in a larger extend. Perturbations in plasma citrate 

(increase), lactate (decrease) and dimethyl-sulfone (increase) indicated energy alterations 

and a shift in gut microflora metabolism. Plasma creatine levels decreased through 

gestation, reflecting again an altered GFR. Notably the most relevant plasma changes in all 

low molecular weight metabolites (amino acids valine, alanine, glutamine, histidine, citrate, 

creatine, dimethyl sulfone) were shown to occur mainly from the non-pregnant state to the 

1st trimester. Nonetheless, plasma lipoprotein levels were reported to increase consistently 

throughout the whole pregnancy journey whereas protein levels decrease111.  

Other parturition research groups have used complementary mass spectrometry (MS) 

technology to define the normal metabolic changes observed in healthy gestation. Groups 

have studied both the urine (n=72) between 9 and 22 weeks109, and the plasma (n=180) 

between 9 and 40 weeks110. Once again the samples were collected in a non-longitudinal 

fashion during the gestation period of interest. Trivedi et al. employed Hydrophilic 

Interaction Chromatography-Mass Spectrometry (HILIC-MS) to profile the individuals109. The 

study team concluded that participants urine metabolic fingerprint changed sharply after 

week 14 of gestation due to alterations in fatty acids (m/z 330.870 & m/z 123.080), as seen 

in the negative ionization mode109. The plasma maternal metabolome was also investigated 
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via High-Performance Liquid Chromatography-Mass Spectrometry (HPLC-MS) and reported 

to notably transform at the second trimester due to increased energy demand that affects 

biopterin metabolism, phospholipid metabolism, amino acid derivatives, fatty acid oxidation 

and tryptophan metabolism110. 

1.3.1.1 METABOLIC CORRELATIONS BETWEEN MATERNAL PLASMA AND URINE 
METABOLOME 

To the best of my knowledge, limited correlations between healthy maternal plasma and 

urine changes have only been attempted once, using  samples collected from independent 

patients (n=67 for plasma, n=69 for urine) that were recruited during the whole pregnancy 

journey (1st, 2nd and 3rd trimester), with only 15 patient to have provided both biofluids111. 

Lipid metabolism was shown to correlate with two excreted unassigned metabolites 

suggested to arise from bile acids (δ 0.55 (r=0.68), δ 0.63 (r=0.6)). Plasma albumin also 

showed apparent positive and negative correlations to excreted creatinine (r=0.6) and 

alanine (r=-0.6) respectively. As far as I am aware, correlations between the maternal 

biofluids prior to the onset of gestational complications, such as preterm labour, have never 

been calculated before. 

A gestational age specific correlation between the excreted and circulating maternal 

metabolome has been undertaken in this thesis to provide clinicians with a normal 

blood/urine metabolic ratio characteristic of the uncomplicated early gestation. 

Longitudinal, matched plasma and urine samples collected from patients presenting at 

Imperial Hospitals during routine visits at 12, 15 and 19 gestational weeks were used. All 

patients included in this first-phase study had an uncomplicated gestation with term, 

healthy outcomes. 
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In order to gain an additional insight of how the normal maternal metabolome is influenced 

by an underlying pathology behind gestational complications, the same plasma/urine 

metabolic ratios were computed using matched plasma and urine samples from patients 

that ultimately delivered preterm (<37 weeks).  

Nonetheless, associations between plasma and urine data should be carefully interpreted 

due the time-difference between the collection of the two biofluids.  Blood provides an 

instant ‘snapshot’ of the global ‘metabolome’ at the time of collection; whereas urine 

provides a time-averaged pattern of the end products of metabolism.  

1.3.1.2 EFFECT OF CONFOUNDING FACTORS (I.E., MATERNAL AGE & ETHNICITY) 
UPON THE MATERNAL METABOLOME 

It is believed that a small but significant component of the aforementioned metabolic 

progression during healthy gestation is based upon maternal characteristics, such as 

ethnicity and maternal age and all the genetic, dietary and environmental alterations 

involved. As discussed above, there are obvious health disparities among Caucasian and 

non-Caucasian women experiencing high-risk pregnancies and births, with Africans to have 

the higher rates of infections, preterm birth and low-birth-weight infants37,112,113. 

It has also been established that pregnant women aged ≥35 years are at increased risk of 

complications in pregnancy (gestational diabetes, small for gestational age, preterm 

delivery, stillbirth) compared with younger women112,114. Therefore, metabolic biomarkers 

related to ethnic background and increased maternal age should be established and taken 

into account in future metabonomic studies especially those aiming at biomarker discovery. 

Pregnancy complications, birth complications, and infant outcomes should always be 

examined in conjunction with maternal factors. 
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1.3.2 METABONOMICS AS A TOOL FOR THE PREDICTION OF PREGNANCY 
COMPLICATIONS 

Metabolic profiling provides a non-invasive and objective tool that can potentially facilitate 

the development of screening tests and help the clinical management of patients, especially 

in pregnancy-related disorders occurring at late-gestation stages, such as pre-eclampsia 

(PE)20, gestational diabetes mellitus (GDM)115, intrauterine growth restriction (IUGR)116, 

foetal macrosomia117, foetal malformations (FM)98 and preterm delivery (PTD)100. Currently 

there are few limited studies on the metabolic profiling of all gestation pathologies, 

especially in the first and early second trimesters90,118. 

1.3.2.1 METABONOMICS FOR THE PREDICTION OF PREECLAMPSIA AND GESTATIONAL 
HYPERTENTION 

Recently, a Nuclear Magnetic Resonance (NMR)-metabonomics study was performed on 1st 

trimester serum and urine samples for prediction of preeclampsia and gestational 

hypertension, the urine profiles gave the best prediction119. Decreased excreted hippurate, 

increased urinary creatinine and increased levels of serum lipids were the most important 

metabolic markers in patients that later developed PE or gestational hypertention119.  

Another 1st trimester MS-based study revealed that plasma hydroxyl-hexanoyl-carnitine, 

alanine, phenylalanine, and glutamate were significantly higher in the cases with developed 

PE103. A 2nd trimester 1H-NMR metabonomics case-control study indicated decreases in 

urinary acetate, formate (tricarboxylic acid (TCA) cycle precursors) and fumarate (TCA 

intermediate) as markers of PE95. Bahado-Singh et al. have worked on 1st trimester serum 

detection of early- and late-onset PE; their study showed  glycerol and carnitine to be over-

expressed in preeclamptic women104,120. Both metabolites are important for lipid 

metabolism and mitochondrial, lipid-based, energy production, with carnitines known to 

inhibit oxidative stress and prevent lipid peroxidation120. Increased carnitine production 
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could be an effort to counter excessive oxidative metabolism of lipids in PE104,120. MS-based 

studies have also found associations between elevated plasma lipoproteins and 

hypertensive disorders, indicating endothelian dysfunction, secondary to oxidative stress121. 

1.3.2.2 METABONOMICS FOR THE PREDICTION OF PRETERM DELIVERY 

Spontaneous preterm birth (sPTB) is a syndrome with many causes and heterogenous 

phenotypes. More than 20 years ago, Romero et al. suggested stratification of this 

syndrome pathoplogy into uterine factors, decidual membrane activation and early cervical 

remodeling and ripening122. However, the rate of sPTB increases annually and is now 

regarded as a global healthcare, and socioeconomic burden27. 

Currently, a short cervix in the second trimester is our best predictor of sPTB; nonetheless 

by the time shortening is recognizable by an ultrasound examination marked 

microstructural change has already occurred with a high chance of leading to ultimate PTL. 

Additionally, direct digital examination of the cervix is subjective and could be misleading, 

especially in multiparous births123. For these reasons, a set of metabolic biomarkers of 

impending cervical shortening and/or sPTB, detectable in maternal biofluids could be an 

alternative and complementary clinical predictor, able to facilitate earlier patient 

stratification and monitoring. 

It has been hypothesized that alterations of peripheral plasma and urine metabolome 

precede the clinical onset of PTD and their elucidation has been attempted by a few 

metabonomics studies. Research has shown that 2nd trimester pre-PTD women exhibit 

increased urinary ketone bodies levels, along with decreased carnitine, suggesting enhanced 

lipid oxidation occurring several weeks prior to PTD95. Excreted citrate, creatinine and 

lactose were also reported to decrease along with changes in betaine and certain 

aminoacids (e.g., histidine, isoleucine, threonine) indicating possible disturbance in energy 
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metabolism and the urea cycle95. The same group has also reported increased levels of 2-

hydroxyisobutyrate and free choline in maternal plasma of pre-PTD women at 16-21 weeks, 

again suggesting perturbations in amino acid and choline metabolism to precede sPTB92. 

Urinary measurements by NMR at the end of the 1st trimester indicated a slightly different 

phenotype between subjects with clinically induced (IPB) and spontaneous preterm birth 

(sPTB)23. Women with IPB had significantly increased pro-inflammatory N-acetylglycoprotein 

and decreased phenylacetylglutamine levels, whereas those with sPTB presented high 

urinary lysine and low formate levels23. 

Changes in plasma metabolite levels have also been observed at delivery for premature 

babies and mothers, possibly reflecting both metabolic effects and placental transfer 

defects towards the foetus12. In detail, maternal plasma showed decreased levels of acetate 

and increased levels of lipids, pyruvate, glutamine, valine and threonine, whereas preterm 

infants cord blood showed decreased levels of lipoproteins, glucose and amino-acids12. 

Another study reported a possible implication of dysregulation of placental amino acid 

fluxes and maternal hyperglycemia in preterm delivery, following 2nd trimester amniotic 

fluid analysis by UPLS-MS124. 

So far, no metabonomic studies have been undertaken to characterise the maternal plasma 

and urine metabolome that is characteristic of impending cervical shortening and the 

related biochemical, cellular and tissue phenotype. However, metabolomics may be able to 

clearly characterize altered cellular networks and activity preceding cervical remodeling and 

shortening. Therefore, in this thesis, the characterisation of early cervical ripening maternal 

phenotype was attempted in order to set the basis for the future stratification and 

treatment of patients at high risk for premature labour.  
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1.3.2.3 METABONOMICS FOR THE PREDICTION OF GESTATIONAL DIABETES MELITUS 

Second trimester maternal urine showed a marked increase in excreted glucose98, which 

was also noted in amniotic fluid for women with prediagnostic gestational diabetes mellitus 

(GDM) outcomes93; that is a possible early sign of glycemia95. Other notable urinary changes 

included increased acetate, N-methylnicotinamide and N-methyl-2-pyridone-5-

carboxamide, changes in creatine and creatinine, all of which have also been associated 

with type-2 diabetes before125, along with decreases in hippurate and 

phenylacetylglutamine (PAG)95. The latter two compounds reflect the gut microflora 

implications126. The increase in excreted choline95 also confirms a previous report98.  In 

another study, patients also in their 2nd trimester and who later develop GDM, showed early 

changes in biotin status and altered amino acids and gut metabolism92. Participants urine 

samples showed increased levels of 3-hydroxyisovalerate and 2-hydroxyisobutyrate and 

their plasma samples to show decreased trimethylamine-N-oxide (TMAO) and betaine 

levels, as measured by NMR92. 

1.3.2.4 METABONOMICS FOR THE PREDICTION OF FOETAL MALFORMATIONS & 
UNDERDEVELOPMENT 

 
Lower plasma betaine and TMAO levels, as measured by NMR, were observed in maternal 

plasma in the case of foetal malformations, along with differences in glucogenic amino 

acids, TCA cycle intermediates, ketone bodies and oxidative stress markers (i.e., 

hypoxanthine)95. This data suggests that the malformed foetuses demand enhanced 

gluconeogenesis and TCA cycle activity, possibly due to higher energy needs, hypoxic 

metabolism and decreased glucose availability95. Amniotic fluid biomarkers, also measured 

by UPLS-MS and correlated to NMR data, seemed to have a good predictive value for 

malformed foetuses; with lower glucose (linked to an increase in amino-acids via Statistical 
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Heterospectroscopy (SHY) correlations) and higher free lactate levels indicating changes in 

glycolysis and glyconeogenesis98. The impact of foetal malformations on maternal urine, as 

viewed by UPLC-MS, is considerably less significant, compared with amniotic fluid98. The 

main difference noted in urine98 relates to decreased hippurate in FM-affected pregnancies, 

a change which was however inconsistent with previous NMR work92.  

Foetal development and newborn weight at birth is also affected by maternal metabolic 

networks and vice versa, with underlying association between birth weight and maternal 

lipogenesis and gluconeogenesis existing127,128. In 2011, a metabonomic study of maternal 

plasma of patients that delivered small for gestational age (SGA) infants reported altered 

sphingolipids, phospholipids, carnitines, and fatty acid metabolism, preceding the onset of 

SGA106. Thus these metabolic alterations could potentially act as predictors of foetal 

underdevelopment, facilitating pregnancy monitoring and improvement of foetal outcomes.  

A table summarising the existing body of literature on metabolic profiling in this patient 

cohort as described above is presented below (Table 1). 

 
1.3.2.5 FUTURE DIRECTIONS FOR THE PREDICTION OF GESTATIONAL 
COMPLICATIONS BASED ON METABONOMICS 

The above-mentioned metabonomic studies for the prediction of pregnancy-related 

pathologies were not without limitations. The sample sizes were relatively small, coming 

from cross-sectional cohorts and there was not significant consistency in the time-window 

studied and in the analytical and data pre-processing protocols followed.  Ideally, in future 

metabonomic studies, stratified analysis following standardised protocols should be 

performed using longitudinal cohorts of matched samples. These should be consistently 
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recruited at the first or early second trimester in order to establish biomarkers that could be 

useful for development of screening tests and disease monitoring as early as possible.  

Table 1: A summary of key metabolic changes as observed in studies performed on women with 

either healthy or complicated gestations. 

Condition Metabolic changes observed in 
plasma/serum 

Metabolic changes 
observed in urine 

Healthy pregnancy108, 109, 
110, 111 

Increased lipoproteins,  citrate, 
dimethyl-sulfone 
& 
Decreased circulating aminoacids, 
lactate, creatine 
& 
Disturbed fatty acid, biopterin, 
tryptophan, amino acid derivatives 
& phospholipid metabolism 

Increased leucine, 
isoleucine, glycine, alanine, 
threonine 
& 
Decreased carnitine, 
creatinine 
& 
Disturbed fatty acid, 
metabolism 
 

Preeclampsia/Gestational 
hypertention95, 103, 104,119, 

120 

Increased lipids, lipoproteins, 
glycerol and carnitine, hydroxyl-
hexanoyl-carnitine, alanine, 
phenylalanine, and glutamate  

Increased creatinine  
&  
Decreased hippurate, 
acetate, formate & 
fumarate 

Preterm delivery12,23, 92,95, 
124 

Increased  N-acetylglycoproteins 
and lysine  
& 
Decreased phenylacetylglutamine 
and formate levels 

Increased ketone bodies, 
2-hydroxyisobutyrate, free 
choline, lipids, pyruvate, 
glutamine, valine, 
threonine & glucose 
&  
Decreased carnitine, 
acetate, citrate, creatinine 
and lactose 
&  
Disturbances in 
aminoaciss (e.g., histidine, 
isoleucine, threonine) 

Gestational Diabetes 
melitus95,98, 125 

Decreased trimethylamine-N-oxide 
(TMAO) and betaine  

Increased glucose, choline, 
acetate, N-
methylnicotinamide, N-
methyl-2-pyridone-5-
carboxamide, 3-
hydroxyisovalerate and 2-
hydroxyisobutyrate 
& 
Decreased hippurate and 
phenylacetylglutamine  

Foetal malformation/ 
underdevelopment95, 98 

Decreased betaine and TMAO 
& 
Disturbances in glucogenic amino 
acids, TCA cycle intermediates, 

Decreased hippurate 
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ketone bodies 

 

1.4 THESIS SCOPE 

Pregnancy involves systematic metabolic changes detectable in urine and plasma that are 

associated with normal gestation. Perturbation of this metabolic profile is associated with 

negatively altered biochemistry that is predictive of poor pregnancy outcomes including 

preterm birth and other major obstetric syndromes. The scope of this thesis intends to 

investigate the potential of metabonomics for the establishment of the normal pregnancy 

metabolic trajectory and associate any deviation to impending cervical shortening and 

ultimate preterm delivery.   

As shown in Chapters 3 and 5, a detailed plasma and urine metabolic characterisation of the 

early gestation was described, using both 1H-NMR and complementary RP-UPLS-MS (semi-

targeted lipidomics) technologies. The effect of confounding factors (maternal ethnic 

background, maternal age and infant’s gender and weight at birth) upon the maternal 

metabolome was also reported, and correlations between the two maternal biofluids were 

established. Additionally, using both analytical platforms, the impact of impending 

pathologies upon the maternal metabolome was evaluated and phenotypic signatures of 

the preterm delivery syndrome were explored, offering the potential to further investigate 

the aetiology and pathogenesis that precede preterm outcomes (Chapters 4 and 5). 

This thesis aims to highlight the opportunity offered by metabonomics for biomarker 

discovery in complex diseases and the chance to provide pathological understanding beyond 

traditional technologies. Metabolic profiling has recently become an important tool in 

clinical research offering the promise to clinically enhance routine diagnostics, prognostics 
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and therapy monitoring. When carried out properly, metabolic profiling provides an insight 

into the understanding of the underlying mechanisms of diseases, offering a precision 

medicine opportunity for potentially direct clinical translation in the area of gestational 

complications and newborn screening. 
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CHAPTER 2: MATERIALS AND METHODS 

2.1 PEPTL STUDY DESIGN AND OVERVIEW OF ANALYSIS STRATEGY 

2.1.1 PATIENT COHORT AND SAMPLE COLLECTION 

This study was conducted following National’s Health Service (NHS) Health Research 

Authority National Research Ethics Service (NRES) Committee Approval (REC 11/H0311/6). 

Healthy pregnant women of mixed ethnic backgrounds were recruited to the study at 

booking of their antenatal care. Women enrolled in this study were at risk of pregnancy 

complications mainly due to previous bad pregnancy outcome and were thus followed until 

birth. The participants were retrospectively classified according to pregnancy outcomes 

(uncomplicated singleton pregnancy, preterm delivery etc.) and clinical characteristics. 

Since this patient cohort had a history of bad pregnancy outcome are likely to be older and 

higher risk than the wider population of pregnant women. Therefore one should keep in 

mind that even those women with normal outcomes during this study may not exactly 

reflect the findings we would see in other normal pregnancy situations, particularly given 

the effects of age on the metabolic picture observed. 

Following informed consent, blood and urine samples were collected at three time-points 

between 12+0-14+6 (time point A), 15+0-17+6 (time point B), 19+0-21+6 (time point C) weeks 

gestation under non-fasting conditions due to medical and ethical restrictions in limiting 

pregnant patients’ diet (Fig.5). Whole blood was collected into lithium heparin tubes, which 

were left horizontally on ice for 30 min before being centrifuged at 1200 x g at 4oC for 10 

min. Supernatants were aliquoted and immediately stored at -80oC until NMR analysis. Mid-

catch urine samples were collected in a universal sample and placed immediately on ice 

before being aliquoted and frozen at -80°C within 30 min of collection. 



54 
 

Exclusion criteria included women with a multiple pregnancy, those declining participation, 

HIV positive women and any women under 18 yrs of age. Ethnicity was self-reported as 

Caucasian (European ancestry), British African-Caribbean (African or African-Caribbean 

ancestry) or Asian (Pakistani, Indian, Bangladeshi or Sri Lankan ancestry). 

Further clinical relevant metadata regarding maternal age, cervical length measurements, 

foetal fibronectin levels, and treatments (i.e. cerclage to treat cervical incompetence) or 

drugs prescribed (i.e. progesterone, indomethacin); along with baby gender and weight at 

delivery were recorded throughout the pregnancy journey for every individual. Information 

on women’s screening and gestational BMI would be particularly useful for this study as this 

may impact on the metabolic picture. Nonetheless BMI information was available for only 

some of the patients and therefore was not employed for data analysis. 

Women that participated in this study are part of an ongoing clinical trial project that 

studies the prediction of early preterm labour using blood and urine biomarkers of 

increased risk of early delivery (PEPTL study, overseen by Prof. Phillip Bennett & Mr Tiong 

Teoh).  

 
Figure 5:   Sampling time points for plasma and urine collection during early second trimester 

(A=12+0-14+6 weeks, B=15+0-17+6 weeks and C=19+0-21+6 weeks) 

 

 

A 
B 

C 
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2.1.2 SAMPLE ANALYSIS STRATEGY 

3 1H NMR analysis was performed on plasma and urine samples collected from patients at 

three time-points (i.e., A=12+0-14+6 weeks, B=15+0-17+6 weeks and C=19+0-21+6 weeks) at 

early-1st to mid- 2nd trimester of pregnancy. Lipidomic analysis, via RP-UPLC-MS, was 

performed on the same plasma samples to acquire a complementary insight in to 

pregnancy-associated metabolic alterations. Following data acquisition, the 1H NMR and 

UPLC-MS  spectral datasets were thoroughly interrogated using both multivariate and 

univariate statistical techniques. Additionally, 1H NMR plasma spectroscopic data were 

sent to Bruker Spectrospin where lipoproteins subfraction distribution was carried out in 

Bruker B.I.-LISA (Bruker IVDr Lipoprotein Subclass Analysis) platform. This permitted 

quantification of cholesterol, free cholesterol, phospholipids, triglycerides, 

apolipoproteins A1, A2, B and LDL-particle numbers for the primary plasma and serum 

lipoproteins and their subclasses129. A detailed summary of the sample collection, data 

acquisition and statistical analysis completed in this thesis is given in Figure 6.  
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Figure 6:   Brief summary of sample collection and analysis strategy. 

 

2.2 METABONOMICS 

Metabonomics has been defined as “the quantitative measurement of the multi- parametric 

metabolic response of biological systems to pathophysiological stimuli or genetic 

modification”87. This entails the ’real-time’ acquisition of the metabolic profile  of fluids, 

such as plasma, urine, vaginal secretions and faecal water through a multiparametric 

spectroscopic profiling platform such as 1H NMR and UPLC-MS,  followed by multivariate 

and univariate statistical analysis for the purposes of pattern recognition and pathway 

analysis. Ultimately, a naturalistic, largely unbiased view of the composition of the biofluids 

analysed is gained that is highly representative of the in vivo metabolic status130. 

Outcomes and clinical metadata (e.g., 
maternal age & ethnicity) recorded across 

gestation

PEPTL project 
Patients Recruitment

Timepoints of collection:
A=12+0-14+6 weeks
B=15+0-17+6 weeks
C=19+0-21+6 weeks

Metabolic trajectories

1H NMR analysis UPLC  lipidomic
analysis
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Metabolic profiling provides a biochemical ‘fingerprint’ able to describe any kind of 

biological complexities; thereby is able to offer an insight into complex system metabolic 

changes that occur during the pregnancy journey. Identification of metabolites that reflect 

deviation from the normal metabolic trajectory of pregnancy could represent potential 

biomarkers useful for early prenatal prognostic and diagnostic tools93,131. 

The related term of ‘metabolomics’ may also be used to describe this area of research and 

technology and has been described as a comprehensive analysis in which all the metabolites 

of a biological system are identified and quantified132. Although there is some contention 

over whether the terms are synonymous, they are generally used interchangeably in the 

literature, with the choice dependant on the research group. 

There are currently two main analytical platforms employed for targeted and untargeted 

metabolic profiling of biofluids; high resolution 1H NMR spectroscopy and MS, with the 

former providing a rapid, non-invasive overview of the more abundant metabolites (μM 

levels), structural information and high reproducibility and throughput, and the latter 

offering higher sensitivity (nM levels) and the possibility of optimized targeted analysis, 

particularly when hyphenated to gas chromatography (GC) or liquid chromatography 

(LC)133,134. NMR spectroscopy, despite being relatively insensitive compared to mass 

spectrometry, remains highly competitive due to be a powerful, robust, non-destructive, 

interdisciplinary technique that requires minimal sample preparation and provides valuable 

structural information of both pure compounds and complex mixtures, along with absolute 

or relative concentrations135,136. As MS is significantly more sensitive than 1H NMR, less 

sample is required for analysis, which is important since it is a destructive analytical 

technique. Additionally, MS detector’s response is compound-dependent; thus all 



58 
 

compounds need to be ionised prior detection and since different molecules ionise to a 

different degree, no relative or absolute  quantification can be made in the absence of 

authentic compound standards against which to compare them137. Finally MS is considered 

to be less reproducible compared to 1H NMR since results acquired are highly user-

dependant. 

Nonetheless, both analytical techniques are highly complementary and are often used 

together to provide wide coverage of the metabolome. In this urine samples were analysed 

utilizing both 1H NMR spectroscopy and plasma samples were analysed utilizing both 1H 

NMR spectroscopy and a semi-targeted MS approach. These tools that could ultimately take 

the presented results from bench into clinical use and translational research134. 

2.3 NUCLEAR MAGNETIC RESONANCE 

In order to understand most kinds of spectroscopy one should be aware that all molecules 

have a set of energy levels and the lines that we see in spectra are due to transitions 

between these energy levels.  

2.3.1 FUNDAMENTAL PRINCIPLES OF NMR SPECTROSCOPY 

The principle of NMR is based on the fact that the atomic nucleus, that is composed of 

protons and neutrons has two characteristics, termed i) the magnetic moment and ii) the 

angular momentum (or ‘spin’).  These two properties are proportionally related to each 

other via the gyromagnetic ratio (γ). 

Magnetic moment= γ * angular momentum (spin) 

 All nuclei with a non-zero nuclear spin, have an intrinsic magnetic moment, interact with 

other magnetic fields and therefore give a nuclear magnetic resonance spectrum and can 

thus be seen in NMR. The most studied nuclear isotopes used in biological applications are 
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those with a spin=1/2, i.e., 1H (proton NMR), 12C 19F, 15N, 31P. The hydrogen nucleus is the 

most abundant element in biological molecules so is the most easily detected by NMR with 

high sensitivity. 

When an external magnetic field (Bo) is applied, the nuclear moments of spin orient 

themselves to a defined number of permitted orientations according to the magnetic 

quantum (mI) and spin quantum (I) numbers in the following manner: 

mI =I,I-1,…,-I 

Consequently, for I=1/2, mI can have just two values =1/2 and -1/2. With two possible 

values for mI, two possible orientations of the nuclear magnetic moment exist in the 

magnetic field (Bo) which are given by the equation 2I+1.   The two orientations (mI = ±1/2) 

of the magnetic nucleus in the Bo will have different energies.  The spin corresponding to 

+1/2 is the lower energy level, more stable and favourable, oriented in the same direction as 

Bo (position α), while the spin that is equal to -1/2 is the higher energy that is opposed to Bo 

(position β). Regardless of the orientation, the nuclear spins ‘flip’ around the Bo with a 

frequency u (Hz) and an angular speed ωo (Rad.s-1). This motion is termed the Larmor 

precession and is proportional to the applied magnetic field Bo: 

ωo= - γ Bo 

The collection of nuclei will distribute themselves at thermal equilibrium between these two 

energy levels according to the Boltzmann equation where if nα nuclei are in the lower 

energy level (mI = +1/2 or position α) and nβ in the upper energy level (mI = -1/2 or position 

β): 

nβ/nα =exp (-ΔΕ/κΤ) 
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where κ is the Boltzmann constant and T is the temperature. Also nβ/nα is <1 meaning that 

nα > nβ and at thermal equilibrium there are always more nuclei in the lower energy level 

than in the upper. However this difference is very small and this has important 

consequences for the sensitivity of the NMR experiment since only the difference in 

population is detected; the others effectively cancel one another. ΔΕ corresponds to the 

energy difference between the orientations and also the energy required to flip nuclear 

spins to the higher energy level which leads to the resonance phenomenon. The net effect is 

an absorption of energy by the nuclei from the applied radiofrequency which is proportional 

to nα-nβ . The absorbed energy can be calculated from the Plank equation: 

ΔΕ= γhBo/2π 

where h is the Plank’s constant, γ is the gyromagnetic ratio or magnetic moment and Bo is 

the external magnetic field applied. It is this energy absorption that is detected in the NMR 

spectrometer and since nα-nβ is very small then detection is difficult. When the sample is not 

in the spectrometer magnet Bo=0 but ΔΕ=0. When the sample is placed in magnetic field Bo, 

the two energy states still exist but they degenerate and their populations remain equal 

since there was not enough time for thermal equilibrium to develop, hence it is not possible 

to obtain an NMR spectrum. After some time the thermal equilibrium situation is reached, 

the population differences changes eventually to reach a ratio of population governed by 

the Boltzmann equation ΔΕ= nα-nβ. The time taken to polarize the sample is determined by 

the ‘spin-lattice’ relaxation time, T1 (Fig. 7). When the pulse Bo stops the perturbed spins 

relax beck to recover their non-equilibrium condition.  During the precession movement, 

the magnetization continues to induce a signal in the coil surrounding the sample and this 

oscillating signal is the ‘free induction decay’ (FID). The signal decay lasts for time= T2 that is 
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known as ‘spin-spin’ relaxation. A Fourier Transform is then applied to convert the time 

domain signal of FID in the frequency domain and obtain an NMR spectrum (Fig. 8)138,139,140. 

 

Figure 7:  Difference in energy levels that degenerated over time in the absence of magnetic 

field and spin-lattice relaxation time representation. Applying a magnetic field B splits these two 

energy levels. Initially the populations of the lower and upper levels are equal, which is the 

nonequilibrium state. To reach thermal equilibrium the spins must redistribute (‘relax’) and 

eventually reach a ratio of population governed by the Boltzmann equation. The time taken to 

polarize the sample is determined by the spin-lattice relaxation time, T1. Taken from
138,139

  

 

 

Figure 8:  Demonstration of the effect of T2 relaxation in a spectrum peak. A short free 

induction decay (FID) (left) results in a broader line width following Fourier Transformation, 

whereas a longer FID (right) results in a sharper spectrum peak. Adapted from140. 
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2.3.2 CHEMICAL SHIFTS 

The nuclei are not present in isolation in the sample; instead they are surrounded by 

electrons and neighbouring nuclei. These electrons create a ‘cloud’ around every nucleous 

in a chemical compound and the shape of this cloud along with its density is different for 

atoms which are in different chemical environments.  This electron cloud generates a local 

magnetic field in the opposite direction to Bo and shields the nuclei from the external 

applied field (Fig. 9A). The more dense the electron cloud (i.e., in an apolar molecule), the 

greater the shielding effect and the weaker the magnetic field experienced by the nuclei 

which will appear ‘upfield’ in the NMR spectrum. On the contrary nuclei that are less 

shielded, e.g. in a polar molecule, experience stronger magnetic field and appear 

‘downfield’, i.e. to a slightly higher resonance frequency. Differences in resonance 

frequencies due to different chemical environments are called chemical shifts which are 

characterised by the equation: 

δ=(ppm)=[(u-uref)/oscillator frequency (Hz)]*10δ 

where u is the frequency of the nucleus and uref is the resonance frequency of a chosen 

nucleus in a standard molecule. The new chemical shift scale obtained is independent from 

the strength of the magnetic field and is the property that allows identification of unique 

chemical environments138 (Fig. 9B). 
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Figure 9:  (a) The electron cloud shields the nucleus from the spectrometer magnetic field B0, so 

that the magnetic field actually experienced by the nucleus is Beff, (the effective magnetic field) 

which is slightly less than B0. (b) Typical 1H NMR chemical shifts ranges. Adapted from Prof. 

Geoff Hawkes lecture slides. 

2.3.3 THE SPIN-SPIN COUPLING 

Within a molecule, nuclei of proximity can interact with each other though spin-spin 

coupling or J-coupling that involves magnetization transfer between adjacent atomic bonds 

giving rise to resonance lines or splitting  ‘peaks’ in the NMR spectrum. The magnitude of 

the splitting, measured in Hz, is independent of the spectrometer magnetic field B0. When 

two nuclei interact in this way, the effect of B upon A is the same as the effect of A upon B, 

i.e. JAB = JBA.  When there is more than one nucleus involved in the coupling, further splitting 

leads to a doublet, triplet, quartet or multiplet with a range of intensities; this splitting 

pattern and intensity ratios are given by Pascal’s triangle (Fig. 10).  The effect is transmitted 
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via bonding electrons – it is not a direct, through space, interaction. Because of this, 

typically, the greater the number of intervening bonds between the interacting nuclei, then 

the smaller the effect (smaller J value). Usually 1H-1H spin-spin couplings are observed over 

three bonds, and sometimes over four bonds138,139. 

 

Figure 10:   Multiplicity and relative intensities of NMR signals from equivalent coupled nuclei 

with spin number I=1/2 (such as 1H coupling). Adapted from Prof. Geoff Hawkes lecture slides. 

2.3.4 1D NMR SPECTROSCOPY 

Generally untagreted analysis is achieved using 1D 1H NMR pulse sequences and in 

particular the standard 1D 1H pulse sequence (i.e. the first increment of the Nuclear 

Overhauser Effect (NOE) pulse sequence) which provides effective water/solvent 

suppression (main problem associated with dynamic range and proton detection of 

metabolites in biological fluids are predominantly comprised of water) with simple, quick 

and consistent acquisition. The pre-saturated pulse sequence uses the first increment of the 

2D sequence (i.e., modified version to affect proton magnetization), and starts with a long, 

low level power saturation period followed by two 90O pulses, and the inversion of the 

equilibrium state, a specific delay (termed mixing period) and finally another 90O pulse and 
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acquisition136,141. For urine samples, the standard one-dimentional pulse sequence is usually 

sufficient for metabolite characterisation, nonetheless more complex biological matrices 

such as plasma contain a range of low to high molecular weight compounds, resulting in a 

large range of signal line widths. In order to suppress the macromolecule resonances in such 

matrices and acquire a fully comprehensive and easily interpretable metabolic profile, a 

specific NMR pulse sequence can be applied such as CPMG (Carr-Purcell-Meiboom-

Gill)142,143. CPMG protocols work through exploiting the short transverse relaxation (T2) 

times of the protons of the high molecular weight species, and hence incorporate a 40–100 

ms relaxation delay prior to acquisition. The shorter spin–spin relaxation times stem from 

the longer molecular rotational correlation times (i.e., Stokes law). Here, the sequence 

starts similarly to the 1D 1H pre-saturated pulse sequence, with a pre-saturation period, 

followed by one 90O pulse and then a loop of 180O pulses with a spin echo delay, and 

subsequent acquisition. In contrast, diffusion-edited pulse sequences can be used to 

attenuate the low molecular weight signals136,144. 

2.3.5 2D NMR SPECTROSCOPY 

1D spectra can be too complex for interpretation as most signals overlap with other due to 

the large number of molecules present in biofluids. By the introduction of additional 

spectral dimensions these spectra are simplified and extra information is obtained that aids 

the structural elucidation of unknown metabolites in complex biological matrices through 

revealing j-coupling patterns and correlations between neighbouring homo- or heteronuclei. 

In 2D NMR experiments signals are dependent on two time variables t1 and t2, with the FT 

that is applied twice to give rise to a spectrum with two frequency variable F1 and F2. 
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J-Resolved (JRES) spectroscopy  is a homonuclear method that provides information 

regarding the splitting patterns of NMR peaks, revealing the related multiplicity patterns of 

the peaks, generating less congested spectra145. Additionally, 1H-1H correlation spectroscopy 

(COSY) is another method that shows correlations between protons with mutual spin-spin 

couplings, up to three bonds away. The scheme of a standard COSY sequence is presented 

below (Fig. 11). Total correlation spectroscopy (TOCSY) provides information regarding 

couplings between more distant nuclei in the same spin system, as long as there are 

couplings between every intervening proton, thus TOCSY correlates all protons of a spin 

system146. 

 

Figure 11:  NMR pulse sequence of a standard COSY experiment (RD; relaxation time, π/2: 

pulse width to reach 90O, t1: evolution time, t2: acquisition time). Adapted from Prof. Geoff 

Hawkes lecture slides. 

Finally, heteronuclear single-quantum correlation spectroscopy (HSQC) is used to show 

correlations between two different nuclei types, often 13C and 1H, which are separated by 

one bond. Further to this, HMQC, the multiple-bond equivalent of HSQC is used to show 

longer-range correlations assisting structural elucidation by providing additional information 

on the atomic connectivity between 13C and 1H138147. 

 

t1 t2

p/2 p/2
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2.4 PREPARATION OF SAMPLES FOR 1H NMR ANALYSIS 

Prior sample preparation and spectral acquisition, samples were randomised in order to 

reduce the confounding effect of any potential systematic time-related variation in 

experimental factors such as deviation in room temperature. Sample preparation protocols 

have been validated ‘in house’136,148. 

2.4.1 PLASMA 

Whole blood was collected into lithium heparin tubes, which were left horizontally on ice 

for 30 min before being centrifuged at 1200 x g at 4oC for 10 min. Supernatants were 

aliquoted and immediately stored at -80oC until NMR analysis. On the day of NMR analysis, 

plasma samples were thawed at room temperature before 300 μL aliquots were mixed with 

300 μL of buffer (Na2HPO4*7H2O, 0.075 M, pH 7.4), containing 4.6 mM 3-(trimethylsilyl) 

propionate-2,2,3,3-d4 (TSP) as an internal chemical shift reference, 6.2 mM sodium azide 

(NaN3)/H2O (w/w) as a bacteriostatic agent and 10% (v/v) D2O to provide a lock signal for 

the magnetic field. Following centrifugation (12000 x g, 4°C, 5 min) to remove solids, 550 μL 

of sample was transferred into 5 mm SampleJet NMR tubes and immediately loaded onto a 

refrigerated SampleJet robot (Bruker Biospin, Germany) and maintained at 4°C until 

analysis. Pooled quality control (QC) samples were generated from a composite of all 

samples and used to assess potential batch effects (see section 2.4.3). 

2.4.2 URINE 

Mid-catch urine samples were collected in a universal sample and placed immediately on ice 

before being aliquoted and frozen at -80°C within 30 min of collection. Before NMR analysis, 

samples were thawed at room temperature before 540 μL of urine was mixed with 60 μL of 

urine phosphate buffer (KH2PO4, 1.5 M, pH 7.4 made up in D2O containing 5.8 mM TSP and 
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2 mM NaN3) before being centrifuged (12000 x g, 4°C, 5 min). Aliquots of 550 μL were then 

transferred into SampleJet 5 mm NMR tubes. Urine QC samples were also prepared and ran 

to monitor batch effects (see section 2.4.3). 

In order to ensure the observation of biologically relevant changes, strict protocols were 

followed to achieve high consistency and robustness in samples collection, storage, 

preparation and actual analysis in order to avoid introduction of confounding systematic 

variation that is irrelevant to authentic metabolic variation between the samples. 

2.4.3 ACQUISITION AND PRE-PROCESSING OF 1H NMR SPECTRA 

Proton (1H) NMR spectra for all samples were acquired following standardised protocols  

using a Bruker Avance III 600 spectrometer equipped with a BBO probe as previously 

described148. For plasma samples, two monodimensional experiments including pre-

saturation of the water signal were acquired in automation using the standard pulse 

sequences previously described148. These experiments consisted of a general profile and a 

spin-echo spectrum, necessary to attenuate the resonances belonging to proteins and other 

macromolecules in the 1H NMR spectrum to allow the detection of small molecules of 

interest. For urine samples, a general profile one dimensional water pre-saturation pulse 

sequence [relaxation delay-90°-t1-90°-tm-90°-acquire free induction decay (FID)] was 

applied in automation. In addition to the 1D spectra, J-res spectra were acquired for both 

biofluids to gain additional structural information.  

Samples were randomised and subsequently organised in groups of 95-96 samples and 

placed in 96-well plates. Each plate contained a QC sample to help elucidate intra-study 

variation in preparation and analysis, and in some instances a buffer blank sample to 

elucidate whether the buffer‘s been created without contamination. Sample randomisation 
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occured within one day and sample preparation in 96-well plates occurred during a 5-6 

days-period. At the end of each day, the well plates were transferred to the National 

Phenome center were the samples were stored in a cooling rack at 6oC until actual analysis. 

All samples spent approximately the same amound of time in the cooling rack prior to their 

run to avoid introducing confounding variation into the analysis. A throughput of 96 urine 

samples was achieved withn ~24h (~15min per sample; for both NOESY-presat & JRES). For 

plasma 72 samples were acquired pewr 24h (~19 min per sample; for CPMG, NOESY-presat 

& JRES). All sample batches were run sequentially. In order to ensure that there was no 

batch effect analysis (i.e., run order effect) that introduced systematic confounding variation 

in this data, multivariate analysis was employed. PCA (unsupervised) analysis indicated that 

all QC samples (located in every 96-well plate) were clustered together and there was no 

clustering according to the batches run order. These observations confirmed the robustness 

of the NMR-based metabonomics and its suitability for long-term and large-scale 

epidemiological studies when the the sampe preparation and spectroscopy are properly 

carried out. 

Following acquisition all spectra were calibrated, phased and baseline corrected 

automatically using TopSpin (v3.2, Bruker BioSpin, Rheinstetten, Germany).  

Spectra were then visually inspected using Amix (v3.9.11, Bruker BioSpin, Rheinstetten, 

Germany). Plasma spectra were calibrated internally to the anomeric proton signal of α-

glucose at 5.23 ppm and urine spectra were calibrated internally to the alanine CH3 proton 

peak at 1.48 ppm. TSP was found to shift over the pregnancy and between samples due to 

protein binding, making its signal a poor candidate for spectral calibration. Spectrum quality 
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was checked against the previously described quality parameters148. However, linewidth for 

urine samples was checked on the alanine signals due to protein binding. 

Complex data were produced following the high-resolution integration of large-scale 

metabolic datasets, thus powerful software was required for subsequent analysis; AMIX 

(Version 3.8.4, Bruker BioSpin) and R software have been employed for this study. Spectra 

were imported into R and integrated at a fixed size of 0.001 ppm using a script developed in 

house149. The water resonance region (4.50-4.90 ppm) was excluded as well as the regions 

containing 3-trimethylsilyl-1-[2,2,3,3,-2H4] propionate (TSP)  and urea (urine spectra only; 

5.50-6.10 ppm). Spectral peaks were then aligned to minimize residual chemical shift in the 

positions of individual peaks between different samples150. This way robust comparison of 

spectra via multivatiate analysis was enabled, avoiding false-positive differences in 

metabolite intensities to appear as significant. For urine, each standard 1D bucketed 

spectrum was subsequently normalized using Probabilistic Quotient Normalization (PQN) to 

minimise first derivative-like effects due to small peak shifts resulting from alterations in the 

pH, salt concentration, overall dilution of samples and relative concentrations of specific 

ions151. Normalisation is one of the most significant steps in the pre-processing of urine 

NMR studies in which overall sample concentration can vary by orders of magnitude. The 

PQN method used here, analyses the distribution of the quotients of the amplitudes of a 

test spectrum by those of a reference spectrum and uses this to calculate the most probable 

dilution factor151. 

Finally, data were mean-centered and scaled to unit variance (UV). Following data pre-

processing and visual inspection, three plasma and eleven urine spectra were identified as 
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outliers following unsupervised principal components analysis (PCA) due to the presence of 

high levels of ethanol resonances and were removed from further analysis. 

2.4.4 ANALYSIS OF PLASMA 1H NMR SPECTRA VIA THE B.I.-LISA (BRUKER IVDR 
LIPOPROTEIN SUBCLASS ANALYSIS) PLATFORM  

Bruker B.I.-LISA (Bruker IVDr Lipoprotein Subclass Analysis; Regensburg, Germany) 

technology has been patented (U.S. 7,927,878; Australia 2005250571; Germany 10 2004 

026 903 B4) and currently enables the rapid, robust and throughput analysis and 

quantification of all characteristic lipoprotein signals present in standard 1D plasma spectra 

recorded on a Bruker Avance IIplus 600-MHz spectrometer (Bruker Daltonics, Bremen, 

Germany). B.I.-LISA permitted quantification of cholesterol, free cholesterol, phospholipids, 

triglycerides, apolipoproteins A1, A2, B and LDL-particle numbers for the primary plasma 

lipoproteins and their subclasses129. The signals corresponding to the -CH3, appearing at 

0.82 ppm in the NMR spectrum, and the -CH2 groups, at 1.23 ppm, of the lipoproteins were 

divided into a number of regions and the area under the curve was integrated. These 

regions were fitted to a PLS2 (Partial Least Squares) regression model, which was trained on 

over 200 spectra from two specific training cohorts and validated against ultracentrifugation 

analysis. Ultracentrifugation is currently the clinical gold standard for lipoprotein 

quantification. B.I.-LISA thereby provides quantitative information on 105 lipoprotein 

subfractions belonging to classes ranging from Very Low-, Intermediate-, Low-, and finally 

High-Density Lipoproteins (VLDL, IDL, LDL, HDL), which have a precursor-product 

relationship described by the VLDL----IDL----LDL cascade. 
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2.5 LIQUID CHROMATOGRAPHY MASS SPECTROMETRY 

Mass spectrometry (MS) has recently emerged as the foremost technology in endogenous 

metabolite research, in which molecules are detected following their ionization in a gaseous 

form and separation in space and time according to their mass-to-charge ration. This 

facilitates elucidation of elemental composition, structural features and quantification of a 

diverse number of molecular species ranging from simple amino acids, to lipids, to complex 

carbohydrates. Therefore, a separation step in a time-dimension using either gas 

chromatography (GC), or most frequently employed, ultra performance liquid 

chromatography (UPLC) is ‘hyphenated’ with MS. This step expands the later capabilities of 

biomarker detection and superior separation by de-convoluting complex mixture 

components and improving compounds ionization152,153,154,155.  

2.5.1 PRINCIPLES OF LIQUID CHROMATOGRAPHY 

Liquid chromatography, although unable to directly detect the presence and quantity of 

compounds, is fundamental for the separation of a complex molecular mixture over time, 

making downstream detection more accurate and sensitive. The chromatographic 

environment consists of two separate but contacting phases; one of which is the stationary 

(microparticle columns) and the other being mobile (solvents).  Molecules in a solution 

enter the column and eluted out with solvents at different rates depending on their 

chemical composition and their affinity for each phase that cause some of them to interact 

with the stationary phase and therefore be retained, and others to preferentially interact 

with the mobile phase and be eluted out of the system. For any compounds analysed, the 

ratio of its distribution between the two phases is defined as retention factor.  Individual 

component species with unique retention and separation characteristics travel through and 
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emerge from the column as peaks whose distribution, width and shape are related to the 

performance of the chromatographic separation (Fig. 12)156,157. 

The mobile phase consists of two miscible solvents that not only facilitate the binding of the 

molecular content of a sample to the column but also assist its elution allowing sufficient 

resolution between the different chemical species. The elution is usually achieved by a 

mixture of water and organic solvent (e.g. acetonitrile or methanol) with a gradient (high 

aqueous to high organic) which allows the polarity of the mobile phase to change 

systematically during the analysis. The stationary phase is usually composed of silica or 

cross-linked co-polymers of styrene or benzene that can be used either by themselves or as 

a support matrix for additional chemically bonded molecules that further control 

chromatographic separation.  Generally the smaller the column particles the more efficient 

the chemical separation, thus in metabolic profiling UPLC is achieved by employing columns 

with particle sizes <2um. These systems achieve rapid, high-resolution separations and are 

manufactured to withstand the high backpressure developed through analysis (up to 15000 

psi). In biofluids profiling, the most commonly used UPLC-MS analyses employ a reversed 

phase (RP) separation system which involves a non-polar stationary phase of actadecyl 

groups (C18) bound to silica or other polymeric particles and a gradient of solvents as 

discussed before. Nonetheless, RP chromatography is not particularly fitted for the analysis 

and separation of highly polar compounds which tend to be eluted with the void volume of 

the column, thus when more information is required on polar species, in order to improve 

the metabolome coverage, one can use a hydrophilic interaction chromatography (HILIC) 

column. There were developed to preferentially retain small polar compounds like organic 
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acids and amino acids with high sensitivity when hyphenated to MS detection153,152, 

154,158,159.   

 

Figure 12:   Schematic illustration of chromatographic separation of compounds with different 

affinities for the stationary and mobile phase giving rise to peaks with unique migration 

rates/elution times that are then passed onwards for detection. 

2.5.2 PRINCIPLES OF MASS SPECTROMETRY 

Mass spectrometry (MS) is a microanalytical technique that can be used selectively to detect 

and determine the amount of a given analyte, along with its structural composition by 

exerting both magnetic and electric fields on it. It is a fundamental requirement of a mass 

spectrometer that the ions be in the gaseous phase before they can be separated according 

to their individual m/z values and detected. Additionally, in order to have individual ions, 

stripped from any other forms of matter, it is essential to analyse them in a vacuum. 

Therefore, a mass spectrometer is mainly composed of an ion source, a mass analyser and 

ion detector, all operating under a vacuum system (Fig. 13) (Fig. 13)160,161 
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Figure 13:    Conceptual illustration of the mass spectrometer shows the major compartments 

of mass spectrometer; sample inlets; ion source; m/z analyser; detector; vacuum system and the 

computer. Adapted from161 

The sample inlet depends on the sample analysed and the ionization technique employed, 

allowing a controlled introduction of either gaseous or vaporized liquid sample in the 

adjacent ion source. The sample injection can be either direct or combined with 

chromatographic techniques such as LC (HPLC or UPLC), GC, CE (capillary electrophoresis) to 

suit different sample classes based on their physicochemical properties. For example GC is 

mainly used for the analysis of small, highly volatile compounds whereas UPLC is designed 

for the separation of liquid samples160. 

The ion source is responsible for inducing ionization of the compounds entering the mass 

spectrometer. For ionization to occur in the gas phase, the sample must have a vapor 

pressure greater than 10 Pa since molecules of the sample must migrate by diffusion from 

the inlet system into the ionization chamber. The most common ionization process, suitable 

for biological applications is the electrospray ionisation (ESI), a soft ionization technique that 

produces multiple-charge ions from non-volatile, thermally labile compounds, conserving 

their initial molecular integrity. Other popular ionization techniques include matrix-assisted 

laser desorption ionization (MALDI), along with electric ionization (EI), chemical ionization 
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(CI) and atmospheric pressure chemical ionization (APCI) which are preferred for small, 

volatile, thermo-resistant compounds. 

ESI was employed in this thesis, due to its high sensitivity. During ESI ionization a solution of 

the analyte is forced through a small capillary so that the fluid sprays into an electric field, 

thereby generating very fine droplets as seen in figure 14162. Electrosprayed droplets will 

possess an excess of positive or negative charges depending on the capillary bias polarity 

and will gradually diminish in size due to solvent evaporation either in a drying gas 

(nitrogen) at atmospheric pressure or in a heated chamber. The decreasing droplet size 

causes an increase in the repulsive forces between the excess charges in the droplet which 

when they get high enough result to ‘coulombic explosion’, leading to the formation of 

normally singly-charged, but also multi-charged, gas-phase ions. ESI produces either positive 

or negatively charged ions which are usually acquired in separate analyses since each 

requires the ion optics and the mass analyser to be switched in one or the other polarity. 

This way, the majority of the metabolome can be covered, since certain molecules are 

ionized in a single polarity160. Nonetheless, ESI is a competitive process, with many ions to 

challenge each other for charge acquisition, resulting to observed ion suppression 

phenomena that can be seen when analyzing complex biological matrices, such as plasma 

(especially in ESI+ mode). 

The charged ions are eventually transferred -with the help of ion optics-to the mass analyser 

which separates them according to their mass-to-charge ratios, with their abundances to be 

counted at the detector. In order to ensure that the ions can efficient traverse the area with 

no interference that could cause charge neutralization, the analyser is maintained in a 

matter-free state, a vacuum. The mass analyser can be a simple quadrupole (Q), time of 
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flight (TOF), ion trap or Fourier Transform-Ion Cyclotron Resonance (FT-ICR) system or a 

combination of them with the most common being the triple quadrupole (QQQ) and the Q-

TOF which was used in this thesis163. Q-TOF has the advantage of mass accuracy to the 

nearest 0.1 millimass unit. This results from the orthogonal arrangement between the 

longitudinal axis of the ion beam coming from the quadrupole and the direction in which 

the beam is extracted into the TOF flight tube which is a reflection, thereby having an 

additional effect on the resolving power. Once inside the analyser, lighter ions always reach 

the detector before heavier ions for the same level of ionization.  

Following separation, the abundance of each of each ion species is detected and the 

resultant signal of each scan (single measurement) in shown as a mass spectrum consisting 

of ion abundance (on the Y axis) and the m/z ratio (on the X axis). The most intense peak is 

known as the ‘base peak’. An additional molecular fragmentation experiment was 

performed during the analysis, where ions of particular mass-to-charge ration were selected 

and fragment ions were crested by collision-induced dissociation. The resulting ions are 

then separated and detected. Therefore the resultant mass spectrum delivers structural 

information and elemental composition in the form of a characteristic fragmentation 

pattern.  
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2.5.3 UPLC-MS-BASED LIPIDOMIC ANALYSIS 

Nature has created a vast number of different lipid forms such as fatty acids, neutral lipids, 

phospholipids, spingolipids and eicosanoids that despite their structural and functional 

differences, they nonetheless share many similarities both in their backbone structure and 

also to their speculative functions within the biological systems164.  Lipids play important 

roles in biological systems as signaling or energy storage molecules and major constituents 

of cellular membranes, responsible for regulating normal cellular physiology165.  The 

usefulness of all the different lipid sub-classes is still not entirely defined but since their 

study attracts increasing attention from the scientific community, lipidomics has developed 

as an emerging ‘omics’ platform that focuses on the global detection and quantification of 

hundreds intact lipid molecular species in complex biological samples in parallel (Fig. 15) 

166,167. 

Advances in UPLC-MS-based analytical technologies in the recent years and their integration 

with powerful bioinformatics systems facilitate accurate lipidomic analysis that even allows 

the detection of novel lipids in the biofluid analysed providing an insight in their structure 

and their potential regulatory function, during health and disease166. This approach is 

characterised by enhanced separation and sensitivity, high mass accuracy and relatively 

Figure 14:   Illustrative presentation of the electrolytic cell created between the 

electrospray needle (left side of circuit) and the counter side electrode (right side 

of circuit). 
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easy to use instrumentation that has allowed the technique to become the basis and the 

gold standard of the analysis of all lipid classes due to its qualitative and quantitative 

advantages and its ability to extract more information from a sample than their 

predecessors166. 

Lipidomics is considered as a semi-targeted scanning method mode, during which the mass 

analyser transmits a variety of ions over a predefined range of mass values as a function of 

time and is generally more sensitive than a full-scan acquisition137. 

 

Figure 15:    The emerging field of lipidomics. Figure inspired from 166 . 

Lipidomics as an emerging, complementary ‘omics’ approach to genomics and proteomics, 

is a sub-discipline of metabonomics that focuses of systems-level scale analysis of lipid-

subfractions as extracted from tissues and biofluids.  During this systems-level scale analysis 

of lipids molecules the later are typically extracted with organic solvents from the source 

material (i.e., human plasma; step a) and are then analysed by UPLC-MS (step b), producing 

a ‘lipid fingerprint’, which is a biochemical snapshot of the lipid inventory of biofluid under 

investigation. Different functional and health conditions (i.e., healthy versus complicated 

gestation) can produce differences in the lipid profiles of the biofluids studied. 
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Investigations of such differences will then indicate what metabolic pathways might be 

affected and subsequent result to the observed differences and lipid perturbations (step c) 

(Fig. 15). All in all this inspection highly complements the information arising from 

metabonomic studies as performed by NMR analysis on the same biofluids.  

2.5.3.1 SAMPLE PREPARATION AND METABOLITE EXTRACTION PRIOR UPLC-MS- 
LIPIDOMIC ANALYSIS 

Since lipid profiling is considered a semi-targeted approach, sample preparation is a critical 

step and should be repeatable, fast and non-selective168. As for NMR, sample preparation 

for UPLC-MS was performed the day prior the lipidomic analysis, in a randomised manner 

(randomisation process lasted several hours due to the number of samples available, thus 

during the process some of them inevitably defrosted), so that all the samples spent the 

same time in the freezer (-40 oC) until analysis.  

Plasma samples of volume ranging between 100-800μl were defrosted in batches prior their 

UPLC-MS analysis. Aliquots of 100 μl were made in Eppendorf tubes and underwent protein 

precipitation using MTBE (methyl tert-butyl ether)/methanol solution that was made the 

night before and stored in the freezer (-20 oC) to cool. Briefly, 100 μl plasma was mixed 1:3 

(v/v) with ice-cold MTBE/methanol (MTBE: SIGMA-Aldrich; methanol: HPLC gradient grade 

(Fisher)), and after intense vortexing (30 sec for independent samples or 1 min for batch 

vortexing), samples were then centrifuged at 20,817 x g (14,000 rpm) at 4°C for 20 mins 

(Eppendorf Concentrator Plus, V-AQ mode) and 800 μl of the supernatant (top layer, high in 

lipid concentration) were transferred-over dry ice-to new Eppendorf tubes. Samples were 

allowed to evaporate at room temperature in an extractor hood overnight and extracts 

stored at -40 oC until analysis. At the day of UPLS-MS analysis the organic extracts of the 

plasma samples were reconstituted in 150 μl of the solvent mixture of Water/ISP 
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(isopropanol)/ ACN (acetonatrile) (1:2:1) and transferred into Total Recovery vials (Waters 

Corp, USA), after centrifugation for 15 min at 14000g and 4 °C (water was HPLC grade 

(Sigma-Aldrich), ISP/ACN from Fisher Scientific). 

 

Figure 16:    Schematic of the analytical pipeline applied in the present study with a focus on the 

QC strategy to ensure a stable run. QC: quality control. DDA: data dependent acquisition 

(unbiased precursor ion selection for MS/MS), MSE: application of collision induced dissociation 

without precursor ion selection. Figure adapted from169. 

Additional aliquots of 10 μl from each available plasma sample were pooled to generate a 

quality control (QC) master sample. The resultant pooled sample was separated into ten 

100μl-aliquots samples that went through the same pre-processing as described above for 

the rest of plasma samples.  As described by Vorkas et al. 169, the QC sample was injected at 

least 10 times before initiating the run, in order to condition the column. Then the same QC 

was re-injected once at the beginning, every 10 sample injections, and at the end of the run 

in order to assess instrument stability (in terms in temperature pressure effects etc.) and 

analytic reproducibility (in terms in intensity, shift etc.). Following sample analysis a QC 

sample dilution series (1:2, 1:4, 1:8) in the reconstitution solvent mixture was performed to 
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confirm that linear and quantitative data were acquired, and was followed by ten extraction 

blank samples. The blank samples, consisting of only the reconstitution solvent mixture 

allowed the assessment of carry-over and sample preparation-induced features that should 

be removed prior to statistical analysis169. This strategy is also illustrated in Figure 16. 

2.5.3.2 RP-UPLC-MS (LIPID PROFILING) ACQUISITION 

Lipid profiling was performed on an Acquity UPLC system (Waters Corp, USA) coupled to 

Xevo G2 QTof (Waters MS Technologies, U.K.) with an ESI source. Mass spectra for all 

samples were acquired firstly in positive and then in negative ion electrospray modes (ESI+, 

ESI-); to ensure the total detectable feature density was represented as accurately as 

possible. ESI- mode was acquired continuously but ESI+ was interrupted several times and 

the samples were re-run due to technical issues. The final, continuous run data were used 

for subsequent analysis. Chromatographic separation was conducted using Acquity UPLC 

CSH C18 2.1 × 100 mm, 1.7 μm, column (Waters Corp, USA). Column temperature was set at 

55 °C, the autosampler was set at 4 °C and flow rate at 0.4 mL/ min. Mobile phase A 

consisted of ACN/water (60:40) and mobile phase B ISP/ACN (90:10). In both solutions 

ammonium formate was diluted to 10 mM and formic acid to 0.1% (Both were purchased 

from Fluka and were LC-MS and MS grade, respectively). The elution gradient was set as 

follows: 60−57% A (0.0−2.0 min), 57−50% A (2.0−2.1 min; curve 1), 50−46% A (2.1−12.0 

min), 46−30% A (12.0−12.1 min; curve 1), 30−1% A (12.1−18 min), 1−60% A (18.0−18.1 min), 

60% A (18.1− 20.0 min). The higher pressure limit was set at 15000 psi. Injection volumes of 

4 and 20μL were used for positive and negative ionization modes, respectively. Mass 

spectrometry was performed using a Xevo G2 QTof with an electrospray ionization source 

and both MS and MSE data scans were acquired. The MS parameters were set as follows: 

capillary voltage, 1.5 kV; sample cone voltage, 20 V; source temperature, 120°C; desolvation 
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temperature, 600°C; desolvation gas flow, 1000 L/h and cone gas flow, 50 L/h. For mass 

accuracy, a 0.2 ng/μl leucine encephalin (mass/charge ratio (m/z) 556.2771 in ESI+ and m/z 

554.2615 in ESI−) solution at 20 μl/min was used as the lock mass. Data were collected in 

continuum mode with a scan range of 50–1200 m/z in both ionisation modes and with lock 

mass scans collected every 30 seconds and averaged over 3 scans to perform mass 

correction. Furthermore, data-dependent acquisition (DDA) of the QC sample was 

performed for structural elucidation for each ionisation mode. 

2.5.3.3 DATA EXTRACTION FOLLOWING LIPID PROFILING ACQUISITION 

MassLynx (version 4.1; Waters Corp.) was used to display both chromatograms and spectra 

and the package ‘Databridge’ was used to convert the data files acquired during the UPLC-

MC run into “NetCDF” format. An in-house developed script, along with the XCMS package 

(operated in R software), were used for the pre-processing of the data resulting in peak-

picking, alignment, peak grouping, zero filling)170,171. Resultant values were reported as peak 

intensity (area). Saturated peaks, as identified by MassLynx software, were removed prior to 

total area normalisation. All values were multiplied by 10 000 prior to statistical analysis (to 

avoid loss of significant digits since SIMCA software does not handle more than 4 decimal 

places) and coefficients of variation % (CV%) were calculated for all signals captured 

(referred as features for the purpose of this thesis, each with a descriptive mass-to-charge-

ration/retention time pair (m/z, RT) in Microsoft Excel (2010, Microsoft, USA). Integrals of 

the features with a coefficient of variation (CV) greater than 30% in the QC samples were 

removed prior to analysis since they would lead to unrealistic data observations. Data were 

imported in SIMCA software (V. 14.0, Umetrics) and further multivariate data analysis was 

performed (Figure 17). 
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Figure 17:    Data analysis flowchart after mass spectrometric recording of blood profiles. (a) 
Select optimal quantifier ions. (b) Export peak areas from multiple samples to receive a data 
matrix. (c) Normalize and transform data. (d) Structure data according to ‘hypotheses’ or 
clinical metadata. (e) Get significance and underlying data structures by univariate and 
multivariate statistics. (f) Interpret findings, generate new hypotheses, and verify new 
hypotheses by better experiments. 
 

2.5.3.4 METABOLITE ASSIGNMENT 

Lipid species assignment of discriminatory features was based on the accurate mass-to-

charge ratio, searched against online MS database METLIN (https://metlin.scripps.edu) and 

previous published results generated in-house169,172,173, as well as from the MS/MS 

information and fragmentation patterns seen in the DDA experiments of QC samples. 

Fragmentation patterns were compared against the freely available product ion calculation 

tool that is part of the LIPID MAPS toolset further increasing the confidence in proper 

formula and structure matching metabolic assignments.  

https://metlin.scripps.edu/
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It is important to state the difference between metabolite assignment and identification, as 

the former is an annotation of a feature based on measured properties and the latter is 

claimed after verification by comparison to an authentic standard174.  

2.6 MULTIVARIATE STATISTICAL ANALYSIS 

The last few decades have seen an explosion of data in fields such as biology, medicine, and 

genomics, along with the methods and developed algorithms used to analyze these large 

datasets without the need for human supervision. Additionally, modern analytical 

techniques lead to highly resolved spectra, with noise and valuable metabolic information 

being significantly overlapped. In this context multivariate statistical analysis is employed to 

reduce data dimensionality and extract latent variables from the data matrices that explain 

which sources of variation and which metabolites are associated with the observed 

discrimination between classes (i.e., healthy controls versus diseased). In the analysis of 

metabolic data typically both unsupervised and supervised methods are applied for 

advanced multivariate visualization and successful interpretation175,176. 

2.6.1 CENTERING AND SCALING OF DATA FOR PROJECTION-BASED METHODS 

Data pre-treatment consisting of centering and scaling methods and their effect on data 

analysis is discussed here177,178.  

Centering is employed to convert all the concentrations to fluctuations around a mean of 

zero instead of around the natural mean of the metabolite concentrations. Therefore, it 

adjusts for differences in the offset between high and low abundant metabolites and 

removes data fluctuation, leaving only the relevant variation for analysis. When the data are 

mean-centered, the mean of each variable is subtracted from the data and the mean is set 
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to zero for all variables. In this thesis a variation of this was also explored where the mean of 

each variable was calculated for each patient of the study (of the longitudinal cohort) and 

was similarly subtracted from the data in order to achieve a patient-associated mean-

centering. This was an effort to remove the high inter-patient variability that potentially 

masks the underlying gestation-influenced metabolic variation. Nonetheless, this centering 

technique is only possible with longitudinal data rather than cross sectional and it was 

hypothesised that it can be used routinely to minimise the impact of confounding clinical 

and analytical variables (e.g., diet, BMI, parity, peak shift) on the maternal metabolome.  

After the data have been centered, the dataset can be processed without scaling or scaling 

can be applied to enhance or diminish certain features and improve data interpretation. For 

1H NMR data analysis, unit-variance scaling was applied to all variables. Therefore each 

variable was divided by its standard deviation, resulting in all variable having equal variance 

and equally contributing to the model regardless of initial concentration. With unit-variance 

scaling data were analysed on the basis of correlations instead of covariance and low-

concentration metabolites were enhanced along with noise that potentially complicates 

data interpretation.  Pareto scaling, on the other hand, was employed in MS data analysis 

and is considered as a compromise between unit-variance scaling and no scaling179. Here, 

the square root of the standard deviation was used as the scaling factor leading to the 

decrease of the large fold metabolic changes compared to the small ones, thus the high 

abundant metabolites were less dominant compared to clean data. Therefore the data did 

not become dimensionless as after unit-variance scaling.  
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2.6.2 UNSUPERVISED METHODS 

2.6.2.1 PRINCIPAL COMPONENT ANALYSIS (PCA) 

PCA was the primary unsupervised explanatory method of multivariate statistical analysis 

employed in this thesis and is a procedure that attempts to model the data in an exploratory 

fashion without any a priori knowledge for guidance. It provides an overview of all 

observations (e.g., blood samples analysed) and variables (e.g., ppm (parts per million) 

values) using two matrices known as scores and loadings in low (two or three)-dimensional 

plots. PCA identifies the direction of greatest variance in the data that displays the strongest 

inherent pattern among the samples analysed. The axis that defines the greatest variance is 

termed the first principal component (PC1), and the data are projected (orthogonally) to this 

new ‘axis’. The projected coordinates are designated the ‘scores’ and the cosines of the 

angles made by the PC with the original coordinate axes are termed the ‘loadings’ (Fig. 18). 

Importantly, the directions in the score plot correspond to directions in the loading plot, and 

vice versa, assisting interpretation of any potential clustering or separation and underlying 

spectral structures180. The scores plot describes relationships between observations with 

adjacent observations to share similar metabolic profiles.  In the loadings plot the variables 

correspond to specific regions of the spectra acquired and thus particular metabolic 

features. The further a variable lies from the origin of the loadings plot, the more influential 

it is for the model. The part of the original data not explained by the model forms the 

residuals. Outliers that in the PCA can be defined as deviating points situated outside the 

Hotelling’s T2 region (which defines the 95% confidence interval of the modelled variation). 

However this ellipse acts only as a guide, with 5% of all observations to be expected to act 

as outliers and fall outside the ellipse in every analysis. Thus, altogether, the scores, loadings 

and residuals account for all variation in any given dataset.  
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More principal components may be added to the model; but each one should (a) be 

orthogonal to the previous ones and (b) summarize the greatest variance remaining at that 

point. In order to select the optimal number of components to use and build a model; cross-

validation is recommended that is able to assess how well ‘left-out’ data fits the model149.  

 

Figure 18:   Illustration of the first principal component (PC1) explaining the main variation 

within the dataset. The score value ‘T’ of one particular observation (obs), its corresponding 

residual (E) and the loading of the variable 1 (Var.1) for this observation (Pvar.1) are also 

geometrically represented. 

The optimal number of components for each model was determined manually and based on 

the fraction of total variation explained by each component (R2X) along with the overall 

cross-validated value (Q2X), which is predictive. R2X is a measure of the ‘goodness of fit’, the 

variation explained by the data , increases with each additional PC and its value lies between 

0 and 1, where 0 declares no fit of the data and 1 is a perfect or over-fitted model of data, 

describing 100% of the variance in a dataset . Q2X describes how well the variation 

explained by the model can be predicted from new data fed into the existing model. Q2X 
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Var. 2

Var. 1
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E
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value starts to decrease as more PCs are added and the data of the model become ‘over-

fitted’181. 

2.6.2.2 KNOWLEDGE DISCOVERY BY ACCURACY MAXIMIZATION (KODAMA) 

A problem related to almost all unsupervised approaches (e.g., PCA) to data mining is that 

they do not provide optimal estimates of the significance of the resulted clusters and 

patterns observed. The reliability of these patterns can only be verified a posteriori by 

evaluating the predictive accuracy of the supervised classifier employed by repeatedly 

leaving out one or a few randomly selected samples as a ‘test set’, whereas the remaining 

data are used as a ‘training set’ (i.e., cross-validation). 

Apart from these traditional cross-validation techniques, KODAMA (knowledge discovery by 

accuracy maximization) was also employed in this study. KODAMA is a recently developed 

algorithm that uses a hydrid of unsupervised and semi-supervised learning algorithms to 

reveal features within large, noisy and high-dimensional metabolic datasets. KODAMA’s 

core idea is that it is driven by an integrated procedure of cross-validation of the results 

through maximisation of cross-validation accuracy, ensuring the highest analytical 

robustness. KODAMA’s creators (www.kodama-project.com) have shown that in many 

cases, this method performs better than existing feature extraction methods and offers a 

general framework for analyzing any kind of complex data in a broad range of sciences. 

Examples ranging from genomics and metabolomics to astronomy and linguistics show the 

versatility of the method.  

The algorithm consists of five steps; during the first step data is assigned to a class defined 

by the user. The assignments are then cross validated using a 10-fold procedure using 

supervised classifiers such as k-Nearest Neighbor (kNN). The results from this cross-

http://www.kodama-project.com/
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validation are quantified using a global accuracy value, which is the sum of the number of 

correctly classified samples divided by the total number of samples. This step is repeated 

until the global accuracy reaches 100 percent and the classified data are then used to 

generate a proximity matrix that provides a measure of the similarity (or distance) between 

two samples based on the cell's row and column—the smaller the value in the cell, the 

closer together these two samples will be. This first part entails the whole idea of KODAMA 

that is partitioning of data guided by the maximisation of the cross-validation accuracy182. 

This step is repeated M times (M = 100 as default) to optimize the distances between all 

samples in the dataset and all the proximity matrices are then averaged to generate a final 

proximity matrix for the input data. The effects owing to the randomness of the iterative 

procedure are also averaged. At the beginning of this process, a fraction φ of the total 

samples (φ = 0.75 as default) are randomly selected from the original data. Each time that 

this part is repeated, a different fraction of samples is selected. 

 The final part of this process aims at collecting and processing these results by constructing 

a dissimilarity matrix to provide a holistic view of the data while maintaining their intrinsic 

structure. Visualization of the average proximity matrix thus provides clues on how the data 

is distributed and therefore practically is able to identify clustering patterns descriptive of 

the main underlying metabolic phenotypes in the studied cohort182.  

In this thesis, KODAMA was employed to further complement the rest of the supervised and 

unsupervised feature extraction techniques that are traditionally used in gestational 

metabonomic studies (i.e., PCA, PLS, OPLS). I strongly believe that this additional analysis 

adds, rather than takes value out of the thesis, and its usefulness was particularly illustrated 

here with regards to the uncomplicated maternal blood analysis (section 3.2.2) and the 
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urine analysis of women with preterm outcomes (section 4.3.6). 

2.6.3 SUPERVISED METHODS 

Supervised methods are those that use a priori known structure to set rules with which 

enable the prediction of new data. Models can be developed which perfectly explain the 

variation within data (e.g., 100% successful classification), even when there is no true 

relationship in them. This is mainly due to the high dimensionality of metabonomic datasets, 

which often allows great freedom to predict the response176,183,184. 

2.6.3.1 PARTIAL LEAST SQUARES (PLS) 

PLS, a natural extension of PCA, models the relationship between the spectra and the class 

information ‘Y predictor’ (e.g., gestational age, maternal ethnicity) in a supervised way using 

multivariate regression methods. A quantitative relationship between the spectral data (X 

matrix) and quantitative information regarding the samples (Y matrix) is sought when 

constructing a PLS model180. Discriminant analysis can also be employed with PLS (PLS-DA) 

when the class information available is qualitative (i.e., ethnicity) rather than quantitative 

(e.g., age). 

2.6.3.2 ORTHOGONAL PROJECTIONS TO LATENT STRUCTURES (OPLS) 

Orthogonal PLS (O-PLS), is a recent development of PLS in which the regression model is 

split into two parts. The first part (the ‘predictive’ component) models variation in X which is 

linearly related to the response Y; while the second part (the ’orthogonal’ components) 

includes variation that is systematic but linearly uncorrelated to the response. While the 

model has identical predictive power to standard PLS (for the same number of 

components), its advantage lies in improved interpretability since only the predictive 

components need be investigated to find variables associated with the response. In this 
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way, variation not associated with the response (e.g. population heterogeneity, analytical 

variation) can be filtered out185. OPLS modelling is especially useful method when the 

intervention being studied probably results in a subtle change in the metabolic profiles and 

is not the dominant source of variation. 

The OPLS and OPLS-DA coefficient plots generated in this thesis display the loadings of all 

metabolic variables in terms of the correlation coefficient between the variables and the Y 

predictor (class information). In NMR analysis, the data were back-transformed by 

multiplying all the loadings (ppm values) by their correlation coefficient value (rho) and 

therefore plotted as a pseudo-NMR spectrum, coloured according to the aforementioned 

rho value of the metabolites with the Y predictor. Thus, the colour of the plot relates to the 

strength of the OPLS correlation coefficients and the orientation of the peaks in the plot 

(pointing up or down) demonstrates the covariance, indicating whether a particular peak, or 

metabolic feature, is positively or negatively correlated with the continuous Y predictor. The 

resultant plot therefore greatly resembles an NMR spectrum and massively assists with 

model interpretation, since the metabolic features that highly correlate with a certain class 

and are responsible for classes separation can be easily identified 186.  

With the MS data, the Pareto-scaled m/z features (i.e., loadings) responsible for the 

separation observed in the OPLS and OPLS-DA scores plots were visualised in the 

corresponding S-plots, where the integral of each metabolic feature is represented as a 

single co-ordinate. The S-plot demonstrates variables influence, both magnitude and 

reliability, on classes’ separation, sending the most discriminant features to the extremes of 

each axis. In detail, the covariance of variables (p[1]) is shown along the x-axis, where 

variables furthest horizontally from the zero value display the highest contribution towards 
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the model. Herein (p[1]) represents the magnitude of each feature. On the other hand, the 

correlation coefficient of each feature with their predicted class is plotted along the y-axis 

(p(corr)[1]), representing the reliability of that feature (the most reliable being furthest 

vertically away from zero in the y-axis). For this study, threshold criteria for initial selection 

of biomarkers were features with a correlation value p(corr)[1]>0.5 and covariance 

p[1]>0.05, to extract the most discriminatory and robust features for subsequent 

identification.  

2.6.3.3 MODEL OPTIMISATION AND VALIDATION 

In OPLS (DA) regression models R2X and R2Y indicate the proportion of explained variance 

from the X and Y matrix and thus provide an estimate of the model’s robustness. 

Nonetheless in metabonomic studies over-fitted models are a common phenomenon and as 

such require different validation tools such as cross-validation (CV) and permutation tests to 

assess the real predictability of the model. CV is usually performed by keeping out one 

seventh of the observations and predicts them back into the model to test its performance. 

This process is repeated until all data have been left out of the training model at least once 

and results in the determination of the Q2Y, the value that shows the percentage of the 

predicted variance from the Y matrix of the model. Q2Y>0.3 is considered strong enough for 

data interpretation in human studies where much genetic and environmental variation 

exists in the data. An additional permutation test estimates the significance of the 

abovementioned model’s predictive power (Q2Y) further validating it. In this method, 

permutation of the class assignment is done hundreds of times and a model between the 

data and the class assignment is built for each permutation. The discrimination power of the 

original model (real Q2Y) is then compared with the Q2Y values generated with the random 
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models and the original Q2Y is ruled as significant if it ranks higher than the permutated Q2Y 

values181. 

2.7 BIOMARKER IDENTIFICATION  

In all ‘omics’ developments, the ultimate value of the vast generated datasets will be seen 

when it is combined with computational biology in a systems approach. This allows the 

detection of biomarkers applicable in clinical practice for diagnostic and predictive 

purposes. Nonetheless, even with all the 1-D and 2-D experiments available, structure 

elucidation of metabolites can be daunting and time-consuming, especially in a complex 

mixture. 

2.7.1 STOCSY - STORM 

Statistical methods can be employed to aid elucidation in the 1H NMR profiles analysed. One 

such method is Statistical Total Correlation Spectroscopy (STOCSY) which identifies peaks 

belonging to the same molecule (or pathway) by them being highly statistically positively 

correlated 186,187. When combined with OPLS, the identity of the discriminatory metabolites 

is further supported.  The technique can also be used to highlight biological correlations 

between metabolic features that co-vary and identify potentially significant biological 

pathways involved.  Care should be taken, however, in the interpretation since results may 

differ depending on how many spectra are being compared. A complementary statistical 

approach to STOCSY is STORM (SubseT Optimisation by Reference Matching)188. Its 

advantage lays in the selection of a subset of 1H NMR spectra that contain specific 

spectroscopic signatures of biomarkers that differentiate the compared classes. STORM 

aims to limit the false positive correlations and improve structural correlations visualization 
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of the more abundant signals by using these reduced spectral subsets, containing a smaller 

number of samples than variables (Fig. 19). 

In this thesis both STOCSY and STORM were performed in MATLAB (MathWorks) to aid 

plasma and urine metabolite identification in the 1H NMR spectra. 

 

Figure 19:    Graphic example of a STORM analysis performed in urine 1H NMR spectra of a 

pregnant patient. Peak of interest was at δ 8.01 (doublet) (part of L-Histidine). The model shows 

that a doublet at δ 7.09 and three doublets of doublets (δ 3.98, 3.23, 3.16) were positively 

correlated with the driver peak (as indicated by high correlation coefficient). This suggests that 

all peaks belong to the same metabolite, in this case histidine.   

 

 

 

 

positively
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2.7.2 SPIKE-IN EXPERIMENTS 

A final confirmation of metabolite identification can be gained through ‘spike-in’ 

experiments where standards of known concentration are added to the samples, allowing 

not only peak comparisons but also absolute quantification of the peak of interest136. 

2.8 UNIVARIATE STATISTICAL ANALYSIS 

Univariate analysis examines each variable separately as opposed to multivariate analysis 

that considers two or more variables simultaneously and also takes into account 

relationships between them as well. Univariate analyses can be used to overview potentially 

important metabolic features before applying more sophisticated multivariate analyses. 

2.8.1 UNIVARIATE STATISTICAL ANALYSIS OF SELECTED 1H NMR METABOLITES 

The most significant fluctuated metabolites were integrated using an in-house script written 

by Dr S Cacciatore. This was performed on normalized data to acquire the relative spectral 

intensities of these metabolites. An estimation of peak positions and linewidths along with 

the clustering of nearby peaks was employed using a combination of Gaussian and 

Lorentzian line-shapes (i.e., Voigt function, R software) for the integrations. Finally, the 

integrated resonances were selected so that no other peaks overlapped with the peak of 

interest. Data normality was checked using the nortest package in R, and in particular the 

Anderson-Darling normality test that is one of the most commonly used normality tests. It 

was found that NMR data came from a normal distribution, and the p-value of the normality 

test done of that sample set was 0.831 (i.e, 83.1% chance of this data set having come from 

a normal distribution). The metabolic integrals of known and unknown 

metabolites/lipoproteins were tested for significance with Student’s t-test (2-tailed, for 

pairwise comparisons) and analysis of variance (ANOVA) when data from three groups were 
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compared. The threshold for significance was P<0.05 for all tests. To account for multiple 

testing, a False Discovery Rate (FDR) was also calculated to facilitate the identification of 

false positives. FDRs were calculated using the q conversion algorithm in multiple 

comparison189.  For continuous variables (Y), Pearson correlation coefficient values were 

computed to assess the correlation of all identified metabolites with each Y predictor (i.e., 

class information) and facilitate data interpretation. 

2.8.2 UNIVARIATE STATISTICAL ANALYSIS OF SELECTED UPLC-MS METABOLITES 

Univariate statistical analysis of the most discriminatory and robust metabolic extracted 

features (of specific m/z and elution time) were calculated in R software and Microsoft 

Office Excel 2010. The statistical significance of differences between groups was assessed 

using a Mann-Whitney test (non-parametric test since Anderson-Darling normality test 

indicated that data came from a non-normal distribution) with FDR correction for multiple 

comparisons. Also, log2 fold change of each feature between groups was assessed, along 

with their coefficients of variation % (CV%) across the quality control samples (QCs).  

In the context of metabonomics we have the additional possibility of modeling UPLS-MS 

and/or 1H NMR datasets in the form of correlation networks using Pearson correlations. The 

resulting correlation matrix resembles a heat-map that allows the visualization of possible 

metabolic correlated networks.  

2.9 PATHWAY MAPPING 

Metabonomics is a hypothesis-free approach usually leading to the generation of new 

hypothesis. In this aspect, linking the various biomarkers into biochemical fluxes is a 

challenging task that requires expert knowledge of the biochemical pathways and assistance 
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of computational visualization tools. Nonetheless, metabonomic studies produce vast and 

overwhelming swathes of data that are often lightly interpreted. With this in mind a number 

of computational, secondary, tools have been recently developed which enable much 

deeper analysis of metabolic data by using two main types of analysis, i) enrichment analysis 

that computes which metabolic pathways have been significantly altered, and ii) metabolite 

mapping that contextualizes the abundances and significances of measured metabolites into 

network visualizations190.   

In this study, in order to achieve deeper analysis of metabolic data along with systems level 

understanding of the metabolism during early gestation we investigated the connections 

between the reported altered metabolites through pathway analysis, therefore IPA-

Metabolomics (IPA®/QIAGEN Redwood City, www.qiagen.com/ingenuity)) and 

MetaboAnalyst3.0 software (www.metaboanalyst.ca) were used for pathway construction. 

2.9.1 INGENUITY PATHWAY ANALYSIS (IPA) 

IPA-Metabolomics is commercial software, more geared towards human models and 

pathological conditions investigation and provides biological context to the metabolic data 

by linking metabolic changes to disease-relevant pathways and phenotypes and assists in 

the selection of a subset of metabolic biomarkers for further study. All metabolites included 

in the IPA mapping were selected based on their statistical significance (P values, FDRs) 

within the study and also on consistency in significance and direction of metabolite changes 

(log changes). IPA-Metabolomics is powered by the Ingenuity Knowledge Base, a repository 

of molecular interactions, regulatory events, signaling and metabolic pathways, and gene to 

phenotype associations that provide the building blocks for pathway construction. IPA also 

has extensive libraries of metabolic and cell signaling pathways, a robust up-to-date 

http://www.qiagen.com/ingenuity)
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synonym library, and extensive contextual details, including species specificity, localization, 

mutations, epigenetic modifications, and experimental conditions. The structured, detailed 

content in the knowledge base enables researchers using IPA to analyze and interpret 

combined ‘omics’ data, visualize metabolite changes and interactions, and place data in a 

proper biological and chemical context. 

In this study, IPA ‘metabolomic analysis’ function was used to map urine and plasma-borne 

metabolic biomarkers related to healthy gestation progression and pregnancy outcome. 

Both up- and down-regulated metabolites were defined as value parameters for the 

analysis. After the analysis, generated networks were ordered by a score meaning 

significance. Additionally, significance of the biofunctions and the canonical pathways were 

tested by the Fisher Exact test p-value. Bio-functions were grouped in: Disease and 

Disorders; Molecular and Cellular functions; and Physiological System Development 

function. Similarly, canonical pathways were grouped in Metabolic Pathways and Signaling 

Pathways. Canonical pathways can also been ordered by the ratio value that is the number 

of molecules in a given pathway that meet cut criteria, divided by total number of molecules 

that make up that pathway.  

2.9.2 KEDD DATABASE - METABOANALYST  

MetaboAnalyst is free, web-based software that uses the high-quality KEGG metabolic 

pathways as the backend knowledge base. It integrates many well-established methods 

such as pathway enrichment analysis  (over-representation analysis; p-value calculated with 

hypergeometric test) and pathway topology analysis (pathway impact calculated with 

‘betweenness’ centrality measures) to discern out of a set of significantly changing 
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metabolites which higher level functional pathways and bio functions are being affected in 

this study191,192.  

Over-representation analysis (ORA) tests whether a specific group of metabolites is 

represented more than expected by chance within the total metabolites list uploaded by the 

user and their involved pathway is surprisingly enriched compared by random hits. 

Nonetheless, ORA analysis does not consider the magnitude of metabolites concentration 

changes, but their count (i.e., the total number of compounds that match a specific 

pathway) meaning that all metabolites that change will be treated the same no matter what 

the degree of their up or down-regulation. The result of ORA is expressed as a P value 

produced by hypergeometric test (i.e., Fisher’s exact test). 

MetaboAnalyst’s pathway topological analysis is based upon the centrality measures of all 

metabolites involved in a particular metabolic network. Centrality is considered as the 

measure of the position of a node relative to the other network nodes and is considered an 

estimate of the particular node’s importance in the network organization (activation, 

inhibition etc.)193. The betweenness centrality measure was used in this study to estimate 

node importance, focusing on a particular node relative to overall pathway structure as 

opposed to immediate local connectivities. This way the pathway impact is calculated as the 

sum the importance measures of the matched metabolites normalized by the sum of the 

importance measures of all metabolites in each pathway. 

In this study MetaboAnalyst pathway analysis was used to map both urine and plasma-

borne metabolic biomarkers related to healthy gestation progression and pregnancy 

outcome. 
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CHAPTER 3: 1H-NMR-BASED CHARACTERISATION OF MATERNAL 
PLASMA AND URINE METABOLOME DURING THE EARLY 2ND  
TRIMESTER PREGNANCY WINDOW AND ASSOCIATIONS WITH 
POTENTIAL CONFOUNDERS.  

3.1 INTRODUCTION 

Maternal adaption to pregnancy involves dynamic shifts in systemic metabolism that reflect 

changes in cardiac function194, modulation of immune status195, changes to circulatory 

hormone concentrations196 and the increased energy demands of the growing foetus9. For 

example, gestation induces major changes in maternal lipid metabolism in response to 

increased steroidogenesis necessary for pregnancy maintenance197, and the switch to a 

dominant catabolic condition in the third trimester that is characterised by enhanced 

ketogenesis and gluconeogenesis that provides an ongoing energy source to the foetus198. 

Normal pregnancy is also associated with profound cardiovascular changes that optimise 

conditions for embryonic and foetal growth including changes in brachial blood pressure 

and cardiac output that are detectable as early as the first trimester of pregnancy6. 

Cardiovascular function maladaptation in early pregnancy, failure of adequate placentation 

and abnormal metabolic adaptation have all been associated with subsequent development 

of pregnancy complications including  pre-eclampsia and intrauterine growth 

restriction199,200. 

Metabonomics, has been defined as ‘the quantitative measurement of the multi- parametric 

metabolic response of biological systems to pathophysiological stimuli or genetic 

modification’87. This entails the ’real-time’ acquisition of the metabolic profile of fluids 

through a multiparametric platform such as 1H NMR spectroscopy or chromatography-

coupled mass spectrometry (MS) followed by multivariate and univariate statistical analysis 
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of the resulting spectral profiles for pattern recognition and pathway analysis88,181. Although 

metabolic profiling can be undertaken in any tissue or fluid sample, blood and especially 

urine-based biomarkers are more practical for clinical use than those sourced from other 

body fluids and tissues. These biofluids offer a robust, quantitative and reproducible 

platform for the characterisation of functional biochemical events underpinning phenotype 

or pathology89,148,201. Blood provides a ‘snapshot’ of the global metabolome, whereas urine 

provides a time-averaged pattern of the end products of metabolism and is therefore 

potentially more predictive of underlying pathologies than blood. Although less sensitive 

than MS, 1H-NMR is non-selective, inherently quantitative and requires minimal sample 

preparation202. 

This approach has been widely applied in pregnancy research primarily to identify 

biomarkers associated with pathologies of pregnancy such as preterm birth92,23, 

preeclampsia104,120,203,204, gestational diabetes95,99,115 and intrauterine growth restriction23,95. 

However such studies are often limited by a lack of validation in independent cohorts and a 

failure to consider confounders not associated with the disease phenotype (e.g. gestational 

age at sample collection, maternal age and ethnicity). Some recent studies have begun to 

address this by using 1H-NMR to examine changes in the urine and plasma metabolome 

throughout healthy pregnancy. However they have been limited to cross-sectional sampling 

of small patient cohorts across a broad range of pregnancy time points, typically involving 

representative samples from different participants in each trimester108,111. Additionally, and 

as far as I am aware, correlation between maternal urine and plasma metabolomes has only 

been attempted once before, employing a gestational-age independent, un-matched, 
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sample set that doesn’t allow the examination of the impact of gestational age progression 

on systemic metabolic phenotypes111. 

For any prognostic or diagnostic biomarker to have clinical utility in pregnancy, it should 

have predictive power as early as possible in the pregnancy to allow timely and effective 

intervention. Most women present for routine antenatal care at the end of the first 

trimester of pregnancy. The ideal window for biomarker discovery is therefore between the 

late-first trimester to the mid-second trimester of pregnancy (12 to 20 weeks gestation). 

This time period also corresponds to key stages of placentation. Normal placentation 

involves trophoblast invasion and uterine spiral artery remodelling to enable decreased 

maternal vascular resistance and increased uteroplacental blood flow. Trophoblast invasion 

occurs in two broad waves; the first into the decidual segments of spiral arteries in the first 

trimester and the second into the myometrium between 16 and 22 weeks of gestation18,19. 

Defective placentation is strongly linked to adverse pregnancy outcomes including foetal 

loss, foetal growth restriction and stillbirth205,206. 

In this study 1H-NMR analysis and the proprietary Bruker platform B.I.-LISA (Bruker IVDr 

Lipoprotein Subclass Analysis, Regensburg, Germany)129 was used to characterise the 

metabolic profile of paired plasma and urine samples collected longitudinally from the same 

participants (n=42)  throughout the first trimester to the mid second trimester (12+0-14+6, 

15+0-17+6, 19+0-21+6 weeks gestation) of pregnancy from women experiencing healthy term 

pregnancy outcomes.  Validation of the longitudinal plasma and urine findings was 

performed using a large cross-sectional, independent cohort of plasma and urine samples. 

Metabolic differences associated with ethnicity, maternal age, infant gender and weight at 

birth were also identified for the first time here in both plasma and urine. Finally, a 
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gestational age-specific correlation was sought to be established between matched plasma 

and urine data to examine the impact of gestational age on systemic metabolic phenotypes. 

Also in order to achieve deeper analysis of metabolic data along with systems level 

understanding of the metabolism during early gestation, the connections between the 

reported altered plasma and urine metabolites were explored via Ingenuity Pathway 

Analysis (IPA) and MetaboAnalyst software.    

The presented data provide a detailed description of plasma and urine metabolome 

trajectories in the second trimester of pregnancy. Perturbation from these trajectories may 

facilitate identification of patients at risk of impending pathologies at a time-point of 

pregnancy conducive to timely stratification and clinical intervention.  

3.2 MATERIALS AND METHODS 

3.2.1 PATIENT COHORT AND SAMPLE COLLECTION 

This study was conducted following NHS Health Research Authority National Research Ethics 

Service (NRES) Committee Approval (REC 11/H0311/6). Healthy pregnant women of mixed 

ethnic backgrounds with an uncomplicated singleton pregnancy were recruited to the study 

at booking of their antenatal care. Following informed consent, matched blood and urine 

samples were collected longitudinally between 12+0-14+6, 15+0-17+6, 19+0-21+6 weeks 

gestation under non-fasting conditions due to medical and ethical restrictions in limiting 

pregnant patients’ diet. Exclusion criteria included women with a multiple pregnancy, those 

declining participation, HIV positive women and any women under 18 years of age. Ethnicity 

was self-reported as White (European ancestry), British African-Caribbean (African or 

African-Caribbean ancestry) or Asian (Pakistani, Indian, Bangladeshi or Sri Lankan ancestry). 

Women were eliminated from the study if they underwent either spontaneous or indicated 
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preterm delivery prior to 37 weeks, developed gestational diabetes or pre-eclampsia or if 

they developed any inter-current infection requiring antibiotic therapy. Please see Methods 

Chapter (2.1.1) for details regarding patient recruitment. Patient demographics are 

presented in Table 2. 

Table 2:   Patient demographic and clinical characteristics of the longitudinal and validation set. 

 

 

3.2.2 SAMPLE PREPARATION FOR 1H-NMR SPECTROSCOPIC ANALYSIS 

Urine and plasma samples were prepared for 1H-NMR spectroscopic analysis as described in 

the Materials and Methods chapter (Sections 2.4.1 & 2.4.2). 

 

Clinical Parameters Longitudinal set

Plasma Samples/Patient, n 126/42

Urine Samples/Patient, n 126/42

Timepoints breakdown Plasma Urine

A=12
+0

-14
+6 

weeks 42 165 110

B=15+0-17+6 weeks 42 206 134

C=19
+0

-21
+6

 weeks 42 210 137

Maternal Ethnicity

Asians, n (%) 3 (7.1%) 25 (8.8%) 22 (11.6%)

British African-Caribbean, n (%)
5 (11.9%) 42 (14.7%) 31 (16.6%)

Caucasians, n (%) 32(76.2%) 180 (63.1%) 104 (55.6%)

Other, n (%) 2 (4.8%) 27 (9.5%) 19 (10.2%)

Unknown, n (%) 0 (0%) 11 (3.9%) 11 (6%)

Maternal Age, mean±SD 33.9 ± 4.4 34.3 ±4.7 34.6 ± 4.9 

Baby Gender

Male, n (%) 20 (47.6%) 115 (40.4%) 85 (45.5%)

Female, n (%) 21 (51%) 101 (35.4%) 80 (42.8%)

Unknown, n (%) 1 (2.4%) 69 (24.2%) 22 (11.7%)

Birth weight,  mean±SD 3.4 ± 0.44 kg 3.4±0.47 kg 3.4 ± 0.48 kg

381/187

581/285

Whole set
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3.2.3 ACQUISITION AND PRE-PROCESSING OF 1H-NMR SPECTRA 

Proton (1H) NMR spectra for all plasma and urine samples were acquired using a Bruker 

Avance III 600 spectrometer and pre-processed as described in the Materials and Methods 

chapter (section 2.4.3). For plasma samples, two monodimensional experiments including 

presaturation on the water signal  (general profile & CPMG; to attenuate the 

macromolecules signals) were acquired in automation using the standard pulse sequences 

previously described148, whereas for urine samples a general profile one dimensional water 

pre-saturation pulse sequence was applied in automation. In addition to the 1D spectra, J-

res spectra were acquired for both biofluids to gain additional structural information. 

Specific details of the gradients used are detailed in “Metabolic profiling, metabolomic and 

metabonomic procedures for NMR spectroscopy of urine, serum and tissue extracts”136.  

3.2.4 ANALYSIS OF 1H-NMR PLASMA SPECTRA VIA THE BRUKER IVDR LIPOPROTEIN 
SUBCLASS ANALYSIS PLATFORM 

Standard 1D spectra collected from all plasma samples were further analysed using the 

Bruker B.I.-LISA (Bruker IVDr Lipoprotein Subclass Analysis) platform so as to permit 

quantification of cholesterol, free cholesterol, phospholipids, triglycerides, apolipoproteins 

A1, A2, B and LDL-particle numbers for the primary plasma and serum lipoproteins and their 

subclasses129. B.I.-LISA thereby provides quantitative information on 105 lipoprotein 

subfractions belonging to classes ranging from Very Low-, Intermediate-, Low-, and finally 

High-Density Lipoproteins (VLDL, IDL, LDL, HDL), which have a precursor-product 

relationship described by the VLDL----IDL----LDL cascade. For details refer to the Materials 

and Methods chapter (section 2.4.4).  

In this study, the base-2 log fold-change of the major lipid classes (VLDL, IDL, LDL, HDL) and 

their density subfractions (1---6; with 1 denoting lowest density/highest cholesteryl-
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ester/protein ratio) between the time points of sample collection were calculated using 

longitudinally collected plasma samples, and their statistical significance, corrected for 

multiple testing, was calculated. Stepwise logistic regression analysis on all 105 subfractions 

was also performed in which the choice of predictive variables was carried out by an 

automatic procedure employing the Akaike Information Criterion (AIC). AIC provided a 

means for automatic selection of the most significant lipoprotein subfractions in terms of 

efficiently differentiating the late 1st T and mid-2nd T pregnancy conditions. This lipoprotein 

panel was therefore tested as a tool for predicting gestational age and area under the curve 

(AUC) of receiver operating characteristic (ROC) curve analysis was applied to evaluate the 

diagnostic capability of this panel of lipid biomarkers.  

3.2.5 CHEMOMETRIC ANALYSIS OF PLASMA AND URINE 1H-NMR DATA 

 3.2.5.1 CENTERING, SCALING OF THE DATA AND METABOLITE IDENTIFICATION 

Following initial pre-processing (for details refer to chapter 2.4.3) that included correction 

for phase and baseline distortions, spectral regions excision, alignment and normalisation 

(only for urine data); data were imported in R software for further analysis.  

Prior multivariate analysis, data were mean-centred and scaled to unit variance (UV). 

Following data pre-processing and visual inspection, three plasma and five urine spectra 

were identified as outliers following unsupervised principal components analysis (PCA) due 

to the presence of high levels of ethanol resonances and were removed from further 

analysis. For the longitudinal cohort, multivariate analysis was applied using centred-to-the 

patient data whereby each individual was centred to the mean of their individual spectra 

prior the UV scaling207. 
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Discriminant metabolic features were quantified by peak integration and area under the 

curve (AUC) determination using an algorithm developed in house by Dr S. Cacciatore 

(unpublished) that uses the Voigt function (R software) to estimate peak positions using a 

combination of Gaussian and Lorentz line-shapes.  An in-house algorithm was also applied 

to recover the metabolites present downfield of urea (δ5.50-6.10) in urine spectra 

(unpublished). Protein concentration was also calculated using the broad NH signal of area 

at δ 6-9 that reflects total protein concentration as previously described in the literature208. 

The metabolic annotation of the significant metabolites was performed using Amix v.3.0.14, 

a metabolic profiling database (BBIOREFCODE), an in-house and other public databases, as 

well as the available literature209,210,211. Statistical total correlation spectroscopy (STOCSY) 

and subset optimization by reference matching (STORM) were performed in Matlab 

(v.2014a) for confirmation of peak assignments and identification of positive correlations of 

signals that belong to the same spin system186,188. In addition 2D NMR spectroscopy was 

performed on selected samples using 600.13 MHz DRX Bruker NMR spectrometer using 

homonuclear (1H-1H COSY and 1H-1H TOCSY) and heteronuclear (1H-1C HSQC) coupling 

experiments for identification.  

For more information regarding the above-mentioned techniques please refer to the 

Materials and Methods chapters (2.7.1). 

3.2.5.2 MULTIVARIATE/UNIVARIATE STATISTICAL ANALYSIS AND VALIDATION 
PROCEDURE 

Multivariate analysis of NMR data was initially performed using Principal Component 

Analysis (PCA) to assess covariance in the datasets212. The knowledge discovery by accuracy 

maximisation (KODAMA) algorithm was then performed to facilitate feature extraction from 

noisy, high-dimensional data, facilitating identification of clustering patterns descriptive of 
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the main underlying metabolic phenotypes in the cohort182. This approach offers the 

advantage of additional validation through maximisation of integrated cross-validation 

accuracy compared to other feature extraction methods. Here k-nearest neighbours 

(kNN) was used as a supervised classifier to calculate the cross-validation accuracy of 

KODAMA analysis213.  Regression of metabolic profiles against gestational and maternal age 

was performed using partial least-squares analysis (PLS) 214. PLS-discriminant-analysis (PLS-

DA) was used to assess differences in metabolic profiles associated with maternal ethnicity 

and infant gender87,214.  

Correlations between the most significantly altered metabolites in plasma and/or urine 

were calculated with Pearson’s product moment correlation analysis (r, R software). These 

correlations were reported at all three time points to assess consistency or identify 

significant perturbation in the plasma-urine metabolome correlation network as pregnancy 

progresses. Mean plasma and urine spectra were computed in R and positive (red) or 

negative (green) metabolic correlations associated with gestational age were back-projected 

onto them. Intra-biofluid correlations (plasma/plasma and urine/urine) were also 

calculated, separately for time points A, B, C for plasma and combining all time points 

together for urine (due to limited statistical power of individual models).  A significance 

threshold of P<0.05 was applied. 

Classifying pregnant individuals based on their metabolic profiles is not an easy task since 

there is a large number of clinical variables involved, larger than the samples size, hence a 

good classification could be achieved by chance. To avoid over-fitting of the data, rigorous 

validation is necessary, to find a suitable number of components to optimally describe the 

data215. Therefore, statistical models are build that preferably describe the systematic 
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variation in the data and not the noise215. Ten-fold cross validation was performed to 

calculate R2Y and Q2Y values so as to permit assessment of model fit and robustness216. 

Permutation testing (n=100) was also undertaken to further validate each classification 

model. Metabolic differences between groups were tested for significance with Student’s t-

test (for pairwise comparisons) or analysis of variance (ANOVA) (for 3-group comparisons). 

The threshold for significance was P<0.05 for all tests. For continuous variables (Y) (e.g., 

gestational age), Pearson Correlation was used to investigate the relationship between Y 

and the NMR data acquired. To account for multiple testing, a False Discovery Rate (FDR) 

was also calculated to facilitate the identification of false positives. FDRs were calculated 

using the q conversion algorithm in multiple comparison189.  

3.2.5.3 PATHWAYS ANALYSIS OF PLASMA AND URINE 1H-NMR DATA 

To elucidate possible dynamic metabolic processes taking place during early 2nd T, metabolic 

pathway analysis for both biofluids was performed using both IPA-Metabolomics (IPA®/ 

iReport, QIAGEN Redwood City, www.qiagen.com/ingenuity)) analysis and 

MetaboAnalyst3.0 that is a free, web-based software192. IPA-Metabolomics is a commercial 

software, more geared towards human models and disease/drug investigation that provides 

biological context to the metabolomics data; whereas MetaboAnalyst software, integrates 

pathway enrichment analysis  (y axis, over-representation analysis; p-value calculated with 

hypergeometric test) and pathway topology analysis (x axis, pathway impact calculated with 

‘betweenness’ centrality measures) to discern which higher level functional properties and 

biological functions are being affected by healthy gestation progression based on a set of 

significantly changing metabolites192. For a more detailed description of these methods 

please see Materials and Methods chapter (2.9.1 & 2.9.2). 

http://www.qiagen.com/ingenuity)
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3.3 RESULTS 

3.3.1 1H-NMR SPECTROSCOPY OF MATERNAL PLASMA AND URINE DURING THE 
EARLY 2ND TRIMESTER 

Figure 20 shows the median 1H-NMR spectra of plasma (a) and urine (b) collected from 

pregnant women during the early second trimester (12-22 weeks) of pregnancy. Visual 

inspection indicated that lipoproteins (LDL, VLDL), PUFA, glycoproteins and unknown lipids 

were the dominant molecular species in plasma, consistent with previous published NMR 

studies of gestational models. On the other hand, the urine sample from healthy pregnant 

women was found to contain high amounts of creatine, creatinine, aminoacids, aminoacid 

derivatives and sugars. 
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Figure 20: (a) Median plasma 1H-NMR spectrum of pregnant women at early 2nd trimester (12-22 weeks). The spectrum has been zoomed in two 

different regions (zoom: δ 0.9-1.3 and δ 6.7-7.9) to identify peak multiplicity and improve spectral assignment; (1) cholesterol 

backbone/LDL1/VLDL1, (2) Leucine, Isoleucine, (3) Valine, (4) LDL2/VLDL2, (5) Threonine, (6) Lactate, (7) Alanine, (8) Lipid (beta-CH2), (9) 

Lysine~+Arginine, (10) Acetate, (11) alpha-CH2 (e.g., Adipic acid), (12) N-Acetyl-Glycoprotein (=CH-CH2-), (13) Glutamine+Glutamate, (14) 

Acetoacetate, (15) Glutamate, (16) Pyruvate, (17) Glutamine, (18) Citrate, (19) Methionine, (20) Lipid (=CH-CH2-CH=), (21) Lysine, (22) Creatine, 

(23) Creatinine, (24) (-N(CH3)3 (e.g., Phosphocholine, Lyso-phosphocholine), (25) Glucose/sugars, (26) Trimethylamine-N-Oxide (TMAO), (27) 

Glycerol, (28) Unknown lipid, (29) Glycerol of lipids, (20) PUFA(-CH=CH-),  (31) Tyrosine, (32) Histidine, (33) Phenylalanine, (34) 3-Methylhistidine, 

(35) Formate;~predominant signal. 

(b) Median urine 1H-NMR spectrum of pregnant women at early 2nd trimester (12-22 weeks). The spectrum has been zoomed in three different 

regions (zoom: δ 0.9-1.5, δ 2.0-4.05 and δ 7.0-79.0) to identify peak multiplicity and improve the spectral assignment; (1) Valine, (2) 

Methylsuccinate*, (3) 2-ketoisovalerate, (4) 3-Hydroxyisovalerate, (5) Lactate, (6) Threonine, (7) Alpha-hydroxyisobutyrate, (8) Alanine, (9) Acetate, 

(10) N-acetyls of glycoprotein fragments, (11) Pyruvate or p-cresol-sulfate, (12) Succinate*, (13) Glutamine, (14) Citrate, (15) Dimethylamine, (16) 

Dimethylglycine, (17) Asparagine, (18) Creatine, (19) Creatinine, (20) Ethanolamine, (21) Carnitine, (22) Glycine betaine (23) TMAO, (24) Glycine, 

(25) Hippurate, (26) Histidine, (27) Phenylacetylglutamine, (28) Formate, (29) N-methyl nicotinic acid, (30) 1-methylnicotinamide, * Tentative 

assignment 
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 3.3.2 A LONGITUDINAL STUDY OF THE EFFECT OF GESTATIONAL AGE PROGRESSION 
IN MATERNAL PLASMA AND URINE METABOLOME AS MEASURED BY 1H-NMR  

For this study a total of 581 plasma and 381 urine samples were collected from 285 and 187 

healthy pregnant women respectively of mixed ethnic and social backgrounds at three time-

points (A=12+0-14+6 weeks, B=15+0-17+6 weeks and C=19+0-21+6 gestational weeks). Out of 

these participants, 42 provided matched plasma and urine samples longitudinally at all three 

time points and they experienced uncomplicated gestations with term outcomes (≥37 

gestational weeks). Patient demographic and clinical characteristics are shown in table 1. 

This longitudinal sample set was used to define the normal metabolic fingerprint, 

characteristic of the early gestation, stripped from confounding inter-patient variability.  

3.3.2.1 SUPERVISED AND UNSUPERVISED MULTIVARIATE ANALYSIS OF 
LONGITUDINALLY COLLECTED PLASMA AND URINE SAMPLES 

For each of the plasma and urine spectral datasets, two unsupervised multivariate statistical 

approaches were used to primarily investigate the impact of gestational age on maternal 

metabolomes:  PCA was used to initially assess variance in the dataset KODAMA was used to 

optimally cluster the dataset.  

PCA analysis of the plasma data showed a shift in the metabolome associated with 

advancing gestational age (Fig. 21a). A total of 18.1% and 8.6% of the variance was 

explained in the first and second principal components respectively indicating that factors 

other than gestational age play a significant role in the total variance in the dataset. 

However, partial clustering of the data by time point could be visualised indicating that 

gestational age was one of the main sources of variance in the data. KODAMA analysis 

confirmed that gestational age was the main source of variation (Fig. 21b). Data points in 

KODAMA from time point A were more closely clustered suggesting that the major 
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metabolic shift occurs between time points A and B. PLS regression clearly defined the 

metabolic evolution from late first to mid-second trimester (Fig. 21c). The robustness of the 

model was confirmed by the following parameters: R2Y=0.982, Q2Y=0.78, P <0.0001 

(following a permutation test, perm=100) (Fig. 21c). Analysis of the correlations between 

gestational age and spectral intensities showed that the main biochemical contributors to 

the gestational age related distribution of plasma samples were increases in the relative 

concentrations of cholesterol and lipoproteins (Fig. 21d). 

Neither PCA nor KODAMA identified obvious gestational age related changes in the urine 

metabolome (Fig. 22a-b) indicating highly variable data, as would be expected from a 

human urine dataset. However, PLS did indicate that there is an underlying gestational age 

associated metabolic transition. The robustness of this model was demonstrated by the 

model parameters: R2Y=0.986, Q2Y=0.423, and validated using a permutation test, 

perm=100 (P <0.0001) (Fig. 22c). In both urine and plasma, PLS analysis was strong enough 

to produce separation (along two components) between the time points due to major 

systematic variation associated with gestational age. Therefore additional OPLS analysis and 

subsequent removal of orthogonal variance wasn’t necessary in either plasma or urine.  

Correlations between the gestational age and spectral intensities of the longitudinal urine 

data showed that the major contributors to this transition were aminoacids, their 

degradation products (e.g., 2-ketoisovalerate), glucose and creatinine (Fig. 22d). 
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Figure 21:     (a-b-c) PCA scores, KODAMA (KNN classifier) and PLS scores plots of plasma 1H -NMR data, collected longitudinally at late-1st T (in blue, 

n=42), early-2nd T(in yellow, n=42) and mid-2nd T(in grey, n=42),(d) Mean 1H-NMR plasma spectrum of the early pregnancy journey (12-21 g.w.) 

showing positive (red) and negative (green) metabolic correlations with advanced gestational age. 
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Figure 22:    (a-b-c) PCA scores, KODAMA (KNN classifier) and PLS scores plots of urine 1H -NMR data, collected longitudinally at late-1st T (in blue), 

early-2nd T(in yellow) and mid-2nd T(in grey), (d) Mean 1H-NMR urine spectrum of the early pregnancy journey (12-21 g.w.) showing positive (red) 

and negative (green) metabolic correlations with advanced gestational age.  
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3.3.2.2 PLASMA AND URINE METABOLITE QUANTIFICATION FOLLOWED BY 
UNIVARIATE ANALYSIS 

Metabolites of interest were quantified by peak integration and area under the curve (AUC) 

determination using an in-house algorithm. In total 18 metabolites, showed significant 

plasma changes across gestation including increases in all detectable lipid species (P <<1∙10-

07 & r> 0.45) and a decrease in circulating protein levels (NH resonances) (P =3.58∙10-11 & r=-

0.55), together with increases in plasma creatine (P=0.003 & r=0.26) and citrate (P=0.01& 

r=0.22) levels. The amino-acids lysine (P=1.08∙10-20 & r=-0.7) and methionine (P=0.004 & r= -

0.25) significantly decreased with increasing gestational age, whereas glutamate (P=0.01 & 

r= 0.21) significantly increased (Table 3). 

On the other hand, the most striking gestational age-associated changes in the excreted 

metabolome included changes in 18 metabolites (different to those which were identified in 

plasma), whose assignments were confirmed by STOCSY and STORM analysis in MATLAB. 

Significant urine changes across gestation included increased levels of 2-ketoisovalerate 

(P=3.57∙10-11) and glucose (P=8.36∙10-6), decreased creatinine (P=1.99∙10-8) and an 

associated increase in phosphocreatinine (P= 0.003). Sucrose (P= 0.03) and the amino-acids 

threonine (P=3.42∙10-8), alanine (P= 0.01) and asparagine (P = 0.01) were significantly 

increased, whereas valine decreased (P= 0.04) in relative concentrations across the 

gestational window.  Other metabolic changes, indicating a shift in maternal energy 

metabolism included a decrease in TCA cycle intermediate citrate (P= 0.02), carnitine (P= 

0.001) and pyruvate levels (P= 0.002). Additionally, dimethylamine, adenine, 

dimethylglycine, 3-hydroxyisovalerate and glucuronate were shown to considerably 

decrease in maternal urine with advanced gestation, whereas formate was shown to 

increase (Table 4). 
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Table 3:  List of statistical significant plasma metabolites of resonances detected in 1H-NMR spectra acquired from the longitudinal cohort at late 1st 

(time point A:12+0-14+6 weeks), early 2nd (time point B:15+0-17+6 weeks) and mid-2nd trimester (time point C:19+0-21+6 weeks). All metabolites were 

corrected for multiple testing (FDR). Metabolites were sorted in order of descending r value (calculated via Pearson Correlation).  Chemical shifts (d) 

of compounds are reported alongside the peak multiplicity. Key: Observed δ; underlined is the peak used for quantification, Multiplicity; s:singlet, 

d:doublet, t:triplet, m:multiplet, ABX pattern.  

 

 

 

r P FDR P  AvsB P  BvsC P  AvsC FDR AvsB FDR BvsC FDR AvsC

Cholesterol backbone (-C(18)H3) 0,65 m 0,83 6,31E-34 1,14E-32 3,47E-13 4,43E-12 3,50E-28 1,70E-11 1,88E-10 8,57E-27

Unsaturated lipid (-CH=CH-) (e.g., poly-UFA) 5,30 m 0,83 1,31E-32 1,17E-31 6,43E-11 7,69E-12 4,60E-29 1,58E-09 1,88E-10 2,25E-27

Lipid (-CH3-) (e.g., LDL1/VLDL1) 0,85 m 0,81 1,03E-30 6,20E-30 1,81E-10 4,73E-11 3,83E-27 2,96E-09 7,72E-10 6,25E-26

Lipid (=CH-CH2-CH=) 2,72 m 0,79 3,78E-28 1,70E-27 3,84E-10 1,48E-09 7,38E-25 4,70E-09 9,07E-09 9,04E-24

Lipid (beta-CH2) 1,52 m 0,77 5,99E-26 2,16E-25 1,85E-08 3,81E-10 4,50E-22 1,81E-07 2,67E-09 4,41E-21

Lipid (-(-CH2-)n-) (e.g., LDL2/VLDL2) 1,25 m 0,77 9,63E-26 2,89E-25 3,98E-08 7,62E-11 3,30E-21 3,25E-07 9,33E-10 2,70E-20

Glycoprotein (=CH-CH2-) 2,04 m 0,72 1,62E-21 4,17E-21 2,47E-05 1,15E-10 3,82E-18 1,21E-04 1,04E-09 2,34E-17

Choline-related species (-N(CH3)3) 3,21 m 0,71 1,50E-20 3,00E-20 1,19E-06 1,53E-07 2,40E-18 7,61E-06 8,31E-07 1,68E-17

Lipid (alpha-CH2 ) 2,00 m 0,61 3,75E-14 1,84E-13 9,10E-05 1,06E-05 8,86E-12 3,71E-04 5,21E-05 4,34E-11

Unknown lipid 1 3,65 m 0,53 1,75E-10 2,87E-10 4,46E-03 1,58E-04 8,74E-10 1,56E-02 7,04E-04 3,57E-09

Unknown lipid 2 4,06 m 0,45 1,20E-07 4,19E-07 3,87E-02 3,25E-04 1,51E-06 9,99E-02 1,33E-03 5,29E-06

Creatine (-CH3, -CH2) 3.03, 3.93 s+s 0,26 3,20E-03 4,43E-03 3,85E-02 3,54E-01 5,72E-03 4,98E-02 3,98E-01 7,91E-03

Citrate (half CH2,  half CH2)  2.53, 2.67 ABX 0,22 1,20E-02 1,44E-02 5,04E-01 6,53E-02 1,46E-02 5,67E-01 8,40E-02 1,75E-02

L-Glutamate (half β-CH2, half γ-CH2) 2.12, 2.34 m+m 0,22 1,45E-02 1,63E-02 6,32E-01 1,53E-02 2,89E-02 6,69E-01 2,30E-02 3,25E-02

L.Glutamine (half β-CH2, half γ-CH2) 2.12, 2.44 m+m -0,15 1,04E-01 1,10E-01 1,50E-02 4,16E-01 1,03E-01 2,25E-02 4,40E-01 1,09E-01

L-Methionine (S-CH3, γ-CH2) 2.15, 2.63 t+s -0,25 4,61E-03 5,92E-03 5,15E-02 2,88E-01 1,03E-02 6,18E-02 3,45E-01 1,33E-02

Protein 6.00-9.00 m -0,55 3,58E-11 6,44E-11 1,24E-06 3,29E-02 2,63E-10 7,61E-06 8,47E-02 1,17E-09

L-Lysine (δ-CH2) 1,70 m -0,71 1,08E-20 2,43E-20 3,57E-05 1,27E-10 6,09E-17 6,43E-05 3,82E-10 1,22E-16

Observed 

δ 
MultiplicityCompound(Assignments)

Pearson Correlation Student's t-test & FDR correction
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Table 4: List of statistical significant urine metabolites of resonances detected in 1H-NMR spectra acquired from the longitudinal cohort at late 1st 

(time point A:12+0-14+6 weeks), early 2nd (time point B:15+0-17+6 weeks) and mid-2nd trimester (time point C:19+0-21+6 weeks). All metabolites were 

corrected for multiple testing (FDR).  Metabolites were sorted in order of descending r value (calculated via Pearson Correlation). Chemical shifts (d) 

of compounds are reported alongside the peak multiplicity. Key: Observed δ; underlined is the peak used for quantification, Multiplicity; s: singlet, d: 

doublet, t: triplet, m: multiplet, ABX pattern.  

 

r P FDR P  AvsB P  BvsC P  AvsC FDR AvsB FDR BvsC FDR AvsC

2-ketoisovalerate (-CH3, -CH) 1.1, 3.01 d+m 0,56 3,57E-11 7,14E-10 5,73E-05 1,37E-03 6,56E-10 1,15E-03 5,55E-03 1,31E-08

L-Threonine  (γ-CH3, α-CH, β-CH) 1.32, 3.57, 4.26 d+m+m 0,47 3,42E-08 2,28E-07 2,77E-02 3,16E-04 5,43E-07 1,30E-01 3,16E-03 3,62E-06

D-Glucose (Various, H1) 3.4-4, 5.2 m+d 0,39 8,36E-06 4,18E-05 3,05E-03 1,16E-01 2,97E-05 2,59E-02 1,94E-01 1,48E-04

Phosphocreatine  (-CH3, -CH2) 3.03, 3.95 s+s 0,26 3,09E-03 8,83E-03 1,93E-01 6,38E-02 7,56E-03 4,83E-01 1,28E-01 1,51E-02

Sucrose (Various, H1) 3.45-4.21, 5.41 m+d 0,23 3,02E-02 3,77E-02 4,65E-02 8,03E-01 2,40E-02 1,33E-01 8,80E-01 3,09E-02

L-Asparagine (half β-CH2,  half β-CH2, N-CH) 2.84, 2.94,  4.0 d+d+dd 0,23 1,97E-02 2,81E-02 4,60E-01 1,06E-01 2,24E-02 7,67E-01 1,92E-01 3,09E-02

L-Alanine  (-CH3, α-CH) 1.48, 3.8 d+m 0,22 1,15E-02 2,09E-02 2,67E-01 1,31E-01 1,78E-02 4,94E-01 2,01E-01 3,09E-02

Formate (-CH) 8,46 s 0,17 5,70E-02 6,33E-02 2,71E-01 4,28E-01 6,19E-02 4,94E-01 5,35E-01 7,11E-02

L-Valine  (-CH3, -CH3) 0.99, 1.03 d+d -0,19 4,85E-02 5,70E-02 5,01E-01 1,75E-01 6,40E-02 7,70E-01 2,50E-01 7,11E-02

Citrate (half CH2,  half CH2) 2.52, 2.68 ABX -0,20 2,23E-02 2,98E-02 5,61E-01 1,25E-03 2,47E-02 7,85E-01 5,55E-03 3,09E-02

3-Hydroxyisovalerate  (-CH3, -CH2) 1.27, 2.4 s+s -0,22 1,40E-02 2,25E-02 3,43E-02 8,80E-01 2,41E-02 1,30E-01 8,80E-01 3,09E-02

Glucuronate (Various -CH)
3.28, 3.51, 3.58, 3.73, 

4.08, 4.64, 5.24

t+m+dd+m+d+

d+d+d
-0,23 1,09E-02 2,09E-02 5,96E-01 5,15E-02 7,43E-03 7,85E-01 1,28E-01 1,51E-02

Dimethylamine (-CH3) 2,72 s -0,24 7,12E-03 1,58E-02 8,35E-01 1,66E-03 5,45E-03 9,28E-01 5,55E-03 1,36E-02

Dimethylglycine (-CH3, -CH2) 2.93, 3.7 s+s -0,24 1,46E-02 2,25E-02 3,89E-03 4,81E-01 2,25E-02 2,59E-02 5,66E-01 3,09E-02

Adenine (-CH,-CH) 8.19+8.21 s+s -0,26 3,88E-03 9,70E-03 9,46E-01 2,56E-03 4,27E-03 9,67E-01 7,31E-03 1,22E-02

Pyruvate (-CH2) 2,36 s -0,27 2,08E-03 6,92E-03 3,89E-02 3,23E-01 3,16E-03 1,30E-01 4,31E-01 1,05E-02

L-Carnitine (γ-CH2, N(CH3)3, β-CH) 2.4, 3.22, 4.6 m+s+m -0,28 1,39E-03 5,58E-03 9,67E-01 1,59E-03 9,77E-04 9,67E-01 5,55E-03 3,91E-03

Creatinine (-CH3, -CH2) 3.05, 4.06 s+s -0,47 1,99E-08 1,99E-07 6,28E-01 6,00E-08 4,57E-08 7,85E-01 1,20E-06 4,57E-07

Compounds (Assignments) Observed δ Multiplicity
Pearson Correlation student's t-test & FDR correction
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3.3.2.3 DETAILED CHARACTERISATION OF THE LIPOPROTEIN PROFILE DURING THE 
EARLY 2ND TRIMESTER VIA LIPOFIT ANALYTIC GMBH TECHNOLOGY 

3.3.2.3.1 LIPOPROTEIN FOLD CHANGES DETECTED IN MATERNAL PLASMA DURING 
EARLY GESTATION IN A LONGITUDINAL PLASMA COHORT 

Since lipid metabolism showed the largest gestation-associated variation in the plasma, 

additional lipoproteins subfraction distribution analysis was carried using the proprietary 

Bruker B.I.-LISA platform which decomposes each standard 1D spectrum, collected from all 

plasma samples, to 105 lipoprotein subfractions belonging to classes ranging from VLDL, IDL, 

LDL, HDL, which have a precursor-product relationship as described in chapter 2.4.4. 

Univariate statistical data analysis performed in R showed that 95 lipoprotein subfractions, 

out of the 105 (i.e., 90.4%), significantly changed from A to C time point. This indicated once 

again a pregnancy-related shift in lipid metabolism during the healthy uncomplicated 

pregnancy journey (Table 5). 

Table 5: List of 95 lipoprotein subfractions that significantly shift with advancing gestation 

from late 1st (i.e., time point A: 12+0-14+6 weeks) to mid-2nd trimester (i.e., time point C: 19+0-21+6 

weeks) using a cut-off of FDR<0.05. Their common and code name, matrix measured, FDR 

corrected values (corrected P-values as calculated by Student’s t-test), median values calculated 

for time points A and C respectively and base-2 log-fold change are presented.  

Name Analyte Matrix FDR Median A  Median C  Fold change (A/ C) 

V5FC VLDL-5 Free Cholesterol 1.55E-32 0.497467147 0.765983274 -0.622711639 

L1TG LDL-1 Triglycerides 1.55E-32 6.411739498 10.229517 -0.673950311 

L2TG LDL-2 Triglycerides 2.31E-29 2.826785654 4.145391959 -0.552346027 

L1AB LDL-1 Apo-B 1.73E-28 7.545602839 11.88636651 -0.6555997 

L1PL LDL-1 Phospholipids 4.40E-28 9.812772425 15.30592089 -0.641357141 

H1TG HDL-1 Triglycerides 7.02E-25 9.919108954 13.60292274 -0.455634232 

LDTG LDL Triglycerides 7.22E-25 25.9665034 34.16169926 -0.395727982 

IDAB IDL Apo-B 2.46E-24 3.308637924 5.144058166 -0.636669535 

HDTG HDL Triglycerides 6.75E-23 22.25063647 28.06827196 -0.335093642 

L3TG LDL-3 Triglycerides 7.61E-23 3.204093681 4.535892663 -0.501470171 

IDPL IDL Phospholipids 6.66E-22 4.926593289 8.514711174 -0.789367217 
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Name Analyte Matrix FDR Median A  Median C  Fold change (A/ C) 

V4CH VLDL-4 Cholesterol 1.40E-21 4.794802993 7.749820156 -0.692691292 

TPCH 
Total 

Plasma Cholesterol 1.87E-19 228.5560812 271.1508109 -0.24654728 

TPAB 
Total 

Plasma Apo-B 4.99E-19 76.35389967 95.83244215 -0.327812292 

V6FC VLDL-6 Free Cholesterol 7.63E-19 0.104821433 0.110486853 -0.075940975 

L1FC LDL-1 Free Cholesterol 1.12E-18 8.860755728 11.46824586 -0.372143083 

V4PL VLDL-4 Phospholipids 1.48E-18 4.579973459 6.658487168 -0.539855191 

V6PL VLDL-6 Phospholipids 5.40E-18 0.30537254 0.331146922 -0.11690111 

VLAB VLDL Apo-B 9.50E-18 5.342830648 7.874982146 -0.559672364 

L1CH LDL-1 Cholesterol 4.02E-17 28.63620942 36.3108838 -0.34256151 

TPTG 
Total 

Plasma Triglycerides 4.34E-17 135.2469929 182.2074504 -0.429985434 

V2CH VLDL-2 Cholesterol 1.68E-16 2.138461777 3.494487036 -0.708507274 

TPFC 
Total 

Plasma Free Cholesterol 2.97E-16 77.263211 89.99729985 -0.220100081 

VLFC VLDL Free Cholesterol 6.39E-16 8.235670704 11.83766523 -0.523426512 

H4TG HDL-4 Triglycerides 6.39E-16 4.050716646 5.050992188 -0.318389641 

H2TG HDL-2 Triglycerides 9.82E-16 4.028950196 4.93454628 -0.292513467 

V3FC VLDL-3 Free Cholesterol 3.05E-15 1.025628564 1.585292575 -0.628240776 

V2FC VLDL-2 Free Cholesterol 5.78E-15 0.782771358 1.34035684 -0.775954265 

IDTG IDL Triglycerides 6.54E-15 9.433530633 15.73172294 -0.737806957 

V4TG VLDL-4 Triglycerides 2.94E-14 9.130169958 12.40547762 -0.44226366 

V1FC VLDL-1 Free Cholesterol 3.90E-14 1.645733503 2.638852938 -0.681180217 

L3AB LDL-3 Apo-B 3.93E-14 12.40875637 14.14174898 -0.188602023 

L6TG LDL-6 Triglycerides 4.13E-14 5.056917138 6.331453123 -0.32427851 

VLCH VLDL Cholesterol 4.38E-14 12.32964033 20.6328549 -0.742812741 

L2AB LDL-2 Apo-B 1.12E-13 10.50597212 12.00451733 -0.192367736 

V2TG VLDL-2 Triglycerides 1.63E-13 9.555087314 14.38405671 -0.590129652 

L3PL LDL-3 Phospholipids 1.74E-13 15.90641923 17.96389895 -0.175491412 

LDAB LDL Apo-B 1.93E-13 62.04603274 73.8368698 -0.251002427 

V4FC VLDL-4 Free Cholesterol 2.09E-13 2.113871619 3.101026077 -0.552857897 

V3TG VLDL-3 Triglycerides 2.29E-13 9.859765556 13.77787579 -0.482728229 

V1CH VLDL-1 Cholesterol 7.10E-13 4.121354859 6.209635524 -0.591389903 

L2PL LDL-2 Phospholipids 7.68E-13 14.40940684 16.32893602 -0.18041984 

VLPL VLDL Phospholipids 9.43E-13 17.14318239 23.25825647 -0.440108001 

LDPL LDL Phospholipids 9.79E-13 73.72447638 85.09817074 -0.20698445 

TPA1 
Total 

Plasma Apo-A1 1.11E-12 209.3081067 229.0877341 -0.130272026 

IDFC IDL Free Cholesterol 1.69E-12 2.542792716 3.817891248 -0.586362148 

IDCH IDL Cholesterol 7.23E-12 11.0195231 15.47541631 -0.489916432 

H1PL HDL-1 Phospholipids 7.95E-12 48.23686067 59.78681649 -0.309691375 

V3CH VLDL-3 Cholesterol 1.19E-11 2.607284617 4.188415431 -0.683856465 

HDA1 HDL Apo-A1 1.91E-11 211.2806056 230.5816858 -0.126117588 

LDFC LDL Free Cholesterol 3.91E-11 41.19125416 48.81001246 -0.244839067 

H1A2 HDL-1 Apo-A2 3.97E-11 7.318397191 8.886077568 -0.280019018 

H1A1 HDL-1 Apo-A1 6.61E-11 67.59276581 84.07136667 -0.314745677 
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Name Analyte Matrix FDR Median A  Median C  Fold change (A/ C) 

V3PL VLDL-3 Phospholipids 7.43E-11 3.330411295 4.65342 -0.482591049 

V2PL VLDL-2 Phospholipids 1.85E-10 2.383710451 3.3888209 -0.507574389 

LDCH LDL Cholesterol 2.77E-10 130.9105873 149.0523921 -0.187237751 

H1CH HDL-1 Cholesterol 5.04E-10 38.03706909 46.93240069 -0.303178174 

H3CH HDL-3 Cholesterol 2.07E-09 12.40513609 11.01046785 0.17206179 

VLTG VLDL Triglycerides 3.09E-09 66.51070609 87.07085493 -0.388603302 

L5TG LDL-5 Triglycerides 3.13E-09 2.847618505 3.562076016 -0.322962423 

V6CH VLDL-6 Cholesterol 7.06E-09 0.174094631 0.186424964 -0.098723352 

V5TG VLDL-5 Triglycerides 1.24E-08 3.081384935 3.6102423 -0.228516747 

HDFC HDL Free Cholesterol 2.83E-08 25.17179536 27.37825409 -0.12122233 

H3TG HDL-3 Triglycerides 4.55E-08 3.542893039 4.087458042 -0.206276011 

HDPL HDL Phospholipids 4.76E-08 116.197352 125.1076657 -0.106592998 

L4TG LDL-4 Triglycerides 8.21E-08 2.923307749 3.663579517 -0.325652214 

H1FC HDL-1 Free Cholesterol 8.21E-08 10.86516142 12.80709129 -0.237233244 

V5CH VLDL-5 Cholesterol 9.86E-08 0.910083476 1.282848564 -0.49528009 

L4AB LDL-4 Apo-B 1.67E-07 6.843094163 8.585228184 -0.32720768 

V5PL VLDL-5 Phospholipids 2.25E-07 1.591446757 2.079106324 -0.385624647 

H3A2 HDL-3 Apo-A2 3.21E-07 7.876211576 6.874186457 0.196312882 

V6TG VLDL-6 Triglycerides 5.59E-07 2.873218051 3.26932015 -0.186323176 

L5FC LDL-5 Free Cholesterol 9.48E-07 4.901530421 5.565196861 -0.183200445 

L6PL LDL-6 Phospholipids 3.08E-06 15.83420671 18.27893021 -0.207137047 

L5CH LDL-5 Cholesterol 3.42E-06 15.71871033 18.2826374 -0.217991351 

L6CH LDL-6 Cholesterol 3.44E-06 27.73325114 32.06869872 -0.209549061 

L6AB LDL-6 Apo-B 4.62E-06 17.18377796 19.70171664 -0.197274083 

HDCH HDL Cholesterol 5.26E-06 82.21020739 89.11982637 -0.116428889 

L2FC LDL-2 Free Cholesterol 8.94E-06 6.916368965 7.992018924 -0.208545165 

H3PL HDL-3 Phospholipids 1.88E-05 20.60241014 19.0311319 0.114451748 

L2CH LDL-2 Cholesterol 0.000234073 23.01711364 26.1872662 -0.186158529 

V1TG VLDL-1 Triglycerides 0.000449329 29.78255869 37.72084777 -0.340894396 

L6FC LDL-6 Free Cholesterol 0.000651168 8.559773437 9.235549196 -0.109625143 

TPA2 
Total 

Plasma Apo-A2 0.001303356 38.11745084 36.46086055 0.064103028 

L3CH LDL-3 Cholesterol 0.001328901 19.28368122 21.32140492 -0.144922019 

H4A1 HDL-4 Apo-A1 0.00188778 75.15054711 78.88197697 -0.069912102 

V1PL VLDL-1 Phospholipids 0.003357229 4.225942602 5.427873519 -0.361113931 

L5AB LDL-5 Apo-B 0.005558027 9.302895901 10.18480381 -0.130666402 

HDA2 HDL Apo-A2 0.006745372 37.52937025 36.28607196 0.048604191 

L4PL LDL-4 Phospholipids 0.008484547 9.701060078 10.78917518 -0.153370266 

H2A1 HDL-2 Apo-A1 0.011799824 32.95123129 34.78235678 -0.078023315 

L3FC LDL-3 Free Cholesterol 0.015957895 6.200300256 6.845542234 -0.142826741 

H4CH HDL-4 Cholesterol 0.016841689 18.30860994 17.77591684 0.042598287 

L4FC LDL-4 Free Cholesterol 0.025469886 6.971512971 7.42305726 -0.090541711 

H4A2 HDL-4 Apo-A2 0.03838242 15.56741207 15.001663 0.053406692 
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As seen in table 5 the significantly changed lipid subfractions belong to all lipid classes. The 

base-2 log fold-change of the major lipid classes (VLDL, IDL, LDL, HDL) and their density 

subfractions (1---6; with 1 to denoting the lowest density/highest cholesteryl-ester/protein 

ratio (Fig. 23)) between the time points of sample collection were calculated using 

longitudinally collected plasma samples. Their statistical significance, corrected for multiple 

testing, was also calculated and the results can be seen in table 6. Intermediate-Density 

Lipoproteins (IDL), the main product of VLDL triglyceride enzymatic hydrolysis, followed by 

VLDL-1, the most buoyant among all VLDL subfractions with the highest cholesteryl ester-to-

protein ratio, showed the greatest gestational-age related changes between time points A 

and C. HDL-3 and LDL-6 were the only lipid subfractions that decreased slightly (Table 6). 
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Figure 23:    Showing the relationship of density and mean diameter of different lipoprotein 

classes and subfractions. Triacylglycerol is the predominant lipid in VLDL, triacylglycerol and 

cholesterol in IDL, whereas cholesterol and phospholipids are the predominant lipid 

components in LDL and HDL respectively (Adapted from217) 
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Table 6: Calculated log changes, P values and corrected P values for all major lipid classes that appeared to shift with advancing gestation, from A to 
B, B to C and A to C time points of sample collection. Lipid classes have been quantified via Bruker IVDr Lipoprotein Subclass Analysis, and were 
ordered according to log change between time points A and C.  

Key: time point A =12+0-14+6 weeks, time point B =15+0-17+6 weeks and time point C =19+0-21+6 weeks, P values have been calculated by Student’s 
t-tests and corrected for multiple comparisons via False Discovery Rate, Total: Total plasma lipids, IDL: Intermediate Density Lipoproteins, VLDL: 
Very Low Density Lipoproteins, LDL: Low Density Lipoproteins, HDL: High Density  Lipoproteins).  
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3.3.2.3.2 LOGISTIC REGRESSION ANALYSIS IDENTIFIED A PANEL OF LIPID 
METABOLITES THAT CAN BE USED AS A DIAGNOSTIC MODEL TO EVALUATE HEALTHY 
PREGNANCY PROGRESSION 

Stepwise logistic regression analysis was applied to the 95 lipid subfractions that were 

shown to significantly shift with gestational age (Table 4), in which the choice of predictive 

variables was carried out by an automatic procedure employing the Akaike Information 

Criterion (AIC). AIC provided a means for automatic model selection (i.e., 38 lipoprotein 

subfractions) from a given collection of models for the data provided (95 metabolites)218 

(Table 7). Taken together, these 38 lipoproteins produced a composite biomarker pattern, a 

sort of barcode, capable of differentiating between late-1st trimester and mid-2nd trimester 

maternal conditions. The aforementioned 38 lipoproteins were then tested as a diagnostic 

tool of healthy gestational age progression. AUC of receiver operating characteristic (ROC) 

curve analysis was applied to evaluate the diagnostic capability of this panel of lipid 

biomarkers. 

Table 7: List of lipoprotein subfractions and their statistical significance characteristics (FDR, 

base-2 log change) that were identified though logistic regression analysis as most useful 

biomarkers to discriminate the late 1st vs mid-2nd trimester of normal uncomplicated gestation. 

These lipids composed the biomarker model used to generate the subsequent ROC curve that 

could act as a multiple-biomarkers diagnostic test of healthy gestation progression. 

Key: time point A =12+0-14+6 weeks, time point C =19+0-21+6 weeks, P values have been 

calculated by Student’s t-tests and corrected for multiple comparisons via False Discovery Rate 

(FDR), Total: Total plasma lipids, IDL: Intermediate Density Lipoproteins, VLDL: Very Low 

Density Lipoproteins, LDL: Low Density Lipoproteins, HDL: High Density Lipoproteins, Apo: 

Apolipoprotein).  

Name Matrix Analyte FDR  Median A  Median C  Fold change (A/C) 

L1TG LDL-1 Triglycerides 1.55152E-32 6.411739498 10.229517 -0.673950311 

L1AB LDL-1 Apo-B 1.72876E-28 7.545602839 11.88636651 -0.6555997 

L1PL LDL-1 Phospholipids 4.39869E-28 9.812772425 15.30592089 -0.641357141 
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Name Matrix Analyte FDR  Median A  Median C  Fold change (A/C) 

H1TG HDL-1 Triglycerides 7.0213E-25 9.919108954 13.60292274 -0.455634232 

LDTG LDL Triglycerides 7.21554E-25 25.9665034 34.16169926 -0.395727982 

HDTG HDL Triglycerides 6.75311E-23 22.25063647 28.06827196 -0.335093642 

TPCH Total Plasma Cholesterol 1.87101E-19 228.5560812 271.1508109 -0.24654728 

TPAB Total Plasma Apo-B 4.9906E-19 76.35389967 95.83244215 -0.327812292 

V4PL VLDL-4 Phospholipids 1.47539E-18 4.579973459 6.658487168 -0.539855191 

VLAB VLDL Apo-B 9.50076E-18 5.342830648 7.874982146 -0.559672364 

TPTG Total Plasma Triglycerides 4.34084E-17 135.2469929 182.2074504 -0.429985434 

V2CH VLDL-2 Cholesterol 1.67619E-16 2.138461777 3.494487036 -0.708507274 

H4TG HDL-4 Triglycerides 6.39443E-16 4.050716646 5.050992188 -0.318389641 

IDTG IDL Triglycerides 6.54167E-15 9.433530633 15.73172294 -0.737806957 

V4TG VLDL-4 Triglycerides 2.93509E-14 9.130169958 12.40547762 -0.44226366 

L3AB LDL-3 Apo-B 3.9324E-14 12.40875637 14.14174898 -0.188602023 

L2AB LDL-2 Apo-B 1.12046E-13 10.50597212 12.00451733 -0.192367736 

LDAB LDL Apo-B 1.93331E-13 62.04603274 73.8368698 -0.251002427 

V1CH VLDL-1 Cholesterol 7.09752E-13 4.121354859 6.209635524 -0.591389903 

H1PL HDL-1 Phospholipids 7.95279E-12 48.23686067 59.78681649 -0.309691375 

V3CH VLDL-3 Cholesterol 1.1891E-11 2.607284617 4.188415431 -0.683856465 

LDFC LDL Free Cholesterol 3.91015E-11 41.19125416 48.81001246 -0.244839067 

V2PL VLDL-2 Phospholipids 1.85344E-10 2.383710451 3.3888209 -0.507574389 

LDCH LDL Cholesterol 2.76937E-10 130.9105873 149.0523921 -0.187237751 

V6CH VLDL-6 Cholesterol 7.06498E-09 0.174094631 0.186424964 -0.098723352 

HDFC HDL Free Cholesterol 2.82915E-08 25.17179536 27.37825409 -0.12122233 

HDPL HDL Phospholipids 4.76328E-08 116.197352 125.1076657 -0.106592998 

H1FC HDL-1 Free Cholesterol 8.21366E-08 10.86516142 12.80709129 -0.237233244 

V5PL VLDL-5 Phospholipids 2.25076E-07 1.591446757 2.079106324 -0.385624647 

H3A2 HDL-3 Apo-A2 3.20507E-07 7.876211576 6.874186457 0.196312882 

V6TG VLDL-6 Triglycerides 5.58628E-07 2.873218051 3.26932015 -0.186323176 

L6PL LDL-6 Phospholipids 3.08271E-06 15.83420671 18.27893021 -0.207137047 

L5CH LDL-5 Cholesterol 3.42224E-06 15.71871033 18.2826374 -0.217991351 

L2CH LDL-2 Cholesterol 0.000234073 23.01711364 26.1872662 -0.186158529 

L3CH LDL-3 Cholesterol 0.001328901 19.28368122 21.32140492 -0.144922019 

HDA2 HDL Apo-A2 0.006745372 37.52937025 36.28607196 0.048604191 

L4FC LDL-4 Free Cholesterol 0.025469886 6.971512971 7.42305726 -0.090541711 

H4A2 HDL-4 Apo-A2 0.03838242 15.56741207 15.001663 0.053406692 

 

The usefulness of these 38 metabolites in predicting the exact gestational age (i.e., 12+0-

14+6 versus 19+0-21+6 weeks) can be seen in the respective ROC curve (Figure 24).  ROC 

curve analysis is considered the standard method for performance assessment since the 
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ultimate goal of biomarker discovery is the translation of those biomarkers to clinical 

practice. 

In detail, the prediction accuracy of the resulted model was 87%, the area under the curve 

was calculated to be 0.9433 and the 95% confidence interval (CI) ranged between 0.9247 

and 0.9619, making this lipoproteins panel clinically suitable for monitoring the gestational 

age advancement219.  

 

Figure 24: Roc curve of a panel of 38 lipid subfractions detected in plasma. This model enables 

accurate discrimination between late 1st (12+0-14+6 weeks) and mid-2nd  (19+0-21+6 weeks) 

trimester and is described by high accuracy (87%), excellent area under the curve coverage (i.e., 

0.9433) and the 95% CI ranges between 0.9247-0.9619. 

3.3.3 MATERNAL PLASMA AND URINE CORRELATIONS WITH ADVANCING 
GESTATIONAL AGE 

Correlations between the metabolites that change significantly in either plasma and/or 

urine were computed for all three time points (A=12+0-14+6 weeks, B=15+0-17+6 weeks and 

C=19+0-21+6 weeks) using the matched longitudinal sample set. As expected, in all three 
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correlation maps, a strong positive correlation was found between plasma and urine 

creatine. Plasma alanine, valine, citrate and glucose were all also positively correlated with 

their excreted counterparts. Otherwise the most striking correlations between plasma and 

urine were seen at time point A (late first trimester), where positive correlations were 

observed between the plasma lipid panel components and the urinary glucuronate, valine 

and 2-ketoisovalerate (a degradation product of valine), and negative correlations were 

observed between circulating lipids and urinary sucrose, formate, dimethylamine and 

carnitine (Fig.25). The majority of correlations observed at time point A weakened later on, 

at time points B and C.  
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Figure 25: Heat map produced for correlations between normalised integrals of the most 

significant metabolites and lipoproteins reported to shift in maternal plasma (columns) and/or 

urine (rows) across pregnancy at A) 12+0-14+6 weeks, B) 15+0-17+6 weeks and C) 19+0-21+6 

weeks.  Correlations (Pearson’s product moment correlation analysis in R software) are shown 

using a colour scale from maximum negative (dark green) to maximum positive (dark red) 

correlation. 

The same matched plasma and urine samples were used to calculate intra-biofluid 

correlations. Inter-metabolite correlations in plasma at all three time points are 

comprehensively illustrated in figure 26 where colour reflects correlation strength. Empty 

cells indicate insignificant correlations. Positive correlations between all the components of 

the lipid panel formed an evident correlation pattern that was stronger at time point A and 

slightly fades away at B and C, but without losing significance. Only plasma lysine was found 

to negatively correlate to all plasma lipids. 

Metabolite correlations within urine were also calculated, considering all time points 

together and the results can be seen in figure 27. It is evident that the strongest positive 

correlation existed between urinary threonine and asparagine whereas the strongest 

negative correlation was observed between excreted glucose and glucuronate. 
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Figure 26: Heatmap produced for inter-correlations between normalised integrals of the most significant 

metabolites and lipoproteins reported to shift in maternal plasma across pregnancy at A) 12+0-14+6, B) 

15+0-17+6 weeks and C) 19+0-21+6 weeks.  Correlations are shown using a colour scale from maximum 

negative correlation (dark blue) to maximum positive correlation (dark red). r values calculated via 

Pearson’s product moment correlation analysis in R software. Only metabolite correlations with P<0.05 

were considered. 
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Figure 27: Heat map produced for inter-correlations between normalised integrals of the most 

significant metabolites reported to shift in maternal urine across early pregnancy (12+0-21+6 

weeks). Correlations are shown using a colour scale from maximum negative correlation (dark 

blue) to maximum positive correlation (dark red). r values calculated via Pearson’s product 

moment correlation analysis in R software. Only metabolite correlations with P<0.05 were 

considered. 

3.3.4 COMPARISON OF GESTATIONAL AGE ASSOCIATED CHANGES IN PLASMA AND 
URINE BETWEEN LONGITUDINAL AND CROSS SECTIONAL DATASETS. 

To compare the metabolic changes seen in the longitudinal pregnant cohort with a cross-

sectional dataset, 581 plasma samples (collected from 285 patients) and 381 urine samples 

(collected from 187 patients) at any of the three time points were analysed by 1H-NMR 

spectroscopy. Participant demographics can be seen in Table 2.  
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3.3.4.1 SUPERVISED AND UNSUPERVISED MULTIVARIATE ANALYSIS OF CROSS-
SECTIONALLY COLLECTED PLASMA AND URINE SAMPLES 

As with the longitudinal cohort, the impact of the gestational age upon the maternal plasma 

as pregnancy progresses from late-1st to mid-2nd trimester was first and foremost 

investigated applying two unsupervised methods of analysis; PCA and KODAMA, on the 

cross-sectional sample set. Neither PCA nor KODAMA of the whole dataset revealed any 

significant metabolic trend in the cross-sectional cohort (Fig. 28).  
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Figure 28:   (a-b) PCA scores, and KODAMA (KNN classifier) scores plots of plasma and (c-d) 

urine  1H -NMR data, collected cross-sectionally at late-1st T (in blue, Nplasma=165; Nurine=110), 

early-2nd T (in yellow, Nplasma =206; Nurine =134) and mid-2nd T (in grey, Nplasma =210; Nurine =137). 

Nonetheless, supervised PLS analysis did demonstrate a gestational age related shift in both 

the plasma and urine metabolomes (Plasma: Fig. 29a; R2Y=0.637, Q2Y=0.337, P <0.0001 

Urine: Fig. 29b; R2Y=0.814, Q2Y=0.224, P <0.0001). The plasma PLS model showed greater 

robustness compared to the urine one indicating that there is stronger systemic change in 

plasma composition across the duration of the late 1st to mid-2nd T compared to maternal 

urinary composition. 
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Figure 29:   PLS scores plots of (a) plasma and (b) urine 1H -NMR data, collected cross-

sectionally at late-1st T (in blue, Nplasma =165; Nurine =110), early-2nd T (in yellow, Nplasma =206; 

Nurine =134) and mid-2nd T (in grey, Nplasma =210; Nurine =137). 

 

PLS analysis for both plasma and urine resulted in significantly better models in terms of 

accuracy and prediction ability when applied to the longitudinal (L) cohort, as compared to 

the cross-sectional (CS), due to the removal of the confounding within- and between-

individuals variability that characterises that later dataset (Plasma: (CS) Fig.29a: R2Y=0.637, 

Q2Y=0.337, P <0.0001 versus (L) Fig. 21c: R2Y=0.982, Q2Y=0.78, P <0.0001, Urine: (CS) 

Fig.29b: R2Y=0.814, Q2Y=0.224, P <0.0001 versus (L) Fig. 22c: R2Y=0.986, Q2Y=0.423, P 

<0.0001).  

3.3.4.2 PLASMA AND URINE METABOLITE QUANTIFICATION FOLLOWED BY 
UNIVARIATE ANALYSIS IN THE CROSS-SECTIONAL COHORT 

Peak quantification and statistical analysis for the metabolites found to change in the 

longitudinal study were performed for the cross-sectional population for plasma (Table 8) 

and urine (Table 9). 
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There was a strong correlation between metabolic changes seen in plasma between the 

longitudinal and cross-sectional datasets, with only three of the 18 metabolites (i.e., 

creatine, methionine and glutamate) losing statistical significance in the cross-sectional 

data. The lipid panel appeared to be the compounds that mostly drove the metabolic 

separation between time points of sample collection. Samples collected at mid-2nd trimester 

contained higher levels of all lipid classes, as measured by traditional 1H-NMR techniques 

(Table 8). 

However in the urine, most metabolites were influenced by inter-patient variability, with 

only 2-ketoisovalerate, threonine, formate, sucrose, phosphocreatine, glucuronate, adenine 

and citrate showing significant correlation with gestational age in the cross-sectional cohort. 

The rest of the metabolites appeared to be influenced by the inter-patient variability, losing 

statistical significance in the cross-sectional data (Table 9).  
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Table 8:   Statistical analysis of the plasma metabolites detected by 1H-NMR and found to change in the longitudinal study was performed for the 

cross-sectional population at time points A, B and C (12+0-14+6, 15+0-17+6, 19+0-21+6 weeks). All metabolites were corrected for multiple testing 

(FDR). Metabolites were sorted in order of descending r value (calculated via Pearson Correlation).  Chemical shifts (d) of compounds are reported 

alongside the peak multiplicity. Key: observed δ; underlined is the peak used for quantification. Highlighted in red are the statistically significant 

metabolites, multiplicity; s:singlet, d:doublet, t:triplet, m:multiplet, ABX pattern. 

 

 

 

 

 

r P FDR P  AvsB P  BvsC P  AvsC FDR AvsB FDR BvsC FDR AvsC  Mean A  Mean B  Mean C B/A C/B C/A

Cholesterol backbone (-C(18)H3) 0.65 m 0,39 1,5E-22 1,3E-21 4,7E-06 5,6E-09 4,1E-21 2,5E-05 1,0E-07 3,7E-20 27886160 30398320 33780728 0,12 0,15 0,28

Lipid (-CH3-) (e.g., LDL1/VLDL1) 0.85 m 0,36 7,1E-19 4,3E-18 4,7E-05 1,2E-07 1,0E-17 9,4E-05 7,3E-07 3,0E-17 697083245 730905783 775257006 0,07 0,08 0,15

Unsaturated lipid (-CH=CH-) (e.g., poly-UFA) 5.30 m 0,35 1,1E-18 4,5E-18 6,1E-06 1,9E-06 4,8E-18 2,5E-05 5,8E-06 1,7E-17 230156056 249729962 270109657 0,12 0,11 0,23

Lipid (-(-CH2-)n-) (e.g., LDL2/VLDL2) 1.25 m 0,35 1,3E-18 4,5E-18 6,9E-06 1,8E-06 2,7E-18 2,5E-05 5,8E-06 1,3E-17 1154026577 1283539118 1421944785 0,15 0,15 0,30

Lipid (beta-CH2) 1.52 m 0,35 2,4E-18 7,1E-18 1,2E-05 1,4E-06 2,8E-18 3,7E-05 5,8E-06 1,3E-17 128259003 140137269 153749216 0,13 0,13 0,26

Glycoprotein (=CH-CH2-) 2.00 m 0,33 4,6E-16 1,0E-15 4,5E-05 1,0E-05 7,0E-16 9,4E-05 2,2E-05 1,6E-15 291077132 309673726 329841721 0,09 0,09 0,18

Lipid (=CH-CH2-CH=) 2.72 m 0,32 7,3E-15 1,5E-14 4,5E-05 4,0E-05 1,8E-14 9,4E-05 8,1E-05 3,6E-14 88095554,03 95218259,35 102413013,2 0,11 0,11 0,22

Lipid (alpha-CH2 ) 2.04 m 0,26 1,1E-11 5,3E-10 2,6E-04 2,1E-03 6,0E-11 1,3E-03 8,4E-03 2,9E-10 34584236 41560538 47464648 0,27 0,19 0,46

Choline-related species (-N(CH3)3) 3.21 m 0,25 6,2E-10 1,1E-09 5,3E-02 7,3E-06 4,1E-09 7,3E-02 1,9E-05 7,4E-09 27886160 30398320 33780728 0,12 0,15 0,28

Citrate  2.53, 2.67 ABX 0,20 1,5E-06 2,5E-06 4,2E-03 2,8E-02 1,7E-06 6,8E-03 4,1E-02 2,6E-06 1154026577 1283539118 1421944785 0,15 0,15 0,30

Unknown lipid 2 4.06 m 0,19 2,6E-06 3,9E-06 3,1E-03 4,5E-02 1,6E-06 5,5E-03 6,2E-02 2,6E-06 6588072 8078162 9142676 0,29 0,18 0,47

Unknown lipid 1 3.65 m 0,18 7,3E-06 1,0E-05 2,7E-01 3,3E-04 3,2E-05 3,3E-01 6,0E-04 4,4E-05 697083245 730905783 775257006 0,07 0,08 0,15

Creatine 3.03, 3.93 s+s 0,07 7,7E-02 9,2E-02 1,9E-01 6,2E-01 7,1E-02 2,4E-01 6,9E-01 8,5E-02 291077132 309673726 329841721 0,09 0,09 0,18

L-Glutamate 2.12, 2.34 m+m 0,03 4,0E-01 4,2E-01 3,9E-01 1,1E-01 4,7E-01 4,3E-01 1,4E-01 5,0E-01 27886160 30398320 33780728 0,12 0,15 0,28

L-Methionine 2.15, 2.63 t+s -0,06 1,3E-01 1,5E-01 9,0E-01 1,6E-01 1,5E-01 9,0E-01 1,9E-01 1,7E-01 562733,5567 559118,9536 519997,1829 -0,01 -0,10 -0,11

L-Glutamine 2.12, 2.44 m+m -0,09 2,6E-02 3,3E-02 2,9E-02 9,4E-01 2,3E-02 4,4E-02 9,7E-01 3,0E-02 6862906,766 6654227,62 6647562,79 -0,04 0,00 -0,05

Protein 6.00-9.00 m -0,34 3,2E-17 8,1E-17 1,0E-08 1,5E-03 1,5E-16 1,8E-07 2,5E-03 3,9E-16 1527279766 1475027351 1448100347 -0,05 -0,03 -0,08

L-Lysine 1.70 m -0,41 1,7E-24 3,1E-23 2,0E-07 3,1E-08 7,7E-23 1,8E-06 2,8E-07 1,4E-21 28126230 26387286 24693619 -0,09 -0,10 -0,19

Assignments Observed δ Multiplicity

Gestational Age Effect

Pearson Correlation student's t-test & FDR correction Mean Values Fold change
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Table 9: Statistical analysis of the urine metabolites detected by 1H-NMR and found to change the longitudinal study was performed for the cross-

sectional population at time points A, B and C (12+0-14+6, 15+0-17+6, 19+0-21+6 weeks).  All metabolites were corrected for multiple testing (FDR).  

Metabolites were sorted in order of descending r value (calculated via Pearson Correlation). Chemical shifts (d) of compounds are reported 

alongside the peak multiplicity. Key: Observed δ; underlined is the peak used for quantification, Highlighted in red are the statistically significant 

metabolites, Multiplicity; s:singlet, d:doublet, t:triplet, m:multiplet, ABX pattern.  

 

r P FDR P  AvsB P  BvsC P  AvsC FDR AvsB FDR BvsC FDR AvsC  Mean A  Mean B  Mean C B/A C/B C/A

2-ketoisovalerate 1.1, 3.01 d+m 0,25 2,2E-06 4,4E-05 5,5E-03 2,8E-02 1,6E-06 3,0E-02 1,4E-01 3,1E-05 0,00148 0,00174 0,00194 0,23 0,16 0,39

L-Threonine 1.32, 3.57, 4.26 d+m+m 0,21 4,9E-05 3,2E-04 6,0E-03 1,3E-01 3,8E-06 3,0E-02 3,3E-01 3,8E-05 0,00198 0,00259 0,00297 0,39 0,20 0,58

Formate 8,46 s 0,17 1,1E-03 4,3E-03 4,7E-03 5,7E-01 2,6E-04 3,0E-02 7,5E-01 8,5E-04 0,00060 0,00069 0,00071 0,20 0,04 0,24

Sucrose 3.45-4.21, 5.41 m+d 0,16 1,1E-02 2,5E-02 1,9E-01 1,1E-01 1,3E-02 4,7E-01 3,1E-01 2,6E-02 0,00046 0,00054 0,00070 0,23 0,37 0,61

Phosphocreatine 3.03, 3.95 s+s 0,13 9,6E-03 2,5E-02 2,4E-02 6,0E-01 7,5E-03 8,0E-02 7,5E-01 1,9E-02 0,00443 0,00485 0,00495 0,13 0,03 0,16

D-Glucose 3.4-4, 5.2 m+d 0,09 7,4E-02 1,2E-01 6,1E-03 3,6E-01 2,5E-05 3,0E-02 6,1E-01 1,2E-04 0,00084 0,00155 0,00130 0,88 -0,25 0,63

L-Asparagine 2.84, 2.94,  4.0 d+d+dd 0,09 1,1E-01 1,6E-01 1,2E-01 9,1E-01 6,4E-02 3,5E-01 9,1E-01 9,8E-02 0,00044 0,00051 0,00052 0,21 0,03 0,24

L-Carnitine 2.4, 3.22, 4.6 m+s+m 0,09 1,1E-01 1,6E-01 1,2E-01 9,1E-01 6,4E-02 3,5E-01 9,1E-01 9,8E-02 0,00044 0,00051 0,00052 0,21 0,03 0,24

Creatinine 3.05, 4.06 s+s 0,02 6,9E-01 7,7E-01 4,9E-01 7,4E-01 6,8E-01 7,4E-01 8,2E-01 7,6E-01 0,00708 0,00766 0,00743 0,11 -0,04 0,07

3-Hydroxyisovalerate 1.27, 2.4 s+s -0,01 8,8E-01 8,8E-01 8,3E-01 7,2E-01 9,0E-01 9,6E-01 8,2E-01 9,1E-01 0,00154 0,00156 0,00152 0,02 -0,04 -0,02

Pyruvate 2,36 s -0,01 8,8E-01 8,8E-01 5,2E-01 4,3E-01 9,1E-01 7,4E-01 6,6E-01 9,1E-01 0,00049 0,00051 0,00048 0,06 -0,09 -0,03

L-Valine 0.99, 1.03 d+d -0,03 6,4E-01 7,6E-01 8,9E-01 5,9E-01 6,7E-01 9,6E-01 7,5E-01 7,6E-01 0,00033 0,00033 0,00033 0,00 0,00 0,00

Dimethylamine 2,72 s -0,08 9,8E-02 1,5E-01 9,5E-01 9,6E-02 6,9E-02 9,6E-01 3,1E-01 9,8E-02 0,00477 0,00478 0,00446 0,00 -0,10 -0,10

Dimethylglycine 2.93, 3.7 s+s -0,09 1,2E-01 1,6E-01 4,9E-01 3,7E-01 1,2E-01 7,4E-01 6,1E-01 1,6E-01 0,00078 0,00074 0,00069 -0,08 -0,10 -0,18

L-Alanine 1.48, 3.8 d+m -0,10 5,5E-02 9,9E-02 7,5E-01 1,0E-01 5,9E-02 9,4E-01 3,1E-01 9,8E-02 0,00425 0,00409 0,00337 -0,06 -0,28 -0,33

Glucuronate
3.28, 3.51, 3.58, 

3.73, 4.08, 4.64, 5.24

t+m+dd+m

+d+d+d+d
-0,11 3,1E-02 6,2E-02 3,5E-01 2,0E-01 3,2E-02 6,6E-01 4,0E-01 5,8E-02 0,00030 0,00029 0,00027 -0,05 -0,10 -0,15

Adenine 8.19+8.21 s+s -0,13 1,1E-02 2,5E-02 6,8E-01 2,5E-02 1,2E-02 9,1E-01 1,4E-01 2,6E-02 0,00017 0,00016 0,00013 -0,09 -0,30 -0,39

Citrate 2.52, 2.68 ABX -0,19 1,4E-04 6,9E-04 3,6E-01 2,9E-03 1,9E-04 6,6E-01 2,9E-02 7,6E-04 0,00460 0,00432 0,00344 -0,09 -0,33 -0,42

Pearson Correlation student's t-test & FDR correction Mean Values Fold changeAssignents Observed δ Multiplicity

Gestational Age Effect
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3.3.5 ALTERED METABIC PATHWAYS IN MATERNAL PLASMA AND URINE DURING 
UNCOMPLICATED EARLY GESTATION 

Correlation studies are known to produce vast and overwhelming swathes of data that often 

require deeper exploration. In order to achieve deeper analysis of metabolic data along with 

systems level understanding of the metabolism during early gestation we investigated the 

connections between the reported altered metabolites through pathway analysis.    

In this study, both IPA-Metabolomics (IPA®/ iReport) and MetaboAnalyst3.0 software were 

used for pathway construction and the results are discussed here.  

3.3.5.1 PATHWAY ANALYSIS VIA METABOANALYST 3.0 

The pathways that encompassed the most significant differential metabolites and 

demonstrated collective associations with increasing gestational age (i.e., 12-22 weeks) 

according to MetaboAnalyst3.0 are presented in Figure 30. 
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Figure 30: Summary of the pathway analysis for the most significantly altered (a) plasma and 

(b) urine metabolites during early gestation. It contains all the matched pathways arranged by P 

values (from over-representation analysis; Hypergeometric test) on Y-axis and pathway impact 

values (from pathway topology analysis; node importance estimated relative betweenness 

centrality) on X-axis. The node colour is based on its P value and the node radius is determined 

based on their pathway impact values. Key: Ala: Alanine, Arg: Arginine, Asp: Aspartate, Gln: 

Glutamine, Glu: Glutamate, Gly: Glycine, Ile: Isoleucine, Leu: Leucine, Pro: Proline, Pyr: Pyruvate, 

Ser: Serine, TCA: Citric acid cycle, Thr: Threonine, Val: Valine. 

 

Glycerophospholipid metabolism, primary bile acids biosynthesis, aminoacetyl-tRNA 

biosynthesis along with several aminoacids metabolism pathways (alanine, aspartate, 

glutamine, glutamate, arginine, proline, lysine, cysteine, methionine) and TCA cycle 

expression appeared to mostly impact upon maternal plasma metabolome (Fig. 30a). 

Additionally, the urine metabolome was mostly affected by a shift in aminoacids 

metabolism (valine, leucine, isoleucine, alanine, aspartate, glutamate, glycine, serine and 

threonine), pyruvate metabolism, TCA cycle expression, glycolysis/glyconeogenesis and 

starch and sucrose metabolism (Fig. 30b). All matched pathways were arranged by P value 
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(from pathway enrichment analysis) on Y-axis, and pathway impact values (from pathway 

topology analysis) on X-axis, with the node colour to be based on P values and the node 

radius to be based on pathway impact values.  

3.3.5.2 PATHWAY ANALYSIS VIA INGENUITY PATHWAY ANALYSIS (IPA) 

Additional, more sophisticated, pathway analysis was performed for comparison reasons 

using IPA-Metabolomics software. Maternal plasma metabolome transition was shown to 

be associated with well-documented metabolic manifestations of human pregnancy such as 

increases in lipogenesis, gluconeogenesis, protein production, changes in aminoacids 

metabolism, cellular growth and proliferation, molecular transport across placenta, 

endocrine changes (e.g, insensitivity to insulin), increased creatinine production, increase in 

blood volume and consequent cardiac arrhythmia. Additionally and always according to IPA 

analysis results, the networks that encompass the affected biofunctions in plasma can be 

seen in Table 10.  

Table 10:   Top networks found to be associated with the plasma metabolic changes that 

accompany normal gestation progression along with their respective scores, as indicated by IPA 

pathway analysis.   

ID Associated Network Functions Score 

1 
Increased Levels of Albumin, Molecular Transport, 
Amino Acid Metabolism 

45 

2 
Cell Death and Survival, Organismal Survival, 
Carbohydrate Metabolism 

10 

3 
Amino Acid Metabolism, Molecular Transport, Small 
Molecule Biochemistry 

6 

4 
Endocrine System Development and Function, Energy 
Production, Lipid Metabolism 

3 

5 
Cellular Growth and Proliferation, Organismal 
Development, Organismal Injury and Abnormalities 

3 

 

https://analysis.ingenuity.com/pa/api/v2/analysissummary?applicationname=IPA_PDF_EXPORT&amp;analysisuid=12780285
https://analysis.ingenuity.com/pa/api/v2/analysissummary?applicationname=IPA_PDF_EXPORT&amp;analysisuid=12780285
https://analysis.ingenuity.com/pa/api/v2/analysissummary?applicationname=IPA_PDF_EXPORT&amp;analysisuid=12780285
https://analysis.ingenuity.com/pa/api/v2/analysissummary?applicationname=IPA_PDF_EXPORT&amp;analysisuid=12780285
https://analysis.ingenuity.com/pa/api/v2/analysissummary?applicationname=IPA_PDF_EXPORT&amp;analysisuid=12780285
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IPA analysis for urine data revealed complementary information with the canonical 

pathways that were mostly affected by pregnancy advancement to be related to alterations 

in aminoacid metabolism, TCA cycle and creatinine and carnitine synthesis. The bio-

functions mostly affected during early 2nd trimester were shown to be associated with the 

transport of glucose and amino-acids across the placenta and an increase in protein 

synthesis. Lipid peroxidation, lactate production and finally a gestation-related insulin 

intolerance development were also pathways found to be strongly associated to urine 

metabolic changes observed during early gestation. According to IPA urine analysis results, 

the top networks and their associated functions mostly affected from urine metabolome 

gestational alterations can be seen in table 11. 

Table 11:   Top networks found to be associated with the urine metabolic changes that 

accompany normal gestation progression along with their respective scores, as indicated by IPA 

pathway analysis. 

ID Associated Network Functions Score 

1 
Endocrine System Disorders, Gastrointestinal 
Disease, Metabolic Disease 

51 

2 
Molecular Transport, Carbohydrate Metabolism, 
Cellular Function and Maintenance 
 

 

11 

3 
Cellular Growth and Proliferation, Organismal 
Development, Cellular Compromise 

5 

4 
Carbohydrate Metabolism, Small Molecule 
Biochemistry, Infectious Diseases 

4 

 

 

 

 

 

 

https://analysis.ingenuity.com/pa/api/v2/analysissummary?applicationname=IPA_PDF_EXPORT&amp;analysisuid=12781225
https://analysis.ingenuity.com/pa/api/v2/analysissummary?applicationname=IPA_PDF_EXPORT&amp;analysisuid=12781225
https://analysis.ingenuity.com/pa/api/v2/analysissummary?applicationname=IPA_PDF_EXPORT&amp;analysisuid=12781225
https://analysis.ingenuity.com/pa/api/v2/analysissummary?applicationname=IPA_PDF_EXPORT&amp;analysisuid=12781225
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3.3.6 CONFOUNDING VARIATION IN THE PLASMA AND URINE MATERNAL 
METABOLOME DURING EARLY 2ND TRIMESTER  

To assess other factors which may influence inter-patient variability in the cross sectional 

dataset, the effect of maternal ethnicity and age, baby gender and birth weight upon the 

maternal plasma and urine metabolome and specifically on the metabolites that were 

shown to significantly shift across the early 2nd trimester in the longitudinal cohort was 

investigated. 

3.3.6.1 MATERNAL ETHNICITY EFFECT ON THE MATERNAL METABOLOME 

Supervised PLS-DA multivariate analysis performed at all three time points showed maternal 

ethnicity (Asian, British African-Caribbean or Caucasian race) to have a subtle but significant 

effect upon the maternal metabolome, at time point B for plasma (Fig. 31b: R2Y= 0.958, 

Q2Y= 0.096, P=0.001) and at time points A and C for urine (Fig. 31d: R2Y= 0.607, Q2Y= 0.038, 

P=0.003; Fig. 31f: R2Y= 0.623, Q2Y= 0.045, P=0.0007). 

Peak quantification and statistical analysis for the metabolites found to change in the 

longitudinal study was performed for the cross-sectional data and showed that the majority 

of lipid-subfractions (e.g., VLDL, LDL, beta-CH2, cholesterol-backbone), glycoproteins and 

PUFA and glutamate were significantly higher (P= 0.002) in Asian plasma, compared to the 

other ethnic groups, whereas British African-Caribbean showed significantly higher protein 

(P= 0.008) and higher creatine plasma levels (P= 0.01). Caucasians presented with 

significantly higher choline-derived signals (P= 0.002) and higher methionine (P= 0.03) 

plasma levels (Table 12). This analysis was repeated for all trimesters (Table 12). 
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Figure 31: (a-b-c) PLS-DA scores scatter plots for plasma and (d-e-f) urine 1H-NMR spectra, 

comparing the metabolic profiles of Asian (in light blue, NplasmaA/B/Ctimepoints=16/18/16 & 

NurineA/B/Ctimepoints=12/14/12), British African-Caribbean (in purple, NplasmaA/B/Ctimepoint=28/25/27 

& NurineA/B/Ctimepoints=17/23/22) and Caucasian (in green, NplasmaA/B/Ctimepoint=98/135/137 & 

NurineA/B/Ctimepoints=63/75/81) populations, experiencing a healthy uncomplicated pregnancy, at 

late 1st T (time point A), early 2nd T (Time point B) and mid-2nd T (time point C). The 

predictive/signifinant models are indicated with an ‘*’.  

*

*

*
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Table 12: Statistical analysis on the basis of maternal ethnicity (Asian (A), British African-Caribbean (B), Caucasian (C)), of the 1H-NMR-detected 

plasma metabolites that were found to change across healthy gestation in the longitudinal cohort. Two-group statistical comparison between the 

ethnic groups was performed (student’s t-test) and all metabolites were corrected for multiple testing (FDR). Mean metabolite values for each group 

were calculated. Analysis was repeated for all timepoints. Key: Key: Observed chemical shifts (δ); underlined is the peak used for quantification, 

Multiplicity; s: singlet, d: doublet, t: triplet, m: multiplet, ABX pattern.  

 

(Continues in the next page) 

p-value FDR AvsB BvsC AvsC AvsB BvsC AvsC Asians Africans Caucasians

Cholesterol backbone (-C(18)H3) 0.65 m 2,7E-01 2,8E-01 4,0E-01 9,2E-01 3,7E-01 4,0E-01 9,2E-01 4,1E-01 31651571 30679900 30753431

Lipid (-CH3-) (e.g., LDL1/VLDL1) 0.85 m 3,2E-02 4,8E-02 8,3E-02 7,1E-01 8,1E-02 1,3E-01 8,5E-01 1,2E-01 760115031 731257260 735227712

Unsaturated lipid (-CH=CH-) (e.g., poly-UFA) 5.30 m 7,2E-04 1,9E-03 2,9E-02 6,4E-01 3,6E-03 6,5E-02 8,5E-01 1,2E-02 269979804 251223846 248598794

Lipid (-(-CH2-)n-) (e.g., LDL2/VLDL2) 1.25 m 1,0E-04 3,6E-04 9,3E-04 2,2E-01 3,2E-03 4,2E-03 4,0E-01 1,2E-02 1433305964 1246351537 1290519254

Lipid (beta-CH2) 1.52 m 7,0E-05 3,1E-04 4,8E-04 4,5E-02 9,6E-03 3,5E-03 1,5E-01 2,2E-02 153457484 134702489 141663313

Glycoprotein (=CH-CH2-) 2.00 m 4,3E-04 1,3E-03 1,4E-02 7,1E-01 1,9E-03 3,8E-02 8,5E-01 1,2E-02 333271133 311410332 309270008

Lipid (=CH-CH2-CH=) 2.72 m 4,3E-06 3,9E-05 1,9E-01 9,2E-03 1,0E-03 2,0E-01 4,1E-02 1,2E-02 104210041 99388246 93444154

Lipid (alpha-CH2 ) 2.04 m 3,0E-06 3,0E-05 8,1E-05 8,2E-02 9,1E-04 2,0E-03 1,7E-01 8,3E-03 52850121 37491791 41300512

Choline-related species (-N(CH3)3) 3.21 m 2,5E-03 5,1E-03 8,9E-02 1,7E-03 7,8E-01 1,3E-01 1,5E-02 8,3E-01 158144104 151189819 159133131

Citrate  2.53, 2.67 ABX 1,6E-01 1,8E-01 5,7E-02 1,5E-01 2,8E-01 1,0E-01 3,8E-01 3,4E-01 1182319 1275915 1222386

Unknown lipid 2 4.06 m 3,8E-05 2,3E-04 2,7E-04 5,1E-02 4,1E-03 3,5E-03 1,5E-01 1,2E-02 10808165 6944280 8044493

Unknown lipid 1 3.65 m 6,0E-02 7,7E-02 9,7E-02 8,7E-01 8,3E-02 1,3E-01 9,2E-01 1,2E-01 38410141 37178718 37246168

Creatine 3.03, 3.93 s+s 1,0E-02 1,7E-02 4,9E-02 4,6E-03 9,4E-01 9,7E-02 2,8E-02 9,4E-01 782507 920983 786689

L-Glutamate 2.12, 2.34 m+m 2,1E-03 4,8E-03 5,8E-04 2,1E-01 3,2E-03 3,5E-03 4,0E-01 1,2E-02 993688 853044 881609

D-Glucose 3.4-4, 5.23 m+d 3,0E-01 3,0E-01 1,5E-01 8,5E-01 1,3E-01 1,8E-01 9,2E-01 1,8E-01 14362249 13694594 13753217

L-Methionine 2.15, 2.63 t+s 3,8E-02 5,2E-02 1,6E-01 2,2E-01 6,4E-03 1,8E-01 4,0E-01 1,6E-02 469677 531258 571703

L-Glutamine 2.12, 2.44 m+m 4,8E-09 8,7E-08 6,9E-03 9,6E-11 7,2E-02 2,5E-02 1,7E-09 1,2E-01 6636599 6243358 6868761

Protein 6.00-9.00 m 8,1E-03 1,5E-02 1,5E-02 2,7E-01 4,4E-02 3,8E-02 4,4E-01 8,8E-02 1453140166 1493720003 1481314025

L-Lysine 1.7 m 9,5E-02 1,1E-01 1,3E-01 5,4E-01 2,0E-01 1,7E-01 8,1E-01 2,5E-01 25724197 26570523 26314098

All Timepoins

student's t-test (p-value) FDR correction meanAssignments Observed δ Multiplicity

Maternal Ethicity Effect (Asians (A), British African-Caribbean (B), Caucasians (C))

ANOVA
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(Continues in the next page) 

 

ANOVA

corrected p-

value AvsB BvsC AvsC Asians Africans Caucasians

Cholesterol backbone (-C(18)H3) 0.65 m 9,9E-01 8,4E-01 9,9E-01 8,3E-01 296595 290033 283047

Lipid (-CH3-) (e.g., LDL1/VLDL1) 0.85 m 6,3E-02 6,8E-01 9,0E-01 6,4E-01 794683 784608 771959

Unsaturated lipid (-CH=CH-) (e.g., poly-UFA) 5.30 m 7,4E-02 6,0E-01 9,6E-01 5,6E-01 231649 222695 220370

Lipid (-(-CH2-)n-) (e.g., LDL2/VLDL2) 1.25 m 4,4E-02 8,9E-02 9,2E-01 6,3E-02 19023649 18965830 16901249

Lipid (beta-CH2) 1.52 m 9,1E-03 6,5E-02 2,2E-01 4,2E-02 163295 152327 139628

Glycoprotein (=CH-CH2-) 2.00 m 7,3E-02 5,2E-01 8,9E-01 6,6E-02 890239 874503 860497

Lipid (=CH-CH2-CH=) 2.72 m 2,5E-02 7,3E-01 1,3E-01 1,7E-01 642891 628106 632094

Lipid (alpha-CH2 ) 2.04 m 3,4E-02 7,5E-01 6,5E-01 3,6E-02 850126 820326 832647

Choline-related species (-N(CH3)3) 3.21 m 3,7E-02 7,6E-01 2,2E-02 9,7E-01 790014 788361 796523

Citrate  2.53, 2.67 ABX 9,2E-02 3,1E-02 6,5E-02 4,6E-01 176596 193675 189637

Unknown lipid 2 4.06 m 6,0E-02 2,7E-01 1,5E-01 1,1E-01 631249 618735 620863

Unknown lipid 1 3.65 m 5,6E-02 5,2E-02 8,2E-01 6,0E-02 395624 370283 386521

Creatine 3.03, 3.93 s+s 7,3E-02 4,0E-02 5,3E-02 7,3E-01 907364 936215 925137

L-Glutamate 2.12, 2.34 m+m 3,5E-02 1,4E-01 4,8E-01 2,0E-01 993015 967650 982037

D-Glucose 3.4-4, 5.23 m+d 6,4E-01 8,9E-01 5,4E-01 4,9E-01 165379 147381 153406

L-Methionine 2.15, 2.63 t+s 8,3E-02 4,3E-01 8,1E-01 3,6E-02 485236 553673 563074

L-Glutamine 2.12, 2.44 m+m 2,5E-02 6,9E-02 5,4E-02 1,9E-02 685205 648304 704609

Protein 6.00-9.00 m 1,1E-01 7,3E-02 4,9E-01 2,7E-01 152302698 159301474 155235987

L-Lysine 1.7 m 2,6E-01 5,4E-01 2,7E-02 1,2E-01 270235018 265802610 260702146

A Timepoint

student's t-test (corrected p-value) mean
Assignments Observed δ Multiplicity

Maternal Ethicity Effect (Asians (A), British African-Caribbean (B), Caucasians (C))
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(Continues in the next page) 

 

ANOVA

corrected p-

value AvsB BvsC AvsC Asians Africans Caucasians

Cholesterol backbone (-C(18)H3) 0.65 m 5,8E-01 5,0E-01 9,2E-01 6,1E-01 31258570 30582150 31002584

Lipid (-CH3-) (e.g., LDL1/VLDL1) 0.85 m 4,9E-02 3,3E-01 9,7E-01 3,3E-01 740153690 66358693 680026967

Unsaturated lipid (-CH=CH-) (e.g., poly-UFA) 5.30 m 5,1E-02 9,2E-02 1,6E-01 3,6E-02 280023698 262239875 253399615

Lipid (-(-CH2-)n-) (e.g., LDL2/VLDL2) 1.25 m 5,6E-04 6,9E-02 9,0E-01 8,3E-02 1736852570 1400236319 1400236971

Lipid (beta-CH2) 1.52 m 1,1E-03 7,5E-03 3,2E-01 9,2E-03 132032965 128936023 110127855

Glycoprotein (=CH-CH2-) 2.00 m 5,3E-02 9,2E-02 9,9E-01 1,7E-02 982366302 970025339 962553012

Lipid (=CH-CH2-CH=) 2.72 m 7,7E-04 9,0E-01 2,0E-02 6,7E-02 540012362 523667410 530095382

Lipid (alpha-CH2 ) 2.04 m 5,4E-05 9,2E-02 6,7E-01 2,6E-02 76963048 69220196 71463596

Choline-related species (-N(CH3)3) 3.21 m 4,8E-03 6,7E-01 4,3E-02 8,9E-01 870097 879632 886956

Citrate  2.53, 2.67 ABX 8,3E-02 2,0E-02 7,7E-02 2,4E-01 133696 139966 128630

Unknown lipid 2 4.06 m 4,8E-03 1,2E-01 1,7E-01 1,5E-01 741426 732640 729365

Unknown lipid 1 3.65 m 3,8E-03 7,2E-02 4,4E-01 6,3E-02 352026 341986 344028

Creatine 3.03, 3.93 s+s 6,3E-02 6,2E-02 3,3E-02 9,9E-01 523626 596987 533027

L-Glutamate 2.12, 2.34 m+m 7,0E-02 6,4E-02 6,8E-01 1,3E-01 45002369 43527830 42012563

D-Glucose 3.4-4, 5.23 m+d 7,3E-02 8,7E-01 9,6E-01 2,4E-01 260030 259633 250074

L-Methionine 2.15, 2.63 t+s 5,2E-02 1,8E-01 4,0E-01 1,6E-02 365947 382062 400019

L-Glutamine 2.12, 2.44 m+m 1,5E-03 2,0E-02 6,4E-06 2,9E-02 800935 7920378 839015

Protein 6.00-9.00 m 3,9E-02 9,3E-02 9,7E-01 1,8E-01 63356987 640028959 639958632

L-Lysine 1.7 m 2,6E-01 9,6E-01 9,4E-01 6,8E-01 393038 412630 409375

B Timepoint

Assignments Observed δ Multiplicity

Maternal Ethicity Effect (Asians (A), British African-Caribbean (B), Caucasians (C))

student's t-test (corrected p-value) mean
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ANOVA

corrected p-

value AvsB BvsC AvsC Asians Africans Caucasians

Cholesterol backbone (-C(18)H3) 0.65 m 7,3E-01 6,3E-01 5,9E-01 9,6E-02 32056349 31255020 30415621

Lipid (-CH3-) (e.g., LDL1/VLDL1) 0.85 m 4,2E-02 6,8E-02 7,2E-01 7,2E-02 77852016 75802634 76302309

Unsaturated lipid (-CH=CH-) (e.g., poly-UFA) 5.30 m 5,1E-02 3,2E-01 7,2E-01 6,2E-02 25201796 244016086 23963076

Lipid (-(-CH2-)n-) (e.g., LDL2/VLDL2) 1.25 m 5,1E-02 6,3E-02 6,9E-02 7,5E-01 12015681 11023769 11902573

Lipid (beta-CH2) 1.52 m 7,1E-03 5,5E-02 5,3E-02 6,2E-02 13250127 11998504 12952740

Glycoprotein (=CH-CH2-) 2.00 m 7,0E-03 2,3E-01 6,2E-01 1,3E-01 34022019 33029847 32003961

Lipid (=CH-CH2-CH=) 2.72 m 4,4E-02 3,3E-01 6,2E-02 2,1E-01 104201569 985203610 95023146

Lipid (alpha-CH2 ) 2.04 m 5,0E-02 6,2E-01 3,2E-01 4,2E-02 50230148 42026840 44523084

Choline-related species (-N(CH3)3) 3.21 m 5,0E-02 7,1E-01 4,2E-02 3,6E-01 159023788 154700298 162001835

Citrate  2.53, 2.67 ABX 1,2E-01 2,3E-01 7,8E-01 6,1E-02 1196357 1302521 1295502

Unknown lipid 2 4.06 m 2,2E-02 3,1E-01 6,3E-02 4,3E-01 10320165 8523614 86230145

Unknown lipid 1 3.65 m 6,5E-02 1,0E-01 8,3E-01 8,6E-02 35202564 34102890 34088701

Creatine 3.03, 3.93 s+s 4,3E-02 3,5E-02 6,8E-02 2,3E-01 879821 899500 881003

L-Glutamate 2.12, 2.34 m+m 6,1E-02 2,6E-01 5,9E-01 4,6E-01 885540 845265 860674

D-Glucose 3.4-4, 5.23 m+d 9,9E-01 7,5E-01 9,1E-01 6,8E-01 12658303 11983257 11520895

L-Methionine 2.15, 2.63 t+s 6,7E-02 2,6E-01 4,6E-01 2,1E-02 452558 501966 511467

L-Glutamine 2.12, 2.44 m+m 5,0E-02 7,4E-02 1,3E-01 1,8E-01 5386541 5100235 5547230

Protein 6.00-9.00 m 4,2E-01 6,2E-02 1,6E-01 3,1E-01 986520021 1002586439 995231450

L-Lysine 1.7 m 6,2E-02 1,4E-01 1,7E-02 6,8E-01 2417530 25003219 24930159

C Timepoint

Assignments Observed δ Multiplicity

Maternal Ethicity Effect (Asians (A), British African-Caribbean (B), Caucasians (C))

student's t-test (corrected p-value) mean
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Univariate analysis of the urine data (Table 13) revealed that almost all urine metabolites 

significantly shifted with gestational age were also significantly influenced by maternal 

ethnicity, with the only exceptions found to be sucrose and glucuronate (P=0.2).  All 

excreted metabolites were found to be higher in the British African-Caribbean population. 

Urinary pyruvate (P=9.4∙10-38), 3-hydroxyisovalerate (P=1.8∙10-35), phosphocreatinine 

(P=1.17∙10-16), dimethylglycine (P=1.5∙10-11), citrate (P=2.7∙10-8), dimethylamine (P=9.3∙10-5), 

glucose (P=0.01) and several aminoacids were among the metabolites that were mostly 

influenced by maternal ethnic background. Analysis was also repeated by trimester (Table 

13). 
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Table 13: Statistical analysis on the basis of maternal ethnicity (Asian (A), British African-Caribbean (B), Caucasian (C)), of the 1H-NMR-detected urine metabolites 

that were found to change across healthy gestation in the longitudinal cohort. Two-group statistical comparison between the ethnic groups was performed (student’s t-

test) and all metabolites were corrected for multiple testing (FDR). Mean metabolite values for each group were calculated. Analysis was repeated for all timepoints. Key: 

Observed chemical shifts (δ); underlined is the peak used for quantification, Multiplicity; s: singlet, d: doublet, t: triplet, m: multiplet, ABX pattern.  

 

(Continues in the next page) 

p-value FDR AvsB BvsC AvsC AvsB BvsC AvsC Asians Africans Caucasians

2-ketoisovalerate 1.1, 3.01 d+m 2,7E-02 3,1E-02 4,2E-02 1,9E-02 6,5E-01 5,9E-02 2,3E-02 7,6E-01 0,00163 0,00195 0,00168

L-Threonine 1.32, 3.57, 4.26 d+m+m 1,1E-04 2,0E-04 1,7E-02 3,0E-05 8,2E-01 2,9E-02 7,4E-05 8,6E-01 0,00234 0,00336 0,00226

Formate 8,46 s 2,3E-06 5,0E-06 4,2E-03 2,2E-05 3,6E-01 1,0E-02 6,1E-05 4,8E-01 0,00065 0,00080 0,00061

Sucrose 3.45-4.21, 5.41 m+d 2,1E-01 2,1E-01 3,7E-01 4,0E-02 3,1E-01 4,1E-01 4,4E-02 4,4E-01 0,00053 0,00045 0,00061

Phosphocreatine 3.03, 3.95 s+s 1,2E-16 5,8E-16 3,2E-07 9,0E-11 1,6E-01 1,6E-06 4,5E-10 3,0E-01 0,00460 0,00612 0,00433

D-Glucose 3.4-4, 5.2 m+d 1,6E-02 2,0E-02 9,6E-01 1,0E-01 1,6E-01 9,6E-01 1,1E-01 3,0E-01 0,00170 0,00173 0,00104

L-Asparagine 2.84, 2.94,  4.0 d+d+dd 1,5E-02 2,0E-02 3,2E-01 4,0E-03 3,0E-01 3,8E-01 6,1E-03 4,4E-01 0,00050 0,00057 0,00044

L-Carnitine 2.4, 3.22, 4.6 m+s+m 1,5E-02 2,0E-02 3,2E-01 4,0E-03 3,0E-01 3,8E-01 6,1E-03 4,4E-01 0,00050 0,00057 0,00044

Creatinine 3.05, 4.06 s+s 5,4E-07 1,4E-06 6,3E-07 1,9E-03 2,8E-04 2,5E-06 3,1E-03 5,6E-03 0,00406 0,01026 0,00696

3-Hydroxyisovalerate 1.27, 2.4 s+s 1,8E-35 1,8E-34 4,3E-13 1,0E-15 9,2E-02 4,3E-12 2,1E-14 3,0E-01 0,00138 0,00258 0,00125

Pyruvate 2,36 s 9,4E-38 1,9E-36 1,9E-12 4,0E-15 9,1E-02 1,3E-11 4,0E-14 3,0E-01 0,00044 0,00082 0,00040

L-Valine 0.99, 1.03 d+d 2,8E-02 3,1E-02 4,5E-02 7,1E-03 7,9E-01 5,9E-02 1,0E-02 8,6E-01 0,00032 0,00037 0,00032

Dimethylamine 2,72 s 9,3E-05 1,9E-04 1,3E-02 8,8E-04 9,8E-01 2,5E-02 1,6E-03 9,8E-01 0,00448 0,00529 0,00447

Dimethylglycine 2.93, 3.7 s+s 1,6E-11 6,3E-11 4,5E-02 2,4E-08 1,5E-01 5,9E-02 9,5E-08 3,0E-01 0,00079 0,00103 0,00063

L-Alanine 1.48, 3.8 d+m 1,7E-07 4,8E-07 1,7E-02 2,7E-04 2,2E-01 2,9E-02 6,0E-04 3,7E-01 0,00396 0,00620 0,00326

Glucuronate

3.28, 3.51, 

3.58, 3.73, 

4.08, 4.64, 5.24

t+m+dd+m+

d+d+d+d
2,0E-01 2,1E-01 1,0E-01 7,9E-01 1,0E-01 1,3E-01 7,9E-01 3,0E-01 0,00031 0,00028 0,00028

Adenine 8.19+8.21 s+s 1,9E-03 2,9E-03 1,0E-03 1,2E-02 1,0E-01 2,8E-03 1,4E-02 3,0E-01 0,00012 0,00019 0,00015

Citrate 2.52, 2.68 ABX 2,8E-08 9,2E-08 5,5E-03 8,5E-03 4,1E-01 1,2E-02 1,1E-02 5,1E-01 0,00372 0,00513 0,00400

All Timepoints

Assignents Observed δ Multiplicity

Maternal Ethicity Effect (Asians (A), British African-Caribbean (B), Caucasians (C))

ANOVA student's t-test (p-value) FDR correction mean



154 
 

 

 

(Continues in the next page) 

ANOVA

corrected p-

value AvsB BvsC AvsC Asians Africans Caucasians

2-ketoisovalerate 1.1, 3.01 d+m 4,2E-02 7,9E-02 4,4E-02 8,5E-01 0,00160 0,00211 0,00159

L-Threonine 1.32, 3.57, 4.26 d+m+m 5,2E-03 4,6E-02 4,7E-04 9,6E-01 0,00324 0,00376 0,00306

Formate 8,46 s 8,2E-02 1,0E-01 1,1E-03 3,7E-02 0,00022 0,00028 0,00019

Sucrose 3.45-4.21, 5.41 m+d 1,5E-01 5,3E-01 4,4E-02 4,4E-01 0,00051 0,00049 0,00052

Phosphocreatine 3.03, 3.95 s+s 5,8E-16 1,6E-06 4,5E-10 6,4E-02 0,00771 0,00842 0,00650

D-Glucose 3.4-4, 5.2 m+d 5,8E-02 5,9E-01 6,8E-02 8,9E-01 0,00110 0,00116 0,00099

L-Asparagine 2.84, 2.94,  4.0 d+d+dd 4,0E-02 6,3E-01 6,1E-02 6,5E-02 0,00063 0,00076 0,00037

L-Carnitine 2.4, 3.22, 4.6 m+s+m 6,1E-02 9,6E-02 4,1E-02 8,3E-01 0,00042 0,00049 0,00040

Creatinine 3.05, 4.06 s+s 1,9E-03 1,4E-04 5,3E-02 2,4E-02 0,00516 0,01156 0,00816

3-Hydroxyisovalerate 1.27, 2.4 s+s 5,2E-15 2,1E-08 1,9E-09 5,3E-01 0,00206 0,00307 0,00196

Pyruvate 2,36 s 3,3E-16 1,5E-05 5,6E-06 6,0E-02 0,00052 0,00065 0,00049

L-Valine 0.99, 1.03 d+d 8,6E-02 1,1E-01 6,0E-02 4,6E-01 0,00020 0,00027 0,00018

Dimethylamine 2,72 s 2,7E-02 2,0E-01 9,0E-02 2,3E-01 0,00557 0,00620 0,00550

Dimethylglycine 2.93, 3.7 s+s 1,6E-04 1,3E-01 3,3E-03 6,0E-02 0,00087 0,00150 0,00078

L-Alanine 1.48, 3.8 d+m 5,2E-04 9,9E-03 2,8E-03 5,9E-01 0,00436 0,00540 0,00416

Glucuronate

3.28, 3.51, 

3.58, 3.73, 

4.08, 4.64, 5.24

t+m+dd+m+

d+d+d+d
3,5E-01 9,7E-02 1,0E+00 5,6E-01 0,00026 0,00024 0,00023

Adenine 8.19+8.21 s+s 4,6E-02 8,4E-02 7,1E-02 6,3E-01 0,00009 0,00016 0,00014

Citrate 2.52, 2.68 ABX 6,3E-04 5,1E-02 6,2E-02 7,1E-01 0,00492 0,00613 0,00560

A Timepoint

Assignents Observed δ Multiplicity

Maternal Ethicity Effect (Asians (A), British African-Caribbean (B), Caucasians (C))

student's t-test (corrected p-value) mean
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(Continues in the next page) 

 

ANOVA

corrected p-

value AvsB BvsC AvsC Asians Africans Caucasians

2-ketoisovalerate 1.1, 3.01 d+m 1,6E-01 1,0E-01 2,3E-02 9,5E-01 0,00140 0,00161 0,00119

L-Threonine 1.32, 3.57, 4.26 d+m+m 7,0E-02 3,6E-02 3,7E-02 6,6E-01 0,00424 0,00466 0,00386

Formate 8,46 s 1,2E-01 2,6E-01 3,1E-02 5,5E-02 0,00021 0,00026 0,00017

Sucrose 3.45-4.21, 5.41 m+d 2,3E-01 3,3E-01 5,4E-02 6,1E-01 0,00031 0,00024 0,00033

Phosphocreatine 3.03, 3.95 s+s 1,3E-03 3,3E-02 2,5E-04 1,3E-01 0,00541 0,00612 0,00520

D-Glucose 3.4-4, 5.2 m+d 7,7E-02 2,6E-01 4,3E-02 4,8E-01 0,00117 0,00124 0,00102

L-Asparagine 2.84, 2.94,  4.0 d+d+dd 1,3E-01 3,6E-01 1,3E-01 7,1E-02 0,00075 0,00082 0,00056

L-Carnitine 2.4, 3.22, 4.6 m+s+m 8,1E-02 1,5E-01 9,6E-02 1,5E-01 0,00058 0,00063 0,00055

Creatinine 3.05, 4.06 s+s 4,3E-02 4,4E-02 5,7E-02 1,2E-01 0,00616 0,00986 0,00796

3-Hydroxyisovalerate 1.27, 2.4 s+s 1,2E-04 5,0E-03 3,1E-04 9,3E-02 0,00286 0,00391 0,00201

Pyruvate 2,36 s 4,4E-07 6,9E-04 4,6E-04 2,6E-02 0,00056 0,00071 0,00043

L-Valine 0.99, 1.03 d+d 6,6E-03 6,9E-02 5,0E-02 6,4E-01 0,00017 0,00025 0,00021

Dimethylamine 2,72 s 3,8E-02 2,4E-01 4,4E-02 2,4E-02 0,00607 0,00610 0,00600

Dimethylglycine 2.93, 3.7 s+s 2,7E-03 6,9E-02 4,6E-02 1,3E-01 0,00096 0,00120 0,00086

L-Alanine 1.48, 3.8 d+m 6,3E-03 2,1E-02 4,7E-02 9,7E-01 0,00656 0,00710 0,00626

Glucuronate

3.28, 3.51, 

3.58, 3.73, 

4.08, 4.64, 5.24

t+m+dd+m+

d+d+d+d
4,3E-01 5,7E-02 6,3E-01 7,3E-01 0,00024 0,00030 0,00022

Adenine 8.19+8.21 s+s 1,3E-01 9,6E-02 1,5E-01 7,5E-01 0,00011 0,00021 0,00018

Citrate 2.52, 2.68 ABX 2,1E-02 4,6E-02 7,3E-02 3,6E-01 0,00391 0,00540 0,00450

B Timepoint

Assignents Observed δ Multiplicity

Maternal Ethicity Effect (Asians (A), British African-Caribbean (B), Caucasians (C))

student's t-test (corrected p-value) mean
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ANOVA

corrected p-

value AvsB BvsC AvsC Asians Africans Caucasians

2-ketoisovalerate 1.1, 3.01 d+m 3,2E-02 3,3E-02 4,6E-02 2,3E-01 0,00201 0,00245 0,00175

L-Threonine 1.32, 3.57, 4.26 d+m+m 4,2E-03 3,3E-02 1,2E-04 4,3E-01 0,00381 0,00451 0,00291

Formate 8,46 s 7,3E-02 6,0E-02 2,1E-03 4,4E-02 0,00021 0,00024 0,00017

Sucrose 3.45-4.21, 5.41 m+d 9,0E-02 7,4E-01 3,7E-02 6,2E-01 0,00057 0,00043 0,00059

Phosphocreatine 3.03, 3.95 s+s 3,5E-12 2,4E-05 2,7E-11 8,6E-03 0,00701 0,00860 0,00560

D-Glucose 3.4-4, 5.2 m+d 6,8E-03 1,3E-01 3,5E-02 2,6E-01 0,00087 0,00096 0,00079

L-Asparagine 2.84, 2.94,  4.0 d+d+dd 3,2E-02 7,1E-01 4,6E-02 3,5E-02 0,00070 0,00083 0,00051

L-Carnitine 2.4, 3.22, 4.6 m+s+m 4,9E-02 1,4E-02 1,9E-02 6,2E-01 0,00059 0,00064 0,00042

Creatinine 3.05, 4.06 s+s 3,2E-03 1,2E-04 4,9E-02 7,7E-02 0,00956 0,01206 0,01006

3-Hydroxyisovalerate 1.27, 2.4 s+s 5,0E-11 4,4E-08 5,4E-09 1,3E-01 0,00361 0,00421 0,00216

Pyruvate 2,36 s 2,5E-14 1,5E-03 5,0E-05 5,4E-02 0,00048 0,00062 0,00043

L-Valine 0.99, 1.03 d+d 9,9E-02 5,0E-01 1,6E-01 5,7E-01 0,00032 0,00033 0,00029

Dimethylamine 2,72 s 3,9E-02 4,8E-01 1,1E-02 3,4E-02 0,00487 0,00550 0,00430

Dimethylglycine 2.93, 3.7 s+s 1,8E-04 9,7E-02 8,3E-03 4,4E-02 0,00076 0,00115 0,00060

L-Alanine 1.48, 3.8 d+m 8,0E-03 5,4E-03 7,9E-03 5,6E-01 0,00366 0,00430 0,00296

Glucuronate

3.28, 3.51, 

3.58, 3.73, 

4.08, 4.64, 5.24

t+m+dd+m+

d+d+d+d
1,0E-01 8,2E-02 8,2E-01 4,1E-01 0,00045 0,00040 0,00035

Adenine 8.19+8.21 s+s 8,4E-03 4,7E-02 4,5E-02 3,5E-01 0,00006 0,00011 0,00011

Citrate 2.52, 2.68 ABX 1,9E-03 2,3E-02 4,3E-02 2,1E-01 0,00532 0,00845 0,00730

C Timepoint

Assignents Observed δ Multiplicity

Maternal Ethicity Effect (Asians (A), British African-Caribbean (B), Caucasians (C))

student's t-test (corrected p-value) mean
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3.3.6.2 MATERNAL AGE EFFECT ON THE MATERNAL METABOLOME 

Supervised multivariate analysis performed at all three time points showed maternal age 

(ranging between 21 and 47 years) did not have a significant effect upon the maternal 

plasma (Appendix, Fig. 74) and urine metabolome (Appendix, Fig. 75). Therefore univariate 

statistical analysis was employed to investigate the influence of increased maternal age on 

the maternal metabolome and especially on the metabolites that were found to change 

across healthy gestation in the longitudinal cohort.  

For plasma, when regressed against the maternal age, all lipid subfractions (P< 1∙10-4), 

glucose (P= 1∙10-5) and glutamate/glutamine (P< 0.01) were significantly increased in older 

participants. On the contrary, plasma lysine appeared to decrease with increased maternal 

age (P= 0.001) (Table 14).  

Univariate statistical analysis of the urine data revealed that three excreted metabolites 

were significantly lower in older patients; phosphocreatine (P= 6.24∙10-5), threonine (P= 

0.01), 3-hydroxyisovalerate (P= 0.02) (Table 15).  
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Table 14: Statistical analysis on the basis of maternal age (range: 21-47 years); of the 1H-NMR-

detected plasma metabolites that were found to significantly change across healthy gestation in 

the longitudinal cohort. Correlation coefficient values (r), statistical significance (P value) (via 

Pearson correlation test) and corrected P values (False Discovery Rate) were calculated. 

Metabolites ordered based on decreased significance. Key: Observed chemical shifts (δ); 

underlined is the peak used for quantification, Multiplicity; s: singlet, d: doublet, t: triplet, m: 

multiplet, ABX pattern.  

 

 

 

 

 

 

 

r P FDR

Choline-related species (-N(CH3)3) 3.21 m 0,209 2,2E-06 3,9E-05

Lipid (=CH-CH2-CH=) 2.72 m 0,196 8,6E-06 3,9E-05

Unsaturated lipid (-CH=CH-) (e.g., poly-UFA) 5.30 m 0,195 9,8E-06 3,9E-05

Lipid (-CH3-) (e.g., LDL1/VLDL1) 0.85 m 0,195 9,9E-06 3,9E-05

D-Glucose 3.4-4, 5.23 m+d 0,194 1,1E-05 3,9E-05

Lipid (beta-CH2) 1.52 m 0,173 9,4E-05 2,8E-04

Cholesterol backbone (-C(18)H3) 0.65 m 0,169 1,4E-04 3,5E-04

Lipid (-(-CH2-)n-) (e.g., LDL2/VLDL2) 1.25 m 0,164 2,0E-04 4,6E-04

L-Lysine 1.7 m -0,141 1,4E-03 2,8E-03

Glycoprotein (=CH-CH2-) 2.00 m 0,140 1,5E-03 2,8E-03

Unknown lipid 1 3.65 m 0,136 2,2E-03 3,6E-03

Lipid (alpha-CH2 ) 2.04 m 0,126 4,5E-03 1,7E-02

L-Glutamine 2.12, 2.44 m+m 0,125 4,9E-03 7,4E-03

L-Glutamate 2.12, 2.34 m+m 0,106 1,7E-02 2,4E-02

Unknown lipid 2 4.06 m 0,100 2,4E-02 3,1E-02

Citrate  2.53, 2.67 ABX 0,048 2,8E-01 3,3E-01

Protein 6.00-9.00 m -0,037 4,1E-01 4,6E-01

Creatine 3.03, 3.93 s+s -0,015 7,3E-01 7,7E-01

L-Methionine 2.15, 2.63 t+s 0,010 8,2E-01 8,2E-01

Assignments Observed δ Multiplicity

Maternal Age (MA) Effect

Pearson Correlation



159 
 

Table 15: Statistical analysis on the basis of maternal age (range: 21-47 years); of the 1H-NMR-

detected urine metabolites that were found to significantly change across healthy gestation in 

the longitudinal cohort. Correlation coefficient values (r), statistical significance (P value) (via 

Pearson correlation test) and corrected P values (False Discovery Rate) were calculated. 

Metabolites ordered based on decreased significance. Key: Observed chemical shifts (δ); 

underlined is the peak used for quantification, Multiplicity; s: singlet, d: doublet, t: triplet, m: 

multiplet, ABX pattern.  

 

 

 

 

 

 

r P FDR

Phosphocreatine 3.03, 3.95 s+s -0,21054 6,2E-05 1,2E-03

L-Threonine 1.32, 3.57, 4.26 d+m+m -0,12504 1,9E-02 1,2E-01

3-Hydroxyisovalerate 1.27, 2.4 s+s -0,11907 2,5E-02 1,2E-01

Pyruvate 2,36 s -0,09353 7,9E-02 2,7E-01

Dimethylamine 2,72 s -0,08808 9,7E-02 2,7E-01

L-Asparagine 2.84, 2.94,  4.0 d+d+dd -0,09262 1,1E-01 2,7E-01

L-Carnitine 2.4, 3.22, 4.6 m+s+m -0,09262 1,1E-01 2,7E-01

Citrate 2.52, 2.68 ABX -0,08523 1,1E-01 2,7E-01

Formate 8,46 s -0,06976 1,9E-01 3,3E-01

Glucuronate
3.28, 3.51, 3.58, 

3.73, 4.08, 4.64, 5.24

t+m+dd+m

+d+d+d+d
0,068839 2,0E-01 3,3E-01

Creatinine 3.05, 4.06 s+s -0,0493 3,6E-01 5,4E-01

Adenine 8.19+8.21 s+s -0,04882 3,8E-01 5,4E-01

Sucrose 3.45-4.21, 5.41 m+d -0,04916 4,7E-01 6,2E-01

L-Alanine 1.48, 3.8 d+m 0,031274 5,6E-01 7,0E-01

L-Valine 0.99, 1.03 d+d 0,026175 6,5E-01 7,6E-01

D-Glucose 3.4-4, 5.2 m+d -0,01546 7,7E-01 8,5E-01

Dimethylglycine 2.93, 3.7 s+s 0,012538 8,3E-01 8,5E-01

2-ketoisovalerate 1.1, 3.01 d+m -0,01049 8,5E-01 8,5E-01

Assignents Observed δ Multiplicity

Maternal Age (MA) Effect

Pearson Correlation
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3.3.6.3 INFANT GENDER AND BIRTH WEIGHT EFFECT ON THE MATERNAL 
METABOLOME 

Like maternal age; infant characteristics (i.e., gender, birth weight) also did not appear to 

impact upon the plasma (Appendix, Fig. 74) and urine (Appendix, Fig. 75) maternal 

metabolome using a multivariate approach. Therefore, univariate statistical analysis was 

employed to investigate the influence of infant gender and weight-at-birth upon the 

maternal metabolome and especially on the metabolites that were found to significantly 

shift across healthy gestation in the longitudinal cohort.  

For plasma, when regressed against infant’s birth weight (range: 2.3-5.1 kg) it appeared that 

women that delivered a heavier baby had significantly higher plasma lipids, lipoproteins, 

glycoproteins, PUFA (P< 1∙10-3), glucose (P= 3.9∙10-5) and glutamate (P= 5.8∙10-4), along with 

decreased levels of lysine (P= 0.005). Baby gender had no impact on maternal plasma 

metabolome (Table 16). 

Univariate statistical analysis of the urine data revealed that a heavier baby was associated 

with lower urinary levels of 3-hydroxyisovalerate (P= 0.03), phosphocreatine (P= 0.03), 

pyruvate (P= 0.01) and dimethylamine (P= 0.01).  Unlike plasma metabolome, urine 

metabolome was affected by infant gender, with participants that delivered a male baby 

showing higher excreted levels of 2-ketoisovalerate, 3-hydroxyisovalerate, alanine, 

threonine, pyruvate, citrate, dimethylamine, creatine and phosphocreatine; those that 

delivered a female infant showed higher levels or urinary sucrose (all P< 0.05, adjusted for 

multiple testing) (Table 17).   
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Table 16: Statistical analysis on the basis of infant birth weight (range: 2.3-5.1 kg) of the 1H-

NMR-detected plasma metabolites that were found to change across healthy gestation in the 

longitudinal cohort. Correlation coefficient values (r), statistical significance (P value, calculated 

via Pearson correlation test) and corrected P values (False Discovery Rate; FDR) were 

calculated. Metabolites ordered based on decreased significance. Key: Observed chemical shifts 

(δ); underlined is the peak used for quantification, Multiplicity; s: singlet, d: doublet, t: triplet, m: 

multiplet, ABX pattern.  

 

r P FDR

Choline-related species (-N(CH3)3) 3.21 m 0,20 1,3E-05 3,9E-05

Lipid (beta-CH2) 1.52 m 0,20 1,6E-05 2,8E-04

Lipid (-(-CH2-)n-) (e.g., LDL2/VLDL2) 1.25 m 0,20 1,7E-05 4,6E-04

D-Glucose 3.4-4, 5.23 m+d 0,10 3,9E-05 3,6E-02

Lipid (-CH3-) (e.g., LDL1/VLDL1) 0.85 m 0,19 5,0E-05 3,9E-05

Unsaturated lipid (-CH=CH-) (e.g., poly-UFA) 5.30 m 0,18 8,7E-05 3,9E-05

Glycoprotein (=CH-CH2-) 2.00 m 0,17 2,1E-04 2,8E-03

L-Glutamate 2.12, 2.34 m+m 0,16 5,8E-04 2,4E-02

Lipid (=CH-CH2-CH=) 2.72 m 0,16 7,8E-04 3,9E-05

Cholesterol backbone (-C(18)H3) 0.65 m 0,15 9,40E-04 3,50E-04

Unknown lipid 1 3.65 m 0,15 9,4E-04 3,6E-03

Lipid (alpha-CH2 ) 2.04 m 0,14 2,2E-03 4,1E-02

Unknown lipid 2 4.06 m 0,14 2,4E-03 3,1E-02

L-Lysine 1.7 m -0,13 5,7E-03 2,8E-03

L-Methionine 2.15, 2.63 t+s 0,07 1,1E-01 8,2E-01

Creatine 3.03, 3.93 s+s 0,05 2,7E-01 7,7E-01

Citrate  2.53, 2.67 ABX -0,03 5,6E-01 3,3E-01

L-Glutamine 2.12, 2.44 m+m -0,01 8,1E-01 7,4E-03

Protein 6.00-9.00 m 0,01 8,3E-01 4,6E-01

Pearson CorrelationAssignments Observed δ Multiplicity

Baby Weight (BW) Effect
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Table 17: Statistical analysis on the basis of infant characteristics (gender; male (M)/female (F)); and birth weight (range: 2.3-5.1 kg) of the 1H-

NMR-detected urine metabolites that were found to change across healthy gestation in the longitudinal cohort. Correlation coefficient values (r), 

statistical significance (P value) (via Pearson correlation test for birth weight/student’s t-test for gender) and corrected p values (False Discovery 

Rate) were calculated, along with base-2 log-fold changes between male and female deliveries. Metabolites were sorted based on decreased 

significance following weight-at-birth regression analysis. Key: Observed chemical shifts (δ); underlined is the peak used for quantification, 

Multiplicity; s: singlet, d: doublet, t: triplet, m: multiplet, ABX pattern.  

  

Fold change

r P FDR P FDR Male Female M/F

Pyruvate 2.36 s -0,13 1,1E-02 2,7E-01 3,4E-02 6,9E-02 0,00052 0,00046 0,16

Dimethylamine 2.72 s -0,13 1,2E-02 2,7E-01 1,1E-02 3,0E-02 0,00488 0,00447 0,13

3-Hydroxyisovalerate 1.27, 2.4 s+s -0,11 3,4E-02 1,2E-01 7,5E-03 3,0E-02 0,00165 0,00142 0,21

Phosphocreatine 3.03, 3.95 s+s -0,11 3,7E-02 1,2E-03 6,0E-03 3,0E-02 0,00500 0,00455 0,14

Adenine 8.19+8.21 s+s -0,09 8,9E-02 5,4E-01 1,1E-01 1,6E-01 0,00017 0,00015 0,17

Glucuronate
3.28, 3.51, 3.58, 

3.73, 4.08, 4.64, 5.24

t+m+dd+m+

d+d+d+d
0,09 9,9E-02 3,3E-01 6,0E-02 5,3E-01 0,00029 0,00027 0,10

Creatinine 3.05, 4.06 s+s 0,07 1,6E-01 5,4E-01 1,7E-01 2,2E-01 0,00795 0,00705 0,17

L-Threonine 1.32, 3.57, 4.26 d+m+m -0,07 1,6E-01 1,2E-01 3,8E-02 6,9E-02 0,00276 0,00235 0,23

Formate 8.46 s -0,07 1,8E-01 3,3E-01 1,8E-01 2,2E-01 0,00069 0,00065 0,08

L-Carnitine 2.4, 3.22, 4.6 m+s+m -0,06 2,7E-01 2,7E-01 8,9E-01 8,9E-01 0,00050 0,00049 0,01

Citrate 2.52, 2.68 ABX -0,05 3,2E-01 2,7E-01 1,4E-02 3,5E-02 0,00438 0,00374 0,23

D-Glucose 3.4-4, 5.2 m+d -0,05 3,6E-01 8,5E-01 4,5E-01 5,3E-01 0,00115 0,00129 -0,16

L-Valine 0.99, 1.03 d+d 0,04 4,9E-01 7,6E-01 8,3E-01 8,9E-01 0,00033 0,00033 0,01

L-Alanine 1.48, 3.8 d+m 0,02 7,5E-01 7,0E-01 3,6E-02 6,9E-02 0,00420 0,00341 0,30

2-ketoisovalerate 1.1, 3.01 d+m 0,01 8,3E-01 8,5E-01 9,1E-03 3,0E-02 0,00185 0,00165 0,17

Dimethylglycine 2.93, 3.7 s+s 0,01 8,4E-01 8,5E-01 1,6E-01 2,2E-01 0,00077 0,00070 0,12

L-Asparagine 2.84, 2.94,  4.0 d+d+dd 0,04 8,4E-01 9,5E-01 8,9E-01 8,9E-01 0,00428 0,00424 0,01

Sucrose 3.45-4.21, 5.41 m+d 0,01 9,4E-01 6,2E-01 1,0E-02 3,0E-02 0,00048 0,00067 -0,49

Assignents Observed δ Multiplicity

Baby Weight (BW) Effect Baby Gender  Effect

Pearson Correlation Student t-test Means
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3.4 DISCUSSION 

3.4.1 LONGITUDINAL MATERNAL PLASMA AND URINE METABOLOME 
CHARACTERISTIC OF HEALTHY GESTATION AND COMPARISON WITH CROSS 
SECTIONAL DATA 

In this study the normal plasma and urine metabolic profile was characterised using 1H-NMR 

spectroscopy in paired samples collected longitudinally from the same participants at three 

time points in the early second trimester (12+0-14+6, 15+0-17+6, 19+0-21+6 weeks gestation). 

This gestational age window was chosen as it is a time of major changes in maternal 

physiology and in placental development; factors linked to adverse pregnancy outcome. 

Therefore, it is potentially an ideal window for biomarker discovery. The longitudinal design 

enabled robust metabolic trajectories to be established across this time-window without 

the inter-patient variability that is typically seen in cross-sectional cohort studies, including 

the one presented here, thus allowing more gestational-age dependent detail to be 

uncovered and intrabiofluid correlations to be performed on individual patient matched 

samples.  

Multivariate analysis of the longitudinal plasma data indicated an apparent distinction 

between samples collected at the three time points, with the systemic variation among 

them to be strong enough that there was no need for additional removal of orthogonal 

variation (i.e. OPLS analysis)(Fig. 21). KODAMA analysis confirmed that gestational age was 

the main source of variation and that the most marked changes appeared to occur after 15 

weeks gestational (Fig. 21b). This might serve as a real-time snapshot of the physiological 

changes that occur at around the same time in the maternal plasma. At that time the 2nd 

wave of trophoblast invasion occurs in the myometrium through the remodelling of the 
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spiral arteries that causes multiple particles to shred into the maternal circulation affecting 

multiple signalling pathways along as a result220.  

As expected from a human urine dataset, neither PCA nor KODAMA analysis identified 

obvious gestational age related changes in the urine metabolome (Fig. 22a-b); However PLS 

did show that there is an underlying gestational age-associated metabolic transition. 

Nonetheless, the model was not as robust as its plasma counterpart (Urine: R2Y=0.986, 

Q2Y=0.423, P <0.0001 Versus Plasma: R2Y=0.982, Q2Y=0.78, P <0.0001), probably due to 

urine profile being affected more from inter-patient variability and factors such as diet, 

environment and drug intake that are known to influence urine but not plasma that is under 

tight homeostatic control.  

The dominant metabolic changes seen in plasma across the second trimester of pregnancy 

involved an increase in lipids species over time, a decrease in circulating total protein levels 

(NH resonances, δ 6-9) and an increase in plasma N-acetylated glycoproteins (δ 2.04), citrate 

and choline-related species, findings which are in agreement with previous reports111.The  

decrease in relative protein concentrations noted across gestation can potentially alter the 

unbound plasma concentrations of drugs that are prescribed during gestation and are highly 

protein bound as evidenced by physiologically based pharmacokinetic models3. Associations 

between choline status in the first half of gestation and cognitive development of healthy 

infants have been previously established, showing that significant positive associations were 

found between infant cognitive test scores and maternal plasma free choline at 16 weeks of 

gestation221,222. This  further justifies the increase in choline-related species in maternal 

plasma in early gestation (along with a significant parallel decrease of urinary choline 

metabolites dimethylglycine and dimethylamine) observed both here and elsewhere; that is 
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apparently necessary to achieve uncomplicated foetal neural development and later proper 

cognitive function111,223. Choline is known to participate to vital biological functions with key 

roles in foetal development, such as membrane biogenesis, myelination of nerve axons, cell 

division, tissue expansion, lipid transport and also for the formation of acetylcholine, the 

choline-derived neurotransmitter that is essential for proper organization and function of 

the developing brain during early gestation224,225,226. The increase in plasma N-acetylated 

glycoproteins (i.e. acute phase proteins) levels potentially indicates changes in the levels of 

alpha 1-acid glycoprotein, alpha 1-antitrypsin, C-reactive protein and haptoglobin which 

reflect an altered gestation-related inflammatory status227. Most of the above-mentioned 

acute phase proteins were shown to remain constant with normal pregnancies, and increase 

in pregnancies complicated by inflammation, consisting a systemic reaction during the acute 

phase response to the presence of infection or tissue damage227. Nonetheless, while protein 

levels have been studied during healthy and complicated pregnancy, studies towards the 

glycan species decorating these proteins (i.e., N-acetylated glycoproteins) are limited. 

Nonetheless, since glycoproteins play key roles in both chronic and acute inflammation 

composite assays for inflammatory glycoproteins may improve their clinical applicability228. 

  Inflammation is known to have a critical role in both term and preterm parturition, being 

highly involved in the onset of human labour229,230. Indicatively, during the onset of labour, 

there is a global increase on inflammatory cells (neutrophils, macrophages) in uterine 

tissues, leading to accumulation of proinflammatory factors (cytokines (IL-1β, TNFα)) and 

secondary mediators of inflammation (PGs, IL-8) in myometrium, amnion, cervix and foetal 

membranes231,232. Anti-inflammatory cytokines (e.g., IL-10 in placenta) are simultaneously 

downregulated. Apart from promoting uterine activation during the onset of labour, 

proinflammatory cytokines may also inhibit signalling pathways involved in maintenance of 
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uterine relaxation (e.g., TNFα inhibits cAMP production, leading to inhibition of 

myometrium relaxation)232. Finally, inflammation has been strongly implicated in the 

infection-driven preterm labour, giving rise to the notion that parturition is indeed an 

inflammatory process41,195,233.  

Plasma amino-acids lysine and methionine were found to significantly decrease with 

increasing gestational age, whereas glutamate significantly increased, indicating a 

disarrangement of aminoacid metabolism during gestation, with aminoacids to potentially 

cross the placenta to support the developing foetus2,234. Methionine is also the precursor of 

S-adenosyl methionine (SAM), a crucial methyl donor for many cellular methylations, such 

as DNA and creatine (which was reported here to increase in the second trimester plasma). 

Therefore the methionine decrease indicates a possible up-regulation of SAM levels in 

response to the developmental needs and metabolic changes of early gestation235. 

Glutamate, the building block of glutathione, a known antioxidant236, could potentially 

increase across gestation in an effort to protect the developing foetus from oxidative stress 

which leads to pathologic conditions237. 

In pregnancy maternal lipogenesis is endocrine regulated. Increased estrogen, progesterone 

and insulin lead to hypertriglyceridemia and accumulation of maternal fat stores9,10,238,12.  

Increased lipolytic activity in maternal adipose tissue increases plasma nonesterified fatty 

acids and glycerol, which are re-esterified for triacylglycerol (TAG) synthesis in the liver and 

released into the circulation in VLDL packages239. Enzymes in circulation interact with TAG 

within the lipoprotein and convert the package from VLDL to smaller, denser IDL and 

ultimately LDL, which are especially high in cholesterol compared to the other members of 

the lipoprotein particle family. The foetal demand for cholesterol early in gestation is high 



167 
 

since cholesterol is actively taken up and used for cell membranes construction, cell 

proliferation and differentiation and synthesis of bile acids and steroid hormones239. PUFA 

have also serious implications in foetal development since they are precursors of 

eicosanoids, act as energy source and maintain membranes fluidity239. Previous NMR and 

MS based studies have shown persistent increase in the maternal prevalence of low and 

very-low-density lipoproteins, cholesterol, glyceroproteins, fatty acids and triglycerides from 

early first trimester onwards, being in agreement with the observations made in this 

chapter10,111,240,241. 

Correlations between the gestational age and urine spectral intensities showed that the 

major contributors to this transition from first to second trimester are aminoacids, their 

degradation products, along with glucose and creatifnine (Fig. 22d). In total 18 metabolites 

showed significant urine changes across gestation as indicated by calculation of the AUC and 

univariate statistical analysis, involving a significant increase in glucose, 2-ketoisovalerate, 

and sucrose and a decrease in creatinine, citrate, carnitine and pyruvate (Table 4). 

Pregnancy is known to associated with an increase in gluconeogenesis, with glucose being 

the primary energy source of fetoplacental tissues, readily crossing the placenta during 

gestation and essential for normal foetal metabolism and growth2,18,15. This study didn’t 

confirm a statistically significant shift in circulating glucose, nonetheless, augmented 

gluconeogenesis along with a simultanxeous increase in the glomerular filtration rate is 

known to cause an overwhelming glucose load to be delivered to the renal tubules during 

early pregnancy. The data presented in this chapter did confirm the increased glucose 

excretion (glycosuria) that follows as a result1613. 
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 The decrease in excreted creatinine, along with the associated increase in circulating 

creatine seen across the early second trimester were possibly also associated to the 

gestation-related haemodilution resulting from the 30-50% plasma volume expansion due 

to parturition and to the subsequent physiologic rise in GFR (50%)242,243.  

Carnitine, an essential compound required for fatty acid oxidation and subsequent 

generation of acetyl-CoA moeities that supplement the TCA cycle for energy generation, has 

been previously seen to also decrease during gestation, both in plasma and urine 

108,110,244,223. Therefore, the decrease in the levels of urinary carnitine observed here may 

indicate increasing rates of acetyl-CoA demand and TCA cycle activity possibly associated 

with early gestation that potentially contributes to a depletion of carnitine levels. Another 

association with a shift in the energy metabolism is indicated by the significant decrease in 

excreted citrate, a TCA cycle intermediate, and a concomitant increase of its circulating 

counterpart in mid-2nd trimester.  

This study also confirmed the selective aminoaciduria that is known to accompany human 

pregnancy. Indicatively the excretion of threonine, alanine and asparagine appeared to 

increase in mid-2nd trimester, whereas the opposite trend was observed only for valine. 

These observations are in agreement with earlier reports confirming pregnancy-related 

selective aminoaciduria13,108,111 which, along with the hypo-aminoacidaemia observed in the 

maternal plasma is a phenomenon possibly attributed to partial failure of normal re-

absorption mechanisms during pregnancy13. Certain differences between the data reported 

here and previous reports are expected due to different analytical aspects charactering each 

human study and the inter-patient variability that was shown here to affect the urine 

metabolome108,111. Specifically, previous cross-sectional studies have shown a urine 
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decrease of taurine and a simultaneous increase of glycine from the 1st to the 2nd T which 

weren’t noticed in our study108,111. Additionally, previous cross-sectional plasma studies111 

indicated an increase in maternal alanine, tyrosine and a decrease in circulating lactate that 

were also not observed here, possibly due to longitudinal design of our study and to the fact 

that I have also corrected for multiple testing making this analysis more stringent. 

Collectively these results (hyperlipidemia, hypertriglyceridemia, increase in plasma 

glycoproteins and glycosuria) further reinforce the observation that metabolic changes 

occurring during gestation highly resemble a metabolic, pro-inflammatory, syndrome that is 

most driven by the maternal immune-system and a plethora of host-microbial interactions 

which are known to develop across pregnancy and especially in the third trimester245.  I 

therefore suggest that a gestation-related inflammatory phenotype potentially develops as 

early as the end of the first trimester during pregnancy.  

In this chapter the metabolic changes seen in the longitudinal pregnant cohort were 

compared with a cross-sectional dataset and it was shown that maternal urine metabolome 

was influenced by inter-patient variability to a greater extent compared to the plasma 

metabolome, possibly due to homeostatic regulation that keeps plasma metabolic variation 

tightly controlled, even during pregnancy.  In detail, only three metabolites lost statistical 

significance in the cross-sectional data, whereas ten metabolites lost significance when 

assessing changes in the urine metabolome for the cross-sectional cohort. These results 

should put previous cross-sectional studies of the urine maternal metabolome into 

perspective due the between-individual metabolic disparity that has been shown here to 

significantly affect urinary variation across gestation108,109. 
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 Multivariate analysis (PLS) of the cross-sectional data also showed plasma to be more 

robust, in terms of prediction accuracy (Q2 Y) compared to urine (Fig. 25).  It was also proved 

here that the strength of the enriched longitudinal dataset is necessary in order to create 

more successful model. Therefore a longitudinal design should be followed for pregnancy-

related metabonomic studies; especially the studies involving urinalysis since the excreted 

maternal metabolome is significantly affected by the variation between different 

participants.  

3.4.2 COMPREHENSIVE CHARACTERISATION OF LIPOPROTEIN METABOLISM VIA 
LIPOFIT GMBH PLATFORM 

Since lipid metabolism showed the largest gestation-associated variation, additional 

lipoproteins sub-fraction distribution analysis was carried using the Bruker B.I.-LISA 

platform, where each plasma 1D spectrum was decomposed into a set of 105 quantifiable 

lipoprotein subclasses belonging to classes ranging from VLDL, IDL, LDL and HDL of different 

density characteristics.  Notably, 90.4% of the total number of the quantified lipoproteins 

was shown to significantly increase in the second trimester demonstrating the crucial role of 

these compounds as essential energy reserves during the healthy uncomplicated pregnancy 

journey. Following calculation of the fold changes across gestation of the representative 

lipid classes; IDL, the main product of VLDL triglyceride enzymatic hydrolysis, followed by 

VLDL-1, the least dense among all VLDL subfractions, showed the greatest gestational-age 

related changes from time point A to C.  By applying stepwise logistic regression analysis to 

the B.I.-LISA lipid panel, automatic model selection occurred and 38 lipoproteins resulted, 

capable of differentiating between late 1st and mid-2nd trimester maternal plasma lipid 

levels. ROC analysis was further employed to assess the diagnostic capability and prediction 

accuracy of the panel of those 38 lipid compounds. This panel was proved to be clinically 
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suitable in terms accuracy, AUC and 95% confidence interval for monitoring the gestational 

age advancement during healthy pregnancy. Once again, this observation adds to the 

clinical importance of the extensive alterations in lipid metabolism taking place in the 

second trimester of pregnancy.  

To my knowledge, no other gestation related metabolic study has yet characterized the 

dynamics of human metabolome and lipidome of a longitudinal patient cohort in a more 

detailed manner during the sensitive time window of 12-22 gestational weeks than has been 

achieved here using the Bruker IVDr Lipoprotein Subclass Analysis technology. 

3.4.3 CORRELATION STUDIES BETWEEN PLASMA AND URINE MATERNAL BIOFLUIDS 
SHED MORE LIGHT IN THE MATERNAL PHYSIOLOGY, HOMEOSTASIS AND KIDNEY 
FUNCTION DURING EARLY HEALTHY GESTATION   

Correlations between the metabolites that change significantly in either plasma and/or 

urine were computed for all three time points using 100% matched longitudinal plasma and 

urine samples to provide additional insight on the inter-relationships between blood 

metabolic homeostasis and kidney function during early pregnancy. From the literature, I 

found only one other study that attempted to perform similar correlations employing cross-

sectional samples of small, partially overlapped plasma and urine cohorts111. The most 

striking correlations between plasma and urine were seen at time point A (late first 

trimester), where positive correlations were observed between the plasma lipid panel 

components and the urinary glucuronate, valine and 2-ketoisovalerate (a degradation 

product of valine), and negative correlations were observed between circulating lipids and 

urinary sucrose, formate, dimethylamine and carnitine (Fig.5). The positive correlation 

between urinary 2-ketoisovalerate and circulating lipid subfractions, partially confirmed 

previous research claiming that increased amounts of individual branched-chain alpha-keto-
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acids depend on the concentration of lipids in the serum of hyperlipidaemic participants246. 

Correlations between the two biofluids faded later on, at time points B and C, suggesting a 

possible shift in the maternal metabolome at time point B that is also in agreement with our 

plasma KODAMA analysis previously presented (Fig. 21b). 

Not surprisingly, additional intra-biofluid correlations (plasma/plasma) analysis indicated 

significant positive correlations between all plasma lipid signals which are especially strong 

at A time point and partially fade away at B and C, indicating again a shift in lipid 

metabolism after 15 weeks gestational. Urine intra-biofluid correlations indicated a negative 

correlation to exist between excreted glucose and glucuronate, which was to be expected 

since glucose is a precursor for glucuronate synthesis, further supporting the evidence that 

healthy pregnancy is accompanied by increased glycosuria.  

3.4.4  METABOLIC PATHWAYS MOSTLY AFFECTED DURING THE UNCOMPLICATED 
EARLY GESTATION AND THEIR ROLE IN ENERGY PRODUCTION AND FOETAL 
DEVELOPMENT ACROSS GESTATION 

Current analytical technologies can produce a tremendous amount of data that allow the 

scientific community to obtain a systemic level of understanding of either physiological or 

pathological processes. Nonetheless, systematic statistical analysis is necessary to explore 

this data and establish subsequent linkage to biological networks and metabolic pathways 

to facilitate interpretation by non-scientists. Pathway analysis is able to provide information 

on a system/host as a whole and better represent the biochemical complexity of any given 

pathology.  

In the current study, pathway analysis of the discriminatory metabolites aimed to identify 

the pathways that have been significantly altered across gestation and also to contextualise 
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the abundances and significances of the measured metabolites into network visualizations. 

Firstly, pathway analysis via Metaboanalyst software indicated glycerophospholipid 

metabolism, primary bile acids biosynthesis, aminoacetyl-tRNA biosynthesis along with 

several aminoacids metabolism pathways and TCA cycle expression to be among the most 

relevant plasma biochemical pathways, mostly affected by gestation progression from 1st to 

2nd T. Additional urine data, indicated pyruvate metabolism, TCA cycle expression, 

glycolysis/glyconeogenesis and starch and sucrose metabolism to also be affected by 

pregnancy progression.  

Overall, it was not surprising that early gestation was characterised by perturbations in 

aminoacids, carbohydrates, glycerolipids and energy metabolism; since these 

manifestations have been indicated before as the most impactful upon the maternal plasma 

and urine metabolome during early gestation.   

Additional IPA-based analysis revealed complementary information suggesting that healthy 

pregnancy is mostly associated with alteration in functions related to endocrine system 

adaptation (e.g., glucose intolerance), increased molecular transport, alterations in lipid, 

amino-acids and carbohydrate metabolism, alterations in small molecule biochemistry, 

energy production, cell/organismal survival and cellular growth and proliferation. 

Therefore, pathway analysis further complemented the metabolic manifestations previously 

described via multivariate and univariate statistical analysis, supplementing the metabolic 

deviations that set the basis for the establishment of a control metabolic trajectory of the 

uncomplicated pregnancy journey.  



174 
 

3.4.5 IMPACT OF MATERNAL AND FOETAL CONFOUNDING CHARACTERISTICS UPON 
THE MATERNAL METABOLOME DURING EARLY GESTATION.  

Prior to establishing the metabolic trajectory of healthy pregnancy manifestations, the 

possibility that some of the discriminating metabolites may reflect confounding factors such 

as maternal ethnic background (along with accompanying differences in the genetic 

repository, diet, microbiota etc.) rather than the direct aetiology of the biological question 

of interest must be considered. 

Despite the fact the gestational age seemed to be the main source of variance in our 

longitudinal plasma and urine datasets, a major variability has been shown to exist in both 

datasets, with only 26.7% and 15.9% of the variance to be explained in the first two 

principal components in plasma (Fig.21a) and urine (Fig.22a) PCA plots respectively. This 

indicates that factors other than gestational age play a significant role in the total variance 

in the dataset. Therefore, the effect of maternal ethnicity and age, baby gender and infant 

birth weight upon the maternal plasma and urine metabolome was investigated in the 

cross-sectional cohort. 

Maternal ethnicity was shown to have the greatest effect upon the maternal metabolome 

compared to the other confounders, as indicated by both multivariate (Fig. 31) and 

univariate analysis (Tables 12-13). Nonetheless, the resultant PLS models were not 

particularly robust indicating that pregnancy itself is a bigger driver of metabolic variation 

than maternal ethnicity. However, since low numbers of Asians and British African-

Caribbean participants exist in our cross-sectional cohort, compared to Caucasians, the 

analysis for ethnicity related changes was not well powered and can compromise 

multivariate analysis (Table 2). Previous research has also indicated that only a subtle 



175 
 

impact of the ethnic background exists upon the maternal urine metabolome across 

gestation99.  

In this study, the most significant ethnic-related metabolic deviation concerned the majority 

of plasma lipid-subfractions, PUFA and glycoproteins that were significantly increased in 

Asians compared to the other two ethic groups. This might be attributed to an increase in 

Asian dietary fat intake from 10% of total energy intake per capita/per day to 25% in the 

recent years. This has also increased their risk for metabolic and cardiovascular 

disease247,248,249.  Regarding British African-Caribbean population, they manifested increased 

plasma protein levels and creatine, which was expected due to this population possessing 

higher lean muscle mass250. Finally, Caucasians showed increased plasma choline 

metabolites and methionine, which potentially reflects a lower placental transfer of these 

building blocks or most probably reflects dietary origin, confirming this ethnic group’s 

increased tendency of supplements intake during early pregnancy. Regarding urine 

metabonomic differences between the ethnic groups, British African-Caribbean population 

showed a well-documented increase in GFR that caused a subsequent increase of all the 

measured metabolites compared to the rest of the ethnic groups251. 

Older participants and participants that delivered a heavier baby also showed significantly 

higher levels of plasma lipid subfractions, PUFA and pro-inflammatory glycoproteins. This is 

consistent with the known associations between increased maternal age (≥35 years) and 

parity and pregnancy complications including gestational diabetes and infant macrosomia, 

and suggests that the underlying mechanisms responsible for these pathologies develop 

early in pregnancy114,252. 
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Therefore, it is now evident that there is a considerate impact of maternal ethnicity, 

maternal age and infant gender and birth-weight upon the metabolic trajectory of early 

gestation. These results also indicate that 1H NMR metabolic profiling is a sensitive analytical 

tool able to capture underlying variation associated with factors other than gestational age 

that play a significant role in the pregnancy-related variance. Future metabonomic studies 

that aim to investigate the maternal metabolome at any time during gestation ought to take 

these observations into consideration and ensure that the discriminating metabolites do not 

reflect variation due to confounding factors. 

3.5 CONCLUSIONS 

In conclusion, this study reveals a detailed, longitudinal characterisation of the maternal 

plasma and urine metabolomes during the early second trimester of pregnancy, a time-

point of pregnancy conducive to timely stratification and clinical intervention.  It has been 

shown that this is a time-window of major metabolic adaptation towards a hyperlipidemic, 

pro-inflammatory phenotype, also associated with a shift in energy, amino-acid and creatine 

metabolism to support maternal and foetal needs. Correlations of matched biofluids were 

also calculated here using, for the first time to my knowledge, longitudinally collected 100% 

matched plasma and urine data. It was shown that a small but significant component of the 

pregnancy-related metabolic progression was based upon maternal ethnicity and age and 

infants gender and weight at birth and therefore the effect of confounding factors should be 

taken into account in future metabonomic studies. These results in particular, highlight the 

importance of longitudinally collected data in order to remove confounding inter-patient 

biological variability that especially affects urine analysis. 
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This information may permit monitoring and stratification of pregnant cohorts and facilitate 

informed, objective targeted clinical intervention. Women at risk for pathological 

pregnancies, with metabolic phenotypes that deviate away from the healthy metabolic 

trajectories could therefore be timely identified and stratified to high-risk groups, being 

offered appropriate medical attention.  
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CHAPTER 4: 1H-NMR-BASED PROFILING APPROACH TO EXPLORE 
EARLY PLASMA AND URINE METABOLIC PHENOTYPIC 
DIVERSITY AND THEIR ASSOCIATION WITH PRETERM DELIVERY 
AND CERVICAL LENGTH.  

4.1 INTRODUCTION 

Characterisation of molecular interactions taking place in the early second trimester of 

pregnancy in healthy women, as explored in chapter 3, is a fundamental basis to identify 

alterations specific to pre-term pregnancies. 

Preterm birth (PTB), infants delivered before 37 weeks of gestation, represents one of the 

most critical issues in obstetric practice in the developed world25. Preterm birth is stratified 

into late preterm (32-36 weeks), very preterm (28-31 weeks) and extremely preterm (<28 

weeks); this retrospective classification is important for neonatal prognosis253,254. 

Depending on the population, the rate of preterm birth in Europe and other developed 

countries ranges between 5-9% of all deliveries26. This leading cause of perinatal mortality in 

children under five years of age can cause severe morbidity  and major complications later in 

a children’s life (having increased risk of brain damage, cerebral palsy, autism, learning 

difficulties, vision impairment, lung damage, necrotizing enterocolitis)27. Recent advances in 

neonatal intensive care, including a plethora of clinical invasive (e.g. amniocentesis, 

cordocentesis) and non-invasive (routine ultrasound) procedures, have resulted in survival 

and handicap rates in babies born after 32 weeks (i.e. late preterm delivery, 8% of all births) 

reaching similar levels to those for babies born at term. Yet, late preterm newborns are still 

at increased risk for respiratory distress, apnea, jaundice, temperature instability, 

hypoglycaemia and feeding difficulty compared with term neonates255. On the other hand, 

since morbidity is inversely related to gestational age, complications for babies born very 
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prematurely (<32 gestational weeks, 1-2% of all births) (e.g. immature organs, lung & brain 

damage, cerebral palsy, cognitive impairments256) are more serious compared to near-term 

babies and represent the main contributor to current death and handicap rates 257,258. 

Ultimately, the most severe PTB-associated complications mainly occur in the 0.4% of babies 

born before 28 weeks’ gestation.  

Preterm labour is a condition encompassing numerous phenotypes and aetiologies. 

Nonetheless, this variety of phenotypes share the main obstetric precursors leading to 

preterm birth, which are: (1) indicated or iatrogenic preterm delivery provoked by maternal 

or foetal indications such as intrauterine growth restriction (IUGR) and preeclampsia (PE) or 

(2) spontaneous preterm labour (sPTL), a syndrome that includes both preterm premature 

rupture of the foetal membranes (PPROM) and spontaneous preterm labour with intact 

membranes. This syndrome can result from several different causes, including:  infection, 

inflammation, haemorrhage, vascular disease or uterine overdistension due to multiple 

pregnancies. It is  also thought that there is a genetic influence, therefore women with a 

previous history of preterm birth are 15% to more than 50% more likely to undergo preterm 

birth in later pregnancies and should be  closely monitored throughout their pregnancy26, 

31,32,253. Approximately 25% of all preterm deliveries are medically induced and the rest are 

spontaneous (60% due to spontaneous preterm labour with intact membranes & 40% due to 

PPROM) in nature31. 

Despite the fact that advancements in neonatal medicine have improved survival outcomes; 

the rate of preterm birth is still rising in many countries.  

Currently, diagnosis and treatment of preterm labour and birth are limited to specific 

inflammatory or biochemical markers of risk in cervicovaginal secretions (e.g. foetal 
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fibronectin between 20 and 34 weeks as marker of choriodecidual disruption), amniotic 

fluid and maternal plasma; and ultrasound measurement of cervical length46,47,259. 

Specifically, a cervical length in the mid trimester (16–24 weeks) of less than 25 mm is 

associated with a 18% risk of preterm birth (<35 weeks) in low-risk singleton gestations, and 

a greater than 50% risk of preterm birth in a woman with a prior preterm birth260,261. 

However, these screening procedures, in addition to their invasiveness, are also expensive, 

which therefore prohibits their application as screening tools for the wider pregnant 

population262.  

We are therefore in need for a set of prognostic or diagnostic biomarkers of cervical 

shortening and/or preterm delivery through metabolic profiling. For any biomarker to have 

clinical relevance, they should have predictive power as early as possible in the pregnancy to 

allow effective intervention. Since most women present for routine antenatal care at the 

end of the first trimester of pregnancy, the ideal window for biomarker discovery and 

potential intervention lies between the late-first to the mid-second trimester of pregnancy 

(12 to 20 weeks gestation). During this time, maternal metabolism undergoes extensive 

changes in lipid storage, amino-acid and glucose metabolism to facilitate foetal 

development and maternal energy needs. This time period also corresponds to key stages of 

placentation which occurs in two broad waves18,19. It should be noted that defective 

placentation is strongly linked to adverse pregnancy outcomes including PTD, foetal growth 

restriction, PE  and foetal loss205,206.  

Recently, metabolic profiling has been widely used as a tool for the characterisation and 

prediction of pregnancy complications, such as preterm birth92,23,95,preeclampsia104,120, 

203,204, gestational diabetes95,99,115 and intrauterine growth restriction23,95. These studies 
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reported maternal urinary alterations in lipid peroxidation, urea cycle, tricarboxylic acid 

(TCA) cycle and in the metabolism of aminoacids and choline to precede spontaneous 

preterm birth 92,95.  Induced preterm birth was also found to be associated with increased 

maternal urinary pro-inflammatory N-acetylglycoprotein levels23. Additional plasma 

metabolic studies provided complementary information, showing a disruption in lipid 

metabolism and nutrient transfer towards the foetus to precede preterm delivery12. 

Another recent study showed that when germ-free mice were transplanted with the fecal 

microbiome from 3rd trimester of pregnancy, they developed insulin resistance and greater 

adiposity compared to 1st trimester245. This indicates that the pregnancy-related gut 

microbiota composition could influence gestational metabolic homeostasis and potentially 

pregnancy outcomes245. 

The present chapter explores profiles of women delivering preterm babies and profiles of 

those experiencing cervical shortening at the early second trimester of pregnancy. 

The first part will focus on characterizing the early second-trimester maternal plasma and 

urine from a cohort of patients who went onto have a cervical shortening and/or PTD using 

a 1H-NMR-based metabolic approach. Maternal lipid changes in relation to the length of 

gestation were further explored using the proprietary Bruker platform B.I.-LISA (Bruker IVDr 

Lipoprotein Subclass Analysis, Regensburg, Germany)129. 

The second part will explore the prognostic power of prematurity phenotypes. Finally 

correlation heat-maps were computed using matched plasma and urine samples from 

women that delivered preterm. These correlation maps were compared against the ones 

established using biofluids from patients with uncomplicated pregnancies (previously 

reported in this thesis, chapter 3) in order to obtain a broader overview at the systems level.  
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Finally the chapter will be concluded by a discussion of the pathophysiological modifications 

that potentially precede cervical shortening and/or preterm delivery and their impact on 

altering the maternal plasma and urine metabolome in the second trimester. The 

contribution of metabolic profiling towards establishing measurable metabolic biomarkers 

in maternal biofluids that could act as reliable predictors and also reflect underlying 

aetiology of preterm birth is highlighted in this chapter. 

4.2 MATERIALS AND METHODS 

4.2.1 PATIENT RECRUITMENT AND SAMPLE COLLECTION 

This study was conducted following NHS Health Research Authority National Research Ethics 

Service (NRES) Committee Approval (REC 11/H0311/6). Healthy pregnant women of mixed 

ethnic backgrounds with an uncomplicated singleton pregnancy were recruited to the study 

at booking of their antenatal care. Following informed consent, blood and urine samples 

were collected at three time points; between 12+0-14+6, 15+0-17+6, 19+0-21+6 weeks gestation 

(time point A, B & C respectively). These samples were taken under non-fasting conditions 

due to medical and ethical restrictions in limiting pregnant patients’ diet.  

Exclusion criteria included women with a multiple pregnancy, those declining participation, 

HIV positive women and any women under 18 yrs of age. Ethnicity was self-reported as 

White (European ancestry), British African-Caribbean (African or African-Caribbean 

ancestry) or Asian (Pakistani, Indian, Bangladeshi or Sri Lankan ancestry). At the end of the 

pregnancy, the samples were classified into: (a) controls; healthy term pregnancies (n=581 

for plasma, n=381 for urine); and (b) preterm deliveries; delivery before 37 weeks (n=117 

for plasma, n=66 for urine).  In addition, the preterm cohort was divided into the following 

groups: late preterm (LP) deliveries (i.e. delivery between 32+0-36+6 weeks), very preterm 
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(VP) deliveries (i.e. delivery between 28+0-31+6 weeks) and extremely preterm (EP) deliveries 

(i.e. delivery before 28+0 weeks). Clinical information concerning cervical shortening (cervical 

length <25mm) was also obtained following ultrasound examination at the three available 

sampling time points (A, B, C). Patient demographics are presented in Table 18. Table 19 

shows the number of patients that required cervical stitches (cerclage) as an emergency or 

routine treatment, either due to development of cervical shortening early in gestation or 

due to increased risk of experiencing history-indicated cervical ripening. It’s worth noting 

that in our cohort 79.6% of women that received a cerclage went on to deliver a full term 

baby. 

Table 18: Demographic and clinical characteristics of participants that experienced i) healthy, 

uncomplicated pregnancies with a term birth outcome (delivery≥ 37 weeks); ii) preterm outcome 

(delivery <37 gestational weeks; number of samples per prematurity subcategory is also indicated) 

and iii) cervical incompetence/ shortening with either a term or preterm outcome; Key: LP=Late 

Preterm (32+0-36+6 weeks), VP=Very Preterm (28+0-31+6 weeks), EP=Extremely Preterm (<28+0 weeks), 

% represents the breakdown of the different ethnicities among the studied cohort.  

 

Clinical Parameters

Plasma Samples/Patient, n

Urine Samples/Patient, n

Timepoints breakdown Plasma Urine

Plasma                         

(number of samples per 

sub-category) 

Urine                  

(number of samples 

per sub-category) 

Plasma Urine

A=12
+0

-14
+6 

weeks 165 110 38 (23LP, 3VP, 12 EP) 19 (10LP, 2VP, 7 EP) 61 30

B=15
+0

-17
+6

 weeks 206 134 45  (31LP, 3VP, 11 EP) 24 (15LP, 4VP, 5 EP) 66 35

C=19
+0

-21
+6

 weeks 210 137 34 (25LP, 1VP, 8 EP) 23 (15LP, 2VP, 6 EP) 68 37

Maternal Ethnicity

Asians, n (%) 25 (8.8%) 22 (11.6%) 6 (8.8%) 5 (11.7%) 13 (13.8 %) 10 (20.8 %)

Blacks, n (%) 42 (14.7%) 31 (16.6%) 20 (17%) 13 (18.7%) 28 (29.8 %) 14 (29.2%)

Caucasians, n (%) 180 (63.1%) 104 (55.6%) 29 (60.7%) 12 (54.8%) 46 (49 %) 19 (39.6 %)

Other, n (%) 27 (9.5%) 19 (10.2%) 1 (7.7%) 0 (7.8%) 6(6.4 %) 4 (8.4 %)

Unknown, n (%) 11 (3.9%) 11 (6%) 4 (5.8%) 3 (7%) 1 (1 %) 1 (2 %)

Maternal Age, mean±SD 34.3 ±4.7 34.6 ± 4.9  34.5 ±4.8 33.9 ± 4.9  34.5 ±4.4 34.75 ± 4.6 

Cervical shortening 

Cohort

191/94 

102/48

Term Outcomes Cohort

581/285

381/187

Preterm Outcomes Cohort

117/60

66/33
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Table 19: List of participants who experienced cervical shortening during early second 

trimester and required an intervention that included pre-conceptual, history-indicated or 

ultrasound-indicated cerclage at three time points; 12+0-14+6, 15+0-17+6 or 19+0-21+6 week. 

 

 

4.2.2 SAMPLE PREPARATION FOR 1H-NMR ANALYSIS 

Urine and plasma samples were prepared for 1H-NMR spectroscopic analysis as described in 

the Materials and Methods chapter (Sections 2.4.1 & 2.4.2). 

4.2.3 ACQUISITION AND PRE-PROCESSING OF 1H-NMR SPECTRA 

Proton (1H) NMR spectra for all plasma and urine samples were acquired using a Bruker 

Avance III 600 spectrometer and pre-processed as described in the Materials and Methods 

chapter (section 2.4.3). For plasma samples, two mono-dimensional experiments using 

presaturation on the water signal  (general profile & CPMG; to attenuate the 

macromolecules signals) were acquired in automation using the standard pulse sequences 

previously described148, whereas for urine samples a general profile one-dimensional water 

pre-saturation pulse sequence  was acquired in automation. In addition to the 1D spectra, J-

res spectra were acquired for both biofluids to gain additional structural information. Please 

refer to references for specific details of the gradients used for this analysis136.  

Clinical Parameters

Plasma Samples/Patient, n

Urine Samples/Patient, n

Timing of Cerclage 

Placement  
Plasma Urine

Pre-conceptual (pre-A) 4 2

A=12+0-14+6 weeks 43 29

B=15+0-17+6 weeks 26 14

C=19+0-21+6 weeks 33 17

Subjects experiencing 

cervical shortening

191/94 

102/48
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4.2.4 ANALYSIS OF 1H-NMR PLASMA SPECTRA VIA THE BRUKER IVDR LIPOPROTEIN 
SUBCLASS ANALYSIS PLATFORM 

Standard 1D spectra collected from all plasma samples were further analysed using the 

Bruker B.I.-LISA (Bruker IVDr Lipoprotein Subclass Analysis) platform to enable 

quantification of cholesterol, free cholesterol, phospholipids, triglycerides, apolipoproteins 

A1, A2, B and LDL-particle numbers for the primary plasma and serum lipoproteins and their 

subclasses129. B.I.-LISA thereby provides quantitative information on 105 lipoprotein 

subfractions belonging to classes ranging from Very Low-, Intermediate-, Low-, and finally 

High-Density Lipoproteins (VLDL, IDL, LDL, HDL), which have a precursor-product 

relationship described by the VLDL----IDL----LDL cascade. For further details, please refer to 

the Materials and Methods chapter (section 2.4.4).  

In this study, the median values of the major lipid classes (VLDL, IDL, LDL, HDL) and their 

density sub-fractions (1---6; with 1 representing the lowest density/highest cholesteryl-

ester/protein ratio) between the different outcome phenotypes (term, late preterm, very 

preterm classes) were calculated using plasma samples collected at A, B and C time points, 

and their statistical significance, corrected for multiple testing (FDR) was calculated. A panel 

of twelve major lipid sub-fractions was shown to significantly differentiate (P<0.05) term 

from preterm deliveries and was therefore tested as a predictive tool of gestational age at 

delivery, comparing i) term versus late preterm deliveries and  ii) term versus very preterm 

deliveries. Area under the curve (AUC) of receiver operating characteristic (ROC) curve 

analysis was applied to evaluate the diagnostic capability of this panel of lipid biomarkers.  
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4.2.5 CHEMOMETRIC ANALYSIS OF PLASMA AND URINE 1H-NMR DATA 

4.2.5.1 CENTERING, SCALING OF THE DATA AND METABOLITES IDENTIFICATION 

Following initial pre-processing (for details refer to chapter 2.4.3) that included correction 

for phase and baseline distortions, spectral regions excision, alignment and normalisation 

(only for urine data); data were imported in R software for further analysis.  

Prior to multivariate analysis, data were mean-centered and scaled to unit variance (UV). 

Following data pre-processing and visual inspection, three plasma and five urine spectra 

were identified as outliers in unsupervised principal components analysis (PCA), due to the 

presence of high intensity ethanol resonances. These spectra were excluded from further 

analysis.  

Discriminant metabolic features, responsible for the classes separation in the developed 

models,  were quantified by peak integration and area under the curve (AUC) 

determination, using an algorithm developed in-house by Dr S. Cacciatore (unpublished) 

that relies on a Voigt function (R software) to estimate peak positions using a combination 

of Gaussian and Lorentzian line-shapes. An in-house algorithm was also applied to recover 

metabolites present within the signal envelope containing the broad urea resonance (δ 

5.50-6.10) in urine spectra (unpublished). Urinary protein concentration was calculated 

using the broad NH signal of urea at δ 6-9 that reflects total protein concentration as 

previously described in the literature208. The metabolic annotation of the significant 

metabolites was performed using Amix v.3.0.14, a metabolic profiling database 

(BBIOREFCODE), an in-house database and other public databases, as well as available 

literature209,210,211. Statistical total correlation spectroscopy (STOCSY) and subset 

optimization by reference matching (STORM)  were performed in Matlab (v.2014a) to 
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support peak assignments and identification of positive correlations of signals that belong to 

the same spin system186, 188. In addition 2D NMR spectroscopy was performed on selected 

samples using 600.13 MHz DRX Bruker NMR spectrometer using homonuclear (1H-1H COSY 

and 1H-1H TOCSY) and heteronuclear (1H-1C HSQC) coupling experiments to unequivocally 

identify candidate biomarkers.  

For more information regarding the above-mentioned techniques please refer to the 

Materials and Methods chapter (2.7.1 & 2.8.1).  

4.2.5.2 MULTIVARIATE AND UNIVARIATE STATISTICAL ANALYSIS 

Multivariate analysis of NMR data was initially performed on each dataset using PCA to 

assess variance of sample biochemistry in the datasets212. The knowledge discovery by 

accuracy maximisation (KODAMA) algorithm was then employed (for urine only) to facilitate 

identification of clustering patterns descriptive of underlying metabolic phenotypes in the 

cohorts182. This approach offered the advantage, of additional validation through 

maximisation of integrated cross-validation accuracy compared to other feature extraction, 

methods (i.e., most other unsupervised methods). Here k-nearest neighbours (kNN) was 

used as a classifier for a test set from a training set in order to calculate the cross-validated 

accuracy of class assignments213.  Kaplan-Meyer plots segregated for gestational age at 

delivery, along with Cox proportional hazard analysis followed to facilitate identification of 

the hazard ratio (HR) that exists among the KODAMA-based urine preterm phenotypes. 

Regression of metabolic profiles against the gestational age at delivery was also performed 

using partial least-squares analysis (PLS)180,214,263. PLS-discriminant-analysis (PLS-DA) was 

used to assess differences in metabolic profiles associated with cervical shortening. The 

respective OPLS (OPLS-DA) models were constructed using unit-variance scaled and mean 
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centered NMR data as the descriptor matrix and class information (i.e., cervical shortening 

during the  studied time-window) as the response variable185. The resultant discriminant 

metabolic features were subsequently quantified in the raw spectra (as described above) 

and univariate statistical analysis was performed on the integral values using R software. 

Metabolic differences between outcome phenotypes (term versus preterm deliveries; 

cervical shortening versus non-cervical shortening) at the three sampling time points were 

assessed using Student’s t-test (2-tailed, assuming unequal variance) and corrected for 

multiple testing (i.e., FDR). FDRs were calculated using Storey’s q conversion algorithm 

which offers the advantage of better estimate in large dataset189. 

Correlations between metabolites previously shown to change significantly in either plasma 

and/or urine across normal gestations (Chapter 3) were also calculated for participants that 

delivered preterm in order to further compare the term and preterm cohorts and obtain a 

broader overview at a systems-level. Matched plasma and urine samples were used to 

construct the first set of correlation heatmaps (Pearson’s product moment correlation 

analysis (r); R software). Correlations between plasma and urine preterm samples were 

reported at all three sampling time points (A=12+0-14+6 weeks, B=15+0-17+6 weeks and 

C=19+0-21+6 weeks) to investigate for consistency or significant perturbation in the 

correlation network as pregnancy progresses a) within the preterm cohort and b) in 

comparison to the term cohort.  Additionally, a second set of intra-biofluid correlations 

(plasma-plasma and urine-urine) were also calculated at each time point for preterm plasma 

samples, and combining all time points for preterm urine samples (due to limited sample 

size).  A significance threshold of P<0.05 was applied. 
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4.3 RESULTS 

4.3.1 1H-NMR SPECTROSCOPY OF PLASMA AND URINE FROM PATIENTS WITH 
PRETERM OUTCOMES 

Figure 32 shows the median 1H-NMR plasma (a) and urine (b) spectra of participant who 

delivered term and preterm infants; these profiles are from samples collected during the 

early second trimester (12-22 weeks). Metabolite assignments that appeared to 

differentiate the two metabolic phenotypes are also shown. Visual inspection indicated that 

N-acetylglycoproteins, lipoproteins (e.g., LDL, VLDL), PUFA and other unknown lipids were 

the dominant molecular species in plasma, along with glucose signals, ketone bodies, 

lactate, citrate, glutamine, alanine and branched chain amino-acids (valine, leucine, 

isoleucine). The dominant features in the preterm urine included higher levels of creatinine, 

citrate, betaine, glycine resonances and lower levels of aminoacids (alanine, glutamine) and 

hippurate resonances. 
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Figure 32: (a) Median plasma 1H-NMR spectrum of early second trimester (12-22 weeks) pregnant women with term, healthy outcomes (in blue) and with 

preterm deliveries (in yellow)(overlaid); (1) cholesterol backbone/LDL1/VLDL1, (2) leucine, Isoleucine, (3) Valine, (4) LDL2/VLDL2, (5) Threonine, (6) Lactate, 

(7) Alanine, (8) Lipid (beta-CH2), (9) Lipid (CH2C =C),  (10) N-Acetyl-Glycoprotein (=CH-CH2-), (11) Glutamine+Glutamate, (12) Acetoacetate, (13) Pyruvate, 

(14) Glutamine, (15) Citrate, (16) Lipid (=CH-CH2-CH=), (17) Creatine, (18) Creatinine, (19) Choline-related species (-N(CH3)3),  (20) Glucose/sugars, (21) 

Betaine, Trimethylamine N-Oxide (TMAO), (22) Unknown lipid, (23) Poly-unsaturated fatty-acids (UFA)(-CH=CH-), (b) Median urine 1H-NMR spectrum of 

early second trimester (12-22 weeks)pregnant women with term, healthy outcomes (in blue) and with preterm deliveries (in yellow); (1) 3-

Hydroxyisovalerate, (2) Lactate, (3) Alanine, (4) N-acetyls of glycoprotein fragments, (5) p-cresol-sulfate, (6) Glutamine, (7) Citrate, (8) Creatine, (9) 

Creatinine, (10) Glycine-betaine, (11) Glycine, (12) Hippurate, (13) Phenylacetylglutamine, (14) Formate. Key: GAD; Gestation At Delivery.  
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4.3.2 PLASMA METABOLIC DIVERSITY IN EARLY PREGNANCY AS MEASURED BY 1H-
NMR AND ITS ASSOCIASION WITH PRETERM DELIVERY  

As part of this research project a total of 698 plasma and 447 urine samples were collected 

from 345 and 220 pregnant women respectively, of mixed ethnic and social backgrounds 

and at three separate time points (A=12+0-14+6 weeks, B=15+0-17+6 weeks and C=19+0-21+6 

gestational weeks). Notably, 60 women who provided plasma and 33 women who provided 

urine for this study –for at least one of the three time points-went onto have a preterm 

delivery (<37 gestational weeks). Patient demographic and clinical characteristics are shown 

in Table 17. The participants experiencing premature delivery could be further classified to 

sub-groups based on the degree of prematurity; which varies from late preterm (32+0-36+6 

weeks),  to very preterm (28+0-31+6 weeks) and extremely preterm (<28+0 weeks) deliveries. 

For plasma analysis, very preterm and extremely preterm deliveries cohorts were 

retrospectively grouped together (being referred to as ‘very preterm’), and were compared 

to the late preterm cohort. 

4.3.2.1 MULTIVARIATE ANALYSIS INDICATES EARLY SECOND TRIMESTER PLASMA 
VARIATIONS ASSOCIATED WITH LATE AND VERY PRETERM OUTCOMES  

An unsupervised PCA analysis did not highlight marked changes in the plasma metabolome 

associated with the gestational age at delivery, indicating a high degree of variability in the 

plasma data. Therefore, supervised PLS regression analysis (model built with three principal 

components) was performed for each of the three collection time points (time points A, B, 

C). The results clearly showed metabolic separation between participants that delivered 

either term (≥37+0 weeks), late preterm (32+0-36+6 weeks) or very preterm (<31+6 weeks) 

(Fig. 33a-c); with time point A (late first trimester) providing the best prediction accuracy 

(i.e., highest Q2Y value) (Fig. 33a). Data points in all PLS scores plots from participants that 

delivered term and late preterm were closely clustered, whereas the largest dispersion was 
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noted between term and very preterm deliveries suggesting that these two phenotypes are 

the major drivers of variation in the plasma metabolome. Models robustness was confirmed 

by the following parameters; time point A: R2Xcum: 0.272, R2Ycum= 0.683, Q2Ycum= 0.286, 

P =0.02 (following a permutation test, perm=100) (Fig. 33a), time point B: R2Xcum: 0.257, 

R2Ycum= 0.617, Q2Ycum= 0.268, P <0.01 (Fig. 33b), time point C: R2Xcum: 0.269, R2Ycum= 

0.523, Q2Ycum= 0.147, P <0.0001 (Fig. 33c). The same supervised analysis was repeated 

following the removal of patients that received treatment for pregnancy prolongation (i.e., 

cervical cerclage, progesterone) and the results are shown in figure 33d-f for all the three 

time points. Despite the lower preterm sample size (especially for time point C), the PLS 

regression analysis gave a more robust model after the exclusion of patients with clinical 

intervention at the time of sampling; this suggests that cerclage and drug consumption 

slightly affect the plasma metabolome, as expected. The increased robustness of model 

following sample exclusion was increased based on the following parameters: time point A: 

R2Xcum: 0.269, R2Ycum= 0.747, Q2Ycum= 0.403, P <0.001 (following a permutation test, 

perm=100) (Fig. 33d), time point B: R2Xcum: 0.28, R2Ycum= 0.599, Q2Ycum= 0.272, P 

<0.01(Fig. 33e), time point C: R2Xcum: 0.244, R2Ycum= 0.358, Q2Ycum= 0.309, P <0.05 (Fig. 

33f).  
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Figure 33: (a-b-c) PLS regression models derived from plasma 1H NMR spectra indicating 

systematic changes in metabolic profile relating to the gestational age at delivery: (term 

(≥37+0 weeks); late preterm (32+0-36+6 weeks); very preterm (<31+6 weeks))  at three time 

points (A=12+0-14+6 weeks (Nterm=165, NlatePTD=23, NveryPTD=15), B=15+0-17+6 weeks 

(Nterm=206, NlatePTD=31, NveryPTD=14) and C=19+0-21+6 weeks (Nterm=210, NlatePTD=25, 

NveryPTD=9)) during the early second trimester of pregnancy; (d-e-f) The same multivariate 

analysis procedure was repeated following the removal of patients that had received 

treatment for pregnancy prolongation((i.e., cervical cerclage, progesterone) at the time of 

sampling, since such clinical interventions could have an effect upon the observed metabolic 

perturbations. 
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Additional pairwise analyses between term (≥37+0 weeks) versus very preterm (<31+6 weeks) 

(Fig. 34a-c); and term versus late preterm (32+0-36+6 weeks) sub-groups (Fig. 34d-f)   were 

also undertaken to examine each set of comparisons and further assess their metabolic 

differences. A supervised statistical approach (PLS-DA) was employed to assess the 

metabolic signature associations for each outcome, as an unsupervised analysis showed 

little inherent difference between classes. This confirmed the hypothesis that the 

gestational age at delivery has a limited-but significant-effect upon the maternal plasma 

metabolome during the early second trimester (Fig 34). The orthogonal variants of these 

pairwise supervised models (i.e., OPLS-DA) were also generated and the corresponding 

loadings can be seen in figures 35 and 36. The predictive value of the OPLS-DA models, 

based on Q2 values (Q2 <0) and permutation testing (P>0.05), was deemed as not robust for 

further analysis. Nonetheless, relevant metabolites were identified in the loadings profiles 

as discriminant between term and preterm delivery groups for all time points (Fig. 35-36). 

The corresponding metabolic features were quantified in the raw spectra and the statistical 

significance of the discrimination was calculated. In the following loadings plots, all models 

have been created so that peaks in the positive axis are positively correlated with preterm 

delivery, and peaks in the negative axis are positively correlated with term delivery. 
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Figure 34: (a-b-c) PLS-DA models derived from plasma 1H NMR spectra characterising the 

gestational age at delivery (i.e., Term (≥37 weeks) versus Very preterm (<31+6 weeks)) at three 

time-points during the early second trimester of pregnancy (A=12+0-14+6 weeks, B=15+0-17+6 

weeks and C=19+0-21+6 weeks); (d-e-f) PLS-DA models derived from plasma 1H NMR spectra 

showing the gestational age at delivery (i.e., Term (≥37 weeks) versus Late preterm (32+0-36+6 

weeks)) at three time-points during the early second trimester of pregnancy (A=12+0-14+6 

weeks, B=15+0-17+6 weeks and C=19+0-21+6 weeks). (Sample breakdown: A timepoint 

(Nterm=165, NlatePTD=23, NveryPTD=15), B timepoint (Nterm=206, NlatePTD=31, NveryPTD=14) and C 

timepoint (Nterm=210, NlatePTD=25, NveryPTD=9))  
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Figure 35: OPLS coefficient plots generated from the plasma 1H NMR spectra of participants 

that delivered Term (≥37 weeks) or Late preterm(32+0-36+6 weeks)) at three time-points during 

the early second trimester of pregnancy (A=12+0-14+6 weeks, B=15+0-17+6 weeks and C=19+0-

21+6 weeks). The direction in which each resonance points is indicative of the relative 

differences between the two groups. Resonances pointing downwards represent features 

elevated in the control group and vice versa. The colour represents a feature’s correlation, 

ranging from low correlation (0; blue) to high correlation (1; red) based on the squared Pearson 

correlation coefficient (r2). 
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Figure 36: OPLS coefficient plots generated from the plasma 1H NMR spectra of participants 

that delivered Term (≥37 weeks) or Very preterm (<31+6 weeks) at three time-points during the 

early second trimester of pregnancy (A=12+0-14+6 weeks, B=15+0-17+6 weeks and C=19+0-21+6 

weeks).The direction in which each resonance points is indicative of the relative differences 

between the two groups. Resonances pointing downwards represent features elevated in the 

control group and vice versa. The colour represents a feature’s correlation, ranging from low 

correlation (0; blue) to high correlation (1; red) based on the squared Pearson correlation 

coefficient (r2). 

Visual inspection of the OPLS coefficient plots from (Fig. 35-36) revealed certain differences 

and similarities between women that delivered either late or very preterm as compared to 

controls that experienced healthy pregnancies with term born infants. 

Generally, it was shown that the most significant discriminatory metabolites in the plasma 

were lipid, lipoproteins, N-acetylglycoproteins, choline-related species and PUFA (aliphatic 

region)-related signals; along with glucose, aminoacids (valine, leucine, isoleucine, alanine, 

glutamine), acetoacetate, lactate and the products of gut-host co-metabolism, 

trimethylamine-N-oxide (TMAO) and scylloinositol. An example of a STOCSY correlation plot 

driven from the N-acetyl resonance of choline (3.21 ppm) is given in figure 76 (Appendix, 

Supplementary figures), where correlations to the other choline resonances are clearly 

seen. As mentioned before, STOCSY analysis was employed for thorough metabolite 

assignment throughout this thesis. 

Significant variation was observed between the two preterm phenotypes, especially 

regarding primarily all lipid signals, aminoacids (valine, leucine, isoleucine, alanine) and 

lactate. In detail, lipids, lipoproteins, cholesterol-backbone, N-Acetyl-Glycoproteins, PUFAs 

and choline-related signals were found to be significantly up-regulated in the late preterm 
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phenotype compared to the control group, consistently across all time points. The opposite 

was observed for the very preterm phenotype that showed down-regulation of all lipid 

species compared to the term deliveries at time points A, B and C. Inspection of the loadings 

plots also indicated that the very preterm group was characterised by lower plasma 

aminoacid levels (valine, leucine, isoleucine, alanine) at all time points, whereas the late 

preterm group showed higher levels of the same metabolites, always relative to the term 

cohort. A similar trend was noticed for lactate levels found in plasma, with the very preterm 

group to show lower levels of lactate whereas the late preterm phenotype presented higher 

plasma lactate levels relative to the control group. 

Nonetheless, apart from their differences the two preterm phenotypes also shared many 

metabolic similarities, especially plasma glucose levels. Plasma glucose appeared to be 

positively correlated to preterm delivery (both phenotypes) at time points A and C and 

negatively correlated to the preterm phenotypes at time point B. Also, both preterm sub-

groups showed significantly lower glutamine levels relative to the control group across early 

gestation.  Plasma ketone bodies, primarily acetoacetate and to a lesser extend 3-

hydroxybutyrate, were found to be higher in women that delivered preterm especially at 

time points A and C. 

Finally, another similarity between the very and late preterm phenotypes concerned plasma 

TMAO levels. All preterm deliveries appeared to have increased TMAO at time points A and 

C that might indicate modulated maternal microbiota early in gestation, potentially affecting 

metabolic responses and subsequent pregnancy outcome.   

Similarly to the uncomplicated cohort (Chapter 3), protein concentration was also calculated 

in the plasma of women with preterm outcomes, using its broad NH signal at δ 6-9 reflecting 
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total protein concentration. Protein levels were higher in the plasma of participants 

experiencing preterm delivery (<37 weeks) during early gestation (12+0-21+6 weeks). 

A summary of plasma metabolites that were present in either higher or lower intensity in 

the late preterm and early preterm phenotypes compared to the control (term) group at 

time points A, B and C can be viewed in Table 20. Statistical significance following univariate 

analysis of the quantified discriminant integrals is also available.  

Table 20: A summary of the plasma metabolic changes assigned in the loadings plots of OPLS-

DA models (Fig.38-39) associated with late preterm (32+0-36+6 weeks) and very preterm (<31+6 

weeks) deliveries, relative to healthy controls (term deliveries). Statistical significance has been 

calculated (Student’s t-tests) following signal integration and AUC calculation. Key: * P <0.05, ** 

P <0.005. 

 

Notably when recalculating the PLS and PLS-DA models presented above using the 

integrated values of the metabolites presented in Table 19, instead of the full resolution 

spectra, no robust PLS group separation was obtained, thus indicating that the full spectral 

A Timepoint B Timepoint C Timepoint A Timepoint B Timepoint C Timepoint

Cholesterol backbone (-C(18)H3) 0.65 (m)

Lipid (-CH3-) (e.g., LDL1/VLDL1) 0.85 (m) *

L-Leucine 0.96 (d+d)

L-Isoleucine 0.93 (t), 1.01 (d)

L-Valine 0.99 (d), 1.03 (d) *

3-Hydroxybutyrate 1.20 (d), 2.30 (m), 2.40 (m)

Lipid (-(-CH2-)n-) (e.g., LDL2/VLDL2) 1.25 (m) **

L-Lactate 1.33 (d), 4.11(q)

L-Alanine 1.47 (d) *

Lipid (beta-CH2) 1.52 (m) *

L-Lysine 1.70 (m)

Lipid (alpha-CH2 ) 2 (m) *

Glycoprotein (=CH-CH2-) 2.04 (m) **

L-Glutamate 2.12 (m), 2.34 (m)

L-Glutamine 2.12 (m), 2.44 (m) * ** * * *

Acetoacetate 2.22 (s) * *

Pyruvate 2.36 (s) *

Citrate  2.53, 2.67 (ABX)

Lipid (=CH-CH2-CH=) 2.72 (m) *

Creatine 3.03 (s), 3.93 (s)

Creatinine 3.04 (s), 4.05 (s)

Choline-related species (-N(CH3)3) 3.21 (m)

D-Glucose 3.4-4 (m), 5.23 (d) **

TMAO 3.27 (s)

Scyllo-inositol 3.35 (s)

Glycine 3.55 (s)

Glycerol 3.65 (m)

Glyceryl of lipids 4.24 (m) *

Unsaturated lipid (-CH=CH-) (e.g., poly-UFA) 5.3 (m) *

Protein 6-9 (m) * *

Key: Decreased in Preterms Increased in Preterms

Assignments Observed δ (M) 
Late preterm (32-37 g.w.) Very preterm (<32 g.w.)
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resolution of NMR spectra (including unassigned signals) are of paramount importance for 

an effective pathological signature to be acquired. This is consistent with observations made 

previously by other groups95,115. 

4.3.2.2 DETAILED CHARACTERISATION OF THE LIPOPROTEIN PROFILE ALTERATIONS 
ASSOCIATED WITH PRETERM DELIVERY MEASURED USING THE BRUKER IVDR 
LIPOPROTEIN SUBCLASS ANALYSIS TECHNOLOGY  

From the standard one-dimensional spectra, lipid signals were amongst the most 

discriminatory for preterm delivery, with women that delivered late preterm (32+0-

36+6weeks) manifesting higher plasma levels of all lipid signals, relative to the controls, 

whereas those delivered very preterm (<32 weeks) showed consistently lower levels of 

lipids compared to controls, across the early second trimester. These observations could 

potentially have biological and mechanistic implications contributing to the pathophysiology 

of two different premature delivery phenotypes. To further strengthen this hypothesis, 

additional lipoproteins sub-fraction distribution analysis was carried using the Bruker B.I.-

LISA platform, whereby all the acquired standard 1D plasma spectra were decomposed into 

a set of 105 quantifiable lipoprotein classes characterised by different diffusion constants 

belonging to classes ranging from Very Low-, Intermediate-, Low-, and finally High-Density 

Lipoproteins (VLDL, IDL, LDL, HDL), which have a precursor-product relationship described 

by the VLDL----IDL----LDL cascade.  Univariate statistical data analysis performed in R 

showed 12 major lipoprotein subfractions to be significantly different between the term, 

late preterm and very preterm phenotypes (P <0.05, calculated by Student’s t-test) (Table 

21). Interestingly, all discriminant lipid subfractions belonged to the VLDL lipid class, ranging 

from large, more buoyant particles (VLDL-1) to small, dense ones (VLDL-6).  
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Table 21: List of statistically significant (P <0.05) plasma lipoprotein subfractions (measured 

by B.I.-LISA analysis) at three time points across early gestation (A=12+0-14+6 weeks, B=15+0-

17+6 weeks and C=19+0-21+6 weeks) in participants with healthy term outcomes (≥37+0 weeks), 

late preterm (32+0-36+6 weeks) and very preterm (<31+6 weeks) outcomes. Median values for 

the three outcome groups are shown. 

 

The usefulness of these 12 lipid subfractions in predicting the gestational age at delivery (at 

time point C) in patients experiencing either normal pregnancies with term outcomes or 

preterm deliveries can be judged from their respective ROC curve (Figure 37).  ROC curve 

analysis is considered the gold standard method to assess a biomarker’s performance219, 

while the ultimate goal of biomarker discovery is the translation of those biomarkers to 

clinical practice. The diagnostic model generated for the prediction of very preterm 

outcomes showed better sensitivity and specificity (AUC: 0.880, 95% Confidence Intervals: 

0.814-0.946) (Fig. 37b) compared to its late preterm delivery prediction counterpart (AUC: 

0.777, 95% Confidence Intervals: 0.685-0.869) (Fig. 37a). 

Note that the diagnostic models generated for earlier time points (A & B) were not 

successful. 

Discriminat lipid subfractions

Term Late preterm Very preterm Term Late preterm Very preterm Term Late preterm Very preterm

VLDL Phosphol ipids 17.23 18.77 16.53 20.84 21.94 16.88 23.21 31.63 19.04

VLDL Triglycerides 68.77 69.46 65.47 79.06 84.33 59.64 87.35 130.17 74.79

VLDL-1 Cholesterol 4.04 4.29 3.94 5.21 5.65 3.78 9.03 6.09 4.79

VLDL-1 Free Cholesterol 1.58 1.99 1.33 2.31 2.55 1.61 2.62 4.11 2.36

VLDL-1 Phosphol ipids 4.67 4.71 4.22 4.95 6.16 3.51 5.64 7.65 3.60

VLDL-1 Triglycerides 30.86 31.63 29.16 35.66 38.99 27.09 40.37 54.99 28.08

VLDL-2 Cholesterol 2.11 2.20 1.99 2.69 2.90 2.09 3.46 4.91 2.31

VLDL-2 Free Cholesterol 0.76 0.79 0.73 1.02 1.13 0.73 1.34 2.01 0.83

VLDL-2 Phosphol ipids 2.35 2.75 2.20 2.85 3.17 2.24 3.29 4.95 2.44

VLDL-2 Triglycerides 9.54 11.19 8.61 12.08 13.54 8.88 14.23 21.35 12.33

VLDL-3 Free Cholesterol 1.00 1.03 0.97 1.26 1.37 0.99 1.59 2.24 1.07

VLDL-6 Free Cholesterol 0.11 0.12 0.10 0.11 0.12 0.11 0.11 0.12 0.11

Median values

Matrix Analyte
A timepoint B timepoint C timepoint
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Figure 37: ROC curves of a panel of 12 lipid subfractions detected in plasma and found to 

differentiate term from preterm outcomes. This model enables discrimination at time point C 

(19+0-21+6 weeks) between (a) term and late preterm deliveries (AUC: 0.777, 95% CI: 0.685-

0.869) and (b) term and very preterm deliveries (AUC: 0.880, 95% CI: 0.814-0.946)). Key: Area 

Under the Curve (AUC), Confidence Interval (CI). 

Finally, calculation of the median values for the three outcome groups was done for all 105 

lipoprotein subfractions resulted from B.I.-LISA analysis. The majority were found to be 

consistently (even if not significantly) elevated in the late preterm phenotype and 

consistently decreased in very preterm phenotype, at all time points. These lipoprotein 

subfractions belong to classes ranging from VLDL IDL, LDL, and HDL, which have a precursor-

product relationship. Median values of the major lipid classes (total plasma, VLDL, IDL, LDL, 

HDL) for the three outcome phenotypes (term, late preterm, very preterm) were calculated 

for each available time point and the results were shown in figure 38. For total plasma lipids, 

VLDL, IDL and LDL classes the lipid content-related disparities between the three phenotypic 

outcomes became more obvious at time point C.  

HDL class was found to follow a slightly different trend, with both preterm phenotypes to 

present decreased HDL level at time point C relative to controls. 

Se
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1-Specificity
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ty

1-Specificity

AUC: 0.777 
(95% CI: 0.685-0.869)

AUC: 0.880 
(95% CI: 0.814-0.946)

a bLate preterm delivery prediction Very preterm delivery prediction
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Figure 38: Bar-plot representative of the distribution of all major lipid classes at each time point of sample collection as quantified via B.I.-LISA 

analysis for participants that delivered term (≥37 weeks), late preterm (32+0-36+6 weeks) or very preterm (<31+6 weeks), median intensities +/- STD, 

KEY: Total plasma: Total plasma Lipoproteins, IDL: Intermediate Density Lipoproteins, VLDL: Very Low Density Lipoproteins, LDL: Low Density 

Lipoproteins, HDL: High Density  Lipoproteins, STD: Standard Deviation. 
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4.3.3 MULTIVARIATE ANALYSIS INDICATES EARLY SECOND TRIMESTER PLASMA 
VARIATIONS ASSOCIATED WITH CERVICAL SHORTENING  

As labour approaches in a normal pregnancy, the cervix shortens, softens, rotates anteriorly 

and dilates. Therefore, a short cervix with a length of less than 25 mm in the mid-trimester 

(16–24 weeks) indicates a high risk for preterm delivery49. A metabolic profiling approach 

has been used here in order to establish whether early markers of cervical shortening exist 

in maternal plasma at the early second trimester of pregnancy (12-22 weeks).  

Unsupervised PCA analysis did not show any plasma metabolic separation associated with 

impending cervical shortening, highlighting a high degree of variability present in this 

plasma data. However separation of those that developed cervical shortening from controls 

was clearer in the supervised PLS-DA models, conducted at the three time points of sample 

collection (time points A, B, C)(Fig. 39 a-c); with A time point (late first trimester) providing 

the best prediction accuracy based on the resultant Q2 value (Fig. 39a). Patients that 

received treatment for pregnancy prolongation (i.e., cervical cerclage, progesterone) at the 

time of sampling were excluded prior to the PLS-DA analysis, in order to remove 

confounding metabolic variation unrelated to the class of interest (cervical length). It should 

be noted that the analysis performed for time point C (Fig. 39c) is of limited clinical 

usefulness since it’s late in pregnancy for intervention (i.e. cerclage). Therefore, PLS-DA 

models performed on samples from time points A and B were focussed on; with time point 

A showing the best predictive accuracy confirmed by the following parameters: R2Xcum: 

0.31, R2Ycum= 0.841, Q2Ycum= 0.263, P= 0.03 (following a permutation test, perm=100) 

(Fig. 39a). 
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Figure 39: (a-c-e) PLS-DA scores scatter plots of plasma 1H NMR spectra of controls (in red) 

versus participants who developed cervical shortening during the second trimester (in grey), 

calculated with 2 principal components. Analysis was performed at three time-points during the 

early gestation(A=12+0-14+6 weeks; n<25mm=39 v n>25mm=126, B=15+0-17+6 weeks; n<25mm=30 v 

n>25mm=163 and C=19+0-21+6 weeks; n<25mm=16 v n>25mm=155). Patients that received treatment 

for pregnancy prolongation ((i.e. cervical cerclage, progesterone) at the time of sampling have 

been excluded.  

 

The impact of cervical shortening on maternal plasma composition, compared with the 

control group (healthy cervix throughout early gestation), is illustrated by the loading plots 

of the corresponding OPLS-DA models  seen in figure 40.  
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Figure 40: OPLS coefficient plots generated from the plasma 1H NMR spectra of participants 

that either had a healthy cervix or developed cervical shortening (<25mm) during the second 

trimester. Comparisons were made at two time-points (A=12+0-14+6 weeks, B=15+0-17+6 weeks) 

of sample collection. The direction in which each resonance points is indicative of the relative 

difference between the two groups. Resonances pointing upwards represent features elevated 

in the control group and vice versa. The colour represents a feature’s correlation ranging from 

low correlation (0; blue) to high correlation (1; red) based on the squared Pearson correlation 

coefficient (r2). 
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Some metabolic variances were consistently observed across all time points, including the 

higher plasma levels of glucose, valine, leucine, isoleucine, alanine, glutamine and TMAO in 

the controls, along with an increase of choline-related species and glycine in the cervical-

shortening group. There were no measurable perturbations of lipid signals observed as 

highly correlated to these phenotypes. The quantified integrals of the metabolites that 

appeared to be discriminant in the models loadings were used to calculate their statistical 

significance using univariate analysis. All the resultant P values (calculated by Student’s t-

tests) were not found to be significant following correction for multiple comparisons (FDR). 

4.3.4 MULTIVARIATE ANALYSIS INDICATES EARLY SECOND TRIMESTER URINE 
VARIATIONS ASSOCIATED WITH LATE AND EARLY PRETERM OUTCOMES  

The initial PCA analysis models showed no separation based on the gestational age at 

delivery at any timepoint of sample collection, indicating -similarly to blood analysis- major 

systematic variation in the urine data. Therefore, to achieve an overview of maternal urinary 

variation associated with the gestational age at delivery, a PLS regression model built with 

two principal components, was employed to compare urine samples from participants that 

delivered term (≥ 37 weeks), late preterm (32+0-36+6 weeks), very preterm (28+0-31+6 weeks) 

and extremely preterm (<28+0 weeks) at the three sampling time-points (A=12+0-14+6 weeks, 

B=15+0-17+6 weeks and C=19+0-21+6 gestational weeks) (Fig. 41). Indeed, a clear trend was 

observed across the first and second predictive components, with the samples of patients 

that delivered earlier than 28 weeks clustering the furthest away from the healthy controls, 

whereas those that delivered closer to term (32+0-36+6 weeks) appeared to overlap to a high 

degree with the term cohort at all time points. Model robustness was confirmed by the 

following parameters; time point A: R2Xcum= 0.137, R2Ycum= 0.584, Q2Ycum= 0.172, P 

<0.05 (following permutation testing, perm=100) (Fig. 41a), time point B: R2Xcum: 0.165, 
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R2Ycum= 0.651, Q2Ycum= 0.147, P >0.005(Fig. 41b), time point C: R2Xcum: 0.128, R2Ycum= 

0.523, Q2Ycum= 0.175, P <0.0001 (Fig. 41c). The analysis was repeated following the 

removal of patients that received treatment for pregnancy prolongation (i.e., cervical 

cerclage, progesterone) and the results can be seen in Fig 41.d-f for all three time points. 

PLS regression performed slightly better following the exclusion of patients with clinical 

intervention at the time of sampling only at time point A, as indicated by the model’s 

prediction accuracy (Q2Y= 139, P =0.003). However, lower prediction accuracy was observed 

for the time points B and C, which could potentially attributed to the low sample size of the 

preterm cohort following patient exclusion.  

Overall, the present results suggest that urine metabolic fingerprint with prognostic value 

for very preterm delivery (<31+6 weeks) may exist as early as 12 weeks of gestation. On the 

contrary, samples from term and late preterm deliveries were found to significantly overlap 

in the first predictive component of the PLS scores plots, indicating a lack of major metabolic 

difference between the two urine phenotypes, making early prediction of the late preterm 

delivery more challenging.  These observations were further confirmed by pairwise 

comparisons (PLS-DA) between the term and late preterm deliveries which resulted in weak, 

non-robust and insignificant metabolic models (not shown). 
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Figure 41: (a-b-c) PLS regression models derived from urine 1H NMR spectra showing the 

gestational age at delivery (i.e., Term (≥37 weeks), Late preterm (32+0-36+6weeks), Very 

preterm (28+0-31+6weeks), Extremely preterm (<28+0 weeks)) at three time-points during the 

early second trimester of pregnancy (A=12+0-14+6 weeks (Nterm=110, NlatePTD=10, NveryPTD=2, 

Nextr.PTD=7), B=15+0-17+6 weeks (Nterm=134, NlatePTD=15, NveryPTD=4, Nextr.PTD=5) and C=19+0-21+6 

weeks (Nterm=137, NlatePTD=15, NveryPTD=2, Nextr.PTD=6)); (d-e-f) The multivariate analysis was 

repeated following the removal of patients that have received treatment for pregnancy 

prolongation ((i.e., cervical cerclage, progesterone) at the time of sampling. 



214 
 

 

Figure 42: OPLS coefficient plots generated from urine 1H NMR spectra of participants that 

delivered Term (≥37 weeks) or Preterm (<36+6 weeks) at three time-points (A=12+0-14+6 weeks, 

B=15+0-17+6 weeks and C=19+0-21+6 weeks) during the early second trimester of pregnancy. The 

direction in which each resonance points is indicative of the relative differences between the 

two groups.  
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The corresponding OPLS loadings (Fig. 42) revealed that the preterm group had higher levels 

of urinary citrate, creatinine, betaine, glycine and guanidoacetate across all time points, as 

well as lower levels of TMAO and hippurate. In addition, the preterm cohort showed 

increased urinary proline betaine at time point B and decreased levels of 

phenylacetylglutamine (PAG), p-cresol sulphate and an unknown doublet (resonance at δ 

5.09) at time point C. The unknown doublet was found to statistically correlate to all PAG 

peaks (δ 7.31 (m), δ 7.36(m), δ 7.45(d), δ 3.89(m), δ 3.63(m), δ 2.16(m)) following STOCSY 

analysis in Matlab. A summary of the discriminatory metabolites from the loadings plots is 

presented in table 22 which also displays their statistical significance following univariate 

analysis of the quantified discriminant integrals.  

Table 22: A list of the urinary metabolic changes identified in the model loadings (Fig. 44) to be 

associated (either increased or decreased) with preterm deliveries (<36+6 weeks), relative to 

healthy, term outcomes at the three time points of sample collection (A=12+0-14+6 weeks, 

B=15+0-17+6 weeks and C=19+0-21+6 weeks). Statistical significance has been calculated 

(Student’s t-tests) following signal integration and AUC calculation. Key: * P <0.05, ** P <0.005, 

***P <0.0005. 

 

 

A Timepoint B Timepoint C Timepoint

Alanine 1.47 (d) Preterm*

Citrate  2.53, 2.67 (ABX) Preterm Preterm*** Preterm

Creatinine 3.04 (s), 4.05 (s) Preterm Preterm Preterm*

Proline betaine 2.18 (m), 2.30 (m), 2.50 (m), 3.11 (s), 3.31 (s) Preterm

Betaine 3.26 (s), 3.90 (s) Preterm Preterm**

Glycine 3.55 (s) Preterm** Preterm Preterm*

Guanidoacetate 3.79 (s) Preterm Preterm

p-Cresol sulfate 2.20 (s), 6.80 (m), 7.13 (m) Term*

Phenylacetylglutamine  2.16 (m), 3.63 (m), 3.89 (m), 7.31 (m), 7.36 (m), 7.45 (m) Term

Unknown 5.09 (d) Term

TMAO 3.27 (s) Term* Term* Term

Hippurate 3.95 (d), 7.5 (m), 7.6 (m), 7.8 (d) Term Term Term

Assignments Observed δ (M) 
Group observed
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4.3.5 MULTIVARIATE ANALYSIS INDICATES EARLY SECOND TRIMESTER URINE 
VARIATIONS ASSOCIATED WITH CERVICAL SHORTENING  

The possibility of diagnosing impending cervical shortening through second trimester urine 

profile was considered. As with plasma data, unsupervised PCA analysis wasn’t able to 

identify obvious changes in the urine metabolome associated with the cervical shortening 

indicating once again the high systemic variability in urine data. Therefore, a supervised PLS-

DA model, built with two principal components, was calculated for all time points to further 

scrutinise the differences in urine metabolic profiles between the studied phenotypes. A 

pairwise comparison approach was employed to compare participants that developed or 

not cervical shortening during the second trimester of pregnancy (Fig. 43a-c). Patients that 

received treatment for pregnancy prolongation (i.e., cervical cerclage, progesterone) at the 

time of sampling were excluded prior to the PLS-DA analysis so that the treatments 

wouldn’t affect the urinary metabolic variance associated to the question of interest. 

Indeed participants that developed cervical ripening (cervical length <25 mm) across early 

gestation were distinguishable from the healthy controls in the resultant PLS-DA scores 

plots, with the two groups clustering the furthest away at the time points A and C, indicating 

metabolic disparity between the two phenotypes (Fig.43). Nonetheless, as with plasma 

data, it should be noted that the analysis done for time point C (Fig. 43c) is of limited clinical 

usefulness. 

The model built for time point A indicated modest predictive accuracy as shown by the 

following parameters: R2Xcum: 0.15, R2Ycum= 0.599, Q2Ycum= 0.17, P =0.05 (following a 

permutation test, perm=100).  
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Figure 43: PLS-DA scores scatter plots of urine 1H NMR spectra of controls (in red) versus those 

who developed cervical shortening during the second trimester (in grey). Analysis was 

performed at three time-points during the early gestation ((a) A=12+0-14+6 weeks; n<25mm=17 v 

n>25mm=86, (b) B=15+0-17+6 weeks; n<25mm=13 v n>25mm=108 and (c) C=19+0-21+6 weeks; n<25mm=9 

v n>25mm=106). Patients that received cerclage at the time of sampling have been excluded prior 

to the analysis.  

 

Examination of the corresponding loadings plots for time points A and B  revealed that the 

levels of lactate and alanine (at time point B), citrate, creatinine, glycine and guanidoacetate 

(at time points A & B) were elevated in the cervical-shortening group, while the levels of 

malonate, betaine/TMAO (at time points A & B), hippurate (at time point A) and 

phenylacetylglutamine (at time point B) were depleted (Fig. 44). All metabolic identities 

have been confirmed via STOCSY analysis. 
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Figure 44: OPLS coefficient plots generated from the urine 1H NMR spectra of participants that 

either had a healthy cervix or developed cervical shortening (<25mm). Comparisons were made 

at three time-points during the early second trimester of pregnancy (A=12+0-14+6 weeks, 

B=15+0-17+6 weeks, C=19+0-21+6 weeks). The direction in which each resonance points is 

indicative of the relative difference between the two groups.  
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The quantified integrals of metabolites that appeared as discriminant in the loadings plots 

were used to calculate their statistical significance following univariate analysis. 

Unfortunately, all the resultant P values appeared as non-significant following correction for 

multiple comparisons (FDR). 

Interestingly, there was an overlap between the metabolic signals that could potentially act 

as candidate biomarkers of PTD and cervical shortening suggesting common variance and 

perhaps similarly altered cellular networks that may contribute to the final phenotype of 

PTD and/or cervical ripening. 

4.3.6 URINE KODAMA ANALYSIS GUIDES THE DEVELOPMENT OF A NEW PROGNOSTIC 
SCORE FOR PREDICTION OF PRETERM BIRTH  

KODAMA analysis was employed to achieve unsupervised feature extraction and analysis of 

urine metabolic profiles collected at time point C (19+0-21+6 weeks) from participants that 

had either term (n=137) or preterm (n=23) outcomes. Figure 45a shows the three distinct 

urine metabolic phenotypes that were identified following KODAMA modelling. They were 

characterised by ‘low’, ‘medium’ and ‘high-risk’ of subsequent preterm delivery (<37 weeks) 

based on the percentage of preterm deliveries that each phenotype contains (2.5%, 16.4%, 

21.7% respectively) (Table 24 and Figure 46, top left). A Kaplan-Meyer plot, segregated 

according to the urine metabolic phenotyping performed by KODAMA, further illustrated 

the differences between the three phenotypes (Fig. 45b). Additional cox hazard regression 

analysis showed that a significantly high hazard ratio exists among the three phenotypes 

(HRlow risk=1, HRmedium risk=1.339 (P=0.138), HRhigh risk=1.862 (P=0.004)) (Fig. 45b).  
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Figure 45: (a) KODAMA analysis of NMR urine spectra collected at 19+0-21+6 weeks gestational 

from women subsequently delivered at term (n=137) or preterm (n=23). Colours highlight the 

three different phenotypes discovered. Three distinct urine metabolic phenotypes were 

identified, one of which exhibited a significantly higher risk of subsequent PTB (in grey). The 

other phenotypes were of ‘medium-risk’ (in yellow) and ‘low-risk’ (in blue); (b) Kaplan-Meier 

plots for gestational age at delivery (in weeks) segregated according to the urine metabolic 

phenotyping performed by KODAMA. Cox proportional hazard regression analysis showed that 

a significantly high hazard ratio (HR) exists among the three phenotypes (HR = 1.862, P=0.004).  

Table 23: Demographic and clinical characterisation of the three phenotypes as discovered 

following KODAMA analysis.  

 

Further examination of the clinical characteristics of each KODAMA phenotype revealed that 

a higher proportion of women subsequently requiring a cervical stitch due to short cervix at 

the time of sampling were identified in the ‘high-risk’ phenotype (32.1%) (Table 23). This 

suggests that early urine phenotypic diversity in pregnancy was collectively associated with 

both cervical shortening (<25 mm) and preterm outcome. Only 23% and 4.3% of women 

Low Risk (2.5%) for Preterm 

delivery

Medium Risk (16.4%) for Preterm 

delivery

High Risk (21.7%) Preterm 

delivery 

Gestation at delivery, 

median [95% CI]
40 [37-41] 39 [24-41] 39 [23-41]

Ethnicity, (%)

   Asian 10.90% 9.50% 13.20%

   African 6.50% 20.30% 32.10%

   Caucasian 69.60% 51.30% 45.30%

   Other 8.70% 9.50% 5.70%

Stich, n(%) 4.30% 23.00% 32.10%

Cervical shortening, (%) 10.90% 25.70% 24.50%
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belonging in the medium- and low-risk phenotype respectively required a stitch at the 

second trimester. 

It should be noted that a small proportion of the women that were found to phenotypically 

belong in the “high-risk” group were nonetheless characterised by a normal cervix (>25 mm) 

in the second trimester and thus a decreased risk for preterm delivery. These women were 

therefore re-evaluated following KODAMA analysis and subsequently classified as ‘medium-

risk’ (Fig. 46). The rest of the participants of the ‘high-risk’ group, that were indeed 

characterised by a short cervix (<25 mm) at the time of the measurement, should be the 

only ones with substantially increased risk for preterm outcomes and should be treated 

accordingly. This patient re-arrangement from the ‘high-‘ to ‘medium-risk’ group further 

improved the prognostic score of preterm delivery that characterises both groups. The 

prognostic score for preterm delivery that characterised the ‘low-risk’ group remained the 

same (2.5%). 

In summary, by combining urine metabolic phenotyping and cervical length information this 

study paved the way to the development of a better prognostic score of preterm delivery 

(‘low risk’ phenotype; 2.5% chance to deliver preterm, ‘medium-risk’ phenotype; 16.2%, 

‘high risk’ phenotype; 35.7%) that could potentially facilitate the prediction of women 

subsequently experiencing preterm birth (Fig. 46). The same algorithm has been also tested 

at the earlier time points (A, B) of this study but was found to perform poorly. 
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Figure 46: Schematic diagram of the development of a prognostic scoring algorithm for 

prediction of preterm delivery (<37 weeks) based on the combination of urinary metabolic 

phenotyping data and the measurement of the cervical length at time point C. Providing the 

algorithm with more information regarding blood metabolome, BMI and medical history could 

potentially improve the prediction ability of this model. 

 

4.3.7 PERTURBED MATERNAL PLASMA AND URINE CORRELATIONS OBSERVED IN 
THE PRETERM COHORT 

Correlations between the metabolites that were found to change significantly in either 

plasma and/or urine in healthy gestation (see chapter 3) were computed for all three time 

points (A=12+0-14+6 weeks, B=15+0-17+6 weeks and C=19+0-21+6 weeks) using matched plasma 

and urine samples from women that delivered preterm (Fig. 47). It was not surprising that 

all three correlation maps exhibited differences compared to the ones acquired for the 

uncomplicated gestation (see Chapter 3, Fig. 25). Strongest (Pearson) correlations between 

maternal plasma and urine appeared to exist in the preterm cohort at all time points, 

Metabolic 

profiling

Low Risk
Medium Risk
High Risk

Normal (<25 mm)
Short (≥25 mm)

Low Risk

High Risk

Cervical Length Medium Risk

New prognostic 
score

Gestational Age Percentage of 
preterm delivery

Preterm Term

Low Risk 1 40 2.5%

Medium Risk 17 88 16.2%

High Risk 5 9 35.7%

Blood metabolic profile

3D cervical measurements
Ethnicity/ BMI/ previous history ?

Preterm Term

Low Risk 1 40 2,50%

Medium Risk 12 61 16,40%

High Risk 10 36 21,70%

Gestational Age
Metabolic profiling 

Percentage of 

preterm delivery

Gestational Age

Preterm Term

Normal 5 27 15.60%

Short 5 9 35.70%

Cervical Length 
Percentage of 

preterm delivery
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relative to the term cohort. In all three correlation maps, a strong positive correlation was 

found between plasma and urinary creatine, acting as a positive control. Plasma alanine, 

valine, citrate and glucose were all also positively correlated with their excreted 

counterparts. 

Otherwise, the most striking correlations between plasma and urine were seen at time point 

A (late first trimester); where positive correlations were observed between the plasma lipid 

panel components and the urinary glucose, pyruvate, glucuronate, 2-ketoisovalerate, 

adenine and 3-hydroxyisovalerate and negative correlations were observed mainly between 

circulating lipids and urinary formate (Fig.47). Negative correlations between plasma lipids 

and urinary metabolites appeared to increase at the later time points (B and C), including 

the metabolites: valine, sucrose, carnitine, alanine, asparagine, threonine, citrate and 

creatine. The opposite was observed in the term cohort (Chapter 3, Fig. 25), where positive 

correlation appeared to increase between lipids and urinary metabolites at time points B 

and C.  
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Figure 47: Correlation heat map produced using matched plasma (columns) and urine (rows) 

samples of women that delivered preterm, between normalised integrals of the most significant 

metabolites and lipoproteins reported to shift across healthy pregnancy at time point A (12+0-

14+6 weeks0, time point B (15+0-17+6 weeks) and time point C (19+0-21+6 weeks). Correlations (r, 

Pearson’s product moment correlation) are shown using a colour scale from minimum (dark 

green) to maximum (dark red).  
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Additional intra-biofluid correlations were calculated within plasma and urine samples 

collected from women with preterm outcomes. Inter-metabolite correlations in plasma at 

all three time points are comprehensively illustrated in figure 48 where colour reflects 

correlation strength and empty cells indicate insignificant correlations. As in the term 

cohort, positive correlations between all the components of the lipid panel formed an 

evident pattern that is stronger at time point A and diminishes at B and C, without losing 

significance. No other particularly strong and consistent correlations, either positive or 

negative, appeared to exist among plasma metabolites in the preterm cohort apart from a 

positive correlation between plasma glucose and pyruvate and a negative association 

between pyruvate and creatinine. 

Inter-metabolite correlations within urine were also calculated, considering all time points 

together; these results can be seen in figure 49. It is evident that the strongest positive 

correlations exist between urinary threonine and asparagine; and pyruvate and 3-

hydroxyisovalerate, observations that are consistent with the term cohort (see chapter 3, 

Fig.27). On the other hand, the strongest intra-urinary negative correlation was observed 

between excreted creatinine and asparagine. In conclusion, urine and plasma intra-biofluid 

metabolite correlations calculated for the preterm cohort were considerably less apparent 

compared to the ones calculated for the term cohort. 
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Figure 48: Inter-correlation heat map produced using plasma samples of women that delivered 

preterm between the normalised integrals of the most significant metabolites and lipoproteins 

reported to shift across healthy pregnancy time point A (12+0-14+6 weeks0, time point B (15+0-

17+6 weeks) and time point C (19+0-21+6 weeks). Correlations (r, Pearson’s product moment 

correlation) are shown using a colour scale from minimum (dark blue) to maximum (dark red). 

Only metabolite correlations with P<0.05 were represented. 
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Figure 49: Inter-correlation heat map produced using urine samples of women that delivered 

preterm between the normalised integrals of the most significant metabolites and lipoproteins 

reported to shift across healthy pregnancy (12+0-21+6 weeks). Correlations (r, Pearson’s product 

moment correlation) are shown using a colour scale from minimum (dark blue) to maximum 

(dark red). Only metabolite correlations with P<0.05 were represented. 

4.4 DISCUSSION 

4.4.1 EARLY SECOND TRIMESTER PLASMA PREDIAGNOSTIC SIGNATURES OF 
PREMATURITY 

Supervised statistical analysis, along with complementary B.I.-LISA analysis, was used to 

differentiate between the term and preterm 1H-NMR phenotypes based on maternal 

metabolic profiles of plasma samples, collected at three time points during early gestation 

(A=12+0-14+6 weeks, B=15+0-17+6 weeks and C=19+0-21+6 gestational weeks). There was two 

distinct phenotypes of preterm pathology in this cohort, namely ‘late-preterm’ (32+0-36+6 

weeks) and ‘very-preterm’ (<31+6 weeks). The latter exhibited the largest separation in the 

respective PLS analysis, with preterm scores clustering the furthest away from the tightly 
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clustered term deliveries showing a progressive disruption of metabolism with earlier 

deliveries (Fig.35). Additional pairwise comparisons between all three phenotypes indicated 

that apart from the metabolic diversity that exists between the two preterm phenotypes, 

they also share certain metabolic similarities when compared to the term deliveries. 

 Potentially the most interesting discovery from this study was related to the differences in 

lipid metabolism that characterise each of the preterm phenotypes. Notably, participants 

that delivered late preterm infants (32+0-36+6 weeks) showed higher plasma lipid levels 

compared to the controls across early gestation. The opposite was observed for women that 

delivered at an earlier gestation (<31+6 weeks), which presented consistently lower plasma 

levels of the whole lipid panel during the studied time-window.  

4.4.1.1 MATERNAL LIPID CHANGES IN RELATION TO THE LENGTH OF GESTATION  

It has been previously shown (Chapter 3) that healthy pregnancy is associated with a broad 

spectrum of highly-regulated metabolic adaptations, including increased metabolism of 

lipids, lipoproteins (ranging from VLDL to HDL), cholesterol and triglycerides. It has been 

postulated that increased plasma lipid levels serve as an energy store to fulfil maternal and 

foetal energy requirements, metabolic adaptations, membrane construction and signalling 

needs, while maternal hypertriglyceridemia, especially towards late gestation, has an 

important role as a source of triglycerides for gluconeogenesis (glucose being the most 

abundant nutrient crossing the placenta), energy production (acetyl-CoA production via β-

oxidation), ketogenesis (enhanced use of ketone bodies by maternal tissues due to glucose 

shortage), and milk formation just before parturition102,39. 

Abnormal or dysregulated lipid metabolism during pregnancy, manifested as either 

increased or decreased plasma lipids levels, has been associated to several pregnancy 
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disorders. Therefore, it can be speculated that one of the causal factors of adverse 

pregnancy outcomes might be the maternal dyslipidaemic profile early in pregnancy; at a 

time-period when pathophysiological pathways leading to gestational-related pathologies 

are known to occur264.  

Increased maternal triglyceride and cholesterol levels measured during early gestation were 

shown to be positively and significantly associated with both spontaneous233,265 and induced 

preterm birth264, pregnancy-induced hypertention (disease that resembles non-proteinuric 

preeclampsia)266,267 and  preeclampsia121,115,268, 269,270. The disordered lipid and lipoprotein 

metabolism that accompanies the aforementioned pregnancy pathologies either stems 

from or results in lipid peroxide insult, dysregulation of lipid transport across the placenta 

(synchiotrophoblast), endothelial cell dysfunction, altered vascular reactivity, activation of 

the coagulation cascade or infection and inflammation that occur during early gestation and 

subsequently result in  these pathological conditions.  

However, there are also reports associating decreased maternal levels of triglycerides and 

cholesterol during gestation, with preterm delivery and an increased risk of impaired infant 

growth and small for gestational age (SGA) infant outcomes271. Furthermore, women with 

intrauterine growth restriction (IUGR) pregnancies were reported to have significantly lower 

cholesterol, VLDL-2, IDL and total LDL levels compared to controls in the third trimester, 

implying a failure of appropriate LDL synthesis in IUGR-complicated pregnancies272. 

The results presented in this chapter are consistent with these previous studies and further 

confirm that plasma lipid levels could identify pregnancies at risk of adverse outcomes. It 

was presently reported that maternal plasma lipids, including LDL, VLDL, cholesterol 

backbone, PUFA, unknown lipids and glyceryl of lipids,  increase substantially above levels 
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seen in normal pregnancies in participants that delivered late preterm infants (32+0-36+6 

weeks) (Figure 35). Interestingly, the opposite was observed for women that delivered 

substantially earlier (<31+6 weeks), that presented consistently lower levels of the whole 

plasma lipid panel during early gestation (Figure 36). This confirms the hypothesis that these 

two preterm phenotypes are, at least partially, pathogenically and mechanistically different. 

To further strengthen the hypothesis that there are two distinct biological and mechanistic 

implications contributing to the pathophysiology of the two prematurity phenotypes, 

additional lipoproteins subfraction distribution analysis was carried using the B.I.-LISA 

platform. B.I.-LISA-based analysis further verified the two plasma lipid patterns associated 

with late and earlier preterm delivery with the distinction to be based in differences in total 

lipids, VLDL, IDL and LDL (major) classes. Median values of these classes have been 

calculated for participants that delivered term, late preterm and very preterm. The results 

indicated an increase in lipid classes levels in the late preterm phenotype, along with a 

consistent decrease observed in the very preterm class. These differences were more 

significant at time point C, relative to time points A and B (Figure 38) since this is the time 

point closest to pathology.  Another interesting result was that plasma HDL levels appeared 

to decrease in both preterm phenotypes relative to controls at time point C. Lower levels of 

HDL have long been associated with metabolic syndrome and preterm birth265,273.  

Additional univariate statistical analysis of B.I.-LISA data indicated that 12 VLDL lipid 

subfractions, which belong to various density classes, showed the most significant 

differences between these compared phenotypes. These metabolites were substantially 

elevated in the late preterm cohort and significantly lower in the very preterm cohort; when 

compared to the control group. The clinical usefulness of this VLDL-based lipid panel laid in 
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the time point C prediction (ROC analysis) of the gestational age at delivery for patients with 

term or preterm outcomes (Figure 37). The ROC curve generated for the prediction of 

participants that delivered very preterm babies showed better sensitivity and specificity 

compared to the one predicting late preterm outcomes. This further suggests that robust 

and discriminating lipid differences exist between the two extreme phenotypes, as 

expected.  

It is hypothesised that the specific underlying mechanism in the association between 

increased maternal lipids and late preterm birth, may in fact reflect an individual's 

predisposition to develop hallmark features of metabolic syndrome, including 

hyperlipidemia, hypertriglyceridemia, lower high-density lipoprotein (HDL), hyperglycemia, 

insulin resistance and increased adiposity274,275. Metabolic syndrome is a disorder marked by 

increased inflammation, a reported causal pathway for preterm birth46,195. Dyslipidemia has 

also been suggested to be a pathway explaining why women at risk for pregnancy 

complications, such as preterm birth, are also in higher risk of developing cardiovascular 

complications later in life276. Also, as an increase in maternal lipid levels is known to 

accompany other gestational complications such as atherosclerosis, hypertension and 

preeclampsia, it can be speculated that late preterm delivery (32+0-36+6 weeks) may stem 

from conditions related to lipid peroxide insult, endothelian dysfunction, vascular 

dysfunction, activation of the coagulation cascade or infection and inflammation, that are all 

known to be implicated in the aforementioned pathologies233,265, 270,277,119.  

On the other hand, the association between lower plasma lipids and very preterm birth 

(<31+6 weeks) that was observed both in the present study and in other published results271 

may indicate that without sufficient lipid substrates to act as signalling molecules and cell 
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membranes raw material, placentation (that occurs during early gestation) was 

compromised leading to adverse pregnancy outcomes such as delivery before 32 weeks. 

Low plasma lipid levels in the first half of pregnancy may also indicate a poor maternal 

adaptation to pregnancy, with a concomitant compromise of placental  progesterone 

biosynthesis (cholesterol mediated) that is the key hormone for a healthy pregnancy 

maintenance278,279. This pregnancy mal-adaptation may place women at risk for adverse 

pregnancy outcomes such as preterm birth, potentially due to low availability of substrates 

to cover the increasing foetal needs280. Significant amounts of cholesterol and fatty acids are 

required to maintain appropriate foetal growth since they are necessary mediators of 

processes that are essentials for foetal development279,280.  

Another possible explanation could be that low lipid levels observed in maternal plasma of 

participants that delivered very preterm, may also be a marker for overall poor maternal 

health and malnutrition that subsequently lead to premature labour (<31+6 weeks). 

In conclusion, the results of this study suggest that all plasma lipid levels and especially 

VLDLs (which normally increase by around 50% in healthy pregnancies during the early 

second trimester)238 fail to rise in the pregnancies that lead to early preterm delivery (<31+6 

weeks). As a result, VLDLs play a role in the pathogenesis of the pathology. On the contrary, 

a hyperlipidaemic dyslipidaemia was found to be associated with the late preterm delivery 

phenotype (32+0-36+6 weeks) underscoring the notion that: 1) late and earlier preterm 

delivery may not share all risk factors as well as being pathophysiologically and 

mechanistically different, and 2) late preterm delivery may stem from similar vascular, 

endothelian and inflammatory abnormalities known to be associated with gestational 

atherosclerosis, hypertention, pre-eclampsia and metabolic syndrome, whereas early 
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preterm delivery may stem from inherent or dietary insufficiency of lipid substrates leading 

to poor placentation and poor maternal health which compromise the pregnancy journey 

and foetal development.  Overall, it is indicated that dyslipidemia might have a U-shaped 

relation with preterm birth risk, confirming the results of a recent meta-analysis280. 

4.4.1.2 ADDITIONAL PLASMA METABOLIC DISPARITIES DIFFERENTIATING THE TWO 
PRETERM PHENOTYPES DURING EARLY GESTATION 

Visual inspection of the loadings plots produced from the comparison of the two preterm 

phenotypes against the healthy terms; further strengthen the theory that the two 

phenotypes of the preterm pathology are, at least partially, pathogenically and 

mechanistically different. In particular, a number of different amino acids (specifically valine, 

leucine, isoleucine and alanine) and lactate were shown to have substantially higher levels 

in participants that deliver late preterm (32+0-36+6 weeks) compared to healthy pregnancies. 

However, the opposite was observed in women that delivered earlier (<31+6 weeks) and 

presented consistently lower levels of these metabolites during early pregnancy. 

Low plasma amino-acid levels, observed in the very preterm phenotype during the first half 

of gestation, may indicate a poor maternal adaptation to pregnancy. This places a woman at 

risk of adverse pregnancy outcomes, since gestation-related amino acidaemia is known to 

occur during uncomplicated pregnancies to support the enhanced foetal needs,  with 

maternal amino acids being shown to readily cross the placenta and reach the developing 

foetus3. The hypoaminoacidaemia of the very preterm phenotype is consistent with the 

hypolipidemia that also characterises the same group, indicating poor maternal health and 

pregnancy maladaptation.  

On the other hand, increased levels of plasma branched-chain amino acids (BCAA) (valine, 

leucine, isoleucine) were seen in the women that delivered late-preterm infants. This 
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increase is consistent with a well-known marker of insulin resistance and metabolic 

syndrome245,281,282, a finding which is in agreement with the hyperlipidaemia and the low-

grade inflammation that seems to also characterise that phenotype.  

 Additionally, valine, leucine, isoleucine, alanine, and lactate; all contain gluconeogenic 

substrates. Therefore, differences in the plasma levels among the two preterm phenotypes 

do not only suggest disparities in the way the two preterm groups utilise gluconeogenic 

substrates to directly cover maternal needs for glucose, but more importantly indicate 

differences in their ability to transfer nutrients across the placenta and utilise them for 

enhanced foetal gluconeogenesis and proper foetal development4. 

The above mentioned metabolic disparities between the two preterm groups further 

suggest that two distinct mechanisms contribute to the pathophysiology of the two preterm 

phenotypes, indicating that women experiencing late or earlier preterm delivery are 

characterised by different risk factors, as well as being pathophysiologically different. A 

further examination of these, seemingly consistent, lipid-, amino acid- and lactate-related 

differences between the two preterm phenotypes could be clinically useful since early 

prematurity is known to be associated with a higher prevalence of mortality and morbidity 

for both the mother and the infant257,258,283. 

4.4.1.3 PLASMA METABOLIC SIMILARITIES BETWEEN ALL PRETERM PHENOTYPES 
DURING EARLY GESTATION 

Apart from their differences, the two preterm phenotypes also appeared to share some 

metabolic similarities during early pregnancy, relative to the participants that delivered full 

term babies. These are: i) increased plasma glucose at time points A and C (though glucose 

appeared to decrease in all women that delivered preterm at time point B), ii) increased 
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ketone bodies (mainly acetoacetate, and 3-hydroxybutyrate) and iii) increased protein levels 

and lower glutamine levels across early gestation.  

The hyperglycemia presently observed at time points A and C in plasma of women that later 

delivered preterm can be attributed to either systematic stress that increased pro-

inflammatory processes and negatively affected the maternal immune system284; or to 

intestinal-host interactions that potentially promoted maternal systematic conditions 

resembling metabolic syndrome with accompanying hyperlipidemia, hypertension, insulin 

resistance, hypeglycemia and increased adiposity, subsequently leading to adverse 

outcomes for both the mother and the foetus245. These data suggested that understanding 

the pathology driving the maternal hyperglycemia could be one of the keys to improving the 

care of subjects at risk for preterm delivery. It has been previously demonstrated in the 

settings of acute inflammation(e.g. in critically ill patients)284, that the clinical symptoms 

observed often include stress hyperglycemia, hemodynamic instability, and other metabolic 

derangements such as hyperlipidemia and hyperlactamia. These symptoms are known to 

reflect increased glycolysis in peripheral tissues284 and in the present study they have been 

associated with preterm delivery phenotypes. In specific, stress hyperglycemia marks a 

complex neuroendocrine response to stress and inflammation, characterised by excessive 

gluconeogenesis and glycogenolysis, relative insulin deficiency, and impaired glucose use. 

It’s hereby hypothesised that a disruption of the normal homeostatic relationship due to 

maternal stress could lead to elevated plasma glucose concentration in women destined to 

deliver preterm284,285. 

On the other hand, increased adiposity, loss of insulin sensitivity and subsequent 

hyperglycaemia are thought to be induced by intestinal-host microbiota interactions245,275 
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and are considered as beneficial in the context of a normal pregnancy if they remain under 

control. The latter stages of pregnancy have been described as diabetogenic, as these 

mechanisms maintain hyperglycaemia in the mother and a continuous supply of nutrients to 

support the foetus growth and also prepare the maternal body for the energetic demands of 

lactation286,287. Nonetheless, excessively reduced insulin sensitivity and hyperglycemia have 

been previously correlated with changes in immune status during pregnancy, including 

elevated levels of circulating pro-inflammatory cytokines (e.g., TNF-α and IL-6 )46. This 

correlation suggests that a  possible mechanistic link might exists between obesity-

associated metabolic inflammation in pregnancy and preterm outcomes288,289. 

In 1952, Jorgen Pedersen290 postulated that maternal hyperglycemia leads to foetal 

hyperglycemia. Since then, several studies have evaluated the risks of adverse outcomes 

associated with degrees of maternal glucose intolerance and hyperglycemia less severe than 

overt diabetes mellitus291. It has been therefore clarified that positive associations do exist 

between increased maternal plasma glucose levels and premature delivery, preeclampia, 

birth injury and intensive neonatal care285 

Likewise, participants in the present study did not develop gestational diabetes mellitus, 

thus the observed maternal hyperglycaemia was not associated with this pathology. It the 

present study it is hypothesised that a low-grade sterile inflammation develops early in 

pregnancy due to stress or microbial dysbiosis. These conditions could be related to 

pathological complications that further alter host-microbial interactions and promote a host 

metabolic inflammation and hyperglycaemia that subsequently result in preterm delivery. 

Questions have been raised before292,293 regarding the benefits of treating “mild” 

gestational diabetes mellitus (GDM), while randomised clinical trials have determined that 
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initiation of standard contemporary treatment of GMD is associated with a reduction in 

perinatal morbidity and mortality compared to no intervention294,295. Taken together, the 

previous and current results indicate that maternal hyperglycemia (less severe than the 

hyperglycemia used to define overt diabetes) is related to pregnancy complications and 

perinatal disorders. Therefore the conclusions of the present study would recommend that 

potential GDM treatment should be considered, although a threshold for the need of 

treatment should be carefully established. 

The fact that plasma glucose signal was higher at time point B (15+0-17+6 weeks) in women 

that delivered at term, compared to those with preterm outcomes, contradicts the events 

that take place at time points A and C. Potentially, the hyperglycemia observed in women 

that delivered term babies, at the B time-window could be attributed to the profound 

increase in the secretion of human placental growth hormone (hPGH) by villous 

syncytiotrophoblast into the maternal circulation. This is a  process known to occur at 

around 15 gestational weeks and strongly stimulate gluconeogenesis, lipolysis and 

anabolism; thereby increasing glucose and nutrients availability to the foetal-placental 

unit296,297,298. The fact that at time point B the preterm cohort failed to present a possible 

hPGH–driven hyperglycemia might suggest placental dysfunction and a subsequent failure 

of hPGH synthesis in the human placental syncytiotrophoblast or a failure of the hormone to 

stimulate gluconeogenesis and anabolism, possibly also making vital nutrients unavailable to 

the developing foetus. Further well-designed research is required in order to confirm this 

hypothesis, nonetheless this was beyond the scope of my thesis. 

Moving on to the observations concerning increases in plasma ketones levels (acetoacetate 

and 3-hydroxybutyrate) in women that ultimately delivered preterm, these alterations could 
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potentially result from storage lipids conversion into ketone bodies. Ketones are 

subsequently transferred through maternal circulation for TCA cycle enhancement and 

energy production (ATP) in extra-hepatic tissues. Potential mechanisms driving this ketone 

bodies increase and TCA cycle enrichment are maternal fasting conditions or maternal 

glucose levels shortage due to its redirection to the foetus through placental transfer9,197,299. 

Under such conditions, ketone bodies become the metabolic fuel of choice and cover the 

increased maternal energy and tissue needs. These maternal needs are likely to be further 

enhanced in conditions of maternal stress preceding gestational complications, such as PTD, 

leading to a subsequent increase in plasma ketones. 

Glutamine was found to be consistently decreased in the plasma of women that delivered 

preterm, which could have association with oxidative stress-led pregnancy complications. 

Glutamine is the precursor of glutamate, the building block of glutathione, a major 

antioxidant found in maternal plasma, embryos and even in oocytes300. Antioxidants have 

been demonstrated to offer protection against the damages caused by reactive oxygen 

species (ROS) which increase under the oxidative stress conditions associated with 

pregnancy. This increase in ROS can lead to pathologic conditions if remain untreated; 

including recurrent pregnancy loss, preeclampsia and preterm premature rupture of 

membranes205,236,237,301. Oxidative stress is known to occur when the production of 

potentially destructive ROS exceeds the body’s own natural antioxidant defences, resulting 

in DNA fragmentation, cellular membrane (lipid peroxidation) and tissue damage302. 

Decreased plasma glutamine levels in women that delivered prematurely might indicate a 

metabolic shortage of anti-oxidative mechanisms and a failure to further protect the 

developing foetus from ROS caused by excessive oxidative stress occurring in pathological 
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gestations, subsequently leading to complications303,304,305. A popular approach, in order to 

actually test this hypothesis, is the measurement of stable by-products modified under 

conditions of oxidative stress that have entered the circulation. Actual ROS quantification in 

the circulation of complex biological systems has been proven to be a complex challenge 

given these species short half-life.  Instead the focus has been on measuring stable markers 

in the circulation that may reflect systemic oxidative stress. These markers are molecules 

that are modified by interactions with ROS in vivo and include DNA, lipids (including 

phospholipids) and proteins (e.g., Nuclear factor (erythroid-derived 2)-like 2 transcription 

factor, OxLDL, isoprostanes, nitrotyrosines, S-glutathionylation)306,307. 

It has been shown in this thesis (Chapter 3), and in the wider literature111,308, that plasma 

albumin levels are known to decrease over uncomplicated pregnancies due to the dilution 

effect of increased maternal plasma volume. In this chapter, plasma protein levels were 

shown to be higher in women with preterm outcomes across early pregnancy, relative to 

those that delivered at term. This could be i) merely a marker of an earlier baby delivery, ii) 

it could also reflect disturbances in the kidney function in participants with pathological 

pregnancies309 or iii)decreased vascular permeability that is also known to lead to additional 

protein enhancement in the intravascular space310. Compromise of vascular permeability 

could potentially affect the nutrient transport towards the foetus, subsequently acting as 

another risk factor for pregnancy complications and preterm delivery due to unmet foetal 

development needs. 
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Figure 50: Schematic representation of the metabolic pathways possibly affected in 

participants that delivered preterm. KEY; Ala:Alanine, Gly:Glycine, Gln:Glutamine, 

Glu:Glutamate, a-kg:alpha-ketoglutarate, Creatine-P:Creatine-Phosphate., Leu:leucine, 

Lys:Lysine, Ile:Isoleucine, FMO:Flavin mono-oxygenase, BHMT:betaine-homocysteine S-

methyltransferase, Hcy:Homocysteine, Met:methionine 

Finally, in the present study, it was observed that women delivering prematurely presented 

increased plasma TMAO (at time points A and C). This metabolite is known to be a product 

of the gut microflora (Fig. 50) and its alteration in pathological conditions might suggest a 

possibly inflammation-driven dysregulation of maternal gut microflora. This suggestive 

microbial dysbiosis could affect host-microbial interactions during the early second 

trimester, impacting pregnancy metabolome and subsequently contributing to the 

increased risk for preterm delivery. Increased maternal urinary TMAO levels have been 
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reported in women which developed preeclampsia203 although it should be mentioned that 

urinary TMAO is most strongly related to fish intake and there is no reason to differ 

between control and disease groups307. Other studies have shown that TMAO might affect 

lipid absorption, cholesterol homeostasis, and modulate glucose and lipid metabolism, 

increasing the risk for atherogenic and metabolic diseases 311,312. 

4.4.2 PLASMA METABOLIC PERTURBATIONS ASSOCIATED WITH EARLY CERVICAL 
SHORTENING  

During a normal pregnancy, the cervix remains firm, long, and closed until late in the third 

trimester. However, pregnancies complicated by cervical insufficiency are characterised by 

early cervical dilatation which -if remains untreated- can lead to miscarriage or preterm 

delivery. It is likely that most cases of cervical shortening are the result from pathologic 

processes such as inflammation, haemorrhage, premature uterine contraction, or uterine 

overdistension313. A supervised 1H NMR metabolic profiling approach has been employed in 

an effort to metabolically characterise the cervical remodelling impact upon maternal 

plasma during the early second trimester (time points A and B). This key time-window could 

allow early prediction of cervical ripening and potentially discriminate, between patients 

who are not in labour and can be discharged, and those who are of increased risk of 

preterm delivery and in need of tocolytic treatment51. It should be noted that the analysis 

done for time point C (merely for consistency reasons) is of limited clinical usefulness since 

i) time point C does not allow for timely and effective intervention to treat cervical 

shortening in pregnancy, and ii) most of the women included in the cervical-shortening 

cohort were not representative of the pathology as they only experienced borderline 

cervical shortening (22-24 mm) with ultimate term outcomes.  
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Visual inspection of the correlation coefficient loadings plots between the groups that did or 

not develop cervical shortening during early gestation, indicated that the most prominent 

metabolic difference concerned decreased glucose levels in the plasma of women with 

impending cervical shortening. Other subtle differences concerned decreased plasma levels 

of certain aminoacids (i.e. valine, leucine, isoleucine, alanine, glutamine), TMAO/betaine 

and lactate in participants with cervical shortening, along with a slight increase in their 

plasma choline-related metabolites and glycine signals. 

Decreased maternal plasma glucose, along with decreased gluconeogenic substrates (valine, 

isoleucine, alanine, glutamine, lactate) in the cervical-shortening group indicate a decreased 

rate of glycolysis in this cohort314, a finding that was complemented by the decreased levels 

of BCAAs valine, leucine, isoleucine that potentially reflect an enhanced insulin sensitivity in 

women that developed cervical ripening245,281,282. These findings imply that participants with 

impending cervical shortening demonstrate a failure to develop a gestation-related 

‘diabetogenic’ phenotype during the early second trimester, which as already discussed, is a 

condition that characterises healthy, uncomplicated pregnancies and is potentialy 

contributed to gut-host metabolic interactions. Therefore, it can be speculated that a 

dysbiosis of gut microbiota composition in participants that developed cervical ripening, 

potentially leads to a failure of microbiota to drive healthy host-related interactions, 

characteristic of the normal, uncomplicated gestation245,275,286,287.  

Other evidence supporting the hypothesis of altered gut microbiota composition in 

pregnancies complicated by cervical incompetence, stems from the increase in maternal 

plasma choline signals and decreased TMAO/betaine levels that were shown to be 

associated with this pathological phenotype. Choline, betaine and TMAO metabolism are 



243 
 

closely interrelated  since betaine is synthesised in the kidney and the liver by oxidation of 

choline, catalysed by choline dehydrogenase. Whereas TMAO results from the oxidation of 

trimethylamine (TMA) in the liver via flavin-containing monooxygenase (FMO), with TMA 

principally produced from the microbial breakdown of dietary choline in the gut (Fig. 50) 

311,312. 

Hence, increased choline signals and decreased plasma betaine and TMAO are possibly 

suggestive of disrupted choline metabolism and could reflect compositional or functional 

differences in the intestical microbiota of the women that developed/did not develop 

cervical shortening. Confirmation of these findings could lead to modulation of gut 

microbiota as an approach to improve and maintain a healthy cervix throughout gestation 

with targeted nutritional interventions and the use of probiotics, prebiotics or 

synbiotics315,316,317.  

Finally, perturbation of plasma lipid signals did not appear to be highly correlated or anti-

correlated to impending cervical shortening, indicating that cervical remodelling and early 

ripening does not impact upon lipid metabolism in a similar fashion that preterm delivery 

does; further implying that these pathologies do not necessarily share all risk factors as well 

as being at least partially mechanistically different.  

4.4.3 EARLY SECOND TRIMESTER URINE PREDIAGNOSTIC SIGNATURES OF 
PREMATURITY AND CERVICAL SHORTENING 

Urine offers a different insight in the metabolic alterations compared to plasma that is 

highly regulated by homeostasis, yet both biofluids present a complementary depiction of 

the metabolome. The urine composition is known to reflect the reaction of an organism to 

various changes in environmental and hormonal factors taking place; such as stress, changes 
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in health status or exposure to several drugs or treatments, always in an effort to maintain 

the blood homeostasis318. Urine composition could change dramatically due to its role in the 

excretion of waste products; therefore, analysis of urinary multi-component composition is 

a useful tool to quickly assess an individual’s health state. Any dramatic urinary metabolic 

alterations are normally attributed to either a metabolic shift, alterations in the kidneys 

filtration system or dietary changes87, 201,211,318, 319. In addition, urine is particularly relevant 

for the study of pathological pregnancy-related conditions since most recently urine was 

found to contain observable signals of several microbiota-host co-

metabolites320,321,322,323,324. This may be of particular importance to studies focussing on 

preterm delivery, in light of findings related to metabolic syndrome developed during 

gestation and its induction by host-microbiota interactions, potentially leading to 

pathological conditions (PTD, growth restriction etc.) if left uncontrolled23,245,325.  

In the context of preterm delivery, supervised regression analysis was used to elucidate the 

urinary metabolic disparities between women that delivered term, late, very and extremely 

preterm babies (Fig. 41). Multivariate modelling highlighted that urine metabolic profiles of 

participants that delivered either term or late preterm infants significantly overlap across 

the early second trimester indicating the similarities between these two urinary metabolic 

profiles. This similarity between term and late preterm urine profiles was further 

demonstrated by the impossibility to reliably predict between these two groups using 

supervised statistical methods. Thus it appeared that prediction of late preterm delivery 

solemnly based on the second-trimester maternal excreted metabolome remains 

challenging due to this group’s urinary metabolic similarities with the term cohort.  
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Nonetheless, in the present chapter, samples from women with late preterm outcomes 

have been shown to exhibit a distinct plasma metabolome, relative to the term group 

during early pregnancy. Therefore, it can be concluded that maternal plasma appeared to be 

more informative, with higher prognostic value compared to maternal urine for the 

prediction of late preterm delivery (32-36 weeks).  This should be expected thought, since 

urine is a chemically complex biofluid with an inherent variability to be attributed to 

numerous metabolic breakdown products, contaminants, endogenous waste metabolites 

and bacterial by-products211. 

In urine multivariate modelling, a progressive metabolic transition appeared between 

women that delivered term, late preterm, very preterm and, finally, extremely preterm, 

with the latest group profiles substantially outlying compared to term samples. This 

progression from the extreme premature to term deliveries is gradual and reflects the 

importance of the developmental changes between the extreme cases and the normals (Fig. 

43). As a gratuity of the changes observed in urine maternal profile as early as the end of 

the first trimester, urine metabolic fingerprinting holds high potential for preterm delivery 

(particularly before 31+6 weeks) prognosis.   

In the context of cervical shortening, supervised analysis indicated that urinary metabolic 

markers of this pathology appear to exist at both time points A and B (Fig. 43-44). 

Interestingly, comparison of a) term versus preterm delivery and b) short cervix versus 

healthy cervix, indicated that the urinary metabolome of the preterm delivery cases was 

characterised by some metabolic effects similar to the cervical shortening event, namely 

elevated alanine, citrate, glycine, creatinine, guanidoacetate and decreased TMAO and 

hippurate, thus hinting that early urinary phenotypic diversity in pregnancy is collectively 
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associated with both cervical shortening and preterm outcomes, events that might share 

risk factors or pathophysiological mechanisms that jointly influence the maternal excreted 

metabolome. 

A clear distinction, however, between participants that delivered preterm and those that 

experienced cervical shortening resides 1) in the higher excretion of betaine (at time points 

A and B) and proline-betaine (at time point B), along with lower excretion of p-cresol 

sulphate (at time point C) in women with preterm outcomes, and 2) in the elevated 

excretion of lactate (at time point B), along with decreased excretion of betaine and 

malonate in women with impending cervical shortening.  

The urinary metabolites creatinine, glycine, guanidoacetate and betaine, were observed to 

be substantially higher in both the preterm cohort and the cervical shortening cohort 

(except from betaine), and are vital parts of the creatine metabolic pathway.  Betaine is 

involved in the second reaction of creatine metabolism, which takes place in the liver and is 

related to S-Adenosyl Methionine (SAM) metabolism326,327. Finally, creatine itself can be 

phosphorylated by creatine kinase to form phosphocreatine which is then used as an energy 

fuel in both the skeletal muscles and the brain(Fig. 51)327. The fact that metabolites that 

belong to the creatine metabolism pathway are upregulated in the urine of women with 

cervical shortening and ultimate preterm delivery potentially reflects an increased demand 

for energy in skeletal muscles in participants with impending pathological conditions. 

Increased urinary creatinine during early gestation could also be interpreted as a marker of 

increased glomerular filtration (GRF) rate and early renal impairment that precedes 

pregnancy complications. Glomerular dysfunction is already known to accompany other 

pregnancy specific disorders such as preeclampsia which is characterised by glomerular 
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injury and disruption of the filtration apparatus, leading to subsequent hypertention and 

proteinuria328. 

 

Figure 51: Schematic representation of creatine metabolism pathway that seemed to be 

upregulated in women with cervical shortening and/or preterm delivery during the second 

trimester. Key: BHMT, Betaine-Homocysteine-Methyltransferase; CK, Creatine Kinase; GAMT, 

Guanidoacetate Methyltransferase; AGAT, Arginine:Glycine Aminotransferase. 

Higher excretion of betaine in women that delivered preterm could also reflect changes 

affecting choline-related homocysteine-methionine conversion329 which has been previously 

linked to GDM and several birth defects92,330. Higher urinary betaine has also been reported 

in diabetic patients and was associated with renal dysfunction and hyperglycemia331, 

complications which have both been linked to preterm delivery in our cohort. 

Elevated urinary citrate in women with both cervical shortening and preterm delivery may 

indicate an enhancement of TCA cycle and an increased energy demand, since citrate is a 

TCA cycle intermediate (Fig. 50). Second trimester increase in maternal citrate excretion has 

been previously associated to preterm delivery and pre-diagnosed gestational diabetes 

mellitus, further confirming the validity of this observation95. Enhanced demand on the TCA 

cycle has also been linked to foetal malformation possibly due to increased foetal demands 

for energy and glucose production through gluconeogenesis92,95. 
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Decreases in TMAO, hippurate and phenylacetylglutamine (PAG) in women that presented 

either early cervical remodelling or ultimate preterm outcomes, reflect the importance of 

gut-microbiota in relation to both conditions development. Lower excretion of p-cresol 

sulphate (at time point C) was also reported here in women with preterm outcomes. 

Research is ongoing into the wider impact of the intestinal microbiota in host health and 

disease322,332,333; a number of studies have demonstrated the implication of the gut 

microbiota in contributing to the excretion of a range of metabolites including TMAO, p-

cresol sulphate, trimethylamine, PAG, and hippurate, and as such these metabolites are 

often referred to as urinary mammalian-microbial cometabolites333,334.  

Hippurate has previously been found to be lower in the second-trimester urine of patients 

that either developed GDM or experienced preterm delivery later on95. Urinary hippurate 

excretion has also been reported to be lower in the obese population, indicating that it 

might be a microbiota-driven marker of insulin resistance and metabolic syndrome, features 

that accompany obesity335. Similar metabolic syndrome and underlying inflammation seem 

to also characterise early gestational complications that ultimately lead to premature 

delivery. A correlation of high blood pressure with low hippurate excretion was established 

in a study of human populations; the International Study of Macronutrients and Blood 

Pressure (INTERMAP)201. Finally, hippurate can be used in addition to urea as a marker for 

the assessment of the efficacy of dialysis, as renal clearance of endogenous hippurate has 

been suggested to be a useful indicator of other alterations in renal secretion that are 

associated with reduced expression of organic anion transporters in chronic renal failure336. 

Therefore, lower urinary hippurate in the preterm group could be attributed to changes 
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either in intestinal microbiota or differences in renal function and/or blood pressure during 

early gestation. 

Regarding p-cresol sulphate and PAG, their decrease in the urine of those that delivered 

preterm indicate a possible shift in the composition of microbiome, since both are formed 

from protein putrefaction of tyrosine and phenylalanine by the gut microbiota324. Lower 

urinary p-cresol sulphate and PAG concentrations are consistent with known shifts in the 

composition of the microbiome, including increased enterobacteria and decreased 

proportions of anaerobic bacteria and Bifidobacteria which are associated with increased 

susceptibility to gastrointestinal infections324,337. Infection and associated inflammation are, 

as previously explained, major risk factors for both cervical ripening and preterm delivery, 

with or without preterm premature rupture of the membranes. Second trimester urinary 

PAG has been previously reported to decrease in women with preterm outcomes and 

GDM95,338.  

Regarding proline-betaine, possible reasons for its increase in women with preterm 

outcomes at time point B are unclear at that point, although its diet-related origin (fruit and 

vegetable intake) is well-known339,340.  

Finally, the elevated excretion of lactate (at time points B and C), along with a light decrease 

in the excretion of malonate appears to characterise participants with impending cervical 

shortening. Lactate is known to be produced by many members of the gut microbial 

community and is also utilised by various bacterial species, thus its accumulation could be 

attributed to microbial imbalance to precede cervical remodelling and ripening341,342,343. L-

lactate has also been reported to be locally enriched in inflamed tissue and mucosal cells, 

suggesting that an underlying systematic inflammation could precede the cervical 



250 
 

shortening event344. On the other hand, malonate is known to react with acetyl-CoA to form 

malonyl-CoA which is an important molecule in biosynthesis of fatty acids, inhibiting the 

rate-limiting step of beta-oxidation of fatty acids345,346. Yet, it has also been reported that 

diet rich in medium chain triglycerides can result in increased urinary excretion of malonate, 

therefore it is not clear whether its urinary alteration is diet-related or due to a shift in fatty 

acid metabolism347.  

In general, both plasma and urine metabolic phenotyping of patients that developed 

cervical ripening during the second trimester offered a complementary insight in the events 

that precede cervical shortening. This suggests that early characterisation of cervical 

remodelling via the metabolic profiling of both plasma and urine could potentially 

discriminate between patients that can be discharged and those who are of increased risk of 

cervical remodelling and in need of close monitoring (transvaginal ultrasound scans) and 

possibly cervical stitches.  

4.4.4 URINE KODAMA ANALYSIS IN COMBINATION WITH CERVICAL LENGTH 
MEASUREMENT LED TO THE DEVELOPMENT OF A PROGNOSTIC SCORE FOR THE 
PREDICTION OF PRETERM OUTCOMES 

In order to complement the data acquired following supervised multivariate analysis and 

further enhance the phenotypic signature that was shown to characterise women with 

cervical shortening and/or preterm outcomes in the second trimester, KODAMA analysis 

was applied to urine metabolic data collected at time point C.  Three clusters of patients 

highlighting ‘low-‘, ‘medium-‘ and ‘high-risk’ of subsequent preterm delivery (<37 weeks) 

were identified, with substantial metabolic differences across urine profiles (Fig. 45). A 

significantly high hazard ratio exists among the three phenotypes with the high-risk group 
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presenting a hazard ratio of 1.862 (P=0.004); whereas the low-risk group had a HR of 1 (P 

>1), a result that further emphasises the diagnostic potential of this analysis. 

Following the re-location in the ‘medium-risk’ group of participants that phenotypically were 

clustered together with the ‘high-risk’ patients but nonetheless did not develop cervical 

shortening in the early second trimester, the three clusters prediction scores of preterm 

delivery were re-evaluated. By combining urine metabolic phenotyping and cervical length 

information the prognostic score of preterm delivery was found to be improved: in detail 

women with a ‘high risk’ phenotype were found to have 35.7% chance of delivering 

prematurely, as compared to those with ‘medium-risk’ phenotype that had 16.2% risk and 

finally participants that fell in the ‘low risk’ cluster continued to have only 2.5% chance to 

deliver a preterm baby (Fig. 46). Unfortunately, metabolic variation in the urine data wasn’t 

as strong in earlier time points (A, B) as to achieve similar clustering according to the 

patients’ risk of preterm delivery. This, of course, would offer the significant advantage of an 

earlier intervention chance. Nonetheless, KODAMA analysis, along with complementary 

ultrasound measurement of the cervical length at time point C, that is a time-period closer 

to the pathology, allowed the detection of patients with the highest risk among others for 

premature outcomes. This knowledge could allow patient stratification and risk-specific 

treatment initiation in order to further improve pregnancy outcomes for both the mother 

and the foetus. 

4.4.5 PREMATURITY-DRIVEN METABOLIC STRESS IMPACTS UPON MATERNAL INTRA- 
AND INTER-BIOFLUID CORRELATIONS 

In its never ending quest to maintain homeostasis, the maternal body responds to 

metabolic, hormonal changes and oxidative stress, with a chain of reactions that involve 

metabolic regulation and affect the entire body. The magnitude and duration of the 
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metabolic stress brought about by pregnancy complications subsequently leading to 

prematurity can be observed not only in maternal plasma and urine but also in the 

correlations between the two biofluids.     

In order to compare the present results with the previous chapter and assist in drawing 

conclusions, correlations between the metabolites that were previously found to change 

significantly in either plasma and/or urine across healthy gestations (Chapter 3, Tables 3 and 

4) were computed for all three time points using matched plasma and urine samples from 

women that delivered preterm. The resultant correlation heatmaps (Fig. 47) were compared 

to the ones resulting from longitudinal, matched plasma and urine samples from women 

that delivered at term (Chapter 3, Fig. 25). It did not come as a surprise that the heatmaps 

referring to women with preterm outcomes were found to be different to their term-

delivery counterparts. Specifically, correlations between maternal plasma and urine 

appeared to be stronger in the preterm cohort at all time points, compared to the term 

ones (higher Pearson correlation coefficient values). These stronger inter-biofluid 

correlations indicated greater linear relationship between the variables and possibly 

correlated shared pathways. They can possibly be attributed to the maternal metabolic 

stress that women with complicated gestations endure and which impacts their metabolic 

profiles early in pregnancy, along with the interrelationships between plasma homeostasis 

and kidney function. It is therefore hypothesised that the systemic effects in women that 

experience severe stress and metabolic perturbations in pregnancy due to impending 

pathologies, may also impact and dysregulate the correlations between maternal plasma 

and urine metabolome, making them appear more prominent compared to the healthy 

state. 
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In accordance with observations for the term deliveries (Chapter 3, Figure 25); the strongest 

intra-biofluid correlations (plasma-urine) appeared to exist in the preterm cohort at time 

point A, relative to time points B and C (Fig. 47). This further strengthens the belief that a 

shift in maternal metabolism seems to occur at around 15 weeks gestational, irrespectively 

of pregnancy outcome (term, preterm). At all three time points, strong positive correlations 

were found between plasma and urine creatine, alanine, valine, citrate and glucose acting as 

positive controls, confirming the validity of these results. Additionally, the positive 

correlations that seemed to dominate the time point A panel implicate the plasma lipid 

panel components and the urinary glucose, pyruvate, glucuronate, 2-ketoisovalerate, 

adenine and 3-hydroxyisovalerate. The most prominent negative correlations at time point 

A were mainly observed between circulating lipids and urinary formate. A trend of 

increasing negative correlations between plasma lipids and urinary metabolites was 

identified at B and C time points. Affected metabolites included excreted valine, sucrose, 

carnitine, alanine, asparagine, threonine, citrate and creatine. Interestingly, these trends 

were reversed for the term cohort, with increasing positive correlations appearing between 

plasma lipids and urinary metabolites, such as alanine, glucose asparagine, threonine, 

citrate, creatine and dimethylglycine. Comparisons between participants with term and 

preterm outcomes suggested that a disparity in the lipid metabolism exists between the two 

cohorts, an observation that is in agreement with the results reported earlier in this chapter. 

Finally, the increasing negative correlations of the preterm cohort could indicate stronger 

plasma retention (of the affected molecules) with limited excretion or high excretion with 

lower plasma retention.   
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Ultimately, these results further strengthen the belief that abnormal or dysregulated lipid 

metabolism during pregnancy, manifested as either increased or decreased plasma lipids 

levels (as described in section 4.3.2.2) or as disrupted correlation patterns between plasma 

lipids and urinary metabolites (as seen here) can be associated with and also precede 

several pregnancy disorders, such as preterm delivery. 

Additional intra-biofluid metabolite correlations (plasma-plasma, urine-urine) were 

calculated for the preterm cohort and highlighted significant positive correlations between 

all plasma lipid signals, which were especially strong at time point A and partially faded 

away at B and C, indicating again a shift in lipid metabolism after 15 weeks gestational (Fig. 

48). The same trend has been observed for the term cohort (Chapter 3, Fig. 26). Regarding 

urine intra-biofluid correlations, a negative correlation was shown to exist between the 

excreted levels of creatinine and asparagine, whereas strong positive correlations also 

reported between urinary threonine and asparagines levels; and between pyruvate and 3-

hydroxyisovalerate, observations which were consistent with the term cohort observations 

(Chapter 3, Fig. 27).  

Generally, the observed intra-biofluid correlations, for both plasma and urine of the preterm 

group, were reported to be considerably more sparse and insignificant compared to the 

ones calculated for the term cohort, further suggesting a dysregulation of the healthy 

maternal metabolism and a subsequent failure to retain physiological inter-metabolic 

relationships. 

My thoughts on how the analysis presented in this chapter should be taken further are 

presented in the final thesis chapter (Chapter 6).
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4.5 CONCLUSIONS 

The findings discussed in this study highlighted the impact of the pathophysiological 

modifications that precede cervical shortening and/or preterm delivery on altering the 

maternal plasma and urine metabolome in the early second trimester; a time-point of 

pregnancy of major metabolic adaptations and also conducive to effective stratification and 

clinical intervention.  

The first part of this study focused on characterising the early second-trimester maternal 

plasma and urine from a cohort of patients who went onto have a cervical shortening 

and/or PTD using a 1H NMR-based metabolic approach, complemented by additional 

lipoproteins subfraction distribution analysis. 

In maternal plasma, the dyslipidaemia observed is characteristic of women with preterm 

outcomes and particularly significant in defining the phenotypic differences between 

women that went onto deliver term, late preterm and very preterm babies. It was shown 

that maternal plasma lipids increase substantially above the levels seen in normal 

pregnancies in women that delivered late preterm infants (32+0-36+6 weeks), whereas the 

opposite was observed for women that delivered a lot earlier (<31+6 weeks), that presented 

consistently lower levels of the whole lipid panel during early pregnancy. This confirms the 

fact that these two phenotypes of the preterm pathology should be partially pathogenically 

and mechanistically different, with dyslipidemia to potentially have a U-shaped relation with 

PTB risk. 

Additionally, the hyperglycemia observed at time points A and C in women that later 

delivered preterm, can be attributed either to i) systematic stress that accelerate pro-

inflammatory processes and negatively affect the maternal immune system, or ii) to 
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intestinal-host interactions that potentially promote maternal systematic conditions- 

resembling metabolic syndrome- with accompanying hyperlipidemia.  With regards to the 

women of this study that experienced cervical shortening at early second trimester; lower 

glucose, along with lower gluconeogenic substrates (alanine, lactate, isoleucine, glutamine) 

appeared as most discriminant (although not statistical significant)  in their plasma 

compared to those with a healthy cervix throughout.  

Maternal urine data presented the greatest metabolic variation between women with term 

and extremely preterm deliveries (<28 weeks), with phenotypic differences mainly 

attributed to creatine metabolism, homocysteine-methionine conversion, energy 

metabolism and microbiota composition. The fact that the urinary metabolome of women 

with preterm outcomes showed some metabolic effects similar to the cervical shortening 

event, hints that early urinary phenotypic diversity in complicated pregnancies is collectively 

associated with both cervical shortening and preterm labor, events that might share 

pathophysiological mechanisms that jointly influence the maternal excreted metabolome.  

The second part of this study explored the prognostic power of prematurity phenotypes. For 

plasma, ROC curve analysis done at time point C showed good sensitivity and specificity for 

the prediction of very preterm delivery risk; merely based on a VLDL-based panel. In the 

urine data collected at time point C KODAMA analysis was applied. Metabolic data 

combined with ultrasound examination of the cervical length at the time of sampling 

demonstrated that three patient clusters exist, each characterised by a different risk of 

preterm delivery (low-, medium- and high-risk). This approach paved the way to the 

potential development of an improved prognostic score of preterm delivery. Furthermore, 

when successful at an earlier time point (time points A & B) this approach will permit more 
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efficient stratification of women at risk of preterm delivery and facilitate informed, objective 

targeted clinical intervention. 

Intra- and inter-biofluid correlations that were also computed for maternal plasma and 

urine indicated a shift in the maternal metabolism at 15 weeks, consistent to what was 

previously observed in the healthy, term cohort. The strongest intra -biofluid correlations 

appeared to exist in the preterm cohort at all time points, relative to the term cohort, 

possibly indicated PTD class metabolic stress which overpowers normal phenotypes. 

Collectively these findings establish the potential of metabolic profiling towards i) 

understanding the alterations associated with gestational complications -at a time-period 

during which two partner organisms are interacting for mutual benefit-, and also ii) 

identifying measurable metabolic biomarkers in maternal biofluids that could act as reliable 

predictors of preterm birth.  
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CHAPTER 5: UPLC-MS-BASED CHARACTERISATION OF 
MATERNAL LIPIDOMIC PROFILE DURING THE EARLY 2ND  
TRIMESTER AND EXPLORATION OF CANDIDATE BIOMARKERS 
OF PRETERM DELIVERY 

5.1. INTRODUCTION 

Both this thesis (Chapter 3), and  also a substantial number of other studies have reported a 

strong gestation-associated shift in lipid metabolism to occur in maternal plasma with 

advanced gestation, this being relevant to increased maternal and foetal energy needs as 

gestation progresses from the 1st to the 2nd trimester10,111,240,348,349. As explored in chapter 3, 

maternal ethnicity also impacts on lipid metabolism, with several lipid-subfractions (e.g., 

VLDL, LDL, beta-CH2, cholesterol-backbone) to be higher in Asians plasma, compared to 

British African-Caribbeans and Caucasians in the early second trimester. Finally, the data 

presented in chapter 4 indicate that maternal dyslipidaemia is characteristic of women with 

preterm outcomes and particularly significant in defining the phenotypic differences 

between women that went onto deliver term, late preterm and very preterm babies.  

These initial 1H NMR-spectroscopic results provided a lead, worthy of further investigation 

via lipidomic analysis. Lipidomic analysis has recently emerged as an approach closely 

related to metabolic profiling and is dedicated to the global study of the lipidome, including 

lipid metabolism and signalling with special focus in a systems biology perspective166,350. A 

clear advantage of this analytical technique is that it provides higher resolution in 

deciphering lipid molecules, as compared to 1H NMR spectroscopy, as it delivers clearly 

resolved and specific signals for every lipid moiety according to the specific lipid (sub)class 

and fatty chains incorporated. 
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Before exploring the aims of this chapter, one should know that increased maternal 

lipogenesis and body fat accumulation during pregnancy is known to commence as early as 

nine gestational weeks, with the triacylglycerol (TAG) to accumulate in low-, very low- and 

high-density lipoproteins (LDL, VLDL, HDL respectively), and lasts up until delivery9.  This 

tightly regulated normal fat deposition in maternal adipose tissue (anabolic state) is 

followed by increased lipolysis later in pregnancy (catabolic state) as insulin resistance 

increases, with the lipolytic activity to be further enhanced under fasting conditions351. 

Lipolysis of TAG in adipose tissue releases glycerol and non-esterified fatty acids (NEFA) in 

maternal circulation which are transported to maternal liver and used for energy 

production, ketogenesis and gluconeogenesis-the latter two pathways further enhanced 

under fasting conditions in late pregnancy239. To develop, the foetus needs to obtain both 

essential fatty acids (FA) and long-chain polyunsaturated fatty acids (LCPUFA) from the 

mother352. These FA are carried in the maternal circulation in their esterified forms such as 

TAG, phospholipids and esterified cholesterol associated to plasma lipoproteins239. The 

lipoproteins can be further taken up by the placenta and handled appropriately, allowing 

LCPUFA associated with plasma lipoproteins to be transferred to the foetus9,239.  

Gestational lipogenesis during healthy pregnancy and the subsequent increase in energy 

storage are believed to be under hormonal regulation following the increase in the 

estrogen, progesterone and insulin levels during early gestation9,10,238,12.  Lipids have a 

critical role as energy reserves and major constituents of foetal membranes development 

during gestation, but they also represent highly biologically active metabolites, with 

involvement in a range of signalling processes. They are responsible for coordinating a series 

of events during early pregnancy including pre-implantation, embryo formation and 
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development, followed by implantation and post-implantation growth15. A cross-sectional, 

MS-shotgun lipidomics approach has shown before that phosphatidylcholines (PC), 

phosphoethanolamines (PE) and phosphatidylinositol (PI) subclasses increase from 9 to 20 

weeks in healthy gestation; whereas glycerophospholipids (PG), lyso-phosphatidylcholines 

(lyso-PC) and lyso-phosphoethanolamines (lyso-PE) simultaneously decrease indicating 

altered phospholipid metabolism and higher consumption of PG, lyso-PC and lyso-PE in the 

early second trimester of pregnancy348.  

Dysregulated lipid metabolism during pregnancy, manifested as either increased or 

decreased plasma lipids levels, has been associated to several pregnancy disorders, 

including atherosclerosis353, hypertension277 and  pre-eclampsia (PE)270, as well as 

pathological infant outcomes, such as intrauterine growth restriction272 and low infant birth 

weight354,355,356. Lipids have also offered promise for identifying pregnancies at risk of 

preterm delivery (<37 weeks) in patients that present high cholesterol or a slower rise in 

TAG concentrations in the first half of pregnancy265,273. Furthermore, in the third trimester, a 

perturbed serum lipid profile- particularly associated with abnormal levels of free fatty acids 

(FFA), glycerolipids and sterol lipids- has also been linked with pregnancy complications 

stemming from placental dysfunction, such as preterm delivery (PTD), preeclampsia (PE) 

and foetal growth restriction (FGR)357. The disordered lipid and lipoprotein metabolism that 

accompanies pregnancy disorders seems to either stem from or result to lipid peroxidation, 

endothelial cell dysfunction, lipid transport dysregulation across the placenta and fetal 

membranes, and finally inflammation. These are all conditions that accompany gestational 

disorders205,270,349. Nonetheless, in the majority of the aforementioned studies, lipid 
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moieties were measured primarily using lipid-specific biochemical serum assays, as opposed 

to a comprehensive lipid profiling. 

The present chapter explores the lipidomic profiles of women (of different ethnic origin) 

that went onto deliver healthy term babies and profiles of those that had complicated 

pregnancies with preterm outcomes.  

The first part will focus on characterising the lipidomic profile of plasma samples collected 

longitudinally from the same participants throughout the first trimester to the mid- second 

trimester (at 12+0-14+6, 15+0-17+6 and 19+0-21+6 weeks) of pregnancy from women 

experiencing healthy term pregnancy outcomes.  Furthermore, lipidomic differences 

associated with maternal ethnicity were also identified in the plasma of women of Asian, 

British-African Caribbean and Caucasian background. Finally, intra-biofluid correlations were 

computed for the lipid features that change significantly in maternal plasma during early 

gestation, along with correlations between matched 1H NMR and UPLC-MS lipidomic 

datasets. 

The second part will focus on maternal lipidomic changes in relation to the length of 

gestation and prematurity-specific phenotypes will be explored.  

Finally the chapter will be concluded by a discussion of the lipid perturbations that are 

potentially a vital part of the biochemical cascade that precipitate evens that influence 

preterm outcomes such as the dysregulation of intracellular signal transduction, impaired 

implantation and dysregulated placental development. 
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5.2. MATERIALS AND METHODS  

5.2.1 PATIENT RECRUITMENT AND SAMPLE COLLECTION 

This study was conducted following NHS Health Research Authority National Research Ethics 

Service (NRES) Committee Approval (REC 11/H0311/6). Pregnant women of mixed ethnic 

backgrounds were recruited to the study at booking of their antenatal care. Following 

informed consent, blood samples were collected longitudinally between 12+0-14+6 (time 

point A), 15+0-17+6 (time point B) and 19+0-21+6 (time point C) weeks gestation under non-

fasting conditions due to medical and ethical restrictions in limiting pregnant patients’ diet. 

Ethnicity was self-reported as White (European ancestry), British African-Caribbean (African 

or African-Caribbean ancestry) or Asian (Pakistani, Indian, Bangladeshi or Sri Lankan 

ancestry). Exclusion criteria included women with a multiple pregnancy, those declining 

participation, HIV positive or under the age of 18. At the end of gestation, the samples were 

classified into: (a) controls, healthy term pregnancies (n=581) and (b) preterm deliveries, 

delivery before 37 gestational weeks (n=117).  The preterm cohort could further be divided 

into the following groups: i) late preterm (LP) deliveries (delivery between 32+0-36+6 weeks), 

ii) very preterm (VP) deliveries (delivery between 28+0-31+6 weeks) and iii) extremely 

preterm (EP) deliveries (delivery before 28+0 weeks). Clinical information concerning cervical 

shortening (i.e., cervical length < 25mm) was also obtained following ultrasound 

examination at the three sampling time points. Please refer to Materials and Methods 

chapter (2.1.1) for details on patients’ recruitment. Patient demographics are presented in 

Table 24. 
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Table 24:  Patient demographics for all participants included in the lipidomic studies described 

in this thesis chapter. Key: LP=late preterm (32+0-36+6 weeks), VP=Very Preterm (28+0-31+6 

weeks), EP=Extremely Preterm (<28+0 weeks) outcomes, % represents the breakdown of the 

different ethnicities among the studied cohort. 

 

5.2.2 LIPID PROFILING USING UPLC-MS ANALYSIS. 

5.2.2.1 PLASMA SAMPLE PREPARATION AND METABOLITE EXTRACTION  

For a detailed protocol of plasma samples preparation (in batches) for the semi-targeted 

UPLC-MS lipidomic analysis please refer to Materials and Methods chapter, section 2.5.3.1. 

5.2.2.2 UPLC-MS ACQUISITION  

Lipid profiling was performed on an Acquity RP-UPLC system (Waters Corp, USA) coupled to 

Xevo G2 QTof (Waters MS Technologies, U.K.) with an electrospray ionization (ESI) source as 

described in full in the Materials and Methods chapter, section 2.5.3.2. 

The expected elution times of the major lipid classes, as detected following RP-UPLC-MS 

lipidomic analysis, can be seen in figure 52 for both ESI+ and ESI- ionisation mode. 

Longitudinal set Whole set Whole set

Preterm deliveries

Plasma Samples/Patient, n 198/66 581/285 117/60

Timepoints breakdown
Number of samples per 

sub-category 

A=12
+0

-14
+6 

weeks 66 165 38 (23LP, 3VP, 12 EP)

B=15+0-17+6 weeks 66 206 45  (31LP, 3VP, 11 EP)

C=19+0-21+6 weeks 66 210 34 (25LP, 1VP, 8 EP)

Maternal Ethnicity

Asians, No (%) 5 (7.6%) 25 (8.8%) 6 (8.8%)

British African-Caribbean, No (%) 5 (7.6%) 42 (14.7%) 20 (17%)

Caucasians, No (%) 52(78.8%) 180 (63.1%) 29 (60.7%)

Other, No (%) 4 (6.0%) 27 (9.5%) 1 (7.7%)

Unknown, No (%) 0 (0%) 11 (3.9%) 4 (5.8%)

Maternal Age, mean±SD 33.7 ± 4.3 34.4 ±4.7  34.5 ±4.8 

Clinical Parameters
Term deliveries
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Figure 52:  Characteristic examples of base peak intensity chromatograms demonstrating the 
elution times of some of the major metabolite classes detected in (a) ESI+mode, (b) ESI− mode 
following RP-UPLC-MS semi-targeted lipidomic analysis of the plasma organic extracts. KEY: α-
AA: alpha-amino-acids, CE: cholesteryl ester, Cer: ceramide, DG: diacylglycerol, ESI: electrospray 
ionization, FFA: free fatty acid, HexCer: hexosylceramide, pxCE: oxidised cholesteryl ester, PC: 
phospatidylcholine, PE: phospatidylethanolamine, PE-Cer: phosphatidylethanolamine-ceramide, 
PG: phosphatidylglycerol, PI: phosphatidylinositol, PS: phosphatidylserine, SM: sphingomyelin, 
TG: triacylglycerol. Figure taken from 169. 

 

5.2.2.3 UPLC-MS DATA EXTRACTION AND DATA PROCESSING  

After acquisition, data were peak-picked, grouped and pre-processed as described in the 

Materials and Methods chapter, section 2.5.3.3, which resulted in the generation of a data 

matrix that was imported in SIMCA software (V. 14.0, Umetrics) for multivariate data 

analysis. 

All features observed in both ionisation modes were filtered out following the exclusion of 

peaks with coefficient of variation (CV)> 30% across the quality control samples (QCs, n=80). 

Contaminant peaks present in blank controls were also removed and only a part of the 

initially-observed features were retained for final analysis/modelling and structural 

elucidation. As described in Materials and Methods chapter, all returned intensities were 

determined using area under the curve (AUC), normalised to total area and multiplied by 

103 prior to importation to SIMCA for data/multivariate analysis. 
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5.2.3 STATISTICAL ANALYSIS AND VALIDATION 

ESI- mode data were logarithmically transformed to remove run-order effects that weren’t 

corrected with randomisation prior to acquisition and could potentially influence the 

statistical analysis and biomarker identification. Log transformation wasn’t necessary for the 

ESI+ mode. Following data scaling (Pareto), log transformation (in ESI-) and contaminants 

features removal, the robustness and quality of both ESI+ and ESI- runs was evaluated with 

PCA models, based on features from patient samples and QC’s, including dilutions (1:2, 1:4, 

1:8) to confirm that linear and quantitative data were acquired. Also, in the scores plots 

tight grouping of QC samples and gradual separation of QC dilutions from the clustered 

samples/QCs according to their dilution factor suggested analytical stability necessary for 

continued analysis. Once confirmed, QC samples and dilutions were removed and the rest of 

analyses were performed on the patients’ plasma samples only, using PCA, PLS-DA and O-

PLS(DA) modelling. Supervised analyses were employed to compare phenotypes associated 

with progressive gestational age (time points A, B, C), maternal ethnicity (Caucasian, British 

African-Caribbean and Asian), and pregnancy outcome (term versus preterm delivery). Early 

putative metabolic signatures characteristic of these phenotypes were therefore 

characterised. All supervised and unsupervised models were evaluated using the R2X model 

parameter, which describes the fraction of variation in the X data matrix (spectral peak 

intensities, area under the curve) explained by the model. The quality of PLS(-DA) and 

OPLS(-DA) models was further assessed by their R2Y values which shows the fraction of 

variation in the sample classifier, known as Y matrix (gestational age, maternal ethnicity, 

gestation at delivery etc.) explained by the model; and Q2Y values (parameter for model 

predictive ability). The Q2Y parameter can be automatically calculated using a 7-fold leave-

one-out cross-validation in SIMCA. Model validation was also carried out using CV-ANOVA 
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testing358 and permutation testing. For more information on the above mentioned 

parameters and model validation criteria please refer to Materials and Methods chapter, 

section 2.6.3.3. 

5.2.3.1 PUTATIVE BIOMARKERS EXTRACTION 

The features (i.e., variables, corresponding to lipids) responsible for the separation observed 

in the OPLS (-DA) scores plots were visualised in the corresponding S-plots, where the 

integral of each metabolic feature (of specific mass-to-charge (m/z) and elution time (min)) 

is represented as a single co-ordinate. For more information on the S-plot see Materials and 

Methods chapter, section 2.6.3.2. In order to extract putative biomarkers from UPLC-MS, S-

plot features with correlation coefficient (p(corr)[1]) greater than 0.5 and covariance (p[1]) 

greater than 0.05 in absolute value were initially chosen to extract the most discriminatory 

and robust features. Ultimately, features were putatively identified if: a) correlation and 

covariance met the thresholds, 2) were reproducible through the run, with a CV% of the QCs 

less than 30%, and 3) pass the chromatographic peak-shape assessment. These features 

were further subjected to Mann-Whitney test with a threshold of P <0.05201 and base-2 log 

fold-change comparison. P values were also FDR corrected to account for multiple 

comparisons.  

5.2.3.2 METABOLITE IDENTIFICATION OF CANDIDATE BIOMARKERS AS DETECTED BY 
UPLC-MS 

UPLC-MSE and UPLC-MS/MS data were acquired and obtained spectra were used for 

structural elucidation of significant features. Data-dependent acquisition (DDA) of the QC 

sample was performed for both ionisation modes. DDA approach enables the fragmentation 

of the most abundant ions (precursors) for further MS/MS analysis, in a data dependant, but 
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classifier independent manner. MSE data were collected with collision energy ramping from 

30 - 50V.  

Apart from fragmentation patterns (for example PCs can be detected by their characteristic 

fragment in tandem MS, of the loss of phosphocholine head-group(184.07 Da)), structural 

elucidation was assisted by matching accurate m/z measurements to metabolites from 

online available databases359,210,360. Table 25 and, the more exhaustive Table 26, 

demonstrate characteristic fragments of lipid classes detected in positive and negative 

modes, respectively, and aided structural assignment in this thesis. In some cases isotopic 

patterns also proved useful as well as in-house libraries169,172,173. See Materials and Methods 

chapter, section 2.5.3.4 for further information. Characteristic examples of the lipid-

assignment procedure followed in this study, using in source fragmentation patterns for 

lipid features that were found to be discriminatory, can be found in Appendix (Figures 72-

73). 
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Table 25: Table of tandem MS fragments and neutral losses, characteristic to specific lipid 

classes and sub-classes identified in this chapter in positive ion mode (ESI+). 

 

 

 

 

 

 

 

 

 

 

 

 

Lipid class m/z observed Ion description

Phosphatidylethanolamines (PE) 141.00
Neutral loss; dominant signal, 

relevant for PE recognition

104.10 Choline ion

184.07

Phosphocholine ion;  

dominating signal, diagnostic 

fragment for PC recognition

258.11 Acyl chain loss from LyosPC

184.07

Protonated phosphocholine – 

dominating signal, diagnostic 

fragment for SM recognition

264.00
Typical  fragment, representing 

the d18:1 long-chain base

Acylcarnitines 85
Dominant signal,  fragment mass 

[C4H5O2]+ 

Cholesterol-esters (CE) 369.00
Dominant signal, neutral loss of 

fatty-acid component

ESI+, Lipidomics-Fragmentation patterns

(lyso-)Phosphatidylcholines 

(PC/lysoPC)

Sphingomyelins (SM)
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Table 26:  Table of tandem MS fragments and neutral losses, characteristic to specific lipid 
classes and sub-classes identified in this chapter in negative ion mode (ESI-). 

 

Lipid class m/z observed Ion description

140.01 Ethanolamine phosphate ion

59.24  Loss of CO2 from 20:4 RCOO- ion (PUFA)

78.96 PO3- ion (from phosphate)

96.97 H2PO4- ion (from phosphate)

122.00 Ethanolamine phosphate ion with loss of H2O

152.99 Glycerol-3-phosphate ion with loss of H2O

196.03 Neutral loss of plasmenyl group (RCH=CHOH) from [M-H]-

283.24 Loss of CO2 from 22:6 RCOO- ion (PUFA)

418.27 Neutral loss of 18:2 group from [M-H]-

418.27 Neutral loss of 20:4  group from [M-H]-

435.26 Loss of 19:0) acyl chain as ketene (RCH=C=O) from [M-H]-

436.28 Loss of 20:4 acyl chain as ketene (RCH=C=O) from [M-H]- 

436.28 Loss of 18:2 acyl chain as ketene (RCH=C=O) from [M-H]- 

446.30 Neutral loss of 20:3 RCOOH group from [M-H]-

446.30 Neutral loss of 22:6 RCOOH group from [M-H]-

452.28  Loss of 18:1 acyl chain as ketene (RCH=C=O) from [M-H]-

452.50  Loss of sn1 20:4 chain as ketene (RCH=C=O) from [M-H]-

460.20  Neutral loss of 18:1 RCOOH groups from [M-H]-

462.20  Neutral loss of 22:6 RCOOH group from [M-H]-

474.34 Neutral loss of 22:6 RCOOH group from [M-H]-

478.20  Loss of 18:1 acyl chain as ketene (RCH=C=O) from [M-H]- 

480.30 Loss of 22:6 acyl chain as ketene (RCH=C=O) from [M-H]-

484.28 Neutral loss of plasmenyl group (RCH=CHOH) from [M-H]-

492.35  Loss of 22:6 acyl chain as ketene (RCH=C=O) from [M-H]

506.27 Neutral loss of plasmenyl group (RCH=CHOH) from [M-H]-

506.20  Neutral loss of 18:0 RCOOH group from [M-H]-

168.04 Phosphocholine with loss of CH3

184.07

78.96 PO3- ion (from phosphate)

96.97 H2PO4- ion (from phosphate)

153.00 Glycerol-3-phosphate ion with loss of H2O

224.07 Glycerophosphocholine with loss of CH3 and H2O

224.07  Neutral loss of 22:6 RCOOH group, loss of CH3 and formate from precursor ion

283.24  Loss of CO2 from 22:6 RCOO- ion (PUFA)

444.29 Neutral loss of 17:1 group, loss of CH3 and formate from precursor ion

446.30 Neutral loss of 17:1 group, loss of CH3 and formate from precursor ion

552.31  Loss of CH3 and formate from precursor ioN

763.56 Loss of choline and formate from precursor ion

241.01 Inositol phosphate ion

78.96 PO3- ion (from phosphate)

96.97 H2PO4- ion (from phosphate)

152.99  Neutral loss of sn1 RCOOH group and inositol from [M-H]-

153.00 Glycerol-3-phosphate ion with loss of H2O

204.99 Inositol phosphate ion - 2 H2O

223.00 Inositol phosphate ion - H2O

315.05 Glycerophosphoinositol -H2O

391.23 Neutral loss of 18:2 group and inositol from [M-H]-

417.24 Neutral loss of 18:0 group and inositol from [M-H]-

419.26 Neutral loss of 18:1 group and inositol from [M-H]-

553.28  Neutral loss of 18:2  group from [M-H]-

579.29 Neutral loss of 18:0  group from [M-H]-

581.31 Neutral loss of 18:1  group from [M-H]-

171.01 Glycerol-3-phosphate ion

153.00 Glycerol-3-phosphate ion with loss of H2O

52.99 Neutral loss of 18:0 RCOOH group and inositol from [M-H]-

78.96 PO3- ion (from phosphate)

96.97 H2PO4- ion (from phosphate)

153.00 Glycerol-3-phosphate ion with loss of H2O

Phosphatidylserine (PS) loss of 87 Neutral loss

(lyso-)Phosphatidylcholines 

(PC/LysoPC)

Phosphatidylinositols (PI)

Phosphatidylglycerols (PG)

ESI-, Lipidomics-Fragmentation patterns

Phosphatidylethanolamines (PE)
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5.2.3.3 CORRELATION ANALYSIS 

Pearson correlation coefficients (r, Pearson analysis) between pairs of candidate biomarkers 

were calculated using R v.2.13.2) programming language in order to explore metabolic links 

and common sources of variance between discriminatory metabolic features that vary 

significantly with gestational age or pregnancy outcome. 

 Correlations are shown using a colour scale from maximum negative correlation (dark blue) 

to maximum positive correlation (dark red), no correlation being white. Additionally, a 

threshold of P < 0.05 was implemented to filter out insignificant correlations between the 

reported lipids; non-significant correlations have been replaced by white cells.  

Similarly, to investigate links between potentially complementary metabolic datasets, 

plasma NMR integrals of the metabolites that were shown to significantly shift with 

advanced, healthy gestation (Chapter 3) were correlated with the corresponding integrals of 

discriminatory lipid features using matched patient samples (n= 40) at all three time points. 

5.3. RESULTS  

5.3.1 UPLC-MS LIPID PROFILING OF MATERNAL PLASMA DURING THE EARLY 2ND 
TRIMESTER  

5.3.1.1 ASSESSMENT OF METHOD ’S ANALYTICAL REPRODUCIBILITY 

In the present study a well-established pipeline was followed in order to expand the early 

pregnancy metabolome coverage of lipid composition. Plasma samples collected from 

women during the early second trimester of pregnancy were employed. Both 

chromatographic and MS conditions were optimised following a RP-UPLC-MS semi-targeted 

lipidomic approach. Ultimately data acquired in both ESI+ and ESI- ionisation modes were 
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assessed and the pipeline’s ability to deliver gestational age related metabolic profiles was 

investigated.  

A total of 7209 features were initially observed in ESI+ and 3987 features were observed in 

ESI-. Following features filtering, 1714 features in ESI+ and 1488 features in ESI- were 

retained for final analysis and structural elucidation. 

After data acquisition, preliminary visual inspection of the raw spectra was performed to 

assess the run’s robustness and data quality. Characteristic examples of base peak intensity 

chromatograms of a blank sample, pooled QC, DDA sample (unbiased precursor ion 

selection for MS/MS), along with plasma samples collected from the same participant at 12 

and 20 weeks gestational were inspected for both ionisation modes and are illustrated in 

figure 53 (ESI+) and figure 54 (ESI-). For both ionisation modes, it appeared that samples 

collected at 20 weeks had higher signal intensities for lipid species eluted between 5-9 min 

and later, after 13 min. These include mainly PCs, SMs and TGs lipid species for the ESI+ and 

lysoPEs and PEs for the ESI-. It is expected that lipid information detected in both modes 

complement each other and should be thus combined for further statistical analysis and 

lipid assignment.  
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Figure 53: Comparison of representative base peak intensity (BPI) chromatograms generated by RP-UPLC-MS (ESI+), for (a) a blank sample; (b) a 

data dependent acquisition (DDA) experiment; (c) a QC sample; (d) a plasma sample collected from a healthy patient at 20 weeks (C time point); and 

(e) a sample collected from the same patient at 12 weeks (A time point).  
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Figure 54: Comparison of representative base peak intensity (BPI) chromatograms generated by RP-UPLC-MS (ESI-), for (a) a blank sample; (b) a 

data dependent acquisition (DDA) experiment; (c) a QC sample; (d) a plasma sample collected from a healthy patient at 20 weeks (C time point); and 

(e) a sample collected from the same patient at 12 weeks (A time point).  
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For both ionisation modes conducted in this study, an assessment of the run’s 

reproducibility was carried out using the QC samples (n=80) that were analysed for quality 

assurance purposes. In the PCA scores plots of all plasma samples analysed, very tight 

clustering of the QCs was observed following the removal of contaminant features, 

originating from various sources such as plasticisers; and unreliable features with a CV more 

than 30% indicative of artefact or lack of stability (Fig.55).  

 

Figure 55:  Principal component analysis (PCA) scores plots following lipid profiling in (a) ESI+ 

and (b) ESI- ion mode of all plasma samples collected from the women participating in this 

study (n=780), along with the quality control (QC, n=80) and dilution series (dilution factor; 1:2, 

1:4, 1:8, n=6) samples. The QC samples are denoted in red and demonstrate good 

reproducibility and instrument stability of the specific run. Key: ESI; Electrospray Ionisation. 

 

In the PCA scores plots a gradual transition of the dilution series samples (i.e., 1:2 dilution, 

1:4 dilution, 1:8 dilution) (n=6) away from the clustered samples (n=780) and according to 

their dilution factor, for both ESI+ and ESI- modes further confirmed a smooth analytical run 
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and the fact that linear and quantitative data were acquired, suitable for metabonomic 

analysis. 

5.3.1.2 A UPLC-MS LONGITUDINAL STUDY OF THE EFFECT OF GESTATIONAL AGE 
PROGRESSION IN MATERNAL LIPID PROFILES  

For this thesis a total of 581 plasma samples were collected from 285 healthy pregnant 

women of mixed ethnic and social backgrounds at three time points (A=12+0-14+6 weeks, 

B=15+0-17+6 weeks and C=19+0-21+6 gestational weeks). Out of these participants, 66 

provided plasma samples longitudinally at all three time points and experienced 

uncomplicated gestations with term outcomes (≥37 gestational weeks). Patient 

demographic and clinical characteristics are shown in Table 24. This longitudinal sample set 

was used to define the normal lipidomic signature, characterising early gestation. 

PCA was used to initially assess the variation in the dataset in an unsupervised fashion. The 

PCA scores plots showed a lipid-related shift to be associated with advancing gestational 

age, especially in the negative mode ionisation data, with 32% and 16% of the variance (R2X) 

explained in the first and second principal components, respectively (Fig. 56d). This 

observation served as an indicator that gestational age represents the main factor 

contributing to the total variance of the ESI- dataset (Fig. 56d). In comparison, 14% and 18% 

of the variance was explained in the first and second principal components respectively in 

the PCA scores plot in the positive ionisation mode (Fig. 56a).  

The inherent differences between the three sampling time points were further confirmed 

following supervised regression, partial least squares analysis (PLS) (Fig. 56b and Fig.56e).  

The robustness of the PLS models was confirmed by the following parameters: 

R2Xcum=0.262, R2Ycum=0.449, Q2Ycum=0.107, P <0.05 (following permutation testing, 

perm=100) for the positive mode (Fig. 56b) and R2Xcum=0.449, R2Ycum=0.405, 
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Q2Ycum=0.214, P <0.01 (following permutation testing, perm=100) for the negative mode 

data (Fig. 56e).  

Since PLS analysis demonstrated the metabolic progression from late-first to mid-second 

trimester, additional two-group analysis was carried out considering only the two extreme 

time points of sample collection (i.e., time points A and C) in order to further tease out the 

lipid changes in the UPLC-MS plasma spectra that mostly contributed to the total metabolic 

differentiation over time. Orthogonal partial least squared-discriminant analysis (OPLS-DA) 

was employed to remove any confounding (i.e., orthogonal) systematic variation 

uncorrelated to the biological question of interest. The resultant OPLS-DA models indicated 

that lipid-based variation indeed exists between late-first and mid-second trimester 

maternal plasma. The ESI- data (Fig. 56f) presented with slightly higher predictive ability 

than the ESI+ data (Fig. 56c), as indicated by their respective Q2Y values: R2Xcum=0.205, 

R2Ycum=0.423, Q2Ycum=0.132, P <0.05 (following permutation testing, perm=100) for the 

positive mode (Fig. 56c) and R2Xcum=0.372, R2Ycum=0.399, Q2Ycum=0.146, P <0.01 

(following permutation testing, perm=100) for the negative mode (Fig. 56f).  
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Figure 56: (a, d) PCA, (b, e) PLS and (c, f) OPLS-DA scores plots of UPLC-MS features detected 

in ESI+ and ESI- mode, from plasma samples (n=66) collected longitudinally at late-1st trimester 

(in blue), early-2nd T (in yellow) and mid-2nd trimester(in grey). Key: ESI; Electrospray 

Ionisation. 

The OPLS-DA models fitted to assess whether robust lipid changes also existed between 

time points A and B and time points B and C both proved to be invalid Q2Y<<0 and P >0.05. 

These models respective S-plots, along with their statistical characteristics can be seen in 

figure 59 for ESI+ (Fig. 57b-c-e-f). Metabolic features responsible for significant class 

discrimination (i.e., time points A versus C) were also visualised in the OPLS-DA model’s 
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corresponding S-plots and highlighted in red rectangles (Fig. 57a+d). It appeared that 

despite the fact that lipid variation between time points A-B and B-C wasn’t strong enough 

to result in robust multivariate models; a level of consistency did exist in the lipid features 

that either got upregulated or downregulated in maternal plasma during early gestation, 

across all time points (Fig. 57b-c-e-f). The same trend has been observed in the ESI- mode. 

This observation is in agreement with the NMR data previously presented in this thesis 

(Chapter 3). It further strengthens the belief that a gradual lipid shift occurs in the maternal 

plasma during the second trimester, the cumulative effects of which were revealed 

following the comparison of the two extreme time points of sample collection (time points A 

vs C; Fig. 56c+f/ Fig. 57a+d). 

Assignment of the most significant features that passed the described cut-off values of 

correlation and covariance in S-line plots, was performed following well-established steps 

using information from online, published and in-house databases (see 5.2.2.6), along with 

information from the observed fragmentation patterns and detection of C13-isotopic 

patterns in the raw MS spectra. Univariate statistics, using the Mann-Whitney test, FDR 

correction for multiple testing and base2 log-fold change, were applied to all identified 

features (Table 27).  
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Figure 57: Lipid transition during early gestation. S-plots of pairwise OPLS-DA models for 

lipid profiling UPLC-MS features detected in ESI+ mode data, comparing plasma samples 

collected at late-1st (A time point), early-2nd (B time point) and mid-2nd trimester (C time point). 

Comparisons between (b, e) A versus B and (c, f) B versus C time points resulted in invalid 

models. Discriminatory features that differentiate A and C time points (a, d) and surpassed p[1] 

and p(corr)[1] threshold criteria, are highlighted in red boxes. Key: ESI; Electrospray Ionisation, 

p(corr)/p[1]; correlation coefficient/covariance of each feature with their predicted class 

representing feature’s reliability/magnitude. 

 

The lipid features that drove the separation between plasma samples collected at late-first 

and mid-second trimester included 21 features in ESI+ and 20 features in ESI- which were 

putatively assigned. Positive mode lipidomic analysis indicated that early gestation was 

characterised by increases in the levels of two sphingolipids (SM d32:1, d34:2) and nine 

glycerophospholipids (glycerophosphatidylcholines (PC)) with a range of degrees of 

(un)saturation (PC 32:0, 32:1, 32:2, 33:1, 33:2, 33:4, 34:1 and 35:6). Increased levels of both 
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SMs and PCs in early second trimester remained statistically significant after FDR correction 

for multiple testing, with fold-changes to range between 0.31 and 0.51. On the other hand, 

the plasma levels of seven lysoPCs with  carbon chain length ranging between 16-22 carbons 

(i.e., long- and very-long-chain fatty acids ((V)LCFA))  and (un)saturation degree between 0 

to 6 double bonds (lysoPC 16:0, 17:0, 18:0, 18:1, 18:2, 20:4, 22:6) were found to significantly  

decrease with advanced gestation, along with three PC molecules (PC 36:2, 38:2 and 40:6) 

(Table 27).  

The most striking gestational age-associated lipid changes seen in the ESI- data included 

statistically significant increases in the intensities of ten unsaturated 

phosphatidylethanolamines (PE 32:2, 34:1, 34:2, 36:2, 36:4, 38:5, 38:6, 40:6, 40:7), one 

phosphatidylcholine (PC 32:2), and one lysoPE (16:0) which were shown to increase almost 

two-fold in the second trimester (fold change ranged from 0.26 to 0.61). On the other hand, 

one lysoPC and one PE; with one and none unsaturated bonds respectively (lysoPC 15:1, PE 

P-18:0), along with six tentatively assigned fatty acyls (such as 27:3, 15-Hydroxy-

pentacosanoic acid, 2-Hydroxy-hexacosanoic acid, 2-Hydroxy-24-keto-octacosanolide) were 

shown to decrease in the second trimester, though losing their significance following FDR 

correction. Their characteristics (m/z, retention time etc.) can be seen in table 27. Box-plots 

of representative lipid features that were shown to significantly shift across early gestation 

can be seen in figure 58 for both modes. 
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Table 27: List of discriminatory lipid species detected in RP-UPLC-MS profiles acquired from the longitudinal cohort during early gestation (12+0-

21+6 weeks)  

 (continues to next page) 

Increased with Gestational Age

m/z   

(found)

RT 

(min)
m/z (theor) Δppm

Formula    

[Complex adduct]
In source fragmentation (acyl loss)  P value FDR 

log2 

FoldChange
CV (%)

675.54 4.38 SP SM (d32:1)  674.54 0 C37H75N2O6P+ 184.07, 264.2 4,20E-06 2,20E-05 0,36 16,47

701.56 4.55 SP SM(d18:2/16:0) 700.55 0 C39H77N2O6P+ 184.07,  683.54 (M+H-H2O ) 7,20E-05 1,70E-04 0,42 27,62

752.52 4.92 GP PC(12:0/20:2) 729.53
0

C40H76NO8P+ 

[M+Na]+
184.07, 462.25 (20:2 loss), 570.35 (12:0 loss) 2,20E-08 9,50E-06 0,45 23,92

730.54 4.93 GP PC(14:0/18:2) 729.53 0 C40H76NO8P+ 184.07, 468.30 (18:2 loss), 520.33 (14:0 loss) 1,30E-07 8,00E-06 0,31 14,50

756.55 5.35 GP PC(16:0/16:0) 733.56
1

C40H80NO8P+ 

[M+Na]+
184.07, 518.32 (16:0 loss) 8,50E-05 2,70E-04 0,51 11,66

732.55 6.06 GP PC(14:0/18:1) 731.55 0 C40H78NO8P+ 184.07, 468.30 (18:1 loss), 522.35  (14:0 loss) 3,20E-06 2,30E-05 0,48 10,63

764.53 6.21 GP PC(20:5/15:1) 763.52 13 C43H74NO8P+ 184.07,  480.30 (20:5 loss), 542.32 (15:1 loss) 3,33E-11 7,48E-10 0,38 10,12

740.52 6.64 GP PC(20:4/13:0) 739.52 0 C41H74NO8P+ 184.07, 454.29 (20:4 loss), 544.33  (13:0 loss) 2,35E-19 2,30E-17 0,48 14,06

760.59 7.95 GP PC(16:0/18:1) 759.58 0 C42H82NO8P+ 184.07, 496.33 (18:1 loss), 522.35 (16:0 loss) 4,70E-03 5,30E-02 0,50 7,77

768.55 8.81 GP PC(15:0/18:1)  745.56
1

C41H80NO8P+ 

[M+Na]+
184.07, 504.30 (18:1 loss), 544.33 (15:0 loss) 2,70E-06 3,90E-05 0,48 25,19

744.57 9.21 GP PC(17:2/16:0)  743.54 2 C41H78NO8P+ 184.07, 496.33  (17:2 loss), 506.33 (16:0 loss), 761.58 (M+NH4) 5,70E-08 4,50E-06 0,38 27,82

Decreased with Gestational Age

496.34 1.24 LPC LysoPC(16:0) 495.33 0 C24H50NO7P+ 104.10, 184.07, 258.11 (16:0 loss) 8,58E-03 2,66E-01 -0,21 24,23

510.36 1.45 LPC LysoPC(17:0)  509.34 1 C25H52NO7P+ 104.10, 184.07, 258.11 (17:0 loss), 492.34 (M+H-H2O),   5,59E-04 3,30E-02 -0,39 26,66

520.34 1.08 LPC LysoPC(18:2) 519.33 2 C26H50NO7P+ 104.10 , 184.07, 258.11 (18:2 loss) 9,36E-03 4,70E-01 -0,18 26,23

522.37 1.32 LPC LysoPC(18:1) 521.35 10 C26H52NO7P+ 104.10 , 184.07, 258.11 (16:0 loss) 6,13E-03 9,19E-01 -0,24 22,29

524.37 1.71 LPC LysoPC(18:0) 523.36 0 C26H54NO7P+ 104.10 , 184.07, 258.11 (18:0 loss), 506.36 (M+H-H2O),   1,04E-03 1,72E-02 -0,47 21,07

544.34 1.08 LPC LysoPC(20:4) 543.33 1  C28H50NO7P+ 104.10, 184.07, 258.11 (20:4 loss) 2,44E-04 2,66E-02 -0,31 25,17

568.34 0.99 LPC LysoPC(22:6) 567.33 0 C30H50NO7P+ 104.10, 184.07, 258.11 (22:6 loss) 8,36E-01 1 -0,15 24,31

808.58 6.28 GP PC(18:1/18:1)  785.59 0
C44H84NO8P+ 

[M+Na]+
184.07, 544.33 (18:1 loss) 5,00E-02 1 -0,16 16,86

835.60 7.54 GP PC(20:5/20:1) 833.59 0 C48H84NO8P+ 184.07 , 550.3 (20:5 loss) 6,28E-02 1 -0,20 11,63

836.61 8.24 GP PC(18:0/20:2)  813.62 2
C46H88NO8P+ 

[M+Na]+
184.07, 546.35 (20:2 loss),  570.35 (18:0 loss) 9,71E-02 1 -0,28 15,75

ES
I+

Chemical InformationESI+
Lipid 

Category
Lipid Species

Univariate Statistical Analysis
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(continued from previous page)  

 
 

Increased with Gestational Age

m/z  

(found)

RT  

(min)
m/z (theor)

Δppm

Formula    

[Complex adduct]
In source fragmentation (acyl loss)  P value FDR 

log2  

FoldChange
CV (%)

452.28 1.36 LPC LysoPE(16:0) 453.29 3 C21H44NO7P- 78.9, 96.9 , 140.01, 255.2 (16:0) 3,82E-04 9,02E-03 0,26 7,58

686.48 5.13 GP PE(32:2) 687.48 0 C37H70NO8P- 78.9, 96.9 , 140.01  1,60E-10 5,78E-07 0,57 27,62

712.49 5.58 GP PE(18:3/16:0) 713.50 3 C39H72NO8P- 78.9, 96.9 , 140.01, 255.2 (16:0), 277.2 (18:3) 4,14E-07 2,24E-06 0,61 19,58

762.51 6.05 GP PE(38:6) 763.52 0 C43H74NO8P- 620.575, 659.505 1,12E-04 3,41E-03 0,31 11,89

788.54 6.20 GP PE(22:6/18:1)  789.53 4 C45H76NO8P- 140.01, 281.2 (18:1), 327.2 (22:6) 2,59E-10 1,70E-08 0,50 19,99

738.51 6.46 GP PE(20:4/16:0) 739.52 2 C41H74NO8P- 140.01, 255.23 (16:0 ), 303.23 (20:4), 452.5 1,24E-07 4,07E-06 0,34 17,45

765.53 6.65 GP PE(20:4/18:1) 765.53 4 C43H76NO8P- 140.01,  281.2 (18:1), 303.2 (20:4) 7,35E-07 8,02E-05 0,35 18,89

714.48 6.79 GP PE(16:0/18:2) 715.51 2 C39H74NO8P- 78.9, 96.9 , 140.01, 297.2 (18:2), 255.2 (16:0) 1,30E-09 7,67E-08 0,48 17,17

728.53 7.78 GP PC(14:0/18:2) 729.53 1 C40H76NO8P- 227.2 (14:0), 281.2 (18:2) 3,11E-06 4,01E-05 0,45 14,66

790.54 7.91 GP PE(22:6/18:0) 791.55 4  C45H78NO8P- 140.01,283.2 (18:0), 327.2 (22:6), 462.2,  480.3 , 506.2, 524.2 7,14E-04 1,74E-03 0,28 13,45

716.52 8.34 GP PE(18:1/16:0) 717.53 2  C39H76NO8P- 255.2  (16:0), 281.244 (18:1), 435.26 ,  452.28 1,82E-07 9,58E-06 0,44 14,63

742.54 8.86 GP PE(18:1/18:1) 743.55 4 C41H78NO8P- 78.9, 96.9, 140.01, 281.2 (18:1), 460.2, 478.2 7,70E-08 6,60E-06 0,32 21,51

Decreased with Gestational Age

397.37 3.24 FA

15-Hydroxy-

pentacosanoic 

acid* 

398.38 21 C25H50O3- na 9,46E-03 1,76E-01 -0,26 15,81

411.38 3.65 FA

2-Hydroxy-

hexacosanoic 

acid* 

412.39 10  C26H52O3- na 6,40E-02 5,20E-01 -0,27 16,24

449.36 3.00 FA 27:3* 404.37 8
C27H48O2-    

[M+FA-H]-
403.3582  ([M-H]- ) 3,70E-01 1 -0,22 12,99

464.32 2.11 GP PE(P-18:0/0:0) 465.32 10 C23H48NO6P- 140.01, 152.99, 196.03 3,11E-01 1 -0,24 21,71

467.39 2.45 FA
32:6* 

468.40 1 C32H52O2- na 5,82E-02 1 -0,18 9,45

511.40 2.68 FA

2-Hydroxy-24-

keto-

octacosanolide*

452.39 0
C28H52O4-  

[M+CH3COO]-
451.37  ([M-H]- ),  433.36 (M-H2O-H)  2,85E-01 1 -0,24 13,10

524.34 1.43 GP lysoPC(15:1)  479.33 1
C24H50NO6P-  

[M+FA-H]-
168.04, 239 (15:1) 5,46E-04 9,88E-03 -0,32 12,91

537.42 2.35 FA 34:4*   500.45 3
C34H60O2-     

[M+K-2H]-
na 7,57E-02 1 -0,18 11,13

ES
I-

Lipid 

Category
Lipid Species

Chemical Information Univariate Statistical AnalysisESI-
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Mann-Whitney -tests were conducted, followed by False Discovery Rate (FDR) correction. For more information regarding the in source fragmentation 

please refer to Tables 2 and 3. Key: SP: Sphingolipids; GP: Glycerophospholipids; LPC: Lysophospholipids; FA: Fatty Acyls; RT: retention time; CV: coefficient 

of variation of QC samples; na: not applicable, *: tentatively assigned. 
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Figure 58: Boxplots of selected significant (P < 0.01, FDR corrected) lipid features (with the 
exception of FA (m/z: 467.39, RT 2.45 min, tentatively assigned as FA 32:6) that did not meet 
the significance threshold) that discriminate between time point A and time point C healthy 
plasma samples collected longitudinally from women with term outcomes in both ESI+ and ESI- 
ion mode. Key: ESI: Electrospray Ionisation, FA: Fatty Acyls, PC: Phosphatidylcholine, PE: 
Phosphatidylethanolamine.  
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5.3.1.3 CORRELATIONS BETWEEN LIPID FEATURES THAT ARE SIGNIFICANTLY 
ALTERED ACROSS EARLY GESTATION 

Intra-biofluid Pearson correlations were computed for the lipid species that vary 

significantly (either increase or decrease) in maternal plasma, during early gestation (12+0-

21+6 weeks). Information (i.e, intensities) from samples collected at A and C time points 

from the same women was used and the results can be seen in figure 59. In ESI+, all the 

lysoPCs (lysoPC 16:0, 17:0, 18:0, 18:1, 18:2, 20:4, 22:6) that were reported to decrease in 

plasma with advanced gestation (Table 27) were shown to be highly intra-correlated with 

each other (Fig.59a). Same trend was followed by the PCs that were also shown to decrease 

in the second trimester (PC 36:2, 38:2 and 40:6).  On the other hand, with regards to the 

features belonging to the two lipid classes (PCs and SMs) reported to increase in maternal 

plasma with advanced gestation in ESI+ (Table 28), there was an intra-class positive 

correlation (SM d32:1, d34:2 and PC 32:0, 32:1, 32:2, 33:1, 33:2, 33:4, 34:1 and 35:6) among 

them. The highest correlations were observed between three PCs with long fatty acyl 

chains, namely PC (33:1), PC (33:2) and PC (33:4) (Fig.59a, bottom left).   

Moving on to the ESI-, the highest correlations were found between the PEs that 

significantly increased in maternal plasma with advanced gestation (PE 32:2, 34:1, 34:2, 

36:2, 36:4, 38:5, 38:6, 40:6, 40:7) (Fig.59b, top right). The LysoPE (16:0) that was also 

increased in the second trimester did not appear to be highly correlated with the rest of the 

PEs.  A number of positive correlations were also observed between the lipid moieties 

(mostly fatty acyls) that were shown to decrease across early pregnancy in ESI- (Fig.59b, 

bottom left). 

 It’s not surprising that in both ionisation modes, strong negative correlations were noted 

between the lipids that increase and those that decrease in maternal plasma across the 
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studied time-window. Finally, the majority of the correlations observed in the ESI- were 

significantly more intense compared to the ones observed in ESI+.  
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Figure 59: Heatmap produced for inter-correlations (Pearson correlation; R software) between 
normalised integrals of the most significant lipid features reported to increase (black font) or decrease 
(grey font) in maternal plasma across early pregnancy in both (a) ESI+ and (b) ESI- modes. Correlations 
are shown using a colour scale from maximum negative correlation (dark blue) to maximum positive 
correlation (dark red), no correlation being white. A threshold of P < 0.05 was implemented to filter out 
insignificant correlations between the reported lipids; non-significant correlations have been replaced by 
white cells. Key: ESI: Electrospray Ionisation.  
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5.3.1.4 PLASMA CORRELATIONS BETWEEN MATCHED 1H-NMR AND UPLC-MS 
LIPIDOMIC DATASETS 

Potential links between the two datasets were explored at all three time points by 

correlating the RP-UPLC-MS measured features that were shown to significantly shift with 

advanced gestation in maternal plasma (Table 27); with metabolite levels measured via 

NMR and were previously shown to significantly shift across early gestation (Chapter 3). For 

better results, matched healthy longitudinal plasma samples, analysed by both analytical 

platforms were employed for correlation mapping. 

The UPLC-MS measured molecules that were shown here to consistently increase with 

advanced gestational age mainly included PCs (PCs 16:0/16:0, 14:0/18:1, 20:5/15:1, 

20:4/13:0, 16:0/18:1, 15:0/18:1, 20:5/ 20:1) in ESI+, along with PEs (PEs 22:6/18:0, 38:6, 

20:4/16:0, 18:1/16:0, 16:0/18:2, 32:2) in ESI-. Members of these lipid classes were found to 

positively correlate with the NMR-measured lipid panel at time point A. As seen in figures 60 

and 61, the NMR lipid panel included PUFA, cholesterol backbone, LDLs, VLDLs, 

glycoproteins, choline-related species and unknown lipids.  PUFA, LDLs, VLDLs, known and 

unknown lipids were shown to be positively correlated with most of the PCs (in ESI+). On the 

other hand, LDLs, VLDLs, glycoproteins, known and unknown lipids were shown to be 

positively correlated with most of PEs (in ESI-) that increased across healthy gestation. 

These positive correlations observed at time point A, were reduced later on, at time points B 

and C. Other than the positive link observed between the aforementioned UPLC-MS-

measured lipid features and NMR-measured lipid moieties, not many associations were 

reported between the two datasets. 
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Figure 60: Heatmaps produced for inter-correlations (Pearson correlation; R software) between the 
most significant metabolites and lipoproteins reported to shift in maternal plasma across pregnancy at 
(a) 12+0-14+6 weeks, (b) 15+0-17+6 weeks and (c) 19+0-21+6 weeks, as measured by 1H NMR and UPLC-MS 
(ESI+) analytical platforms. Correlations are shown using a colour scale from maximum negative 
correlation (dark blue) to maximum positive correlation (dark red), no correlation being white. A 
threshold of P < 0.05 was implemented to filter out insignificant correlations between the reported lipids; 
non-significant correlations have been replaced by white cells.  Key: ESI: Electrospray Ionisation.  
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Figure 61: Heatmaps produced for inter-correlations (Pearson correlation; R software) between the 
most significant metabolites and lipoproteins reported to shift in maternal plasma across pregnancy at 
(a) 12+0-14+6 weeks, (b) 15+0-17+6 weeks and (c) 19+0-21+6 weeks, as measured by 1H NMR and UPLC-MS 
(ESI-) analytical platforms.  Correlations are shown using a colour scale from maximum negative 
correlation (dark blue) to maximum positive correlation (dark red), no correlation being white. A 
threshold of P < 0.05 was implemented to filter out insignificant correlations between the reported lipids; 
non-significant correlations have been replaced by white cells.  Key: ESI: Electrospray Ionisation. 

5.3.2 PARTICIPANTS OF DIFFERENT ETHNIC BACKGROUNDS PRESENT DISTINCT 
LIPID PROFILES ACROSS EARLY PREGNANCY  

Using the larger cross-sectional dataset (Table 24), the effect of maternal ethnicity upon 

plasma lipidomic profile was investigated. The PCA analysis of the whole dataset did not 

reveal any significant metabolic trend associated to maternal ethnic background, indicating 

the need for a direct supervised modelling approach. As expected, supervised PLS-DA 

analysis did demonstrate an ethnicity-related shift in the maternal lipidomic profile in both 

ionisation modes, especially when samples collected at all three time points were analysed 

together (Fig.62d+h). Negative mode PLS-DA analyses (Figure 62e-h)  showed higher 

robustness and predictive ability at all time points compared to the positive mode (Figure 

64a-d),  indicating that features preferentially ionised in negative mode are more 

informative in this comparison. This implies that ESI- data is potentially more biologically 

relevant or less complex than ESI+ data (ESI+: time point A: Fig. 62a; R2Xcum= 0.213; 

R2Ycum= 0.451; Q2Ycum= 0.006; P >0.05 (following permutation testing; perm=100), time 

point B: Fig. 62b; R2Xcum= 0.234; R2Ycum= 0.307; Q2Ycum= 0.017; P >0.05, time point C: 

Fig. 62c; R2Xcum= 0.211; R2Ycum= 0.352; Q2Ycum= 0.12; P <0.05, All time points: Fig. 62d; 

R2Xcum= 0.207; R2Ycum= 0.289; Q2Ycum= 0.157; P <0.01 versus ESI-: time point A: Fig. 62e; 

R2Xcum= 0.468; R2Ycum= 0.507; Q2Ycum= 0.19; P <0.001, time point B: Fig. 62f; R2Xcum= 

0.484; R2Ycum= 0.366; Q2Ycum= 0.15; P <0.001, time point C: Fig. 62g; R2Xcum= 0.463; 

R2Ycum= 0.394; Q2Ycum= 0.168; P <0.001, All time points: Fig. 62h; R2Xcum= 0.461; 

R2Ycum= 0.338; Q2Ycum= 0.216; P <0.001).  
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Figure 62: (a-b-c-d) PLS-DA scores plots for plasma UPLC-MS lipid profiling in ESI+ and (e-f-g-

h) ESI- ion mode, comparing the lipidomic profiles of Asian (in green NA/B/Ctimepoint=17/19/15), 

British African-Caribbean (in red, NA/B/Ctimepoint=23/32/45) and Caucasian (in blue, 

NA/B/Ctimepoint=104/130/132) populations, experiencing a healthy uncomplicated pregnancy, at 

late 1st (time point A), early 2nd (time point B), mid-2nd trimester (time point C) and collectively 

across early gestation (all time points combined). Significant figures are marked as ‘*’. 
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Following this initial analysis, additional pairwise supervised analysis (OPLS-DA) was 

employed to test a number of comparisons between the different ethnic groups and also to 

remove any confounding (i.e., orthogonal) systematic variation unrelated to the biological 

question of interest. In both ionisation modes, significant differences in plasma lipid 

features appeared to exist between British African-Caribbean and Caucasians at all time 

points (Fig. 63-64-65; panels a and d). Additionally, two-group comparisons of Asians versus 

British African-Caribbeans and Asians versus Caucasians, indicated that the largest lipidomic 

diversity between these groups existed at the late first trimester (time point A) (Fig.63b, c, e 

and f).  During the second trimester (time points B and C) Asians lipid plasma profile 

presented similarities to the profile acquired for Caucasians and to a lesser extent, to British 

African-Caribbeans; as indicated by the statistical characteristics (very low Q2, P-values 

>0.05) of the respective OPLS-DA comparisons (time point B analyses; Fig.64, time point C 

analyses; Fig.65).  

From this data it seems that ethnicity-related lipidomic differences were more obvious in 

the late first trimester (A time point) and fader away at the second trimester (time points B, 

C); with British African-Caribbeans generally appearing to have the most distinct UPLC-MS 

lipid profile as compared to the Asians and Caucasians of this cohort. 
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Figure 63: (a-b-c) Pairwise OPLS-DA scores plots for plasma UPLC-MS lipid profiling in ESI+ 

and (d-e-f) ESI- ionisation mode, comparing the lipidomic profiles of Asian (in green, n=17), 

British African-Caribbean (in red n=23) and Caucasian (in blue, n=104) populations, 

experiencing a healthy uncomplicated pregnancy, at late 1st trimester (time point A). 
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Figure 64: (a-b-c) Pairwise OPLS-DA scores scatter plots for plasma UPLC-MS lipid profiling in 

positive and (d-e-f) negative mode, comparing the lipidomic profiles of Asian (in green n=19), 

British African-Caribbean (in red, n=32) and Caucasian (in blue, n=130) populations, 

experiencing a healthy uncomplicated pregnancy, at early-2nd trimester (time point B). 

Significant figures are marked as ‘*’. 
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Figure 65: (a-b-c) Pairwise OPLS-DA scores plots for plasma UPLC-MS lipid profiling in positive 

and (d-e-f) negative mode, comparing the lipidomic profiles of Asian (in green, n=15), British 

African-Caribbean (in red, n=45) and Caucasian (in blue, n=132) populations, experiencing a 

healthy uncomplicated pregnancy, at mid-2nd  trimester (time point C). Significant figures are 

marked as ‘*’. 

To visualise and further explore the inherent lipid-based separation that exists between the 

maternal ethnic groups, the respective S-plots of the pairwise OPLS-DA models presented 

above were interrogated. Metabolic features responsible for class discrimination were 

identified using the cut-off values of p(corr)[1]>0.5 and covariance p[1]>0.05 as selection 

criteria, as previously discussed. OPLS-DA models constructed for A-time point analysis were 
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significant features (Fig.63). Nonetheless, most of the features that have been forwarded for 

assignment retained their discriminatory power across all time points. Univariate statistics, 

using the t-test, FDR correction for multiple comparisons and base-2 log fold-change, were 

applied to all the tentatively identified lipid features (Table 28). 

Initial focus was given to explaining the lipid dysregulation that characterised the British- 

African Caribbean race since it appeared to be the group with the most distinct maternal 

lipidomic profile compared to the other two ethic groups, during early gestation. 

Metabolites responsible for the discrimination of the British-African Caribbean ethnic group 

included seven SMs (SMs d18:2/16:0; d18:1/16:0, d18:2/18:0, d16:1/20:0, d16:1/24:1, 

d16:1/24:1, d18:0/22:0, d18:2/24:0) that were found to be higher in Africans than Asians 

and Caucasians, along with six PCs (PCs 15:0/18:1, P-18:0/20:5, 18:1/P-18:0, 20:4/17:0, 

22:5/16:0, 20:5/17:0) and three TGs (TGs 14:0/18:1/18:1, 14:0/17:0/20:2, 20:4/18:1/20:4) in 

positive mode, followed by five PEs (PEs P-16:0/20:4, P-18:1/20:5, P-18:0/20:3, P-18:0/22:6, 

P-20:0/22:6)   in negative mode. After FDR correction for multiple comparisons, only the two 

PEs remained statistically significant (P <0.05) (PEs P-16:0/20:4, P-18:0/20:3). 

Additionally, in ESI+ mode,  lipid features that were reported to be higher in the plasma of 

Caucasians compared to Asian and British-African Caribbeans included mainly PCs (PCs 

15:0/18:1, 18:2/18:0, 16:0/20:1, O-20:0/22:2, 46:5). Furthermore, lysoPCs (lysoPCs 17:0, 

18:0, 18:2, 20:3) were found to be higher in Caucasians, only relative to British-African 

Caribbeans. It’s noteworthy that three of these lysoPCs (lysoPCs 17:0, 18:0, 18:2), have been 

shown before to decrease with advanced gestational age in the normal, longitudinal sample-

set (see Table 27, ESI+ panel; features decreased with gestational age). 
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In ESI-, three lysoPEs (lysoPEs 16:0, 16:1, 18:2)  were found to be upregulated in Caucasians 

compared to British-African Caribbeans alone, whereas four PIs (PIs 15:0/17:1, 16:0/18:2, 

16:0/18:1, 18:1/18:0) were reported to be elevated in Caucasian participants compared to 

both other ethnic groups. Most of the lipid features found to be elevated in Caucasians 

indicated high statistical significance and fold-changes ranging between 0.17 (PC 15:0/18:1) 

and 0.68 (lysoPE 16:1).  

Finally, lipid features that were shown to be elevated in Asians, compared to both other 

ethnic populations were also identified. These included three DGs (DGs 16:0/18:2, 

18:1/18:2, 20:4/20:4) (in ESI+), along with a sterol lipid (m/z; 445.33, retention time; 2.43 

min) and three tentatively assigned  FAs (m/z 449.36 & RT 3.00 min, m/z 548.45 & RT 3.35 

min, m/z 521.42 & RT 3.35 min)(in ESI-) that were shown to be higher in Asians than 

Caucasians. Also, similarly to what was observed for Caucasians; Asians were also reported 

to have higher plasma levels of lysophospholipids (lysoPCs 17:0, 18:0, 18:2, 20:3 in ESI+; 

LysoPEs 16:0, 16:1, 18:2 in ESI-) than British-African Caribbeans across the second trimester. 

Finally, four tentatively assigned oligopeptides were reported to be elevated in the Asian 

population in early gestation relative to Africans, consisting of aminoacids such as valine, 

tyrosine, histidine, phenylalanine, lysine and arginine (note that actual amino acid sequence 

cannot be distinguished by the analytical method employed here). All features found to be 

elevated in Asians indicated a fold-change between 0.23 (LysosPC 18:0) and 0.71 (lysoPC 

17:0).  
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Table 28:  List of assigned discriminatory lipid species obtained from plasma UPLC-MS analysis, after comparison of the different ethnic groups 

during early gestation (12+0-21+6 weeks). 

 

(continues to next page) 

 

Increased  in British African-Caribbean compared to Asians and Caucasians

m/z   

(found)
RT (min) m/z (theor) Δppm

Formula [Complex 

adduct]
In source fragmentation (acyl loss)  P value FDR log2 FoldChange CV (%)

701.55 4.55 SP SM(d18:2/16:0) 700.55 0 C39H77N2O6P+ 184.07, 264.2,  683.5492 (M+H-H2O) 3,00E-03 5,74E-01 0,22 17,24

703.55 5.74 SP SM(d18:1/16:0) 702.57 1 C39H79N2O6P+ 184.07, 264.02 4,60E-02 1 0,35 8,28

729.59 6.02 SP SM(d18:2/18:0) 728.58 0 C41H18N2O6P + 184.07, 266.02 4,90E-03 3,90E-02 0,48 13,93

731.61 7.64 SP SM(d16:1/20:0) 730.60 2 C41H83N2O6P+ 184.07 9,80E-03 3,20E-01 0,31 15,17

785.65 10.56 SP SM(d16:1/24:1) 784.65 1 C45H89N2O6P+ 184.07 9,26E-02 2,30E-01 0,38 20,19

811.67 10.50
SP

SM(d18:0/22:0) 788.68 4
C45H93N2O6P+ 

 [M+Na]+
184.07, 266.2 5,80E-02 1 0,36 18,72

813.68 13.00 SP SM(d18:2/24:0) 812.68 0 C47H93N2O6P+ 184.07, 262.2 9,99E-01 1 0,22 19,16

768.55 8.81 GP PC(15:0/18:1) 745.56 1
C41H80NO8P+ 

[M+Na]+
184.07, 504.30 (15:0), 544.33 (18:1) 5,80E-01 1 0,19 25,19

792.60 6.74 GP PC(P-18:0/20:5) 791.58 2 C46H82NO7P+ 184.07, 524.37 (20:5) 2,10E-02 1 0,34 12,90

794.60 9.17 GP PC(18:1/P-18:0) 771.61 0
C44H86NO7P+ 

 [M+Na]+
184.07, 546.35 (18:1) 8,56E-02 6,46E-01 0,55 20,69

796.59 7.09 GP PC(20:4/17:0) 795.58 0 C45H82NO8P+ 184.07, 510.35 (20:4), 544.33(17:0) 7,90E-01 1 0,16 21,19

809.59 6.29 GP PC(22:5/16:0) 807.58 0 C46H82NO8P+ 496.33 (22:5), 570.35 (16:0) 3,47E-01 1 0,50 14,38

812.61 8.17 GP PC(20:5/17:0) 793.56 9
C45H80NO8P+ 

[M+NH4]+
184.07, 527.38 (17:0), 559.35 (20:5) 9,80E-02 7,80E-01 0,38 10,58

853.72 15.67 GL TG(14:0/18:1/18:1) 830.74 2
C53H98O6+ 

 [M+Na]+
571.47 (loss of 18:1), 625.51 (loss of 14:0) 5,32E-02 8,10E-02 0,31 21,91

862.78 15.81 GL TG(14:0/17:0/20:2) 844.75 2
C54H100O6+ 

 [M+NH4]+
617.55(loss of 14:0), 575.50 (loss of 17:0), 537.48 (loss of 20:2) 3,24E-03 5,30E-02 0,201 29,05

951.75 15.23 GL TG(20:4/18:1/20:4) 928.75 0
C61H100O6+ 

[M+Na]+
647.50 (loss of 20:4), 669.48 (loss of 18:1) 8,62E-02 1 0,28 23,55

722.51 7.34 GP PE(P-16:0/20:4) 723.52 2 C41H74NO7P-  140.01, 418.27, 303.23 (20:4 ), 436.28 7,30E-03 8,60E-02 0,58 13,05

746.51 6.76 GP PE(P-18:1/20:5) 747.52 2 C43H74NO7P- 281.2 (18:1), 301.2 (20:5) 5,20E-03 6,64E-01 0,42 15,99

774.54 8.92 GP PE(P-18:0/20:3) 753.57 0
 C43H80NO7P-  

[M+Na-2H]-
140.01, 305.2 (20:3), 152.99, 446.30, 484.28 6,60E-02 1,20E-01 0,69 16,31

775.49 9.01 GP PE(P-18:0/22:6) 775.55 2 C45H78NO7P- 140.01, 327.2 (22:6), 283.24, 446.30 , 506.26 7,18E-04 5,89E-02 0,83 24,87

802.57 11.74 GP PE(P-20:0/22:6) 803.58 4  C47H82NO7P- 140.01 , 327.23 (22:6 ), 474.33, 492.34 1,38E-02 2,10E-01 0,61 30,26

ES
I+

ES
I-

ESI-

ESI+

Lipid Category Lipid Species

Chemical Information Univariate Statistical Analysis
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(continues to next page) 

 

 

Increased  in Asians compared to Africans and Caucasians

m/z   

(found)
RT (min) m/z (theor) Δppm

Formula [Complex 

adduct]
In source fragmentation (acyl loss)  P value FDR log2 FoldChange CV (%)

615.50 10.86 GL DG(16:0/18:2) 592.51 0
C37H68O5+ 

[M+Na]+
359.25 (16:0), 335.25 (18:2) 1,50E-04 2,31E-02 0,51 27,00

641.51 11.16 GL DG(18:1/18:2)  618.52 0
C39H70O5+  

[M+Na]+
359.25 (18:1), 361.27 (18:2) 5,86E-03 7,00E-02 0,29 26,80

665.51 10.41 GL DG(20:4/20:4) 664.51 1 C43H68O5+ 361.27 (20:4) 3,35E-03 7,70E-01 0,49 20,71

Increased  in Asians compared only to Africans 

510.36 1.45 LPC LysoPC(17:0) 509.35 1 C25H52NO7P+ 104.10 , 184.07 , 258.11 (17:0 loss) 7,00E-02 4,57E-01 0,71 26,66

520.34 1.08 LPC LysoPC(18:2) 519.33 2 C26H50NO7P+ 104.10, 184.07 , 258.11 (18:2 loss) 4,50E-02 5,30E-01 0,35 26,23

524.37 1.71 LPC LysoPC(18:0) 523.36 0 C26H54NO7P+ 104.10, 184.07 , 258.11 (18:0 loss), 506.36 (M+H-H2O) 5,60E-02 8,60E-01 0,23 21,07

546.36 1.34 LPC LysoPC(20:3) 545.35 0 C28H52NO7P+ 104.10, 184.07, 258.11 (20:3 loss) 4,60E-03 7,46E-01 0,65 27,02

Increased  in Asians compared only to Caucasians

445.33 2.43 ST  24-ketocholesterol*  400.33 5

C27H44O2- [M+FA-

H]- na 2,70E-02 3,97E-01
0,44

12,45

449.36 3.00 FA 27:3* 404.37 8

C27H48O2- [M+FA-

H]- 403.35 ([M-H]-) 5,20E-01
1 0,47

13,81

548.45 3.35 FA 36:5* 547.45 0

C36H62O2 [M+Na-

2H]- na 9,00E-03 5,63E-02
0,63

22,93

521.42
3.35

FA 34:4* 500.46 26
C34H60O2 [M+Na-

2H]-
545.45 ([M+FA-H]-),  559.47 ([M+CH3COO]-), 499.45 ([M-H]-)    

4,93E-03 7,02E-02
0,64 11,24

Increased  in Asians compared only to Africans 

450.27 1.09 LPC LysoPE(16:1) 451.27 5 C21H42NO7P- 78.9, 96.9 , 140.01, 255.2 (loss of 16:1) 8,29E-07 3,82E-04 0,68 18,76

452.28 1.35 LPC LysoPE(16:0) 453.29 2 C21H44NO7P- 78.9, 96.9 , 140.01, 255.2 (loss of 16:0) 4,00E-03 2,28E-01 0,40 7,58

476.28 1.17 LPC LysoPE(18:2) 477.29 17 C23H44NO7P- 78.95, 122.0, 140.01, 255.2 (loss of 18:2) 1,97E-02 1,54E-01 0,50 6,72

571.29 1.07 Peptide  Val Tyr Val Phe* 526.28 4
C28H38N4O6- 

[M+FA-H]-
na 2,91E-06 7,67E-04 0,52 19,27

585.31 1.18 Peptide His Lys Glu Lys* 540.30 0
C23H40N8O7- 

[M+FA-H]-
na 7,64E-07 4,48E-05 0,49 16,76

598.27 1.09 Peptide Tyr Arg Val Tyr*  599.31 0 C29H41N7O7- na 5,30E-02 1,00E+00 0,43 15,33

621.30 0.99 Peptide Lys Tyr Lys Tyr* 600.33 2
 C30H44N6O7- 

[M+Na-2H]-
na 1,36E-04 8,70E-03 0,50 18,50

ES
I-

ESI+

Lipid Category Lipid Species

Chemical Information Univariate Statistical Analysis

ES
I+
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Mann-Whitney -tests were conducted, followed by False Discovery Rate (FDR) correction. For more information regarding the in source fragmentation 

please refer to Tables 2 and 3.Key: FA: Fatty Acyls; GL; Glycerolipids, GP: Glycerophospholipids; LPC: Lysophospholipids; SP: Sphingolipids; ST: Sterol lipid; 

RT: retention time; CV: coefficient of variation of QC samples; na: not applicable; * Tentative identification

Increased  in Caucasians compared to Asians and Africans

m/z   

(found)
RT (min) m/z (theor) Δppm

Formula [Complex 

adduct]
In source fragmentation (acyl loss)  P value FDR log2 FoldChange CV (%)

746.57 6.94 GP PC(15:0/18:1) 759.58 1 C42H82NO8P+ 184.07, 496.33 (18:1),522.35 (16:0) 1,00E-03 2,60E-02 0,17 13,97

786.60 8.47 GP PC(18:2/18:0) 785.59 0 C44H84NO8P+ 187.04, 520.33 (18:2), 524.37 (18:0) 4,80E-02 2,80E-01 0,29 8,07

788.62 10.55 GP PC(16:0/20:1) 787.61 0 C44H86NO8P+ 184.07, 496.33 (20:1), 550.38 (16:0) 9,12E-03 1,20E-01 0,31 12,48

878.70 13.52 GP PC(O-20:0/22:2) 855.71 0
C50H98NO7P+ 

[M+Na]+
184.07, 574.38 (22:2), 598.38,  (20:0) 8,80E-03 4,19E-02 0,42 21,73

902.70 13.36 GP PC(46:5) 919.70 1
C54H98NO8P+ 

 [M+H-H2O]+
184.07 9,79E-03 4,19E-01 0,19 28,47

Increased  in Caucasians  compared only to Africans

510.36 1.45 LPC LysoPC(17:0) 509.35 1 C25H52NO7P+ 104.1, 184.07, 258.11 (17:0 loss), 492.34 (M+H-H2O) 7,64E-03 2,68E-01 0,56 26,66

520.34 1.08 LPC LysoPC(18:2) 519.33 2 C26H50NO7P+ 104.10, 184.07, 258.11 (18:2 loss) 9,00E-03 7,30E-01 0,26 26,23

522.36 1.32 LPC LysoPC(18:1) 521.35 1 C26H52NO7P+ 104.10, 184.07, 258.11 (18:1 loss) 6,10E-02 4,46E-01 0,37 30,22

546.35 1.34 LPC LysoPC(20:3) 545.35 0 C28H52NO7P+ 104.10, 184.07 , 258.11 (20:3 loss) 4,80E-02 2,28E-01 0,61 27,02

Increased  in Caucasians compared to Asians and Africans

807.45 4.46 GP PI(15:0/17:1) 808.51 3 C41H77O13P- 78.95, 152.99 , 241.01, 241.2 (15:0), 267.2 ( 17:1) 1,70E-03 8,76E-02 0,62 19,26

833.58 4.33 GP PI(16:0/18:2)  834.52 1 C43H79O13P- 241.01 , 255.23  (16:0), 279.23 (18:2), 391.22 , 553.27 8,08E-07 9,40E-04 0,61 14,26

835.53 5.81 GP PI(16:0/18:1) 836.54 5 C43H81O13P- 241.01, 255.2, 281.2 1,68E-02 7,60E-01 0,27 20,35

863.56 7.48 GP PI(18:1/18:0) 864.57 1 C45H85O13P-
241.01, 281.24 (18:1), 283.26 (18:0), 315.04, 417.24 , 419.25, 

579.29, 581.30 
8,88E-02 1 0,46 25,72

Increased  in Caucasians  compared only to Africans

450.27 1.10 LPC LysoPE(16:1) 451.27 5 C21H42NO7P- 78.9, 96.9 , 140.01, 255.2 (16:1) 2,90E-05 8,20E-03 0,68 18,76

452.28 1.36 LPC LysoPE(16:0) 453.29 2 C21H44NO7P- 78.9, 96.9 , 140.01, 255.2 (16:0) 5,40E-03 2,28E-02 0,40 7,58

476.28 1.17 LPC LysoPE(18:2) 477.29 17 C23H44NO7P- 78.95, 122.0, 140.01, 279.2 (18:2) 9,70E-02 5,40E-01 0,50 6,72

ESI-

ES
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ESI+

Lipid Category Lipid Species

Chemical Information Univariate Statistical Analysis
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5.3.3 LIPID PROFILING UPLC-MS ANALYSIS REVEALS COMPOSITIONAL DIFFERENCES 
IN PLASMA LIPID SPECIES BETWEEN WOMEN WITH TERM AND PRETERM OUTCOMES  

For this thesis a total of 698 plasma samples were collected from 345 pregnant women 

respectively of mixed ethnic and social backgrounds. Collections were conducted at three 

time points (A=12+0-14+6 weeks, B=15+0-17+6 weeks and C=19+0-21+6 weeks). Out of these 

participants, 60 experienced preterm outcomes (<37 gestational weeks) and provided 

plasma samples at any of the three time points of this study (Table 24). Representative 

examples of base peak intensity chromatograms of samples collected at 20 weeks (mid-2nd 

trimester, C time point), from women that experienced gestations with either term or 

preterm outcomes were inspected in both ionisation modes (Fig.66). Note that C time point 

was selected since it is closer to gestation outcome/pathology. Visual assessment of the 

UPLC-MS spectra did not demonstrate any obvious differences. It is expected that lipid 

information detected in both modes complement each other and should be collectively 

considered for further statistical analysis and metabolite assignments. The participants 

experiencing premature delivery could be further classified to sub-groups based on the 

degree of prematurity; which varies from late preterm (32+0-36+6 weeks) to very preterm 

(28+0-31+6 weeks) and extremely preterm (<28+0 weeks) delivery. 
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Figure 66: Comparison of representative base peak intensity (BPI) chromatograms generated 

by RP-UPLC-MS in (a) ESI+ and (b) ESI- mode from plasma samples collected at 20 weeks (time 

point C) from a healthy woman with term outcome (>37 weeks)(bottom) and a woman with 

preterm outcome (<28 weeks) (top). Key: ESI: Electrospray Ionisation. 

 

Unsupervised PCA analysis wasn’t able to identify any obvious changes in the plasma 

lipidome associated with the gestational age at delivery indicating highly variable plasma 

data. Therefore, supervised regression analysis (OPLS) was employed to further scrutinise 

metabolic disparities between women with different pregnancy outcomes that provided 

plasma samples at any of the three time points of sample collection (regression against the 

degree of prematurity). Samples of participants receiving treatments for pregnancy 
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prolongation (cerclage, progesterone) at the time of sampling were excluded from analysis. 

On the basis of maternal plasma lipidomic profiles obtained in both positive and negative 

ion modes, the scores plots and statistical characteristics of the supervised models 

discriminating term from preterm deliveries are presented in figure 67.  Permutation testing 

was performed to test models robustness (Fig.67a: ESI+; R2Xcum:0.131, R2Ycum=0.12, 

Q2Ycum=0.023, P <0.01 (following permutation testing, perm=100), Fig.67d: ESI-; 

R2Xcum:0.301, R2Ycum=0.098, Q2Ycum=0.015, P <0.05 (perm=100)). It is clear that these 

models were characterised by low predictive values (Q2Ycum). Nonetheless they were 

forwarded for structural determination of the significant metabolites to provide an insight in 

maternal lipidome under conditions of impending pathologies. A trend can be seen in the 

corresponding models, with samples from patients that delivered earlier than 28 weeks to 

cluster the furthest away from the healthy controls (term deliveries). On the other hand, 

those that delivered closer to term (LP; 32+0-36+6 weeks) appeared to overlap to a high 

degree with the term cohort. This suggests that term and late preterm (LP) groups 

potentially share very similar plasma lipid profiles across early gestation. 

 Metabolic features responsible for class discrimination (term versus preterm) were 

visualised with the respective S-plots shown in figure 67. Integrals of selected discriminatory 

features in the S-plots (in red rectangles) are also shown, demonstrating significant increase 

in PCs 20:5/17:0, 22:4/15:0, 20:4/18:0, and decrease in PCs 20:3/18:1, 19:0/15:0 in women 

with preterm outcomes, indicating a dysregulation of PC metabolism. Overall, lipid profiling 

analysis identified 39 features that were different between women with term and preterm 

deliveries (Table 29). Features included 21 PCs, four TGs, four SMs, four PIs, three 

oligopeptides, two diacylglycerol and a sterol-lipid. Boxplots of selected lipid features 
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indicated on the S-plots as highly discriminating between term and preterm samples can be 

seen in figure 68.  

 

Figure 67: (a) OPLS regression models of plasma UPLC-MS lipid features detected in ESI+ 

predicting the gestational age at delivery (term (≥37+0 weeks, n=581), late preterm (32+0-36+6 

weeks, n=79), Very preterm (28+0-31+6weeks, n=7), Extremely preterm (<28+0 weeks, n=31)) at 

early second trimester of pregnancy (12+0-21+6 weeks); (b) Respective permutation plot 

indicating models robustness. (c) S-line plots, with the integrals of features that mostly drive 

groups’ separation to be highlighted in red boxes. (d-e-f) Same multivariate analysis was 

repeated for ESI-. Key: ESI; Electrospray Ionisation. 
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Figure 68: Boxplots of selected lipid features indicated on S-plots of Fig. 69 as highly 

discriminating between women that delivered term or preterm in both ionisation modes. Key: 

PC: Phosphatidylcholine, PI: Phosphatidylinositol, Phe: Phenylalanine, Ile: Isoleucine, Thr: 

Threonine, *P ≤0.05; **P <0.001, ~: Tentatively assigned. 

 

It should be noted that when the extremely preterm delivery (<28 weeks) group was 

excluded from analysis, the resultant OPLS model showed no robust discrimination between 

the remaining groups (Appendix, Figure 77a,c). This observation further strengthens the 

belief that women that delivered earlier than 28 weeks potentially presented the higher 

lipid dysregulation, essentially driving the metabolic separation between term and all 

preterm deliveries.   

Also, in order to investigate for markers of preterm delivery that remained consistent 

among all time points, OPLS regression analysis was repeated at every individual time point 

of sample collection including all three preterm phenotypes (Late-, Very- and Extremely- 
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preterm delivery) (Fig. 69). This analysis resulted to insignificant multivariate models, with 

negative predictive ability for both ionisation modes possibly due to low preterm sample 

size or significant orthogonal variation at each time point (Fig. 69). The resultant S-plots 

were nonetheless inspected for consistent lipid changes across gestation. Several lipid 

features were only found to be elevated in preterm cohort at time point A (in ESI+) 

compared to time points B and C, and thus were additionally identified (Table 29).  
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Figure 69: (a-b-c) OPLS regression models of plasma UPLC-MS lipid features detected in ESI+ 

failed to robustly predict the gestational age at delivery (Term (≥37+0 weeks), Late preterm 

(32+0-36+6 weeks), Very preterm (28+0-31+6weeks), Extremely preterm (<28+0 weeks)) at the 

three individual time points (A=12+0-14+6 weeks, B=15+0-17+6 weeks and C=19+0-21+6 weeks) 

during the early-2nd trimester of pregnancy; (d-e-f) Same analysis, with non-predictive 

outcome,  was repeated for the ESI- mode (for samples break-down refer to Table 23). 

Term delivery:
≥37 g.weeks

Late preterm delivery:
32-37 g.weeks

Very preterm delivery:
28-32 g.weeks

Extremely preterm delivery:
<28 g.weeks

b

c f

a d

Fi
rs

t O
rt

h
o

go
n

al
 C

o
m

p
o

n
e

n
t

Predictive Component

Lipid Profiling  ESI+

OPLS
R2X= 0.154; R2Y= 0.203; Q2= -0.06

P >0.05

Lipid Profiling  ESI-

OPLS
R2X= 0.165; R2Y= 0.29; Q2= -0.213

P >0.05

Fi
rs

t O
rt

h
o

go
n

al
 C

o
m

p
o

n
e

n
t

Predictive Component

OPLS
R2X= 0.132; R2Y= 0.197; Q2= -0.03

P >0.05

Fi
rs

t O
rt

h
o

go
n

al
 C

o
m

p
o

n
e

n
t

Predictive Component

OPLS
R2X= 0.322; R2Y= 0.236; Q2= -0.153

P >0.05

e OPLS
R2X= 0.319; R2Y= 0.209; Q2= -0.207

P >0.05

Predictive Component

Fi
rs

t O
rt

h
o

go
n

al
 C

o
m

p
o

n
e

n
t

Fi
rs

t O
rt

h
o

go
n

al
 C

o
m

p
o

n
e

n
t

Predictive Component

Fi
rs

t O
rt

h
o

go
n

al
 C

o
m

p
o

n
e

n
t

Predictive Component

OPLS
R2X= 0.359; R2Y= 0.153; Q2= -0.05

P >0.05



310 
 

Table 29:  List of assigned discriminatory lipid species obtained form plasma UPLC-MS analysis 

performed during early gestation (12+0-21+6 weeks), following comparison of patients with term 

(≥37 weeks) or preterm outcomes (<37 weeks). 

 

(continues to next page) 

Increased in Preterms across early gestation

m/z   

(found)
RT (min)

m/z 

(theor)
Δppm

Formula 

[Complex 

adduct]

In source fragmentation (acyl loss)  P value FDR 

768.58 7.29 GP PC(22:4/15:0) 795.58 0 C45H82NO8P+ 184.07, 482.32 (22:4), 572.37 (15:0) 6,28E-03 5,94E-01

774.54 10.04 GP PC(37:6) 791.54 0
C45H78NO8P+ 

[M+H-H2O]+
184.07 4,71E-01 1

790.53 8.81 GP PC(15:0/20:4) 767.55 4
C43H78NO8P+ 

 [M+Na]+
184.07, 504.31 (15:0),566.32 (20:4), 750.54  (M+H-H2O ) 6,79E-03 4,43E-01

794.60 9.17 GP PC(P-18:0/18:1) 771.61 0
C44H86NO7P+ 

[M+Na]+
184.07, 546.35 (18:1) 3,58E-02 9,40E-01

796.58 7.09 GP PC(20:4/17:0) 795.58 0 C45H82NO8P+ 184.07, 482.32 (22:4), 572.37 (15:0) 3,97E-02 5,59E-01

812.61 8.17 GP PC(20:5/17:0) 793.56 9
C45H80NO8P+ 

 [M+NH4]+
184.07, 527.38 (17:0), 559.35 (20:5) 6,08E-02 1

816.60 9.17 GP PC(40:6) 833.59 4
C48H84NO8P+ 

 [M+H-H2O]+
184.07, 833.5 6,78E-02 1

838.63 10.00 GP PC(38:1) 815.64 0
C46H90NO8P+ 

 [M+Na]+
184.07 7,56E-02 9,40E-01

Additional features increased in preterms at A timepoint 

723.54 4.55 SP SM(d18:1/16:1) 700.55 0
C39H77N2O6P+ 

[M+Na]+
86.09, 146.9, 184.07, 264.2, 280.3 3,70E-02 7,83E-01

752.57 6.01 SP SM(d18:0/18:2) 728.58 3 C41H81N2O6P+ 86.09, 146.9, 184.07, 262.2, 266.2 4,92E-03 8,40E-02

807.63 10.56 SP SM(d18:2/22:0) 784.65 0
C45H89N2O6P+  

[M+Na]+
86.09, 146.9, 184.07, 262.2 4,07E-02 1

810.65 13.08 SP SM(d18:1/22:0) 786.66 2
C45H91N2O6P+  

[M+Na]+
86.09, 146.9, 184.07, 264.2 1,14E-02 1

Decreased in Preterms across early gestation

706.58 5.88 GP PC(16:0/14:0) 705.53 6 C38H76NO8P+ 184.07, 496.33 (14:0) 4,92E-02 9,45E-01

730.53 4.93 GP PC(14:0/18:2) 729.53 0 C40H76NO8P+ 184.07, 468.30(14:0), 520.33 (18:2) 7,97E-02 1

732.55 6.06 GP PC(14:0/18:1) 731.55 0 C40H78NO8P+ 184.07, 468.30 (14:0), 522.35 (18:1) 2,45E-01 1

746.56 6.94 GP PC(15:0/18:1)  745.56 1 C41H80NO8P+ 184.07, 482.32 (18:1), 522.35 (15:0) 3,11E-01 1

752.51 4.92 GP PC(12:0/20:2) 729.53 0
C40H76NO8P+ 

[M+Na]+
184.07, 462.25 (12:0), 570.35 (20:2) 1,95E-01 1

756.55 5.35 GP PC(16:0/16:0) 733.56 1
C40H80NO8P+ 

 [M+Na]+
184.07, 518.32 (16:0) 6,40E-01 1

772.58 7.39 GP PC(35:2) 771.58 1 C43H82NO8P+ 184.07, 386.79 (M+2H) 5,40E-01 1

785.59 6.61 GP PC(19:0/15:0) 761.59 0
C42H84NO8P+ 

 [M+Na]+
184.07, 504.30 (19:0),  560.36 (15:0) 1,73E-02 9,10E-01

832.58 5.92 GP PC(20:3/18:1) 809.59 0
C46H84NO8P+ 

 [M+Na]+
184.07, 544.33 (20:3), 568.33 (18:1) 2,42E-03 5,21E-02

854.70 13.62 GP PC(42:1) 871.70 0
C50H98NO8P+ 

[M+H-H2O]+
184.07 6,55E-02 1

902.69 13.36 GP PC(46:5) 919.70 1
C54H98NO8P+ 

[M+H-H2O]+
184.07 7,00E-04 8,77E-02

795.73 15.36 GL TG(12:0/14:0/20:3) 772.66 0
C49H88O6+ 

[M+Na]+
489.39 (loss of 20:3), 567.43 (loss of 14:0), 595.47 (loss of 12:0) 3,87E-02 1

797.66 15.05 GL TG(12:0/16:0/18:2  774.67 0
C49H90O6+ 

[M+Na]+
517.42 (loss of 18:2), 541.42 (loss of 16:0), 597.48 (loss of 12:0) 6,99E-01 1

823.68 15.07 GL TG(12:0/18:1/18:2) 800.69 0
C51H92O6+ 

[M+Na]+
541.42 (loss of 18:1), 543.43 (loss of 18:2), 623.50 (loss of 12:0) 2,30E-01 1

825.69 15.37 GL TG(12:0/16:0/20:2) 802.71 1
C51H94O6+ 

[M+Na]+
517.42 (loss of 20:2), 569.45 (loss of 16:0), 625.51 (loss of 12:0) 2,10E-02 1

ESI+

Lipid 

Category
Lipid Species

Chemical Information Univariate Statistical Analysis

ES
I+
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(continued from previous page) 

 
 

Mann-Whitney -tests were conducted, followed by False Discovery Rate (FDR) correction. Key: GL; 

Glycerolipids, GP: Glycerophospholipids; SP: Sphingolipids; ST: Sterol lipid; PC: Phosphatidylcholine; 

PI: Phosphatidylinositol; SM: Sphingomyelin, TG: Triacylglycerol; Phe: Phenylalanine; Ile: Isoleucine; 

Thr: Threonine; Arg: Arginine; Val: Valine; Tyr: Tyrosine; Lys: Lysine; RT: retention time; CV: 

coefficient of variation; na: not applicable, *Tentative assignment, ~Fatty acid composition could’t 

be determined. 

 

 

Table 29 indicates that some of the most comprehensive findings were the perturbed 

metabolism of PC moieties with different class representatives being higher in the term and 

preterm groups, especially in ESI+. Specifically, it was noted that ten long- and very-long 

chain, unsaturated, mono-unsaturated or poly-unsaturated PCs (PCS 37:6, 38:1, 40:6 

15:0/20:4, P-18:0/18:1, 20:4/17:0, 22:4/15:0, 20:5/17:0 (in ESI+), 20:4/18:0, 22:6/18:2 (in 

ESI-)) were increased at the 2nd  trimester in the plasma of women with preterm outcomes, 

whereas eleven different long-chain PCs were shown to decrease (PCs 35:2, 42:1, 46:5, 

16:0/14:0, 14:0/18:1, 14:0/18:2, 15:0/18:1, 12:0/20:2, 16:0/16:0, 19:0/15:0, 20:3/18:1). 

Interestingly, three of the PCs that were found to be lower in preterm group across the 

second trimester have been shown before to be markers of advanced gestational age in the 

normal, longitudinal sample-set (PCs 14:0/18:1, 14:0/18:2, 16:0/16:0).  

Increased in Preterms across early gestation

m/z   

(found)
RT (min)

m/z 

(theor)
Δppm

Formula 

[Complex 

adduct]

In source fragmentation (acyl loss)  P value FDR 

465.30 2.28 ST Cholesterol sulfate 466.31 3 C27H46O4S- 96,96 7,95E-03 0,009

579.44 4.96 GL Diacylglycerol(13:0/22:6/0:0) 598.46 2
C38H62O5-   [M-

H2O-H]-
327.2 (22:6) 2,81E-02 2,10E-01

609.51 5.50  GL Diacylglycerol~ 610.52 6 C37H70O6- na 9,35E-02 6,00E-01

810.56 6.66 GP PC(22:6/18:2) 829.56 23
C48H80NO8P-  

[M-H2O-H]-
168.04, 279.23 (18:2), 327.23 (22:6), 829.5 6,45E-05 1,20E-01

855.59 7.84 GP PC(20:4/18:0) 809.59 7 C46H84NO8P- 168.04, 224.0693, 283.26 (18:0), 303.23 (20:4) 6,08E-04 6,20E-02

Decreased in Preterms across early gestation

585.31 1.18 GP PI(17:0/0:0) 586.31 0 C26H51O12P- 241.01, 269.24 (17:0) 8,23E-04 7,49E-02

599.32 1.36 GP PI(18:0/0:0) 600.33 1 C27H53O12P- 52.99, 241.01, 283.26 (18:0) 9,75E-04 9,97E-03

643.29 0.88 GP PI(22:6/0:0) 644.30 0  C31H49O12P- 152.99, 241.01, 327.23 (22:6) 9,50E-03 2,13E-01

973.59 1.34 GP PI~ 928.60 16
C50H89O13P-  

[M+FA-H]-
241.01 2,52E-03 8,61E-02

571.29 1.06 Peptide
Phe Ile Phe Thr*

526.28 4
C28H38N4O6-  

[M+FA-H]-
na 6,57E-02 7,13E-01

598.27 1.09 Peptide Tyr Arg Val Tyr*  599.31 0 C29H41N7O7- na 5,62E-02 2,36E-01

621.30 0.99 Peptide Lys Tyr Lys Tyr* 600.33 2
C30H44N6O7-  

[M+Na-2H]-
na 4,93E-03 8,64E-02

Univariate Statistical Analysis

ES
I-

ESI-

Lipid 

Category
Lipid Species

Chemical Information
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Additionally, several co-eluting TG moieties; predominantly incorporating 12, 14, 16 and 18 

carbon chains, were found in lower intensities in the preterm group in ESI+ (TGs 

12:0/14:0/20:3, 12:0/16:0/18:2, 12:0/18:1/18:2, 12:0/16:0/20:2) but didn’t meet 

significance criteria (P >0.05).  

Lastly, in the late first trimester (time point A) several SMs lipid features were reported to 

be in higher intensities in the preterm class, most of them having the 18 carbon backbone 

and a range of carbon chain fatty amides (SMs d18:1/16:1, d18:0/18:2, d18:2/22:0, 

d18:1/22:0).  

Regarding ESI-, fewer differences were observed between the term and preterm group, 

compared to the ESI+. The most significant differences included decreased levels of several 

PI moieties (PIs 17:0/0:0, 18:0/0:0, 22:6/0:0 & one PI of unknown structure (m/z 973.59 & 

retention time 1.34 min) and oligopeptides in the preterm group. The oliopeptides consisted 

possibly from phenylalanine, isoleucine, threonine, tyrosine, valine, lysine and arginine 

which were tentatively assigned since the method employed here cannot determine the 

actual amino-acid sequence). The preterm group also showed slightly elevated levels of 

what was tentatively assigned as cholesterol sulphate (m/z 465.30, RT 2.28 min), 

diacylglycerol (13:0/22:6/0:0) and diacylglycerol (m/z 609.51, RT 5.50 min).   

 

5.3.3.1 CORRELATIONS OF LIPID FEATURES WITHIN THE PRETERM GROUP  

Pearson correlation analysis was applied to lipid features (Table 28) that were found to be 

different between term and preterm plasma samples during early gestation (12+0-21+6 

weeks). The aim was to infer connections between them that could potentially provide a 

linkage to biological pathways and facilitate data interpretation. The results can be seen in 

figure 70 for both ionisation modes.  
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Figure 70 indeed verified the global trend of dysregulated PC metabolism in the preterm 

cohort with significant correlations between all PC species, in both ionisation modes. The 

highest positive correlation exists among the PC lipid features that were reported to 

increase in the plasma of those with preterm outcomes (namely PCs 22:4/15:0, 37:6, 

15:0/20:4, P-18:0/18:1, 20:4/17:0, 20:5/17:0, 40:6, 38:1 (in ESI+);  22:6/18:2, 20:4/18:0 (in 

ESI-)). Similarly, positive correlations exist between all PCs that were of lower intensity in 

the preterm cohort, with the highest to be demonstrated between PCs 16:0/14:0, 

14:0/18:2, 14:0/18:1, 15:0/18:1, 12:0/20:2 and 16:0/16:0. On the contrary, significant 

inverse correlations were reported between the PC moieties that increase and those that 

decrease in the preterm cohort (Fig. 70a).  

Another finding was the high positive correlations between the PIs and the tentatively 

assigned oligopeptides detected in ESI-, all shown to be in lower levels in preterms, relative 

to terms, across early gestation.   

Lastly, TGs that were found to be diminished in the plasma of women with preterm 

outcomes (ESI+) also exhibited high positive correlations with each other, along with 

negative correlations with several PCs, such as PCs 35:2, 19:0/15:0 (Fig. 70a). 
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Figure 70: Heatmap produced for inter-correlations (Pearson correlation; R software) between 
normalised integrals of the most discriminant lipid features reported to increase or decrease 
(see Table 28) in women with preterm outcomes compared to those with term outcomes across 
early pregnancy. Correlations are shown using colour scale from maximum negative correlation 
(dark blue) to maximum positive correlation (dark red), no correlation being white, in both (a) 
ESI+ and (b) ESI- modes. A threshold of P < 0.05 was implemented to filter out insignificant 
correlations between the reported lipids; non-significant correlations have been replaced by 
white cells. Key: ESI: Electrospray Ionisation. 

a) ESI+: Lipid features  perturbed in  preterm samples

b) ESI-: Lipid features  perturbed in  preterm samples

PI (m/z 973.59; RT 1.34 min)  

Diacylglycerol
(m/z 609.51; RT 5.5 min)  
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5.3.4 LIPID PROFILING APPROACHES ARE NOT SUITABLE FOR THE PREDICTION OF 
IMPENTING CERVICAL SHORTENING   

Having shown before (Chapter 4) that the maternal metabolome is sensitive to variation 

associated with cervical shortening during early second trimester; potential associations 

between lipid features levels and cervical state (healthy length versus early ripening) were 

investigated at time points A and B for both ionisation modes. Nonetheless, the resultant 

supervised models showed negative predictive ability (Q2Ycum <0) and insignificant P values 

(following permutation testing, perm=100), indicating that lipidomic analysis has no 

potential to open new avenues for the early prediction and subsequent prevention of 

cervical shortening, at least in this cohort (Appendix, Fig. 78).   

Similarly, lipid variation as measured by RP-ULPC-MS in this study did not appear to be 

influenced by generic variation associated with maternal age and infant characteristics, such 

as weight at birth and gender. 

5.4 DISCUSSION 

5.4.1 LONGITUDINAL MATERNAL LIPIDOME CHARACTERISTIC OF HEALTHY EARLY 
GESTATION 

In this study we characterised the normal maternal plasma lipidomic profile employing RP-

UPLC-MS analysis in samples collected longitudinally from the same participants at three 

time points in the early second trimester (12+0-14+6, 15+0-17+6, 19+0-21+6 weeks gestation). 

This gestational age window was chosen as it encompasses major changes in maternal 

physiology and placental development. Thus it’s a period of pregnancy conducive to timely 

stratification and clinical intervention.  
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It has been demonstrated before (Chapter 3) using 1H NMR technology, that plasma 

samples collected from pregnant healthy women incorporate high lipid content that 

fluctuates with advancing gestation, as pregnancy progresses from late-first to mid-second 

trimester. Substantial lipid changes were also reported in relation to the length of gestation 

and the pregnancy outcome (Chapter 4).  

To complement these 1H NMR-based observations, additional lipidomic analysis was 

performed by RP-UPLC-MS in both ionisation modes. The impact of specific lipid sub-classes, 

backbone/fatty acyl/fatty amide lengths and degree of unsaturation upon the 

uncomplicated maternal lipidome between 12 and 22 gestational weeks was investigated. 

The longitudinal design of this first-phase study enabled the establishment of robust 

lipidomic trajectories across the selected time-window, stripped from confounding inter-

patient variability that typically affects cross-sectional studies. Therefore, a gestational age- 

dependent lipidomic fingerprint was allowed to be captured. 

Supervised multivariate partial least squares (PLS) regression of the longitudinal plasma data 

indicated an apparent distinction between samples collected at the three consecutive time 

points.  The systemic variation among them was powerful enough that there was no need 

for additional removal of orthogonal variation (Fig. 56). Also, despite the fact that 

unsupervised analysis of the same samples failed to identify obvious gestation-related 

changes in the maternal lipidome, it nonetheless suggested that gestational age was indeed 

a substantial factor contributing to the total variance in this dataset with 32% and 48% of 

the total variance to be explained in the first two principal components of the PCA plots in 

the ESI+ and ESI- mode, respectively (Fig. 56a, 56d). These observations further confirmed 

the considerable shift in lipid metabolism that has been previously seen to occur across 
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early pregnancy driven by healthy pregnancy advancement, and is known to overwhelm the 

maternal metabolome especially after 15 weeks gestational (Chapter 3)10,111,240,241. To 

further scrutinise the lipidomic transition related to advancing gestational age, from 12 to 

19 weeks, additional pairwise supervised analysis was employed to also account for any 

orthogonal variation, i.e. variation linearly uncorrelated to the response (time points A 

versus C, Fig.56c, 56f). Therefore, biological variation not associated with the transition from 

the first to mid-second trimester was filtered out. Ultimately, this supervised analysis 

further confirmed that gestational age substantially influences the lipid metabolism despite 

the fact that a very small time-window of gestation was studied. The presented model 

characteristics displayed well-fitted statistics and good predictive values (Fig.56c, 56f). 

In general, supervised analysis performed on data acquired on negative ionisation mode 

presented slightly higher predictive ability, compared to their positive mode counterpart, as 

indicated by their models Q2 value (Fig. 56c (ESI+) and Fig. 56f (ESI-)). This might suggest that 

lipid features detected in negative ion mode might be more sensitive to changes related to 

the time course of pregnancy compared to the positive ionisation mode. 

The discriminatory lipid signatures between late-first and mid-second trimester, as 

investigated by UPLC-MS, was largely driven by variations in glycerophospholipids, 

sphingolipids, lysophospholipid and fatty acyls metabolism. Specifically, samples collected at 

later gestational age (2nd trimester) displayed significantly higher levels of mainly 

unsaturated phosphatidylcholines (e.g. PC 32:1, 32:2, 33:1, 33:2, 33:4, 34:1 and 35:6) and 

phosphatidylethanolamines (e.g. PE 32:2, 34:1, 34:2, 36:2, 36:4, 38:5, 38:6, 40:6, 40:7), 

along with two sphingomyelins (SM d32:1, d34:2), whereas a range of  

lysophosphatidylcholines with typically lower levels of unsaturation (e.g. lysoPC 16:0, 17:0, 
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18:0, 18:1, 18:2, 20:4) and a group of tentatively assigned fatty acyls were decreased. These 

observations are in agreement with an earlier report that also described increases in PC 

32:1, 32:2, 32:9, 34:1 and decreases in lysoPC 16:0, 18:0, 18:1, 18:2, 20:4, 22:6 across 

healthy gestation110. Altogether, this profile presents a more complex, but nonetheless 

complementing picture to the one obtained by 1H NMR analysis of the same samples, where 

an overall increase in LDL and LDL lipoproteins was measured as gestation advanced from 

12 to 22 weeks (Chapter 3).  

The fact that unsaturated phosphatidylcholines were reported to significantly increase with 

advancing gestation was not surprising since it has been previously reported as the most 

abundant lipid class in the maternal plasma, constituting 49.15% of the lipidome110. 

Glycerophospholipids (PCs, PEs) are amphiphatic lipids implicated in diverse biological 

functions such as energy reserve modulation, signal transduction and cellular migration 

(angiogenesis). Nonetheless their most important role lies in the regulation of structural 

features formation and membrane development which is relevant to placental formation 

and function early in pregnancy305. PCs are mainly biosynthesised in maternal liver through a 

pathway that involves sequential methylation of PEs, with S-adenosylmethionine as the 

source of methyl groups, with mono- and dimethyl-phosphatidylethanolamine as 

intermediates and catalysed by the enzyme phosphatidylethanolamine N-methyltransferase 

(Fig. 71)361. 
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Figure 71: Phosphatidylcholine synthesis in maternal liver via phosphatidylethanolamine 

methylation pathway 

PC biosynthesis in the liver is necessary for normal secretion of the plasma lipoproteins 

(VLDL and HDL) that were also seen to significantly increase in maternal plasma during the 

second trimester (Chapter 3) constituting the main energy reserve of living organisms. 

Additionally PCs are necessary for cell membranes formation and proper structure (i.e., the 

phospholipids of lipid bilayers). It has been shown that modification of membrane 

phospholipid composition can determine membrane permeability. Specifically, membrane 

fluidity and thus permeability, is promoted by increasing levels of PCs, and increasing PUFA 

content350,362. Therefore, it can be hypothesised that a shift in PC metabolism across healthy 

gestation is closely monitored in order to accommodate appropriate physiological placental 

development, dynamic nutrient transport across the placenta and foetal membranes to 

reach the developing foetus. Despite the fact that lipid profiling demonstrated a significant 

increase in PC molecules as pregnancy progresses, certain PC molecules (PC 36:2, 38:2, and 

40:6) were depleted. This indicates that lipoprotein profile during early gestation is dynamic 

and shifts in both directions in order to meet maternal and foetal needs related to cell 
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structure, angiogenesis and regulatory signalling. Additionally, it might be related to the 

function of the specific fatty chain incorporated in the PCs. 

A range of  lysoPC signals were shown, both here and in literature110 to decrease with 

advancing gestation. These lipid species are known to be a result of the spontaneous 

deacylation of oxidized phospholipids, further acting as bioactive phospholipids in numerous 

inflammatory processes-though how exactly they exert their pathophysiological actions 

remains unclear363. LysoPCs are also known to be released by phospholipase and 

transported, bound to albumin, in maternal tissues364. Therefore, decreased lysoPCs levels 

observed in the second trimester could potentially suggest either higher consumption later 

in pregnancy or a pregnancy-related weakening of phospholipase activity. Decreased 

lysoPCs could also indicate a physiological metabolic adaptation towards a pro-

inflammatory phenotype and an increased susceptibility to gestation-induced inflammation, 

since diminished lysoPCs have been previously linked to numerous infectious diseases in 

many different contexts173,350. Prolonged low levels of lysoPCs in early life have also 

previously been linked with newborn predisposition to infection365. 

The levels of two sphingomyelin species increased in the second trimester of pregnancy (SM 

d32:1, d34:2). SMs are functional versatile lipids that belong to the class of sphingolipids and 

have a phosphocholine molecule with an ester linkage to a common core (backbone) 

consisting of a 1-hydroxy group of a ceramide. Ceramide and other sphingolipid metabolites 

have been linked to widespread inflammatory and metabolic disorders and they are also 

known to accumulate in response to various apoptotic stimuli173,366,367. Apoptosis is a vital 

part of foetal development, implicated in cell elimination to achieve tissue moulding and 

body fashioning368. SMs are also classically known as important structural elements of the 

http://www.pubpdf.com/pub/20973507/Lysophosphatidylcholine-is-generated-by-spontaneous-deacylation-of-oxidized-phospholipids
http://www.pubpdf.com/pub/20973507/Lysophosphatidylcholine-is-generated-by-spontaneous-deacylation-of-oxidized-phospholipids
http://www.pubpdf.com/pub/20973507/Lysophosphatidylcholine-is-generated-by-spontaneous-deacylation-of-oxidized-phospholipids
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cell membrane and are believed to protect the cells surface against harmful environmental 

factors by forming a mechanically stable and chemically resistant outer leaflet of the plasma 

membrane lipid bilayer369. Therefore a rise in the second trimester could also be relevant to 

the increased need of the newly formed foetal cells and tissue for protection against the 

gestational-related oxidative stress370. More recently SMs were also found to be involved in 

functions such as cell recognition and signalling (acting as mediators), especially during the 

complex process of embryonic implantation and uterine remodelling371,370.  Appropriate 

regulation of SM pathway enables proper regulation of functional placental establishment 

and blood vessel stability in order to ensure vital nutrition and gas exchange for the 

developing embryo370,371. 

Another important characteristic of the uncomplicated advanced gestational age was 

decreased plasma levels of free fatty acyls in the second trimester. This could possibly be a 

marker of maternal hyperlipidaemia that is known to accompany healthy pregnancy. Fatty 

acids are known to be esterified to make phospholipids (PCs, PEs), the most dominant lipid 

component of the second-trimester maternal plasma350. Lower levels of FA in the second 

trimester potentially led to a subsequent increase in lipid levels, such as the ones observed 

to dominate maternal lipidome at time point C (PC 32:2, 33:2, 33:4, 34:1, 35:6; PE 32:2, 

34:1, 34:2)372. This increase in PCs is a major part of adipose tissue remodelling in order to 

cope with its expansion during pregnancy, especially in the second trimester373. Note that 

adipose tissue has the capacity to expand substantially and therefore store energy in order 

to support the increasing maternal future needs. Nonetheless its content in PUFA 

phospholipids (PCs) simultaneously increases to maintain adipocytes’ membrane fluidity, 

order and thickness362,374. The cost of this adaptation is related to an increased vulnerability 
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to gestational inflammation with the lipid bilayer of the adipocytes becoming a site 

vulnerable to oxidative stress362. This is potentially due to the fact that once the limit of 

adipose tissue expansion is exceeded; the excess lipids become deposited ectopically, turn 

reactive and lead to toxicity362. 

5.4.2 CORRELATION ANALYSIS CONFIRMS THE COMPLEXICITY OF MATERNAL LIPID 
METABOLISM ACROSS EARLY GESTATION  

Correlations between the lipids that change significantly in maternal plasma with advancing 

gestation were computed for both the positive and negative ionisation mode using 100% 

matched longitudinal plasma samples. This analysis provided additional insight on the 

complex lipid metabolic changes that accompany early pregnancy.  

As expected, features belonging to the two lipid classes (PCs and SMs) reported to increase 

in maternal plasma with advanced gestation in positive mode were all positively and 

significantly correlated to each other. The highest correlations were observed among PC 

(33:1), PC (33:2) and PC (33:4) which are potentially implicated in a range of vital functions 

during the early second trimester.  

In the negative ionisation mode, the most prominent correlations were reported between 

the PEs which significantly increased in maternal plasma with advanced gestation. Finally, it 

is interesting the fact that the correlations observed in the ESI- were significantly higher 

compared to the ones observed in ESI+. This potentially indicates either more noisy ESI+ 

data compared to the ESI- mode (there is also the technical issue of higher intensity in ESI+, 

potentially leading to detector saturation) or the fact that metabolites detected in ESI- ion 

mode might be more sensitive to metabolic fluctuations due to pregnancy advancement.  
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In an effort to better understand maternal metabolism and the lipid changes occurring 

across the three time points of sample collection, correlations were computed between the 

1H-NMR- and UPLC-MS-measured discriminant features. This was done using longitudinal 

matched healthy pregnancy samples to avoid confounding inter-patient variability. As seen 

in figures 61, 62; 1H NMR-identified lipids (mainly PUFA, LDLs, VLDLs, glycoproteins, known 

lipids and lipids of unknown structure) were positively correlated to many of the PCs (in 

ESI+) and PEs (in ESI-) detected by UPLC-MS, especially at time point A. These positive 

correlations appeared to reduce at time point B and subtly re-appear later on, at time point 

C.  This observation is in agreement with the NMR data presented in this thesis (Chapter 3) 

where a shift was shown to occur in maternal metabolism at around 15 weeks gestational 

(i.e., time point B). This finding is also in agreement with previous MS-based studies of the 

uncomplicated pregnancy metabolome, that also reported a shift in maternal metabolism in 

the second trimester109,110. Finally, the fact that no other significant associations were 

reported between the two datasets is possibly attributed to the major biological complexity. 

In my knowledge, this is the first study in literature to attempt correlation analysis between 

1H NMR- and UPLC-MS-identified lipids, signifying the complementing role of the presented 

results as a stepping-stone for future lipidomic research. 

5.4.3 PLASMA LIPIDOMIC VARIATION AFFECTED BY MATERNAL ETHNICITY DURING 
EARLY GESTATION 

As shown in chapter 3, complementary NMR analysis indicated that maternal factors, such 

as ethnic background, potentially along with accompanying differences in the genetic 

repository, diet, microbiota etc., have a confounding effect upon the maternal metabolic 

profile. This was especially profound in the levels of lipoproteins, cholesterol and choline 

species. Other researchers have also shown that African or Caucasian origin is an important 



324 
 

determinant of blood lipid, lipoprotein/ apolipoprotein and triglyceride concentration 

during uncomplicated pregnancy375. In order to further define such ethnic, lipid-related 

disparities that accompany uncomplicated gestation, lipidomic variation between Asians, 

Caucasians and British African-Caribbeans was explored through semi-targeted RP-UPLC-MS 

analysis.  The results of this analysis (Fig. 62) indicated that lipidomic differences between 

these groups exist across the early second trimester and become more robust when 

combining all time points. This way bigger patient numbers were achieved and thus higher 

statistical power for this analysis. Similar to the observation made when investigating the 

effect of gestational age upon the uncomplicated pregnancy journey, ESI- mode analysis 

(Figure 62e-h) showed higher robustness and predictive ability at all time points compared 

to the ESI+ mode (Figure 62a-d). Multivariate analysis was employed and lipidomic 

differences associated with maternal ethnicity were identified, predominately being driven 

by the lipid shift occurring in the plasma of British-African Caribbeans. This group 

presumably stands out due to its need to support several metabolic race-specific 

adaptations across gestation. Ethnic differences were more obvious at A time point and 

slightly faded away later on, at the second trimester, that is a period during which 

gestational age-associated lipid changes are known to overwhelm the maternal metabolism, 

dominating the ethnic-related disparities109,110. This is possibly an effort of the metabolism 

to support both the maternal and foetal energy requirements irrespectively of any 

confounding factors.  

In this study, the most significant ethnic-related metabolic disparities were  related to the 

pronounced elevation of sphingomyelin (SMs 18:2/16:0; 18:1/16:0, 18:2/18:0, 16:1/20:0, 

16:1/24:1, 16:1/24:1, 18:0/22:0, 18:2/24:0), triglyceride (TGs 14:0/18:1/18:1, 
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14:0/17:0/20:2, 20:4/18:1/20:4) and long-chain unsaturated phospholipid intensities (PCs 

15:0/18:1, P-18:0/20:5, 18:1/P-18:0, 20:4/17:0, 22:5/16:0, 20:5/17:0 & PEs P-16:0/20:4, P-

18:1/20:5, P-18:0/20:3, P-18:0/22:6, P-20:0/22:6)  in the plasma of British-African Caribbean 

participants. This, along with a significant decrease in the levels of lysophospholipids 

(lysoPCs 17:0, 18:0, 18:1, 18:2, 20:3 & lysoPEs 16:0, 16:1, 18:2) relative to the other two 

ethnic groups. The African-specific lipid profile across early gestation might be attributed to 

various genetic, dietary and/or socio-economic factors with the end result to mainly be SM 

elevation which, as previously discussed, has been linked to obesity, insulin resistance and 

several inflammatory and metabolic disorders and cell death/apoptosis173,367,368.  

SMs are also classically known for their protective role as stable structural elements of cell 

membranes and their involvement in signalling processes during embryonic 

development369,370. Elevated PUFA-containing phospholipids, also observed in higher levels 

in British African-Caribbeans, traditionally  help maintain membrane fluidity and thickness, 

supporting the small molecules and nutrients permeability through gestation362. As seen 

previously, there is a small price to pay for the increase in membrane fluidity due to its rapid 

expansion, related to the lipid bilayer of the adipocytes becoming a site vulnerable to 

inflammation and oxidative stress that if remained untreated can damage the developing 

foetus302,362. Finally, decreased lysoPC levels observed in British African-Caribbeans blood, 

can also be associated with an underlying inflammation as part of a physiological metabolic 

adaptation in the second trimester of pregnancy. This stems from the observation that low 

lysoPC signals have long been linked to several infections and the subsequent release of 

cytokines173,350,376,377. 

Regarding Caucasian population, they presented increased plasma PC levels (PCs 15:0/18:1, 
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18:2/18:0, 16:0/20:1, O-20:0/22:2, 46:5) in ESI+ and increased PI levels (PIs 15:0/17:1, 

16:0/18:2, 16:0/18:1, 18:1/18:0) in ESI- mode, compared to the other two ethnic groups. 

This increase in PC levels mirrors the 1H NMR findings of chapter 3; showing that 

significantly higher levels of choline-related species exist in the plasma of Caucasians in the 

second trimester compared to the other two ethnic groups. This ethnic-related PC 

enhancement could be either of genetic or dietary origin. PIs, that were also shown to 

increase in Caucasian’s blood in early gestation, are biologically versatile molecules. They 

can be  reversibly phosphorylated at three distinct positions in the inositol head group and 

further act as localisation tags, involved in the organisation of membrane-bound signalling 

complexes and efficient membrane trafficking378,379. This observation might imply that 

Caucasians are characterised by a very well organised membrane transport function in the 

early second trimester. 

Finally, Asians were characterised by excess plasma fatty acids which are known to 

accelerate lipid synthesis, further raising the levels of diacylglycerol in maternal plasma (DGs 

16:0/18:2, 18:1/18:2, 20:4/20:4); as observed here, along with acyl-CoA (utiliesed for energy 

production via β-oxidation) and triacylglycerol372. Typically, augmented levels of acyl-CoA 

and DGs can potentially induce a pro-inflammatory programme (PKCδ- and PKCθ-

mediated)380 which ends to the downstream activation of nuclear factor-Κβ potentially 

reflecting a generalised stress response to pregnancy advancement379. The above described 

metabolic pathway is key for the development of metabolic syndrome which can be 

triggered by gestational insulin resistance or Asians’ high-caloric diet and physical inactivity 

which, as previously discussed (Chapter 3), can lead to chronic cardiovascular disease and 

type-2 diabetes247,248,249. Moreover, several oligopeptides were reported to be elevated in 
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Asians compared to the other two ethnic groups (possibly in an effort to produce protein via 

polymerisation).  

It is now evident that early pregnancy normal metabolic changes take place to support the 

mother and the foetus and inevitably have a prevalent influence in the lipid metabolism. 

However, confounding factors such as ethnicity can also affect the maternal lipidomic 

profile, especially in the first trimester. Future metabonomic studies that aim to investigate 

the maternal lipidome at any time during early gestation need to consider these 

observations and ensure that the discriminating metabolites do not reflect variation due to 

confounding factors, such as ethnicity and the related disparities in diet, genes and 

microbial repositories. 

5.4.4 PLASMA LIPIDOMIC ALTERATIONS DIFFERENTIATE WOMEN WITH TERM AND 
PRETERM OUTCOMES IN EARLY PREGNANCY 

It has been shown in this thesis, using both 1H NMR and UPLC-MS analyses, that healthy 

pregnancy is associated with a broad spectrum of highly-regulated metabolic adaptations. 

These include changes in the metabolism of lipids (PCs, PEs, lysoPCs, lysoPEs), lipoproteins 

(ranging from VLDL to HDL), cholesterol, triglycerides and PUFA that have serious 

implications in appropriate foetal development, acting as energy source and maintain 

membranes permeability and dynamic nutrient transport9,10,238,12,110,111,239,240,241,305,350. These 

lipid adaptations mostly stem from increased lipolytic activity in maternal adipose tissue 

that subsequently increases plasma non-esterified fatty acids and glycerol. The latter can 

lead to triacylglycerol synthesis in the liver and subsequent release of lipoproteins in the 

circulation to support gluconeogenesis, energy production, ketogenesis, and milk formation 

just before parturition, as previously discussed10,239. Furthermore, dynamic PC metabolism 

across uncomplicated gestation has been shown to accommodate healthy, physiological 
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placental development and dynamic nutrient transport across the placenta and foetal 

membranes. This aims to fulfil the increased energy requirements and signalling needs of 

advanced gestation. 

Dysregulated lipid metabolism during complicated pregnancy, manifested as either 

increased maternal triglyceride and cholesterol levels or decreased plasma lipids levels, as 

measured by classic clinical chemistry or 1H NMR and UPLC-MS techniques, has been 

associated both in this thesis (Chapter 4) and elsewhere, to several pregnancy disorders 

(e.g., spontaneous or induced preterm birth, pregnancy-induced hypertention, 

preeclampsia)115,233,264,265,266,357. As previously discussed (Chapter 4) these outcomes are 

potentially linked to events such as lipid peroxide insult, altered vascular reactivity, 

placental dysfunction, placental lipid transport dysregulation and inflammation. These 

conditions, if developed early in gestation they activate pathological pathways 

dysregulations,  ultimately leading to gestational pathologies264, 357. 

In this chapter, term and preterm maternal lipidomic phenotypes were differentiated at 

three time points during early gestation (A=12+0-14+6 weeks, B=15+0-17+6 weeks and C=19+0-

21+6 gestational weeks). The two phenotypes appear to exhibit the highest metabolic shift 

when blood samples collected at all time points were grouped and analysed together (Fig. 

69), rather than separately (Fig.71). This indicates the fact that although pregnancy outcome 

(i.e. term/preterm) affects the maternal lipidomic profile in early gestation, still the main 

variable that mostly affects maternal lipid metabolism in our studied time-window is the 

gestational age at the time of sampling (i.e. time point A, B, C). Additionally, multivariate 

analysis also showed that women having term and late preterm infants potentially share 

very similar plasma lipid profiles across early gestation. On the other hand, those that went 
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on to deliver extremely preterm babies presented the most distinct lipid plasma profiles and 

they appeared to cluster the furthest away from the healthy controls, essentially driving the 

metabolic separation between term and all preterm deliveries (Fig. 67). These observations 

were expected and also mirror the previously acquired NMR results (Chapter 4). 

Herein, it is demonstrated that a perturbed plasma lipidomic profile exists between women 

with preterm pregnancy outcomes and those with uncomplicated pregnancies. Differences 

were identified in several classes of metabolites as show by both multivariate and univariate 

analyses (Fig. 67, Table 29).  Specifically, these differences concerned 39 lipids belonging to 

lipid classes such as glycerophospholipids (GP) (mainly PC), glycerolipids (GL) (specifically 

triacylglycerols and diacylglycerol), sphingolipids (SP) (mainly SM) and a sterol-lipid (that has 

been previously identified in-house using the same analytical platform169). The information 

that stemmed from both ionisation modes demonstrated high complementarity (Table 29). 

Notably, the observation that several lipids of the same class exhibited the same differences 

between cases and controls provides additional confidence to the results and the 

probability of the observation being false positive decreases. Lipids from the same class are 

under the effect of the same enzymes and this biological relevance is ubiquitous in the 

specific lipid class.  

Potentially the most interesting finding of this study was related to the disruption of the PC 

metabolism in the blood of women that went onto delivering preterm (i.e. 10 PCs (long/very 

long chain, various degrees of saturation) were higher, and 11 different PCs (long chain, 

various degrees of saturation) were lower in the preterm cohort; Table 29).  Both PC and 

also PE are major phospholipids in mammalian and foetal membranes and the manipulation 

of their degree of saturation and chain-length of composite fatty acids have been previously 
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associated with disruption of membrane fluidity, thickness and nutrient 

permeability362,381,382,383.  Therefore, disrupted PC metabolism, occurring in the late first 

trimester (i.e. time point of pregnancy where the origin of various gestational complications 

lies) in women with preterm outcomes might reflects a disrupted placental physiology and 

membrane development that is deleterious to foetal well-being10,110,305,384. 

Increases in SMs were also observed at A time point (ESI+; SMs d18:1/16:1, d18:0/18:2, 

d18:2/22:0, d18:1/22:0) in women experiencing preterm delivery. Increased SMs levels have 

been previously reported in the blood of women experiencing preterm rupture of 

membranes385 or a composite of other  poor pregnancy outcomes (e.g., SGA, PTD)357. The 

role of SMs in the context of pregnancy complications is still poorly understood, although its 

signalling and mediating role and its implications in cell fate (e.g., cell arrest, cell 

senescence) and apoptosis has been recognised in pathological conditions outside 

pregnancy379. SM’s most prominent and biologically active metabolite, ceramide, has been 

reported to increase in response to cellular stress such as DNA damage which could 

potentially have an important role in pregnancy pathological progression and ultimately 

preterm delivery379,386,387,388. Finally, previous research undertaken by E. Carvantes indicated 

that sphingolipid metabolism regulates proper uterine decidualization and blood vessel 

stability in animal models389. The same group expressed that uterine sphingolipid 

metabolism should change during implantation; with perturbations to be related with 

impaired implantation and subsequent poor foetal development. Ultimately they suggested 

that disturbances in sphingolipid metabolism may be considered as a cause of pregnancy 

loss in humans389. Additioanally, other complementary studies in animal models have shown 

that the sphingolipid metabolic pathway is shown to be highly activated in the deciduum 
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during pregnancy and its disturbance causes defective decidualization and severely 

compromised uterine blood vessels, leading to early pregnancy loss371, 370. 

Also in the positive ionisation mode, TG levels were shown to decrease in the preterm 

cohort compared to the controls. TGs are known to store and further transport FA in 

maternal circulation to sites where the later are required for cell synthesis, energy 

provision, and a several metabolic signalling processes. Therefore, perturbed TG metabolism 

might indicates once again a disturbance in the above-mentioned vital processes in subjects 

destined to deliver preterm. 

Another finding of the negative ionisation mode analysis concerns the decrease of four PIs 

in the preterm cohort compared to the controls (PIs 17:0/0:0, 18:0/0:0, 22:6/0:0, PI of 

unknown structure with m/z 973.59 & retention time 1.34 min). As previously discussed, PIs 

are biological versatile lipids, able to act at localisation tags, while embedded in foetal and 

maternal membranes. Therefore, they are known to regulate various key signalling 

processes and nutrient transport, following their interaction with a number of highly 

conserved modular protein domains378,379,390,391. Disturbed PI metabolism in the preterm 

cohort might indicate deregulation of intracellular signal transduction, enzyme activation 

and ion channel function across placental and foetal membranes that negatively impacts 

upon foetal development during the early second trimester390,392. 

Finally, in this study, a sterol lipid that was identified169 as cholesterol sulphate was reported 

to increase in the plasma of women with preterm outcomes (ESI-). Cholesterol (dietary or 

hepatic, stored in various tissues) is made available to body tissue where is required for cell 

growth or cellular renewal via the lipoprotein cascade. One site that is predominantly in 

need is the growing placenta during normal pregnancy where it is used for steroid hormone 



332 
 

synthesis393. Early-second trimester cholesterol increase in the plasma of women that went 

on to delivery preterm infants potentially indicates an increased need for foetal cholesterol 

uptake although the majority of foetal cholesterol is known to be produced de novo9,17.239. 

It’s worth mentioned that previous analysis of both foetal blood and neonatal cord blood 

has indicated that preterm infants generally exhibit lower levels of cholesterol and 

triglycerides compared to term neonates394,395. 

5.4.5 CORRELATION ANALYSIS OF LIPID FEATURES WITHIN PRETERM GROUP 
CONFIRM THE LIPID NETWORK SYNERGY IN PATHOLOGICAL CONDITIONS 

Correlations between the lipid features that were found to differentiate the plasma of 

women with term and preterm deliveries were computed during the  early second trimester 

(i.e. 12+0-21+6 weeks)  (Fig. 70). Lipid networks have been shown before to interact 

significantly in conditions of both health and disease due to their common downstream 

targets and enzymes379.  Here, high correlation values between statistically significant lipids 

of the same class or biological pathway, reported to either increase or decrease in the 

preterm group were observed. This observation provided confidence that the lipid 

differences between the two phenotypes are more likely biologically relevant, rather than 

false positive/artifacts. 

The highest positive correlations were found between the PC lipids following the same 

trends in the plasma of those with preterm outcomes, in both ionization modes. This 

observation indicates that these lipids probably share a common driver leading to their 

increase/decrease in maternal plasma in early gestation as a response to maternal 

physiological changes and foetal membrane development. On the other hand, the fact that 

significant inverse correlations were reported between the PC moieties that increase and 

those that decrease in the preterm cohort (Fig. 68a) might be suggestive of competing 



333 
 

pathways, this being possibly associated with perturbed membrane permeability or fatty 

acid metabolism in this cohort. 

Another finding concerned the high positive correlations observed between the TG 

intensities that were found to be lower in the plasma of women with preterm outcomes. 

Potentially these TGs were also involved in the synthesis of PCs that were found to 

simultaneously increase in the same group, since negative correlations appeared to exist 

between the two lipid classes (Fig. 70a). 

 Finally, the most interesting finding of the correlations computed for the ESI-, concerned 

the high positive correlations between the PIs and the tentatively assigned oligopeptides 

that reportedly decreased in the plasma of women with preterm infants, relative to the 

ones with term outcomes. High correlation values detected between the two classes 

potentially confirm the known biological synergy that exists between PIs and PI-binding 

proteins, ultimately serving membrane signaling and membrane trafficking regulation, 

necessary to ensure appropriate foetal development throughout early 

pregnancy390,391,378,379. 

5.5 CONCLUSIONS 

To the best of my knowledge this study is the first lipidomic application in a large, 

longitudinal, multinational cohort, recruiting women in the early second trimester of their 

pregnancy journey. The data presented here revealed a detailed characterisation of the 

maternal lipid metabolic perturbations during a time point of pregnancy conducive to timely 

stratification and clinical intervention.  

In the first part of this chapter it’s been shown that late-1st to mid-2nd trimester is a time-

window of major metabolic adaptation towards a pro-inflammatory phenotype, also 
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associated with major changes in phospholipid and fatty acyl metabolism. These changes 

aim to meet the demands of early gestation and support placental and foetal membranes 

remodelling, to potentially achieve an expansion and increase of their permeability, along 

with an increase of antioxidant defences and blood vessel stability. It was shown that a 

small but significant component of the pregnancy-related lipid progression was based upon 

maternal ethnicity, especially at late first trimester (i.e., time point A). Ethnicity-specific 

systemic changes in lipid metabolism were identified along with a potential gestational age-

associated shift of the lipid metabolism at 15 weeks towards a universal maternal lipidome. 

In particular, the most important ethnic-related finding was the increased levels of SMs, 

TGs, PCs and PEs, along with the decreased levels of lysoPCs, lysosPEs in the plasma of 

British-African Caribbean participants, compared to the other two ethnic groups. These 

changes potentially indicate an underlying inflammation that seems to characterise this 

cohort, along with the need for sophisticated signalling processes and stable but fluid cell 

membrane construction that is underway late in the first trimester.  Finally, correlation 

analyses (Fig. 60-61) between the most significant metabolites and lipoproteins reported to 

shift in maternal plasma across pregnancy was in agreement with the NMR results of 

chapter 3, confirming a shift in healthy maternal metabolism to occur at around 15 weeks 

gestational (i.e., time point B). 

In the second part of this chapter, a well-established in-house developed pipeline was 

followed in order to expand the early pregnancy metabolome coverage in lipid-level and to 

provide highly reliable results on semi-quantitative lipid differences between women with 

term and preterm outcomes. The aim here was to improve the level of information already 

acquired by 1H NMR untargeted profiling. ‘Pathologic’ lipid perturbations in subjects with 
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preterm outcomes (<37 weeks) were explored and associated with shifts in the metabolism 

of PCs, SMs, TGs and PIs. It can be speculated that this shift subsequently resulted to altered 

maternal lipogenesis, signal transduction, cell death (apoptosis), blood vessel stability and 

decidualisation process, along with dysregulation of placenta and foetal membranes fluidity 

and permeability. Dysregulation of the above processes are known to negatively impact 

upon foetal development during the early second trimester, ultimately leading to PTD. 

Correlations between the lipid features that were found to change significantly in maternal 

plasma between participants with term and preterm deliveries were computed, further 

reinforcing the belief that the observed changes between the two studies phenotypes are 

biologically relevant.  

Collectively, these findings established the contribution of lipidomic profiling towards 

delivering early and accurate diagnostics. In order to guide appropriate risk stratification 

and clinical intervention, validation of the candidate lipid biomarkers should be performed, 

employing a larger cohort and additional endpoints of sample collection across the whole 

pregnancy journey. 
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CHAPTER 6: CONCLUDING THOUGHTS  

This thesis had two main aims. First, it sought to describe the healthy maternal plasma and 

urine metabolomes during the early second trimester of pregnancy and investigate other 

sources of variation that impact upon the maternal metabolome, besides gestational age. 

Secondly, metabolic perturbations characteristic of impending cervical shortening and 

preterm delivery were explored in both plasma and urine biofluids. 

6.1. THE ISSUE OF GOOD TIMING AND LONGITUDINAL SAMPLING IN 
PREGNANCY RESEARCH 

The issue of the sample collection timing in relation to the usefulness of potential 

biochemical markers has been considered in this thesis in sufficient detail. Instead of trying 

to characterise changes across the whole pregnancy, a time-consuming and flawed 

approach due to the great magnitude of changes taking place and the high variability across 

this period between expecting woman, only the maternal adaptations that occur at a critical 

time-window during early pregnancy (12-22 weeks) were investigated. Since this period is 

linked to marked alterations in physiology and biochemistry, perturbations of these 

developments are thought to be linked to later pathologies. It is therefore believed that 

biomarker discovery applied in this critical time-frame has the potential to predict foetal 

abnormality or the later onset of a pregnancy complication as early as allowing for effective 

intervention. Apart from studying a time-window of pregnancy conducive to timely 

stratification and clinical intervention, the strength of this study resides to the fact that 

samples were collected as a part of a still ongoing clinical trial, providing detailed metadata 

and high quality data. The sample collection was standardised and when possible 

longitudinal, thus facilitating the establishment of the normal metabolic trajectory of the 

early gestation, for both plasma and urine. 
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6.2. MATERNAL PLASMA AND URINE METABOLIC PROFILES CHARACTERISTIC OF 

HEALTHY EARLY GESTATION  

Regarding the first aim and the systematic plasma and urine metabolic changes that are 

associated with normal gestation, they were explored in chapters 3 and 5 of this thesis. Key 

findingas are also presented in table 30 below. 

The study presented in chapter 3 offered metabolic evidence which corroborates and 

further complements previous research concerning the detailed healthy plasma and urine 

metabolic trajectories in the early second trimester of pregnancy (12-22 weeks), as 

established by 1H NMR technology. It has been demonstrated that this time-window 

encompasses major metabolic adaptation towards a hyperlipidemic phenotype, also 

associated with a shift in energy, amino-acid and creatine metabolism to support maternal 

and foetal needs. To the best of my knowledge, the lipoproteins subfraction 

distribution analysis was employed for the first time here in the context of pregnancy 

journey. The proprietary Bruker B.I.-LISA platform enabled the quantification of 105 

lipoprotein subclasses belonging to classes ranging from VLDL, IDL, LDL and HDL of different 

density characteristics from 1D plasma spectrum. Notably, 90.4% of the total number of the 

quantified lipoproteins was shown to significantly increase in the second trimester, with IDL- 

the main product of VLDL triglyceride enzymatic hydrolysis-, followed by VLDL-1 (the least 

dense among all VLDL subfractions), to show the greatest gestational-age related changes 

from the first to the second trimester. This further demonstrated the crucial role of these 

lipid compounds as essential energy reserves during the healthy uncomplicated pregnancy 

journey. For the first time, as far as I am concerned, matched maternal plasma and urine 

biofluids were longitudinally collected and correlated here, providing additional insight on 

the inter-relationships between blood and urine metabolic profiles during early pregnancy. 
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The most striking correlations between plasma and urine were seen at time point A (late 1st 

trimester), fading away later on, at time-points B and C (2nd trimester), suggesting a possible 

shift in the maternal metabolome at 15 weeks. Chapter 3 also demonstrated that a small 

but significant component of the pregnancy-related metabolic progression was based upon 

maternal ethnicity, age, infant gender and weight-at-birth; therefore it is critical that the 

effect of such confounding factors be taken into account in future metabonomic studies. 

Finally, the longitudinal design of this study facilitated the comparison to observations 

stemmed from cross-sectional metabolic data. This comparison highlighted the clinical 

importance of the longitudinal design in metabonomic studies in order to remove 

confounding inter-patient biological variability that especially affects urine metabolic 

profiles. 

The NMR findings presented in chapter 3 were further complemented by the results of 

chapter 5, which is one of the first, to my knowledge, applications of semi-targeted 

lipidomic (i.e., RP-UPLC-MS) analysis in a large, longitudinal, multinational cohort in the 

early second trimester of their pregnancy journey. The data presented in chapter 5 

consisted of a semi-targeted characterisation of the healthy maternal lipid metabolic 

trajectories during the studied time-window, which is dominated by adaptations to 

glycerophospholipid (PC, PE), lysophospholipid (lysosPC) and fatty acyl metabolism. These 

adaptations are necessary for the maternal metabolism to meet the demands of early 

uncomplicated gestation, support placental and foetal membranes remodelling and 

expansion, increase of their permeability and blood vessel stability. Lipidomic analysis also 

indicated that a small component of the pregnancy-related normal metabolic progression 

was based upon maternal ethnicity, especially at late first trimester (i.e., time point A).  
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6.3. PERTURBATIONS OF MATERNAL PLASMA AND URINE METABOLIC 
PROFILES CHARACTERISTIC OF IMPENDING CERVICAL SHORTENING AND 
PRETERM DELIVERY  

Moving on to the second aim of this thesis, early pregnancy phenotypes predictive of 

preterm delivery and cervical shortening were explored in chapters 4 and 5. Key findings are 

also presented in table 30. Deviations of maternal plasma and urine metabolic profiles away 

from the normal gestational metabolic trajectories (that have been previously established in 

this thesis) offer an understanding of the biological mechanisms potentially underlying such 

pathologies and open prognostic avenues. 

Once again, complementing 1H NMR and RP-UPLC-MS technologies were employed.  The 1H 

NMR-based clinical study of chapter 4 offered an insight in the dyslipidaemia that develops 

early in pregnancy and accompanies women with preterm outcomes. Phenotypic 

differences between patients with term, late preterm (32+0-36+6 weeks) and very preterm 

(<31+6 weeks) outcomes were also established. It was shown that maternal plasma lipids 

increased substantially above the levels seen in normal pregnancies for participants that 

delivered late preterm. The opposite was observed for women that delivered a lot earlier 

(<31+6 weeks), presenting consistently lower levels of the whole plasma lipid panel during 

early gestation. This confirms the fact that these two phenotypes of the preterm pathology 

should be partially pathogenically and mechanistically different. It was speculated that late 

preterm delivery may stem from similar vascular, endothelian and inflammatory 

abnormalities known to be associated with gestational atheroschlerosis, hypertention, 

preeclampia and metabolic syndrome (i.e., hyperlipidaemic dyslipidaemia). On the other 

hand, early preterm delivery potentialy stem from a maternal maladaptation to pregnancy, 

and an inherent or dietary insufficiency of lipid substrates, leading to poor placentation or 
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poor maternal healthy which ultimately compromises the pregnancy journey and the foetal 

development. 

 Hyperglycemia was also observed at time points A and C in women that subsequently 

delivered preterm, possibly attributed to pro-inflammatory systematic stress or to 

intestinal-host interactions that promote conditions resembling metabolic syndrome (i.e, 

hyperglycemia, hyperlipidemia,). On the contrary, plasma glucose levels dropped at time 

point B in participants that delivered preterm infants compared to those with term 

outcomes. 

Additional urine analysis showed that the strongest metabolic variation exists between term 

and extremely preterm deliveries (<28 weeks), with phenotypic differences attributed 

mainly to creatine metabolism, homocysteine-methionine conversion, energy metabolism 

and microbiota composition. It should be noted that certain urinary metabolic perturbations 

that precede preterm deliveries were also associated to cervical shortening event. This 

observation hints that early urinary phenotypic diversity in complicated pregnancies is 

collectively associated with both cervical shortening and preterm outcomes, events that 

might share pathophysiological mechanisms that jointly influence the maternal excreted 

metabolome. 

Consistent to the analysis performed for term deliveries (as explored in chapter 3), intra- 

and inter-biofluid correlations (for maternal plasma & urine) were also computed from 

samples of women with preterm outcomes (as reported in chapter 4), indicating a shift in 

the maternal metabolism at 15 weeks. This observation was similar to what was previously 

observed in the healthy, term cohort, implying a level of metabolic consistency regardless of 

the pregnancy outcome. 
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In order to get a deeper insight in the plasma lipid dysregulation that was shown to precede 

preterm deliveries (in chapter 4), additional semi-targeted lipidomic analysis (i.e., RP-UPLC-

MS) was employed and the results were presented in chapter 5. Overall, the MS method 

presented in this chapter was designed to provide highly reliable results on semi-

quantitative lipid differences between women with term and preterm outcomes. This 

analysis further improved the level of information already acquired by 1H NMR untargeted 

profiling. Supervised analysis indicated that pathologic lipid perturbations in subjects with 

preterm outcomes were mainly associated with shifts in the metabolism of PCs, SMs, TGs 

and PIs. These perturbations potentially impact upon normal maternal lipogenesis and the 

related signal transduction, upon the physiological apoptotic process and upon the blood 

vessel stability and related decidualisation. Therefore, dysregulation of these processes 

potentially negatively impact upon embryonic development and placental/foetal membrane 

fluidity and permeability during the early second trimester and ultimately contribute 

towards preterm delivery outcomes. For a summary of all dysregulated processes as 

observed in pathological gestations in this thesis please refer to figure 72. 
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Table 30: Summary of the key metabolic findings of this thesis concerning both the healthy and 

complicated gestation 

 

Chapter number Condition Key findings 

Hyperlipidemia (90.4% of the total number of the quantified lipoproteins was 

shown to significantly increase). Specifically, adaptations to glycerophospholipid 

(PC, PE), lysophospholipid (lysosPC) and fatty acyl metabolism were observed. 

Shift in energy, amino-acid and creatine metabolism to support and protect the 

developing foetus

Decrease in circulating total protein levels 

Increase in plasma N-acetylated glycoproteins possibly attributed to inflammation

Increase in plasma choline-related species to boost foetal neural development 

Confounders (i.e., maternal ethnicity, maternal age, baby weight at birth, 

baby gender) affect  the maternal metabolome (e.g., lipids, 

aminoacids,choline,  N-acetylated glycoproteins, protein, creatinine, glucose) 

and shoud be taken into consideration

Dyslipidaemia  that follows a U-shape develops early in pregnancy and 

accompanies women with preterm outcomes.  Lipids increased substantially 

above the levels seen in normal pregnancies for participants that delivered 

late preterm (32+0-36+6 weeks). The opposite was observed for women that 

delivered a lot earlier (<31+6 weeks), presenting consistently lower levels of 

the whole plasma lipid panel during early gestation. The two phenotypes of 

the preterm pathology are partially pathogenically and mechanistically 

different. 

Differences between the two preterm phenotypes also concern 

aminoacids,choline and lactate

 PTD is associated with shifts in the metabolism of PCs, SMs, TGs and PIs

 PTD is associated with increased plasma protein, TMAO, ketones & glucose 

(at time points A and C), and decreased glutamine 

Cervical shortenings does not affect lipid metabolism

 PTD is associated with increased urine citrate, creatinine, betaine, glycine, 

guanidoacetate, and decreased TMAO, hippurate, PAG & p-creol sulphate, 

indocating a  shift in creatine metabolism, homocysteine-methionine 

conversion, energy metabolism and microbiota composition

Urinary metabolic diversity in complicated pregnancies is collectively 

associated with both cervical shortening and preterm labor
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Figure 72: Summary of the key metabolic deviations between the healthy and complicated 

gestation as presented in this thesis 

6.4. THOUGHTS ON METABONOMIC APPLICATIONS ON PREGNANCY 
RESEARCH-LIMITATIONS OF PRESENTED RESEARCH  

Metabonomics, although still an ‘embryonic’ science, has been proven to provide a 

relatively non-invasive and objective tool that can potentially facilitate the development of 

screening tests and help the clinical management and stratification of patients at risk of 

gestational complications and adverse pregnancy outcomes.  

In reality, metabolic phenotyping deals with vast and complex data, especially when it 

concerns human samples acquired during a time of major physiological adaptation, such as 

pregnancy. As expected, pregnancy introduces an extra level of complexity to the existing 

one. The recent development of chemometric tools supports scientific community’s efforts 

in dealing with such data, yet further analytical and computational advancements are 

necessary in order to mine and interpret the data, and take full advantage of this approach. 

Maternal metabolome
(12-22 weeks)

Healthy gestation-Term delivery Complicated gestation-Preterm delivery

Hyperlipidemia (lipoproteins, TGs, cholesterol, 
fatty acids, glycerophospholipids, 
lysophospholipids)

Dyslipidemia that follows a U-shape, away from 
the  healthy baseline

Healthy amino-acid disarrangement 
/cross the placenta too support the 
fetus

Amino-acid  & lactate levels deviate away from 
the  healthy baseline, following a U-shape 

No significant shift in plasma glucose/ 
Normoglycemia

Hyperglycemia (stress- or inflammation-related)

Protein (albumin) decreases Protein (albumin) increases

Choline increases to support neural 
development

Choline disarrangement

Healthy glycosuria Altered gut microbiota composition 
(shifts in  TMAO, choline, betaine, 
PAG, p-cresol sulphate, hippurate)
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More specifically in the context of pregnancy, it is necessary to integrate the data derived 

from metabonomic analysis with data of other (orthogonal) omics techniques (e.g., 

(epi)genomics, transcriptomics, proteomics). Therefore a deeper understanding of the 

complex biological organisation that characterises healthy pregnancy advancement- along 

with the perturbations that accompany various gestational complications- will be obtained. 

These mechanistic insights offered by various orthogonal approaches can also allow 

targeting of metabolic pathways (at a gene-, metabolome- or protein- level) and modulation 

of metabolite levels. This opens up future possibilities for better understanding and 

eventually controlling of the pregnancy metabolism in an effort to achieve healthy 

outcomes.   

Finally, in this thesis it was shown that confounding variation (ethnicity, age etc.) 

significantly impacts upon maternal metabolome. Therefore, a limitation of the work 

presented here is the lack of knowledge of certain demographic features that would offer 

the chance for further analysis, especially in terms of lipid profiling. Factors such as maternal 

body mass index and oral glucose tolerance test results would have nicely complemented 

both the 1H NMR- and the MS-based (lipidomic) analysis.  However such data haven’t been 

collected throughout patient recruitment; BMI information was available for only some of 

the patients and was therefore not employed for data analysis. It should be stressed that 

proper demographics collection prior metabonomic studies initiation is of utmost 

importance in order for researchers to avoid metabolic observations misinterpretation -

especially in the context of pregnancy-.  An additional limitation of this work is the fact that 

sample-collection was peformed under non-fasting conditions. Therefore different breakfast 

habbits, along an inevitable sample-collection time-spam has potentially introduced 
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confounding variation in this data for which one cannot account for. Additioanlly, as 

mentined before, since this patient cohort had a history of bad pregnancy outcome are 

likely to be older and higher risk than the wider population of pregnant women. Therefore 

one should keep in mind that even those women with normal outcomes during this study 

may not exactly reflect the findings we would see in other normal pregnancy situations, 

particularly given the effects of age on the metabolic picture observed. Finally, in order to 

guide appropriate risk stratification and clinical intervention, validation of the candidate 

biomarkers should be performed, employing a larger cohort and additional endpoints of 

sample collection across the whole pregnancy journey. This is especially relevant for the 

lipid candidate biomarkers-as established following UPLC-MS analysis. In this thesis, only an 

annotation of lipid feature based on their measured properties has been presented. It is 

necessary that proper identification to be performed after verification by comparison to an 

authentic standards. 

6.5. FUTURE DIRECTIONS-FINAL NOTE 

In this PhD thesis I sought to establish the normal pregnancy metabolic trajectory and 

identify metabolic deviations in women experiencing preterm delivery.  The effect of the 

degree of prematurity upon the maternal metabolome was explored in order to provide a 

better understanding of the metabolic processes associated with pathology development 

with a focus on early diagnosis. 

Overall, the work presented in this thesis illustrates the potential offered by metabonomics 

in an effort to improve understanding of gestational pathologies beyond traditional 

technologies such as clinical chemistry laboratory assays. Putative plasma and urine 

biomarkers, characteristic of perturbed maternal biochemistry have been established here, 
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but will require validation using an independent cohort of plasma and urine samples that is 

already available in our group. If carried out properly, validation can potentially confirm the 

clinical usefulness of the plasma and urine prematurity phenotypes established here and 

enhance routine clinical diagnostics, prognostics and therapy monitoring as early as possible 

in the pregnancy. Ideally, the prognostic potential of an earlier time point than the one 

currently employed (time point C, 19+0-21+6 weeks) should be established in the near future 

to allow for appropriate time for clinical intervention. Future studies should also conduct a 

further investigation into the mechanistic precursors of gestational complications that 

precede adverse outcomes such as preterm delivery, offering a precision medicine 

opportunity for potential direct clinical translation in the area of gestational complications 

and newborn screening.  

To the best of my knowledge, vaginal swabs have been collected from the majority of 

participants as part of this trial, providing a future opportunity to look deeper into the 

normal development of vaginal microflora over a similar time-window. This could enable a 

number of gestational complications to be linked to alterations of vaginal microbiota in 

subsequent studies, further elucidating whether this is indeed an association or a 

correlation with a direct causality.  

Similarly, validation experiments should also consider collecting maternal fecal samples at 

several time points across pregnancy to further test the hypothesis of altered maternal gut 

metabolism in response to adaptations that precede preterm delivery and other 

pathological conditions.  Therefore host-microbiota interactions under stress conditions 

should be examined via 16S rRNA sequencing, so that the microbial dysbiosis will be 

specifically translated to modulations of bacterial composition (bacterial abundance and 
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taxonomic variation) in pathological gestations (such as cervical incompetence and preterm 

delivery). This study could lead to the manipulation of gut microbiota as an approach to 

maintain a healthy pregnancy journey with targeted nutritional interventions. 

Future studies should also be complemented by additional biochemical experiments (ELIZA, 

cell cultures etc.) to further confirm the herein presented hypotheses established via 

metabolic profiling analytical techniques. I will name some of the most straight-forward 

experiments that should take place in the validation cohort: 

 Based on plasma metabolic profiling, participants that delivered late preterm infants 

(32+0-36+6 weeks) were shown to have higher plasma lipid levels compared to normal 

pregnancies, this being attributed to a potential predisposition to develop metabolic 

syndrome. Therefore, to confirm this hypothesis other hallmark features of 

metabolic syndrome should be investigated in the validation cohort, including 

differences in insulin resistance, circulating pro-inflammatory markers (i.e, TNF-Α, Il-

6, Il-8, Il-1β), immune status and adiposity between participants with normal and 

late preterm outcomes.  

 Similarly, women that delivered substantially earlier (<31+6 weeks) were shown to 

have lower plasma lipid levels compared to normal pregnancies across the studied 

time-window. It was hypothesized that this is attributed to a potential maternal 

pregnancy mal-adaptation with a concomitant compromise of i) progesterone 

biosynthesis-an essential pregnancy hormone -, ii) placental development, and iii) 

foetal nutrient availability and subsequent foetal growth. Therefore, to confirm this 

hypothesis in the validation cohort one needs  to compare the progesterone  plasma 

levels between women that delivered  term, late preterm and very preterm babies, 
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across early gestation and also to examine nutrients flow towards the developing 

infant through placental and foetal tissues. Nutrient availability compromise can be 

investigated via umbilical cord plasma metabolic profiling (collected at delivery) to 

further complement the one acquired for maternal plasma.  

  It was shown here that plasma glucose levels were higher at time point B (15+0-17+6 

weeks) in women that delivered at term, compared to those with preterm outcomes 

(<37 weeks). It was speculated that this is potentially attributed to the profound 

increase in the secretion of human placental growth hormone (hPGH) by villous 

syncytiotrophoblast into the maternal circulation to stimulate gluconeogenesis and 

ensure glucose and nutrients availability to the foetus. To confirm this hypothesis, 

the plasma levels of hPGH should be measured in the validation cohort at time point 

B, in order for a statistically significant difference between participants that 

delivered either term or preterm to be established. 

 Glutamine was found here to be consistently decreased in the plasma of women that 

delivered preterm (<37 weeks) compared to those with term outcomes, this possibly 

being associated with underlying oxidative stress conditions that precede 

pathological pregnancies.  To confirm this hypothesis in the validation cohort, the 

levels of stable oxidative stress by-products (e.g., nuclear factor (erythroid-derived 

2)-like 2 transcription factor, OxLDL, isoprostanes, nitrotyrosines, S-

glutathionylation) across early gestation could be measured in the maternal plasma 

and be further associated to gestational complications. 

Future research should also consider expanding the metabonomic analysis by focusing on 

additional endpoints of sample collection in all three trimesters of pregnancy.  Despite the 
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fact the early second trimester is a time-window conducive for patient stratification, where 

the origin of various gestational complications lies, third trimester analysis could offer 

higher chances of accurate preterm birth prediction as it covers a period closer to the 

developed pathology. 

Overall, early metabolic perturbations, characteristic of impending pathologies have been 

presented in this thesis. These perturbations suggest that early disturbances of maternal 

metabonomes should be further investigated with the view to deliver early diagnostics, risk-

based patient stratification and thus allow for appropriate clinical intervention.  
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CHAPTER 7: APPENDIX  

7.1 SUPPLEMENTARY METHODOLOGIES   

Chapter 5: Examples of lipid structural features assignment procedure considering 

their in source fragmentation pattern. 
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Figure 73:    MS/MS spectrum of the PE(20:4/16:0) indicating the characteristic fragments used 

for structural assignment 
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Figure 74: MS/MS spectrum of the PE (22:6/18:0) indicating the characteristic fragments used 

for structural assignment 
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7.2 SUPPLEMENTARY FIGURES 
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Figure 75: PLS and PLS-DA scores plots for plasma 1H-NMR spectra, showing the effect of (a) maternal age, (b) infant gender and(c)  infant birth 

weight upon the maternal plasma metabolome at late 1st T (time point A, n=165), early 2nd T (Time point B, n=206) and mid-2nd T (time point C, 

n=210). None of the acquired models were predictive or significant. 
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Figure 76: PLS and PLS-DA scores plots for urine 1H-NMR spectra, showing the effect of (a) maternal age, (b) infant gender and (c) infant birth 

weight upon the maternal urine metabolome at late 1st T (time point A, n=110), early 2nd T (time point B, n=134) and mid-2nd T (time point C, 

n=137). None of the acquired models were predictive or significant.  
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Figure 77: STOCSY involves computation of a correlation matrix between a chosen spectral 

data point (the maximum of a given peak) and all the other data points of the spectra. STOCSY is 

performed across a series of 1D NMR spectra and identifies correlated spectral resonances from 

the same molecule and also from molecules linked via metabolic pathways. Color-coding is used 

to present the strength of the correlation (r2). The upper section of the STOCSY plot represents 

metabolites positively correlated with the driver peak, and the lower part represents 

metabolites that are negatively correlated. STOCSY plot derived from the correlation matrix 

calculated between the data point at the peak maxima of the choline plasma signal δ 3.21 and all 

other data points, showing strong correlation (red/orange data points) with resonances at 0.66, 

1.25, 3.66 and 4.29 ppm. 
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Figure 78: (a, c) OPLS regression models of plasma UPLC-MS lipid features detected in ESI+ 

and ESI- ion mode respectively characteristic of the gestational age at delivery (Term (≥37+0 

weeks), Late preterm (32+0-36+6 weeks), Very preterm (28+0-31+6weeks)) at early second 

trimester of pregnancy (12+0-21+6 weeks); (b, d) OPLS regression models of plasma UPLC-MS 

lipid features detected in ESI+ and ESI- ion mode respectively characteristic of the degree of 

prematurity (Late preterm (32+0-36+6 weeks), Very preterm (28+0-31+6weeks), Extremely 

preterm (<28+0 weeks)) at early second trimester of pregnancy (12+0-21+6 weeks). Models 

proved to be non-robust, non-predictive. Key: ESI; Electrospray Ionisation. 
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Figure 79: OPLS-DA scores scatter plots of plasma UPLC-MS lipid features detected in (a-b) 

ESI+ and (c-d) ESI- ion mode in controls (in red) versus those developed cervical shortening 

during the second trimester (in grey). Analysis was performed at two time points of sample 

collection (time point A =12+0-14+6 weeks; time point B =15+0-17+6 weeks) since they are more 

biologically relevant. Patients that received treatment for pregnancy prolongation ((i.e., cervical 

cerclage, progesterone) at the time of sampling have been excluded. Models proved to be non-

robust, non-predictive.  

 

 

 


