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ABSTRACT 

Future health care needs are likely to be dominated by the closely aligned health burdens of 

an ageing population and non-communicable diseases (NCDs). Whilst ageing presents its own 

health challenges, ageing is also a key positive risk factor for the major NCDs, type 2 diabetes 

(T2DM) and cardiovascular disease (CVD). Much of the current understanding of the 

metabolic changes and dysregulation that accompanies ageing and the development of NCDs 

are determined by limited blood biochemical measurements, often in fasting conditions. Such 

measures provide little information of the dynamic metabolic dysregulation that occurs over 

the day, nor do these measures provide insight into the underlying complexity of the metabolic 

changes central to the loss of health and onset of serious disease.   

 

Metabolomics technologies, including mass spectrometry, enables large-scale and 

comprehensive analysis of the complex changes in the metabolome. This systems biological 

approach presents an instantaneous snapshot of the physiological status of an individual’s 

molecular phenotype, as it encompasses the dynamic integrated response of genes and 

environment. Importantly, metabolomics analysis can be used to study physiological changes 

in response to dietary interventions. This thesis presents data from both untargeted 

metabolomics and lipidomic mass spectrometry approaches to extensively profile both the 

responsiveness to dietary modification and single meals. Thus, this thesis aimed to 

comprehensively characterise the metabolic profiles of elderly individuals in response to 

nutritional interventions. This will present an opportunity for current nutritional 

recommendations to be evaluated for aging individuals on a molecular level. Furthermore, the 

postprandial analysis of high-risk individuals known as metabolic syndrome (MetS) will 

provide insight into the biological disruptions in metabolism. 

 

Protein intake is essential for the maintenance of muscle mass, which is particularly 

important for sarcopenia, the age-related loss of muscle mass. An untargeted metabolomics 

strategy was performed in free-living elderly individuals investigating the metabolic 

adaptations to either a standard RDA (0.8 g protein·kg-1·d-1) or 1.6 g protein·kg-1·d-1 (2RDA) 

for ten weeks. Implementation of 2RDA through habitual diet altered metabolites of anabolism; 
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creatine, carnitine and urea were increased. Furthermore, anabolic pathways of aminoacyl-

tRNA and nitrogen metabolism were induced by the 2RDA diet. In addition, glutamine, 

glutamate and arginine were revealed as metabolic hubs, in response to protein intake, 

contributing to multiple pathways. This study demonstrated the need to increase protein intake 

in elderly individuals to counter age-related catabolism, and the use of metabolomics to 

monitor molecular changes.  

 

Subsequently, nutritional interventions implementing postprandial investigations were 

carried out as it provides information not discernibly understood in the fasted state. Untargeted 

analysis was performed in Metabolic Syndrome (MetS) and healthy women investigating their 

postprandial responses to high protein, low-fat meals coupled to either a low or high glycaemic 

index. The analysis of the postprandial intervention was split into lipidomics and 

metabolomics; encompassing the full lipidome and polar metabolites.  

 

Lipidomics refines CVD risk prediction by distinguishing specific lipid species rather than 

whole lipid classes providing a more in-depth analysis. The lipidomic analysis revealed 

elevated lipid species in MetS women from the classes phosphatidylcholine (PC) and 

phosphatidylethanolamines (PE) along with sphingomyelins (SM). In addition, specific species 

such as SM(34:1) have been previously identified  in large prospective studies to be stronger 

predictor than traditional measures of CVD risk. The postprandial lipidome findings were 

unexpected as only a handful of lipid species distinguished between healthy and MetS women. 

However, GI differentially regulated a difference in the appearance of sphingolipids; ceramides 

and SMs. Four SMs and four ceramides immediately increased post low glycaemic index (LGI) 

intake, with a further three species exclusively increased in healthy women post LGI intake.  

 

Subsequently, a hybrid metabolomics approach was employed, where firstly global 

explorations were performed complemented by a targeted analysis of a panel of amino acids. 

Global profiling of polar metabolites revealed dysregulation of amino acids (AAs) in the MetS 

postprandial metabolome reminiscent of advanced metabolic disease. z Both untargeted and 

targeted strategies revealed branched chain amino acids and aromatic amino acids postprandial 

response were diminished in MetS women. Furthermore, pathway and network analysis 

revealed disturbances in AA pathways, with phenylalanine, leucine and alanine identified as 

metabolic hubs. These findings highlight the need for postprandial studies as it revealed 

disturbances in high-risk individuals not apparent in the fasted state.  
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Importantly, this thesis demonstrates nutritional interventions expose complexities of 

metabolic function that are apparent after careful dietary manipulation or when metabolic 

measures are made in the postprandial period. The studies completed point to the ability to 

differentiate changes in whole-body protein balance on the basis of differing metabolite 

profiles, whilst dysfunction in metabolic risk become apparent subsequent to meal ingestion.  

While further exposing the complexity of metabolic regulation in ageing and NCD risk, these 

studies have added to the knowledge about key issues of metabolic regulation that warrant 

continued analysis to identify whether these contribute to the disease progression and the onset 

of ill-health. 
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1.1 Introduction 

The past five decades have resulted in remarkable changes in societies, the environment and 

human behaviour. Despite the considerable improvements that have been made in longevity 

and rates of infectious disease, there has been a simultaneous worldwide epidemic of obesity. 

Closely associated with obesity is the increasing prevalence of complex non-communicable 

diseases (NCDs); type 2 diabetes (T2DM) and cardiovascular disease (CVD). The impending 

population health burden from these diseases are the  most significant health challenge of the 

21st century, where the escalating rates of diabetes poses such a serious threat to human health 

and global economies that the term “the diabetes apocalypse” has been used [1].  

NCDs refers to a broader group of specific diseases including; T2DM, CVD, some cancers 

and chronic respiratory diseases. The prevalence of obesity and its associated co-morbidities 

including T2DM, dyslipidaemia, CVD, hypertension and some cancers, has steadily increased 

over the last 40-50 years. The World Health Organisation (WHO) estimates of the 57 million 

global deaths in 2008, 36 million (63%) were due to NCDs [2]. The WHO projects that NCDs 

will account for an increasing number and proportion of worldwide deaths, rising to about 70% 

of deaths in 2030 [2,3]. Approximately 1.5 billion people worldwide are overweight or affected 

by obesity, and the prevalence of obesity has dramatically increased, posing a major threat to 

human health [2].  
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1.2 Metabolic diseases 

1.2.1 Aging 

The world’s population is aging: virtually in every country the world is experiencing growth 

in magnitudes of older persons in their population. The aging population is poised to become 

one of the most significant social transformations of the twenty-first century. Although aging 

is a natural process, it is arguably the most universal contributor to the aetiologies of metabolic 

decline and related disease including, metabolic syndrome (MetS), T2DM and CVD [4]. 

Commonly used indices of health are associated with an increased incidence of metabolic risk 

factors, which include high blood pressure and cholesterol along with reduced physical activity. 

Although the pace of global aging is increasing rapidly, most of the guidelines for elderly 

subjects are still derived from studies of adults [5,6]. With an increasing life expectancy, the 

numbers of years of life spent with chronic disease or disability will also rise, concurrently 

with an increase in health care services and expenditure [7]. Between 2015 and 2030, the 

number of people in the world aged 60 years and over is expected to grow by 56%, from just 

over 900 million to 1.5 billion. By 2050, the global population of  people older than 60 years 

is expected to jump to two billion [2].  

Chronic diseases associated with aging are not limited to mortality but can preside as a long 

lasting health concerns often causing prolong disability and reduced quality of life [8]. The 

aging experience varies and chronic disease risk, whilst increases with age, is not necessarily 

correlated [9]. The characteristics of aging are associated with changes in immune, digestive 

and metabolic functions, where the heterogeneity in this population makes universal definitions 

or cut-offs problematic [10]. In addition, the increased prevalence of co-morbidities in an aging 

population, contribute to the difficulty in evaluating the specific effects of aging and metabolic 

diseases [11]. Confounding influences of metabolic modulators such as increased fat mass, 

fatty liver disease and insulin resistance are just some examples, which require consideration 

when investigating the impact of age on digestive and metabolic function [12,13]. The elderly 

populations are more susceptible to chronic diseases largely attributed to loss of functional 

capacity and metabolic regulation [11]. Further, age-related diseases including; sarcopenia, 

osteoporosis and arthritis are part of a viscous cycle resulting in declining metabolic health 

[14–17]. 
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1.2.2 Metabolic Syndrome 

Metabolic syndrome (MetS) is associated with an imbalance between energy intake and the 

capacity for energy storage. The term was created by the shared aetiologies individuals 

collectively display when diagnosed with T2DM or CVD [18,19]. Aging individuals also 

display signs of impaired metabolic homeostasis, which required a common state of these 

factors to be collectively managed [20]. The term MetS provides an operational definition that 

serves as a simple and inexpensive clinical tool for identifying individuals at high risk for 

diabetes and CVD [21]. To date, several different definitions for metabolic syndrome exist 

from various organisations including WHO, National Cholesterol Education program and 

International Diabetes Federation [18,22]. While there are slight variations in the definitions 

by these respective organisations, diagnosis generally occurs when an individual presents any 

three of the following; increased waist circumference, elevated blood pressure, raised 

triglycerides, high fasting blood glucose, and/or low high-density lipoprotein levels [18]. 

Epidemiologically, MetS is a cluster of related physiological, biochemical, clinical and 

metabolic factors that directly increases the risk of T2DM, CVD, and all-cause mortality. The 

aetiology of this syndrome is largely unknown but presumably represents a complex interaction 

between genetic, metabolic, and environmental factors including diet [23,24]. 

1.2.3 Type 2 Diabetes 

T2DM is caused by complex interactions between genetic and environmental factors and 

involves dysfunction of multiple organ systems, with impaired insulin action in the muscle and 

adipose tissue, defective control of hepatic glucose production, insulin resistance and caused 

by loss of β-cell mass and function [25–27]. Typically characterised by hyperglycaemia, the 

injurious effects can be separated into microvascular complications such as nephropathy, 

neuropathy and retinopathy along with macrovascular complications, which include coronary 

artery disease, peripheral arterial disease and stroke [26].  

T2DM resides on one end of a continuous glucose control spectrum, with normal glucose 

control at the opposite end. In between, there exists conditions called impaired glucose 

regulation defined as a composite of impaired fasting glucose (IFG) and/ or impaired glucose 

tolerance (IGT). IFG defined as fasting glucose between 6 and 7mmol/L and IGT described as 
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2hrs post challenge plasma glucose >7.8mmol/L and 11.1mmol/L were established in an effort 

to identify populations at risk of T2DM [28]. Implementation of HbA1c, a test of glycated 

haemoglobin is a longer term indicator of glycaemic control used to diagnose impaired glucose 

regulation [29]. International recommendations and policies recommend intervention at the 

stage of intermediate hyperglycaemic, as it provides a window of opportunity for identification, 

management and prevention as individuals will have been exposed to less hyperglycaemia and 

fewer co-existing abnormalities [30–32]. 

 

1.2.4 Cardiovascular disease 

CVD refers to range of linked pathologies, commonly defined as coronary heart disease 

(CHD), cerebrovascular disease, peripheral arterial disease, rheumatic and congenital heart 

diseases [33]. Coronary heart disease and cerebrovascular disease (stroke) are the most 

prevalent of the circulatory conditions that fall under the CVD umbrella and represent the 

accumulation of metabolic dysfunction [34,35] The events leading to CVD can be primarily be 

described as changes and damage to the arteries that impair blood flow, and manifest as 

hardening or blocking of the arteries [36]. Atherosclerosis depicts this plaque build-up or 

blockage in arteries is associated as the root cause of CVD [37]. 

 

The pathophysiological mechanism by which MetS increases CVD risk remains under 

debate [21]. CVD, thus far is  the leading cause of mortality for those with T2DM, which is 

perhaps not surprising due to the underlying shared pathologies of chronic low-grade 

inflammation and lipid imbalances [38]. It’s shared constellation of aetiologically linked 

factors with MetS include dyslipidaemia, high blood pressure, and high fasting plasma glucose, 

which may coexist with a number of inflammatory markers (e .g C-reactive protein, uric acid 

and cytokines) and prothrombotic state (e.g. plasminogen activator inhibitor-1) [39]. CVD 

remains the most common cause of death in the elderly [40]. Given the concomitant increase 

in interest in MetS and the accumulating evidence of the importance of CVD, it is imperative 

to delineate to factors underlying nutritional and immune-related mechanisms. 
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1.3 The current challenge 

A lack of substantial informative characterisation of health exists, contributing to the 

escalating prevalence of NCDs. Currently, healthcare management and research use single 

molecule surrogate endpoints, or biomarker approaches to track disease process, in a variety of 

applications. They are employed to identify those afflicted with a disease, and to evaluate the 

progress of an individual with a disease state or to monitor the effectiveness of an intervention 

in treating the disease [41,42]. This approach has proven useful for diseases such bacterial 

infections and overt toxicities, wherein a specific molecule or groups of molecules are 

hallmarks of the disease state and largely distinctive within the matrix being sampled [43]. 

However, the model of evaluating health status using biomarkers of disease must encompass 

a holistic approach taking into account physical and metabolic changes in order to move 

forward in a more effective health management of individuals within a population, especially 

for metabolic and chronic disease management [44,45]. This is no more evident in NCDs, 

where the utility of biomarkers for predicating metabolic disease outcomes and for monitoring 

risk modification is well established [29]. The defined indices of increased plasma cholesterol 

and blood pressure for monitoring atherosclerosis and CVD morbidity and mortality are 

insufficient, as they do not adequately provide insight into pathological process involved in 

developing increased risk [46,47]. Furthermore, their cut-off limits are often set following late 

CVD onset. Plasma glucose in diabetes is another example of a single end point measuring the 

health status of a multifactorial disease with increasing heterogeneity [48,49]. Using a single 

endpoint measurement such as glucose identifies diabetes as an insulin resistant disorder, which 

is a gross oversimplification, and poorly describes the true range of T2DM pathophysiology.  

Single biomarkers are incapable of describing the biochemical pathways responsible for the 

disease [45,50]. In addition, the current markers are evaluations of static measures, often 

neglecting the processes involved in homeostatic control in response to an external stimuli. 

Continuing with current guidelines for assessment of disease risk is negligent and naïve, with 

many reports from respected international bodies advocating for more personalised approaches 

of healthcare [51,52]. Furthermore, these international bodies predict an exponential increase 

in NCD prevalence, if the current methodologies continue to be pursued [53]. An ideal 

assessment technology would be capable of not only detecting the presence of metabolites that 

predict pathology, but would be capable of identifying both the molecular mechanism 
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responsible for the dysregulation and a logical strategy for intervention [54]. This includes 

incorporating environmental factors of lifestyle along with genetic variation providing a more 

integrated and holistic approach, driven towards precision health [45].  

Incorporating markers of nutritional flexibility of disease states supersede static 

measurements of health as they provide more physiological relevance [55]. However, whilst 

disease states are characterised by common metabolic imbalances, the whole range effects of 

nutrition has on metabolism is currently restricted to only a very few markers that includes 

glucose, blood pressure, HDL and triglycerides [55]. Hence, a large amount of physiological 

information and adaptations to dietary patterns remains unknown.  

1.4 Nutrition in metabolic dysfunction 

1.4.1 Nutrition for metabolic diseases 

Few topics in clinical medicine has attracted such controversy over time as the role of 

nutrition in the cause, prevention and management of metabolic disorders [56]. From the 

beginnings of consumer society to the present day, modernisation has imprinted on guidelines 

issued by public bodies to populations on how to care for their health and nutrition [56]. Diet 

has emerged as instrumental modulator in defining and shaping the management of MetS and 

the debilitating disorders it precedes [57]. The WHO describe the oral glucose tolerance test 

(OGTT) challenge test as the gold standard in defining insulin resistance [55,58,59]. Thus 

emphasising the importance of measuring nutritional flexibility.  

The postprandial response of an individual is characterised by many physiological changes, 

where exogenous and endogenous factors operate an intricate manner to efficiently digest and 

absorb nutrients for storage and energy utilisation [59]. Most individuals spend most of their 

time in the postprandial period, where the effect of each meal can span several hours. For this 

reason these effects imposed by meal components can potentially impact long term health-

outcomes [59,60]. Postprandial investigations can allow for evaluation of the relative 

digestibility and absorbability of meal components including macronutrients and 

micronutrients [61]. Individuals of adverse health status will manifest different digestive 

profiles, thus affecting the bioavailability of ingested nutrients and influencing their appearance 
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in circulation [59]. The variability in post nutritional interventions profiles are largely driven 

by genetics and environmental influences, which makes it difficult to prescribe to dietary 

advice to aging and individuals with high metabolic risk.  Specific areas of metabolic function 

are usually measured when dietary patterns (DPs) such as weight loss or improvements in 

traditional markers of T2DM have been applied without assessing the complexity of 

metabolism as a whole. The use of DPs hold great promise but require a more comprehensive 

measure, assimilating all factors of metabolic function. 

1.4.2 Protein metabolism 

The digestion and absorption of protein involves a coordinated process that revolves around 

the stimulatory effects of insulin [62]. Briefly, ingestion of protein is cleaved into large peptides 

then hydrolysed into constituent amino acids (AAs), where they enter the liver [63]. Digestion 

and absorption of ingested protein and resulting (AAs) requires up to 8hrs, although the 

majority of protein is digested and absorbed within hours [64]. The varied protein profile of 

foods also contribute to the digestibility rates affecting bioavailability [65]. Adequate protein 

intake is needed for the maintenance of muscle and bone mass and is important to counter the 

development of sarcopenia and osteoporosis, the recommended daily intake (RDA) being 12% 

to 14% of calories (0.8g· kg-1·day-1) to maintain balance [15]. The ingestion of whey protein 

act as a major stimulator of muscle protein synthesis (MPS), where postprandial studies and 

habitual diet of increased protein intake demonstrate the beneficial effects on markers of 

muscle size, strength along with metabolic factors; glucose and insulin [66,67]. 

The majority of digested dietary amino acids are almost entirely absorbed, however they do 

not appear equally in circulation [64]. The metabolic fate of intracellular AAs is important due 

to the independent roles each amino acid possesses. Effective protein uptake depends on the 

efficiency of a protein’s usage, which is determined by the combined effects of (a) the quantity 

of protein intake, (b) essential to non-essential (EAA:NEAA) ratio, and (c) its precise AA 

composition [15,68]. The source of a protein is often used as a surrogate for its quality. 

Traditionally, the quality of proteins has been ranked by assessing their biological value, 

nitrogen balance dynamics, protein efficiency ratio and/ or limiting amino acids [69,70]. 

However, there are other quality factors that should be included when assessing protein quality 

in the context of optimal health and metabolic disease management. A protein’s complete 
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amino acid profile, non-protein nutritional profile, bioactive properties, amino acid absorption 

rate, insulinogenic properties, and overall effects on glycaemia [71]. For example, the total 

EAAs in a protein is often times the only consideration in assessing its quality, but the ratio of 

EAAs in a protein drastically alters its effects on metabolism [72]. In healthy individuals, 

increases in circulating branched chain amino acids (BCAAs); leucine, isoleucine and valine 

bioavailability stimulates mammalian target of rapamycin (mTOR) and insulin-like growth 

factor (IGF) [73,74]. Subsequently, a cascade of kinases are initiated to increase MPS and 

supress muscle protein breakdown (MPB). The resulting positive protein net balance is key to 

muscle maintenance and strength [74].  

 

A common observation in the elderly and those with metabolic dysfunction are the less 

sensitive stimulatory effects of AA/protein intake [75]. Further, aging exacerbates increases 

the rate of MPB and thus muscle mass declines with age contributing to a metabolic sink [76–

78]. The deteriorations of muscle mass are facilitated by proteolysis and reduced protein 

synthesis thus creating an inflammatory environment, whereby skeletal muscle is less 

responsive to the actions of insulin [79]. These leads to unfavourable changes in  protein 

digestion/absorption kinetics, altered intracellular signalling, reduction in muscle blood flow, 

and muscle microvascular perfusion [15,79]. Although the metabolic profile of protein 

metabolism is damaging, there is an underwhelming amount of literature regarding the effects 

of metabolic disease on protein digestion and absorption [64]. In addition, the protein intake 

with advancing age remains controversial and outdated with recent studies suggesting an 

overhaul of the RDA in the elderly [80–82]. Much of the controversy and doubt surrounding 

protein intake in metabolic diseases and in turn compounded by the effect of aging is due to 

the differing methodologies used, rendering a lack of agreement on end point measurements. 

This is highly prevalent in the RDA of protein, where studies suggest a range of the RDA (0.8g· 

kg-1·day-1) to that of double the RDA (1.6g· kg-1·day-1) [80,83]. Reports have demonstrated 

that on the higher end of the RDA spectrum (1.6g· kg-1·day-1) minimal benefits occur when 

measuring faecal protein excretion [80]. In contrast, studies measuring MPS and net protein 

balance, advocate for a higher protein intake [84].  

 

In addition, the source of protein quality has also garnered much attention to its differing 

effects on insulin sensitivity and glycaemia control [74]. However, foods are more complex 

than a single nutrient, even the sum of their individual nutrients. A major knowledge gaps exist 

between the source of dietary protein and the management of metabolic diseases. Several large 
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prospective studies have shown an inverse relationship between plant and dairy protein intake 

and T2DM risk, yet the nutrient and bioactive composition of these food groups are very 

different [85–87]. Dairy foods, such as milk, yoghurt, and cheese, contain a food matrix rich 

in high quality proteins, calcium, magnesium, potassium, which have all been shown to have 

beneficial effects on aspects of glucose control, insulin sensitivity, and T2DM/CVD risk [88–

91]. The diary protein supplements whey and casein are enriched of insulinogenic amino acids, 

BCAAs and bioactive peptides, which have been consistently associated with beneficial 

glucoregulatory outcomes in healthy, T2DM, CVD and elderly populations [85,92,93]. Acute 

challenge studies demonstrate a greater effects for dairy protein foods than plant protein foods 

on insulin secretion but the difference between protein sources on other aspects of glucose 

regulation, such as insulin sensitivity and hepatic glucose clearance are not well understood 

[94,95]. Longer term interventions that manipulate protein intake and source are necessary to 

determine, which glucoregulatory effects persist over time, and which populations (e.g., 

healthy, overweight, MetS, elderly) would benefit most from increasing  dairy and/or plant 

protein food intake [96].  

Recently, studies have focused on the relationship between dietary protein intake and the 

risk of metabolic diseases. High-protein diets have shown beneficial effects on glucose 

homeostasis  in short term trials [71,97,98], although emerging evidence suggest that protein 

actions on T2DM incidence may vary by the amino acid types and food sources. Previous 

findings from long term epidemiologic studies evaluating food sources of protein reported the 

conflicting associations between animal and plant protein with risk of T2DM. High total and 

animal protein intake was associated with a modestly elevated risk of T2DM in a large cohort 

of European adults, but plant protein intake was not [85,86,99].  High intake of animal protein 

such as red and processed meat has been positively associated with risk of T2DM [100], while 

intake of plant-based sources of protein [87], such as nuts [101], legumes and soy food [102], 

has been associated with significantly lower risk of T2DM. Thus, it is still unclear why the 

association between different kinds of high protein foods and the risk of T2DM is inconsistent. 

The relationship between dietary protein distinguished by animal and vegetable origin with 

risk of CVD has shown conflicting results [103–107]. The discordance in findings can be 

explained by factors relating to study design and study populations and mis-classification 

between processed and red meats along with a lack of defined end point measurements. These 

reports overwhelmingly suggest protein is major influencer of metabolic parameters, however 
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very little is known about how they exert their effects on metabolism and overall health. Studies 

investigating populations at need of greater protein intake or at risk of metabolic disease are 

required to understand how protein intake, not just quantity but also quality can modulate 

health.  

1.4.3 Carbohydrate metabolism 

Carbohydrates act as signalling molecules, energy sources, and structural components [108]. 

The three major carbohydrates in food are starches, sucrose and lactose, with a small amount 

of fructose [109]. Many factors influence the metabolic fate of carbohydrates, including the 

rate of digestion [110], the food form (physical form, particle size) [111], preparation type 

(cooking method and processing) [111], starch of fibre involved, and amount of fat and proteins 

[112]. Insulin is released from the pancreas in response to the presence of carbohydrates in the 

blood [113]. Insulin mediates the storage of glucose to glycogen in the liver to reduce glucose 

production and also stimulates skeletal muscle to rapidly remove glucose from circulation, 

where glucose is stored as glycogen. During the metabolism of glucose, endogenous production 

in the liver and fat oxidation are suppressed [114].  

Under conditions of impaired glycaemia tolerance and insulin resistance, fasting and 

postprandial glycaemic control are compromised leading to increased circulating 

concentrations of glucose [115,116]. Elevated glucose well documented to lead increased CVD 

risk [117,118]. Some of the proposed mechanism of hyperglycaemic contributions to CVD 

include protein glycation, particularly of lipoprotein, increasing their oxidative potential and 

reducing receptor and scavenging effectiveness; the production of free radicals and oxidative 

stress; or increased prothrombin release promoting thrombosis [119,120]. In addition to these 

potential direct mechanisms, promoting atherosclerosis impaired glucose tolerance signals a 

state where insulin responsiveness is impaired, with the potential for additional impairments of 

postprandial protein and lipid metabolism [117].  

Prospective observational evidence suggests that the relative carbohydrate proportion of a 

diet does not appreciably affect diabetes risk. However, the quality of the type of carbohydrate, 

might reduce the risk of diabetes, for example, a diet rich in fibre might reduce diabetes risk 

[121]. Carbohydrate quality can be measured by evaluation of the glycaemic response to 
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carbohydrates-rich foods, such as the glycaemic index (GI) and the glycaemic load (GL, a 

product of GI and the amount of carbohydrates of a food) [116]. In a meta-analyses of 

prospective studies, low GI and GL diets were associated with lower risk of diabetes than were 

diets with high GI and GL [116,122] 

 

The role of dietary carbohydrates in aging are unclear, clinical studies have demonstrated 

that low carbohydrate contents are beneficial health in the elderly [123]. Administration of low 

carbohydrate diets with high quantities of fats and adequate intake of proteins significantly 

reduces body weight after three months. In addition, subjects showed decreased levels of serum 

leptin, insulin, fasting glucose, and triglycerides, which are implicated in aging and metabolic 

defects [123].  Furthermore, low carbohydrate diets also reduce body weight and several risk 

factors for heart disease. Conversely, high glycaemic carbohydrate diets positively correlated 

with age-related diseases including T2DM and heart disease [115,124]. Thus, a low 

carbohydrate diet might delay the detrimental effects of aging by preventing metabolic diseases 

and improving general health. Further studies investigating the potentially beneficial role of 

manipulating the carbohydrate profile in aging and metabolic disease is required to elucidate 

this association.  

 

1.4.4 Lipid metabolism 

Lipoproteins are the carriers of triglycerides (TGs) and cholesterols in circulations along 

with other lipid species including sphingolipids [125]. Dietary lipids consisting of longer acyl 

chains in the small intestine are packaged into chylomicrons. The chylomicrons enter 

circulation where the TGs they carry are used by cells for energy via the action of lipoprotein 

lipase [126,127]. The release of non-esterified fatty acids are catalysed by lipoprotein lipase to 

be utilised as energy and storage in adipose tissue [125]. The resulting chylomicrons are 

depleted of TGs and become known as chylomicron remnants, which are taken up by the liver. 

The liver in turn produces very low density lipoprotein (VLDL), still triacylglycerol rich, which 

become intermediate density lipoproteins (IDL) and eventually low density lipoproteins (LDL) 

as they become devoid of TAGs [125,128]. High density lipoproteins (HDL) are separately 

produced by the liver and have very different structures and functions than other lipoproteins, 

where they transport cholesterol back to the liver [129].  
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The risk of dyslipidaemia rises substantially with advancing age [130], although the 

mechanisms underlying the age-related dyslipidaemia are relatively unknown [131]. Insulin 

resistance is the major underlying driver of dyslipidaemia, which is exacerbated by each 

component of abnormality, particularly hypertriglyceridemia, when significant 

hyperglycaemia is present. The circulating lipoprotein profile is characterised in MetS/ 

T2DM/CVD individuals with high fasting LDL and TAGs and low HDL which directly 

contributes to increased plaque formation [132,133]. Furthermore, although each component 

of the dyslipidaemia may be affected by insulin resistance, there is convincing evidence that 

demonstrate effect of insulin resistance influences the assembly of VLDL [134,135]. 

Specifically, insulin resistance leads to increased assembly and secretion of VLDL, and the 

resulting hypertriglyceridemia leads, in turn to lower HDL levels [136].  

 

The traditional fasting lipid profile has been established for some time for CVD risk, 

however evidence is lacking that fasting measurements of lipid parameters are superior to non-

fasting measurements [137]. Fasting dyslipidaemia is strongly associated with CVD risk, 

however only 47.5% of patients with acute coronary syndrome present with fasting 

dyslipidaemia [138]. Postprandial TAGs but not fasting TAGs, are independently associated 

with incident cardiovascular events, and death. Furthermore, postprandial lipid parameters, 

chylomicrons and remnant lipoproteins (RLPs), have also been reported to be significantly 

associated with CVD risk [139–143]. Accumulation of RLPs are thought to be a main 

contributor to the link between postprandial lipid measures and CVD risk [144]. An increased 

production rate of ApoB-48 chylomicrons in hyperinsulinemic individuals has been observed, 

with no difference in clearance rates. In addition, RLPs contribute to atherosclerosis due to 

their ability to deliver cholesterol to the arterial wall [145]. Additionally, it has been suggested 

that non-fasting and postprandial lipid parameters may better predict CVD risk compared to 

fasting measurements [138,146]. Aging along with high risk individuals of T2DM and CVD 

generally display an exaggerated postprandial lipaemia and hyperinsulinemia [147–149], 

which are associated with atherosclerotic development and insulin resistance [150,151].  

 

The intake of fatty acids influences all aspects of health and disease because of their diverse 

roles as structural lipids in every cell and as signalling precursors. Their range of functioning 

has resulted in lipid intake being a highly investigated area. Firstly, various organisations 

advocate for the quantity of fat intake between 20-35% to ensure adequate consumption of total 

energy, essential fatty acids, and fat-soluble vitamins with the maximum based on limiting 
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saturated fatty acids [152]. Recent clinical evidence supports the hypothesis of increased poly 

unsaturated fatty acids (PUFA) and monounsaturated fatty acids (MUFA), which improves 

cardiometabolic risk factors [153,154]. Whilst, the evidence of saturated fat intake remains 

controversial [155–157]. These formulations of dietary intake on lipid parameters of health are 

based on associations, with very little known about the mechanisms. This is mainly due to 

technological limitations of investigating lipid intake [158]. The structure of lipid classes are 

diverse and contain numerous species within each class. Furthermore, there is great difficulty 

in delineating between exogenous and endogenous metabolism of lipids. Thus the main 

limitation in dietary studies of lipids lies in the large diversity that encompasses the field of 

lipids [128]. 

1.5 Dietary patterns 

Epidemiological data has provided strong evidence for specific eating patterns increasing 

the risk of diseases such as CVD and T2DM [57,159]. Excessive caloric intake is a major 

driving force behind escalating obesity and T2DM epidemics worldwide, but diet quality also 

has independent effects. A ‘western’ dietary pattern, typified by high intakes of processed 

foods, added sugars, and refined grains with comparatively low intakes of fruits, vegetables, 

and fish, is believed to be a major driver in the obesity pandemic through epidemiological 

evidence [160]. The Nurses’ Health Study (NHS) demonstrated the quality of fats and 

carbohydrates to play an important role in the development of diabetes, independent of BMI 

and other risk factors [161]. In particular, a high glycaemic load (GL) and trans-unsaturated 

fats are associated with increased diabetes risk. A high GL diet, which increases insulin demand 

and may lead to pancreatic β-cell exhaustion in the long run, has been implicated in increased 

T2DM and CVD risk [162]. Consumption of low-glycaemic index (GI) food results in a less 

rapid rise in blood glucose than consumption of high-GI [163].  

Evidence from clinical and observational studies suggests the consumption of several foods 

and beverages is associated with a reduction in diabetes risk, for example, nuts, coffee and high 

intake of whole grains [160]. However, these studies are restrictive in their approach, as people 

do not consume single food groups but rather a combination of many foods. In addition, 

epidemiological studies that have focused on the role of single foods and/or individual nutrients 

have produced inconclusive findings regarding their influence on overall metabolic health 
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[164,165]. To address this, the investigation of dietary patterns (DPs) has emerged as a 

complementary approach. DPs represent the overall combination of foods habitually 

consumed, which together produce synergistic health effects. Commonly used DPs have been 

the Mediterranean diet [166,167], the Dietary Approaches to Stop Hypertension (DASH) diet 

[168], the Healthy Eating Index (HEI) [169] based on the USDA’s food guidance system and 

the alternative HEI (AHEI) based on nutrients and foods predictive of chronic disease risk 

[170]. These evidence informed beneficial DPs share several key characteristics, which 

include; minimally processed foods, such as fruits, nut/seeds, vegetables, legumes, whole 

grains, seafood, yoghurt and vegetable oils; and lower in refined grains, red or processed meats, 

and sugar-sweetened beverages. Although variations of these DPs have demonstrated benefits 

on health profiles, their success is based on limited parameters. Furthermore, DPs are not a one 

size fits all approach. The creation of DPs are usually investigated in specific populations, 

where food groups are formulated for that specific group, for example the Nordic diet is 

targeted for Scandinavian countries [171].  The totality of diet has interactive, synergistic and 

combined properties, thus a holistic, or integrative approach, is required [172]. Examining the 

totality of the diet, and considering multiple components simultaneously as a dietary pattern, 

is rapidly becoming the pivotal focus to understanding metabolic functions and adaptations. 

There is a need to unravel the biochemical changes that are influenced by DPs and how these 

can be applied to aging individuals or those with high risk of developing metabolic disease.  

 

1.5.1 Systems biology: comprehensive analysis of the 

human metabolome 

Disseminating the impact of nutritional interventions in chronic diseases are compounded 

and hindered by the limited approaches used to monitor disease risk and unravel the detrimental 

biochemical alterations associated with metabolic dysregulation. A major health challenge for 

MetS is that a diagnosis is generally made based on clinical markers associated with advanced 

disease stages, which misses the opportunity for early intervention [173,174]. The most 

prominent, dominant and detectable biomarkers used in diagnosing the diseases for years are 

glucose and HbA1c [174]. Despite their long clinical success, both markers have many 

shortcomings in various clinical applications, as they are not strong markers in predicting the 

onset of such disease [175]. This is highly relevant, because of both markers are likely to occur 

at late stage of the disease.   
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The reductionist-oriented approaches derived from the field of medicine and nutrition 

focusing on alterations in clinical end-point biomarkers, cannot comprehensively illuminate 

cellular metabolic networks from which the components derived from diet and their 

interactions with numerous cellular processes complicates analysis and understanding of the 

molecular events underlying metabolic homeostasis [176,177]. Additionally, the inter-

individual variability induced by different lifestyles and genetic background, along with 

disease risk further obscures the elucidation of the role of individual dietary components [177]. 

 Nutrition research into metabolic disorders is undergoing a remarkable transformation 

driven by technological tools, where more holistic approaches, which are capable of gathering 

comprehensive, large amounts of data, appear to best enhance our understanding of the role of 

food in health and disease.  At the end of the 20th century, genomics wrote out the ‘script of 

life’ and proteomics decoded the script and metabolomics came into bloom [178]. 

Metabolomics is the end result of all biochemical products and reactions, thus providing a 

snapshot of an individual’s profile and their interaction between genes and environment. The 

metabolome, typically defined as the collection of small molecules, offers a window for 

interrogating how mechanistic biochemistry related to cellular phenotype [179].  The 

advantages of metabolomics are the size of the metabolome relative to the genome or proteome 

and the fact that it provides a view of the existing biochemical phenotype [50]. Deciphering 

the high throughput information delivered by metabolomics requires precise execution of a 

properly planned design of the study, a thorough understanding of metabolomics repertoire and 

optimal bioinformatics strategies [180].  

1.6 Metabolomics 

The past decade, has seen a revolutionary approach to metabolic research by advancements 

in analytical chemistry techniques such as mass spectrometry (MS) and nuclear magnetic 

resonance (NMR) spectroscopy [174]. These techniques facilitate analysis of various different 

chemical moieties that together form the metabolic complement of an organism. Development 

and adaptation of this approach has given rise to the field of metabolomics, the latest addition 

to the ‘omics’ family [50,181,182]. Since its inception, metabolomics has made remarkable 

progress in providing useful systematic insight into the mechanisms underlying numerous 
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diseases particularly in aspects of NCDs [183–185]. This burgeoning area provides 

opportunities to paint a dynamic picture of an organisms phenotype through the comprehensive 

analysis of endogenous and exogenous metabolites in biological fluids, tissues and cells [186] 

While a number of definitions exist for Metabolomics, it is favourable to use the definition 

of the Metabolomics society, which interprets metabolomics as ‘comprehensive and holistic 

identification and quantification of intracellular and extracellular metabolites in a biological 

system’ [50,187,188]. It provides an overview of the metabolic picture and global biochemical 

processes in a given sample. A metabolome is final set of small molecular mass metabolites 

(<1500 D) in diverse atomic arrangements in a biological system or the total complement of 

metabolites in the cell [183,189]. These molecules can be either the substrates or products of 

the complex biochemical networks associated with the cellular and systemic biological 

pathways. Amino acids, fatty acids, carbohydrates, organic acids and alcohols are the common 

metabolites involved in various physiological processes for signalling, survival and structural 

functions [190]. The small molecules are biologically regulated through covalent modification 

(post-translation modification) of involved transcripts (mRNA) and the proteins of the cellular 

pathways as a whole  [191,192]. 

The ultimate goal of metabolomics is to quantify all of the metabolites in a cellular system 

in a given state and at a given point in time [188]. However, the number of metabolites and 

their enormous diversity make such quantification virtually impossible [183]. The metabolome 

can either be the endometabolome (intracellular metabolites) or the exometabolome 

(extracellular metabolites). The endometabolome is often referred to as ‘metabolic fingerprint’, 

which provides an instantaneous portrayal of cell metabolism at a specific time point [193]. 

The exometabolome, known as ‘metabolic footprint’ provides a cumulative picture of 

metabolism over time [194].  

1.6.1 Targeted versus untargeted 

Mass spectrometry (MS)-based metabolomics is achieved using two general experimental 

paradigms; untargeted studies at a large scale and targeted studies [195]. Targeted analysis is 

based on data hypothesis-driven research, which requires a pre-defined set of metabolites [196–

198]. Typically, the quantification and characterisation of the metabolites are focused on 
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selected metabolites and some related aetiological pathways. The targeted analysis typically 

uses internal standards and multiple reaction monitoring (MRM) for absolute quantification in 

which the combination of chromatography and tandem MS are necessary [199,200]. The 

analytical peaks are usually identified and quantified based on a unique combination of 

chromatographic retention time, precursor ion m/z ratio, and fragment ion m/z ratio [195,201]. 

The data are scanned for specific compounds throughout the reference library and are 

subsequently characterised and quantified. The major advantage of this approach is that the 

identity and quantification of the measured metabolites are known [202].  

 

A non-targeted or global metabolic profiling provides a hypothesis-free analysis of 

metabolites by incorporating the fields of chemistry and bioinformatics (Figure 1-1) [203]. The 

prominent advantage of this analysis is the potential identification of unknown metabolites not 

previously quantified and characterised. In spite of this, the identification of new metabolites 

should be further validated in a targeted manner for confirmation  [204,205]. Metabolomics 

aims at establishing various analysis methods for rapid, high throughput, comprehensive 

analysis. To achieve these objectives, the recent advances are focused on the development of 

new workflows for accurate metabolite annotation in untargeted analysis, data acquisition 

methods to realise high throughput analysis, new derivatisation and detection methods to cover 

more metabolites and libraries and algorithms to facilitate data processing [192].  Hybrid 

approaches are starting to develop, where synergetic approaches and statistical tools might 

provide dynamic phenotype pictures of the physiological system as a whole [202,206]. The 

recent trends of metabolomics are to combine the advantages of both untargeted and targeted 

metabolomics, gaining improved repeatability and wider detection range [202]. 
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Figure 1-1: Untargeted metabolomics workflow 
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1.6.2 Chromatography separation techniques 

To reduce complexity of samples, distinguish isobaric molecules and decrease ionisation 

suppression, MS needs to be coupled with chromatography separation techniques [201,207]. 

Hyphenated techniques between MS and chromatography have tremendously advanced over 

the past decade. Gas chromatography and liquid chromatography are the main separation 

instruments coupled to MS. The diversities of chemical properties and magnitude differences 

of concentrations are obstacles for metabolite detection, where different chromatography-MS 

has its own unique coverage ranges [187].  

1.6.3 Gas chromatography-Mass Spectrometry 

Gas chromatography (GC-MS) is the most mature chromatography-MS technology and is 

primarily used in the analysis of volatiles [208]. It is useful tool for high-throughput 

metabolomics analysis and allows relative quantification of a large number of metabolites in 

single assay. A significant advantage of GC-MS includes electron impact (EI) ionisation that 

produces reproducible fragmentation patterns, which can be repeated across different GC-MS 

instruments [209]. In addition, GC-MS benefits from the use of retention indices that makes 

comparison of retention times with different instruments possible when column’s stationary 

phase is kept constant [208]. The combination of the reproducible fragmentation and retention 

indexes provides an ideal platform to deliver strong robust results [201,209]. Overall, it is 

relatively inexpensive, easy to operate and provides better stability and repeatability, compare 

to other technologies. However, it does have limitations; it is not a reliable measurement of 

molecules that are unstable under the heating conditions used for derivatisations  and limits 

itself to mainly volatiles [201,208]. 

1.6.4 Liquid chromatography-Mass Spectrometry 

The introduction of ultra-performance liquid chromatography (UPLC) has substantially 

increased the available chromatographic resolution and number of metabolites detected when 

with GC-MS. Enhancements in ultra-high performance LC (UHPLC) provides quick 
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separation, high column efficiency, good peak shape and high sensitivity, producing high mass 

accuracy (typically < 5ppm) [201]. Because metabolites have such a wide range of 

hydrophobicities/hydrophilicities, it is impossible to separate them all on single LC column. 

Hydrophobic metabolite detection is performed by reversed-phase LC (RPLC) to cover the 

range of semi-polar compounds, whereas hydrophilic metabolite detection, hydrophilic 

interaction chromatography (HILIC) is used to capture polar metabolites [210,211]. 

Traditionally RPLC columns have been used, however HILIC is becoming more utilised due 

to good solubility and thus extending the coverage of the metabolome [212]. RPLC-MS 

coverage of middle polar, low polar and non-volatile metabolites and in synergy with HILIC 

provide a strong combination in deciphering the metabolome [213].  

 

Various types of MS have been hyphenated with LC systems, which can be divided into low 

resolution (LR) quadrupole (Q), triple quadrupole (QQQ) and ion trap (IT) and high resolution 

(HR) MS time of flight (TOF), Q-TOF, and Orbitrap. LRMS of QQQ have high scan speed 

and good sensitivity, which can satisfy the needs of targeted metabolomics [214]. HRMS can 

provide accurate mass and mass spectrum, which can be used for metabolite identification in 

untargeted metabolomics studies [215]. Moreover, pseudo targeted metabolomics combines 

the advantages of HRMS and LRMS, and has better analytical performance. They key to the 

success of LC-MS has been the introduction of the electron spray ionisation (ESI) and 

atmospheric pressure ionisation interfaces [216]. Both allow the transfer of charged ions from 

the liquid phase to the gas phase without the need for derivatisation. Due to this advantage, ESI 

source is used in most LC-MS based metabolomics studies, which gives quasi-molecular ion 

peak information of metabolites [216]. 

 

1.7 Metabolomics in Metabolic Syndrome, 

T2DM and CVD 

Metabolomics has served its role towards metabolic diseases by providing earlier and 

stronger predictive markers of disease risk by utilising multi-platform approaches both targeted 

or non-targeted methods [217]. Numerous large scale epidemiological and observational 

studies the have employed metabolomics as a powerful means in spotlighting robust and highly 

specific biomarkers in the metabolic progression of various metabolic diseases  [218–220]. 
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However, one of the big challenges in investigating metabolic disease research using 

metabolomics is ‘one size does not fit all’ for the coverage of the metabolome. No analytical 

technique can cover the full range of the chemical diversity that constitutes the metabolome. 

Given the complexity of the human metabolome and the different experimental capabilities of 

the available platforms, a combination of both targeted and non-targeted approaches on 

multiple instruments have been used in order to obtain comprehensive coverage high risk 

individuals metabolic profiles [186,221]. Two major classes of metabolites; amino acids and 

lipids have been repeatedly demonstrated to as disrupted in individuals of reduced metabolic 

function through large scale epidemiological prospective studies through either untargeted and 

targeted techniques across a number of platforms. Thus, studies have largely focused on these 

two areas as they encompass a wide range of necessary biological functions as well 

implications on downstream signalling events [217].  

 

1.7.1 Amino acids  

The branched-chain amino acids (BCAAs); leucine, valine and isoleucine are perhaps three 

of the most important metabolites in the human body and play an imperative role in maintaining 

a normal physiological state [222]. BCAAs are a necessity  in several central roles in regulating 

physiological functions such as biosynthesis of protein in muscle, modulating glucose 

metabolism and oxidation, promoting brain health [223] and regulation of food intake relative 

to the leptin release from adipose tissues [224].  

 

In recent years, there has been a rapidly expanding body of literature that implicates an 

increased plasma concentration of BCAAs in insulin-resistant individuals. The first major 

finding was performed by Newgards et al, (2009) [225] targeting 131 targeted metabolites 

between 74 obese and 67 lean subjects. BCAA‘s were concomitantly correlated with obesity 

and glucose intolerance. The same study also attempted to delineate the role of increased 

plasma BCAAs on the onset of insulin resistance. Their findings of Wistar rats fed a diet of 

supplemented with BCAAs of increased weight and insulin resistance development despite a 

reduced food intake, created controversy about the benefits of protein intake for individuals of 

high disease risk [225].  
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These findings were further followed up by Suhre et al, (2010) [226] utilising a 

multiplatform analysis of UHPLC and GC-MS demonstrated that leucine, isoleucine and valine 

were all increased in a diabetic group when compared to a control group, selected from the 

population based Cooperative Health Research in the Region of Augsburg (KORA) study. 

Similarly, applying NMR metabolomics in the METSIM study, which included 9369 non-

diabetic or newly diagnosed T2DM Finnish men signified two aromatic amino acids 

(phenylalanine, tyrosine) and three BCAAs (alanine, leucine, isoleucine) in predicting diabetes 

during 5-year follow-up. The same amino acids have also been reported to predict the onset of 

CVD [227]. 

The most convincing evidence establishing BCAAs with insulin resistance, obesity and 

T2DM was produced by Wang et al, (2011) [228] who used two nest case-control studies from 

the Framingham Offspring study in the USA and the Malmo Diet and Cancer study in Europe. 

Applying a semi-targeted LC-MS approach to two independent cohorts, corroborated that five 

aromatic amino acids and BCAAs such as tyrosine, phenylalanine, leucine, isoleucine and 

valine were vastly amplified over time and associated with future diabetes. These findings 

withstood adjustments for established clinical risk factors, including age, sex BMI, fasting 

glucose and homeostatic model assessment for insulin resistance (HOMA-IR) [228]. Whilst, 

these findings have clearly established BCAAs are elevated in subjects of high metabolic risk, 

their role as a causative factor or merely as a consequence of metabolic decline remains 

unknown.  

In addition to BCAAs, results from metabolomics studies have yielded a number of other 

amino acids associated with insulin resistance. A metabolic profiling analysis performed by 

Oberbach et al, (2011) [229] utilising a targeted integrated approach of proteomics and 

metabolomics for 163 metabolites identified glutamine and glycine as severely depleted in 

obese people, an observation supported by previous studies [225,230]. Furthermore, Cheng et 

al, (2012) [231] produced identical results in a larger cohort of 1000 volunteers of the 

Framingham Heart Study who were free of diabetes at baseline. Employing LC-MS to target 

45 distinct metabolites, fasting glutamine and glutamine-to-glutamate ratio were inversely 

associated with insulin resistance, while elevated concentrations of glutamate was strongly 

correlated with insulin resistance [231]. The observation of depleted glutamine associated with 

insulin resistance was replicated in the Malmo Diet and Cancer study [231]. The authors 

explored this association in a dietary intervention in mice for 8 weeks of glutamine 
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supplementation displayed improved glucose tolerance, and circulating glutamine 

concentrations correlated inversely with those of BCAAs [231]. δ-aminolevulinic acid synthase 

1 (ALAS1) and rigorous production of 5-amino-levulinic acid from glycine is required to 

ensure the metabolic perturbation in diseased subjects [232]. Ferrannini et al, (2013) [218] 

also noted an inverse correlation between the concentration of the aliphatic amino acid glycine 

in blood plasma and risk of diabetes.  

 

Overall, comprehensive profiling has revealed disturbances in amino acids, is associated 

with metabolic imbalance. These findings are important as amino acids have a wide range of 

biological implications, in particular the signalling mechanism of mTOR for muscle mass 

regulation [233–235]. Skeletal muscle mass is needed for older adults to delay the onset of 

sarcopenia and for metabolically compromised individuals as it is the major site of insulin 

action and glucose metabolism. In addition, AAAs are involved in regulating mood and 

cognition, representing another angle of importance, particularly as these components decline 

with age [236]. However, these studies are largely associative and the disease mechanisms 

driving these altered profiles, still remains rare. Furthermore, external challenges to alter these 

profiles are limited, thus requiring more efforts in interventions.  

 

1.7.2 Lipids 

Lipids are fundamental building blocks of all cells and in various guises are abundant 

throughout the human body, constituting one of the major molecular schemes in biological 

function [237]. The sheer number and size of all lipids, disseminates itself its own branch 

within metabolomics known as lipidomics [237,238].  Lipidomics breaks away from traditional 

clinical measurements limited to lipid classes such as total triglycerides (TG), to provide a 

functional details of molecular entities (i.e. the type of fatty acids [FA], which are conjugated 

to a glycerol or sphingoid backbone) [238–240]. Dyslipidaemia induced by obesity drives 

adverse clinical outcomes, involves a number of lipid species, which are controlled by diverse 

and intersecting metabolic pathways [241]. Novel insights have already revealed alterations of 

lipid profiles in MetS, T2DM and CVD [242]. 

 

Studies which utilised the Framingham Heart Study population examined the lipid profiles 

of 200 people who had developed T2DM over a 12 year follow up [243,244]. These studies 
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demonstrated variations of lipid composition with lower number of double bonds and carbon 

chains lengths in diseased groups. In contrast, lipid compositions with higher carbon number 

and double bonds were inversely correlated with risk [244]. This study was also in agreement 

with multi-platform analysis of fasting serum from IFG and T2DM individuals [245]. 

Additionally, other metabolomics investigations demonstrated that subjects with IGT presented 

certain physiological deviations in the relative level of fatty acid compositions [246] and that 

these changes in fatty acid compositions and the relative concentrations of these fatty acids can 

contribute to the development of IGT and insulin resistance [247]. 

 

Using a multi-platform approach, Gipson et al, (2008) [248] identified that the elevation of 

fatty acids level occurred through up-regulation of the transcript level of fatty acid metabolism 

associated carnitine palmitoyltransferase-1 in liver tissues. Fatty acids activated in the form of 

long-chain acyl groups before bind to carnitine to form acylcarnitines allowing transportation 

into the mitochondrial matrix. Aclycarnitine, is known crucial biomarker in the event of insulin 

resistance and is defined as a by-product of fat, glucose, and amino acid oxidation in 

mitochondria [248]. Utilising multiplatform analyses, both diet and genetically-induced 

resistance as well as obesity in animals have a high rate of incomplete fatty acid oxidation, 

abnormal acylcarnitine profiles and amino acid biosynthesis [225,249,250].  

 

Metabolic profiling in obese and diabetic patients were undertaken by tandem mass 

spectrometry (MS/MS), which demonstrated  increased long chain saturated and 

monounsaturated acylcarnitines concentrations in the blood [251]. A targeted approach 

revealed incomplete fatty acid oxidation amongst T2DM patients with significantly augmented 

levels of various acylcarnitines intermediates, which mostly comprise of the long chain 

acylcarnitines [252]. In addition, Newgards et al, (2009) [225] via targeted metabolic profiling 

described the amplification of relative concentrations for some acylcarnitine intermediates 

species such as C3, C5, C6 and C8:1 acylcarnitines. Floegel et al, (2013) [253] analysed serum 

metabolites by targeted metabolomics in 2700 adults across three different cohort to quantify 

163 metabolites. In this study, serum glycine alongside sphingomyelin C16:1; acyl-alky-

phophatidylcholines C34:3, C40:6, C42:5, C44:4 and C44:5 were associated with decreased 

T2DM risk. Independently, Wang-Sattler et al, (2012) [232] revealed three metabolites that 

were significantly altered in the KORA study population at baseline and 7-year follow up. After 

adjustments for common risk factors, glycine, acetylcarnitine and lysophophatidylcholine 
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(LPC) were a negative predictor of individuals who went on to develop T2DM. These results 

were validated in 2500 individuals from the EPIC-Potsdam cohort [232]. 

 

Lipidomics has refined CVD predictions, with studies demonstrating specific lipid species 

are stronger associated with adverse cardiovascular outcomes than traditional clinical lipid 

measures. The first prospective systematic analysis of the plasma lipidome in the context of 

CVD occurred recently, highlighting how new lipidomics is to field of metabolic risk. A 

targeted analysis of 135 distinct lipid species attributable to eight different lipid classes was 

performed in 685 individuals over a 10 year period as part of the prospective population-based 

Bruneck study [254].  Their findings revealed, lipid species of low carbon number and double-

bond content showed the strongest and most consistent positive associations with CVD, in 

particular  cholesterol esters (CE:16:1),  TG(54:2) and  phosphatidylethanolamines (PE:36:5). 

The findings of TG corroborates with findings of risk predictors for T2DM, thus highlighting 

their shared pathology. However, it does remain controversial whether TG are just makers of 

pro-atherogenic lipoprotein dynamics and composition, or casually related to lipoprotein 

retention in the vessel wall, plaque stability and thrombogenicity [255,256]. Another long-term 

observational trial targeted 310 lipid species revealed the addition of seven lipid species to 

traditional risk factors improves the prediction of adverse cardiovascular outcomes [257]. In 

addition, case control studies have revealed PE species were negatively correlated with CAD 

[258] with long chain CE species and sphingomyelins demonstrating a greater relative 

enrichment in atherosclerotic plaques [259].  

 

These studies demonstrate lipid profiling by metabolomics results in significant 

improvement in CVD risk discrimination and classification beyond the information provided 

by classic risk factors including conventional lipid measures [260–262]. However, lipidomics 

presents a significant challenge, in that very little is known about the specific species and their 

biological roles and implications. Very little is being done in this area, even though studies 

have demonstrated the strength of lipidomics. This lies in the difficulty in deciphering how 

carbon chain length and double bond content for thousands of species [263]. Furthermore, the 

influence of exogenous lipids mainly derived from diet adds a further layer of complexity and 

how they can influence the lipid profile, particularly those individuals with high metabolic risk. 

Thus, lipidomics has opened a largely unexplored area with strong findings associated with 

metabolic decline, however further investment in this area is needed.  

 



27 

 

1.8 Nutritional Metabolomics 

The application of metabolomics in nutrition has expanded rapidly in recent years. The 

ability to react appropriately to stresses is critical in maintaining optimal health [264]. The 

human metabolome response to nutritional and functional stresses and/or challenges are an 

innovative way to assess the biological concept of resilience, which links health to the capacity 

of the body to address daily stressors that challenge homeostasis [264,265]. Furthermore, 

nutrition research is evolving by developing biological models and methodologies used to 

assess reliability, which provides a metabolomic profile that depicts the disturbance and 

restoration of homeostasis, thereby providing a method to measure health and wellbeing [265]. 

The accurate understanding of how nutrients are metabolised and how these metabolites are 

able to illustrate the body’s response to a diet is area starting to gain momentum [176]. Nutrition 

induces a subtle effect that is barely detectable using static homeostatic biomarkers, which may 

be of less value than the same biomarkers measured in a condition of homeostatic perturbation 

[265]. Further, metabolomics analyses measured under stress may identify new key biomarkers 

that are more adequate in describing healthy and compromised conditions.  

 

Areas where metabolomics has played a key role to date include: (1) identification of new 

dietary biomarkers, (2) application to intervention studies to understand the potential role of 

diet in health promotion, (3) the study of diet-related disease and (4) precision nutrition [266–

268].  

 

1.8.1 Dietary Biomarkers 

Applications of metabolomics to dietary intervention studies has enhanced the 

understanding of the effect of certain diets or food items on metabolic pathways. Some 

examples include the effects of tea [269], chocolate and cocoa [270], vitamins [271] and fish 

oils [272] on the metabolic profiles of urine and plasma in humans. Metabolomics has also 

improved allergy tests for peanuts by outperforming the gold standard skin prick test, where it 

showed deviant metabolite levels prior to peanut ingestion, therefore before the onset of 

allergic reactions [273].  
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Stanstrup et al, (2014) [274] investigated the postprandial response to intake of casein, 

whey, gluten and fish-derived protein, respectively, using an LC-MS based metabolomics 

approach. The study identified a faster and larger postprandial peak in several aromatic and 

branched-chain amino acids and their metabolites in plasma after whey intake that could not 

be exclusively be explained by differences in the amino acids composition of the different 

protein sources studies. Another study employed GC-MS to elucidate the postprandial response 

following fish (two product types) and beef ingestion. The study successfully identified 

differences in the postprandial plasma metabolites between the three diets, and established 

docosahexaenoic acid (DHA) as an exposure marker related to fish intake. In addition, beef 

intake as associated with higher postprandial level of 4-hydroxyproline, β-alanine, and 2-

aminoadipic acid (2-AAA) [275]. Thus, these examples demonstrate the intake of foods can 

exhibit distinct metabolic profiles, and these types of studies will continue to play a key role in 

the validation of dietary markers.  

 

1.8.2 Habitual diet 

Metabolomics analysis has the potential to capture the complexity of habitual diet better 

than do traditional makers. The habitual diet represents a complex set of exposures for health 

that are intercorrelated and its assessment requires a holistic approach. These have been 

implemented in whole meals where the aims have primarily been to identify potential dietary 

biomarkers as objective measures of intake. 

 

 For example, Anderson et al, (2014) [276] phenotyped the urinary metabolic profile of 181 

people for 6 months established  that could distinguish a dietary profile between New Nordic 

Diet (NND) and an Average Danish Diet (ADD). In addition, a controlled feeding trial which 

differed in macronutrient compositions, utilised targeted metabolomics to differentiate between 

a low fat, low glycaemic index and very low carbohydrate diet [277]. Further, variations of the 

DASH diet to NCDs were stratified by targeted urinary metabolomics. Another recent study 

classified individuals into dietary patterns by urinary metabolomics, where hippurate, N-

phenylacetylglutamine, betaine, 3-hydroxybutyrate, and anserine were reflected by a diet rich 

in vegetables, fresh fruit and legumes [278]. These studies demonstrate validity to implement 

dietary biomarkers to assign dietary patterns to individuals.  
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There is an urgent need to progress beyond identification of biomarkers and towards a 

holistic approach aimed at providing systems biological responses. Metabolic networks are 

powerful tools for studying and modelling metabolism, which can help in improving 

understanding of adaptations with strong metabolic components [279]. These networks provide 

a framework to aid in understanding and modelling of the many interactions that maintain the 

balance between health and disease and are invaluable in visualising and exploring high 

dimensional data sets. This concept has been rarely applied with dietary interventions until 

quite recently when Playdon et al, (2017) [280] investigated four dietary patterns; alternate 

Mediterranean Diet Score (aMED), the WHO healthy diet indicator (HDI), Baltic Sea Diet 

(BSD) and HEI-2010, provided insights into  metabolic pathways reflected by the specific diet 

consumed. This study is a step in the right direction, however, the next stage is to implement 

network modelling for biological adaptations of dietary patterns in populations at risk of 

disease development.  

 

1.8.3 Acute intervention 

A challenge test is a designed provocation and the induced response is analysed for 

diagnostic classification, discrimination, stratification or exploratory analysis [55]. In the 

context of challenge tests, broad ranges of different types of metabolomics-based tests have 

been described of which the metabolic response to the OGTT model has been mainly applied. 

In line with the dynamic model of health, postprandial glucose is considered a stronger risk 

factor for CVD than fasting glucose [58]. Therefore, glucose is a metabolite that links food 

properties to the state of health and that can be used to appropriately select and design 

personalised diets [281], prevent or limit the development of metabolic diseases, in particular 

CVD [282] and T2DM [283].  

 

Glucose utility allows it to be assigned a ‘Nutritional Biomarker of health’ (NBH). Insulin 

and TAGs also fall into this category but are usually indicator of the fasted state. However, 

there is no reason why NBHs should be restricted to these molecules given that the human 

metabolome database reports more than 40,000 molecules identified in human tissues [284] 

and the food metabolome, that is, the part of the human metabolome directly derived from 

digestion and biotransformation of foods and their constituents comprises >25, 000 compounds 

[267].  
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To fully exploit the concept of NBHs, it is important to understand how metabolomics can 

validate metabolites that be incorporated into the measurement of heath. The following 

questions; 

 

1. Which parts of the human metabolome can change postprandially? 

2. How does food composition affect the postprandial metabolome? 

3. What are the potential functional properties of the food metabolome? 

4. How is the postprandial metabolome related to metabolic diseases? 

 

Answering these questions will help use NBHs to link the properties of foods to human 

health. Some of the mechanisms by which food exert effects on endogenous metabolism are 

strongly linked to the postprandial processes, uptake and absorption, with suggestions that key 

mechanistic events by which food components affect human health are found in the 

postprandially [285].  

 

1.8.4 Oral glucose tolerance test 

An OGTT, represents a simple  test challenge to serve several purposes; (1) to improve the 

accuracy of the insulin sensitivity assessment itself [286,287], (2) to predict metabolic 

processes related to future diabetes status [244,288], (3) to assess the effect of a 

pharmacological intervention on glucose and insulin metabolism and (4) for the mechanistic 

understanding of processes related to glucose and insulin control [289]. 

 

Shaham et al, (2008) [288] was one of the first studies to conduct a metabolomics based 

OGTT challenge test and captured polar metabolite changes, while also spotlighting some 

pathways never linked to the insulin-glucose axis. They revealed increases in bile acid levels 

following glucose ingestion, which is important for fat and muscle cells to increase their energy 

expenditure though activation of thyroid hormone. Further, they revealed declines in glycerol 

and leucine/isoleucine (markers of lipolysis and proteolysis, respectively) in insulin resistant 

individuals. A complementary investigation by Spagel et al, (2010) [286] extended the 

coverage of the metabolome by using a single column GC-MS analysis and also introducing 

multivariate statistical tools such as OPLS  and scaling methods. However, while this study 
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introduced concepts to better interpret metabolomics data, it is flawed in its clinical design of 

only six participants.  

 

A combination of an OGTT with protein was trialled by Skurk et al, (2011) [287] based on 

amino acids ability to modulate insulin action on target cells. Evidence suggests amino acids 

intake can interfere with the progression of insulin resistance at least in part through an 

inhibition of IRS-1 serine phosphorylation [290], enhanced mitochondrial biogenesis and ATP 

production [291] and increased translational control of protein synthesis [292]. Addition of 

protein to OGTT, reduced plasma glucose peak concentration, increased urea, leucine, 

isoleucine and methionine compared to OGTT alone. While this study is limited by participant 

numbers, it does introduce the importance of investigating the impact on protein ingestion on 

insulin action. Two landmark studies using OGTT as reference challenge test further explored 

the dynamics of the postprandial metabolome. Krug et al, (2012)  [293] compared an OGTT to 

an oral lipid tolerance test profiles, (OLTT) and standard liquid diet using both urine and 

plasma samples. Their investigation demonstrated an ‘accordian effect’ for metabolite profiles, 

showing that specific challenges increase metabolite variability. 

 

1.8.5 Mixed meal interventions 

Mixed meal challenges represent a more physiologically appropriate way to study 

postprandial metabolic excursions than an OGTT. Very few studies exist in this space, mainly 

due to the complexities of the high throughput data generated and the limitations on statistically 

appropriate ways to interpret the data in meaningful way. The postprandial studies that do exist 

are restricted by sample size, statistical methods and limited use of analytical instruments. Li-

Gao et al, (2018) [294]  and Mook-Kanamori et al, (2016) [295] used participants part of the 

Netherlands Epidemiology of Obesity (NEO) study to stratify IFG, T2DM and NGT 

individuals in a targeted based approach on their response to a liquid mixed meal. Li-Gao et al, 

(2018) [294] described the higher appearance of plasma acylcarnitines in T2DM compared to 

NGT.  Mook-Kanomori et al, (2016) [295] focused their analysis on AAs, where they described 

lower postprandial appearances of histidine, serine and threonine.  

 

Studies have aimed to characterise the postprandial changes in overweight subjects where 

the aim is to understand disturbances imposed by obesity. Pellis et al (2012) [296] represented 
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one of first postprandial trials to use a challenge test aside from an OGTT. A targeted GC-MS 

analysis in overweight subjects revealed alterations in amino acids and lipid metabolism. 

Badoud et al, (2015) [297], fed a high caloric meal to individuals varying in cardiovascular 

risk defined by healthy overweight (MHU) and metabolic unhealthy overweight (MUO). There 

were different postprandial appearances in the amino acids cysteine and serine along with fatty 

acids; linoleic acid and arachidonic acid.  This was further extended by an 8week study by 

Morio et al, (2015) [298], performing an untargeted LC-MS strategy. Their investigation 

revealed LPC, acylcarnitines and aromatic amino acids (AAAs) remained elevated in 

overweight subjects compared to lean healthy individuals after a hypercaloric diet.  

 

Specific components of diet have been explored to understand its contribution to metabolic 

risk. An example by Ottosson et al, (2016) [299], investigated the postprandial responses of 

three AAs; isoleucine, tyrosine and phenylalanine of healthy individuals consuming four 

different sources of protein; plant, fish, dairy and meal. Dairy consumption produced the 

highest AUC, with the study also indicating the postprandial kinetics to be strongly associated 

with fasting glucose and insulin resistance compared to fasting AA [299]. Another study 

investigated the difference between high and low glycaemic index, applying a targeted 

approach in healthy individuals. Fourteen metabolites were different between the two diets, 

with kynurenate and trimethylamine-N-oxide (TMAO) both higher after low glycaemic diet 

[300].  

 

Few studies assessing the postprandial lipidome have been evaluated due to limitations in 

analytical instruments and the unknown complexity involved in interpreting individual lipid 

species. Studies manipulating the amount and type of fat have been investigated in the lipidome 

for MetS subjects. Postprandial chylomicron triacylglycerol (CM-TAG) displayed no 

differences between MetS and healthy subjects following high fat breakfasts meals composed 

of either dairy based foods or vegetable oil based foods [301]. However, there were observed 

differences between the two meals, with CM-TAG concentrations lower after dairy based food 

along with TAGs with shorter- and medium chain fatty acids. Further, the coverage was 

expanded, which detailed the differences of specific species; phospholipids increased in the 

dairy meal, whereas sphingomyelin (SM) reduced after the soy meal [302].  

 

Overall, there are very few mixed meal postprandial studies that have utilised metabolomics. 

The ones that have done so have largely relied on targeted methods, due to the complexity of 
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large datasets untargeted analyses generates. Specifically, dietary interventions of either long 

term or postprandial investigations for aging individuals or those with metabolic disease have 

not addressed the biological implications of a perturbed response to diet. There is great 

potential to apply untargeted metabolomics to dietary interventions, which can generate novel 

hypotheses. Furthermore, the benefits of metabolomics extends beyond identifying disturbed 

profiles of metabolites to integrate networks that are disrupted in metabolism.  

 

1.9 Precision nutrition 

Precision nutrition or personalised nutrition can be defined as the tailoring of dietary advice 

to an individual needs [303,304]. The ultimate aim is to develop the best treatment or 

prevention method based on a person’s genetics, environment and lifestyle. Regarding 

precision nutrition, metabolomics stands as a cornerstone in the knowledge of the real impact 

of foods on an individual’s health [305].  

 

Firstly, metabolomics fits into the concept of precision nutrition by providing a ‘deep 

phenotype’ of an individual. This snapshot of the metabolic signature provides a precise and 

comprehensive analysis of an individual’s status as it is the end product of genetics and 

environment [306]. The second area of how metabolomics fulfils precision nutrition is through 

the analysis of nutrition on the metabolic signature. This is aligned with the development of 

NBHs and their responsiveness dependent on an individual’s status. The development NBHs 

fulfil the concept of ‘systems flexibility’ in precision nutrition [304]. Thus, precision nutrition 

aims to provide more accurate information by moving away from static measures to global 

profiling of metabolic processes, which are more dynamic and reflective of an individual’s 

needs [304,307]. By combining the strengths of metabolomics in providing an accurate 

metabolic phenotype of an individual with the goals of precision nutrition, provides the 

blueprint to revolutionise the outlook on health outcomes. This will be done by transforming 

traditional markers of health to the incorporation of metabolic signatures.  

 

Furthermore, there is urgent need to amalgamate the omics in providing a systems biological 

approach in achieving precision nutrition. The omics family; genomics, transcriptomics, 

proteomics and metabolomics provide vast amounts of complex data and the greatest challenge 

is posed in combining these technologies [308]. Ultimately, systems biology will be able to 
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predict an individual’s response to an external challenge. Mathematical models, deep machine 

learning algorithms and reconstruction of biological networks are required to fulfil the 

collective potential of systems biology and precision nutrition [305].  

 

1.10 Summary  

There is an urgent need to progress beyond the current measurements of health. This no 

more evident in the alarming rates of NCDs compounded by the parallel rise of an aging 

population. Aging is an inevitable process and is a major risk factor of metabolic decline. More 

comprehensive profiling of individuals that explores in-depth perturbations and with more 

focus on disease physiology are required. Diet plays an integral role in maintaining health and 

preventing diseases by influencing the physiological state of humans. In particular, dietary 

protein is of high relevance due to its anabolic effects along with potential beneficial effects on 

metabolic control [64,69,81]. Although, there is a lack of agreement of the amount of protein 

intake for the elderly and further the role of dietary protein in metabolic compromised 

individuals is limited. In addition, monitoring the influence of nutritional interventions are 

largely limited to glycaemic control, neglecting a large amount of metabolic data. Furthermore, 

the adaptive metabolic alterations elicited by dietary change are complex and difficult to predict 

on the basis of existing knowledge. 

 

 Thus, the rapid advancements in mass spectrometry has enabled the simultaneous analysis 

of the metabolome providing an accurate and dynamic picture of an individual’s phenotype. In 

particular, untargeted metabolomics provides an unbiased assessment of an individual response 

to dietary interventions. A holistic approach reflecting the activity of metabolic networks is 

appropriate for the analysis of clinical effectiveness achieved in response to any given dietary 

intervention. This lays down the ideal foundation to investigate nutritional interventions, in 

particular the role of protein in terms of quantity and quality in aging and individuals of high 

metabolic risk. The importance of conducting such studies, lies in the need to unravel the 

complexities associated with metabolic decline and further bridge the understanding of diet as 

an important modulator of health.  
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1.11 Aims 

The overarching aim of this thesis was to evaluate the impact of nutritional interventions on 

metabolic profiles in an elderly population. To achieve this, an untargeted metabolomics 

workflow was created and tailored to each study. 

 

The specific aims of the experimental studies, which comprised this thesis were: 

• To compare the metabolic adaptations and profiles between the current recommended 

daily intake (RDA) of protein in comparison with a diet that contained double RDA in 

elderly men for 10 weeks. This will be an untargeted metabolomics approach to 

investigate polar metabolite responses to habitual diet. This study will provide insights 

into how higher protein diets than the current RDA alter metabolic profiles.   

• To perform a global lipidomics characterisation of the comparison between Metabolic 

Syndrome and healthy individuals in both the fasted and postprandial stage. The mixed 

meal interventions contained of high protein, low fat coupled to either high or low 

glycaemic index (GI) in Metabolic Syndrome and healthy women. This detailed 

analysis will allow for specification of lipid species that responded differently in MetS 

women to meals of varying GI.  

• To perform a global exploratory postprandial analysis of polar metabolites in MetS and 

healthy women in response to mixed meal interventions.  Furthermore, the aim is to 

quantify the postprandial responses in a targeted approach of amino acids. The purpose 

of this study is to provide detailed insights into the perturbations of the postprandial 

response of MetS and how they respond differently to healthy women.  
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1.12 Hypothesis  

For these studies the following were hypothesised: 

• The consumption of a well-controlled diet containing high protein for 10 weeks in older 

men, will provide a metabolic profile that will be associated with beneficial phenotypic 

outcomes such as lean muscle mass and muscle strength.  

• Metabolic syndrome individuals will produce differing lipidomic responses in response 

to mixed meal interventions. Furthermore, specific lipid species produced from 

endogenous metabolism, will provide more insight into dietary responses rather than 

measure of lipid classes.  

• Global profiling will exhibit differing polar metabolite dietary responses between 

Healthy and MetS women. In addition, we expect to see an altered amino acids response 

in MetS women.  
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2.1 Untargeted metabolomics pipeline 

An untargeted metabolomics workflow was designed and tailored to achieve the aims of this 

thesis. In an untargeted approach to metabolic profiling, research commences from a 

hypothesis-free viewpoint aiming to obtain an appropriate data set using an unbiased, semi-

quantitative, holistic analytical methodology. Global profiling requires a customised 

pipeline/workflows depending on the instrumentation and methodology used, and currently 

there is an absence of a generally agreed upon, standardised regimen from sample collection to 

data analysis and visualisation.  

 

Untargeted metabolomics is still developing and maturing as a field of research in terms of 

analysis and techniques. There is an assortment of tools and software available for range of 

functions that leads the difficulty in customising a reproducibly workflow.  Firstly, commercial 

instrument manufacturers provide a variety of analytical platforms, which include mass 

spectrometers and columns prompting differing extraction protocols, analysis solvent 

conditions, and detection mechanisms to be used. Secondly, pre-processing data packages; 

include propriety and open access online software are continually updated to present clean 

analytical data, suitable for statistical analyses and interpretation. Thirdly, statistical analyses 

adds another level of complexity to untargeted strategies, with a combination of univariate and 

multivariate tools to decipher high dimensional data. It is also important to note that metabolite 

identification in untargeted analysis has been highlighted repeatedly as a significant bottleneck 

in metabolomics studies [195,309,310]. Lastly, global profiling is a holistic approach, which 

requires biological contextualisation be visualised and integrated at a network level. This 

presents information on metabolic hubs and disrupted pathways, with pathway and network 

tools providing different outputs. Currently, there is a lack of metabolomics studies 

implementing network analysis due to the different outputs exhibited by pathway and network 

tools. 

 

To overcome the challenges presented by untargeted metabolomics, we undertook a series 

of optimisation steps and evaluated pre-processing tools and statistical models to create a novel 

framework for best presenting the time-series data from of two population groups. Further, our 

findings were comprehensively characterised, with stringent identification methods and 

evaluated on a metabolic and network level using enrichment and topological methods. Despite 
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recent technological advancements in all mass spectrometry platforms, no single analytical 

platform or instrument, whether it be LC-MS, GC-MS or NMR can cover the entirety of the 

metabolome. Therefore, three LC-MS instruments were employed, with each one attached to a 

different chromatography column to comprehensively cover the chemical structural diversity 

of the metabolome. The C18 column is a reversed-phase chromatography column which has 

been used successfully to cover a wide range of non-polar and semi-polar compounds [311]. 

Reversed-phase (RP) columns are characterised by high sensitivity, separation efficiency, and 

throughput [311]. However, highly polar molecules such as saccharides, phosphates, amino 

acids, nucleic acids, and short-chain organic acids are poorly retained on reversed phase 

stationary phases. Hydrophilic interaction liquid chromatography (HILIC) columns have been 

demonstrated to be preferable for the chromatographic retention and separation of polar 

compounds [312,313]. HILIC columns have a more polar stationary phase than the mobile 

phase and metabolite retention increases as the polarity of the mobile phase decreases, thus the 

polar analytes are more strongly retained than non-polar. The third analytical instrument was 

set up to measure the lipidome using an RP column with non-polar mobile phase. 

 

Plasma was selected as the biological matrix of choice due to its remarkable qualitative and 

quantitative diversity of the chemical entities found in this biological matrix [187]. As a starting 

point, the blood matrix serves as an easy to obtain, chemically complex sample which will 

provide data-rich metabolite analysis and is an integrative biofluid that incorporates the 

functions and phenotypes of many different parts of the body in a single sample, a ‘metabolic 

footprint’ of tissue metabolism [194]. 

 

2.2 Sample collection 

Blood samples for all studies described in this thesis were obtained using 

ethylenediaminetetraacetic acid (EDTA) containing collection tubes (Becton Dickinson, NJ, 

USA). The choice of collection tubes for plasma is a contentious issue, however recent studies 

have demonstrated EDTA in favour of heparin and citrate [314,315]. All samples were 

centrifuged within 10 minutes of collection at 1900 × g for 15 minutes at 4 °C for plasma 

separation and then aliquoted into sterile 1.5ml Eppendorf tubes. Samples were immediately 

frozen in dry ice where aliquots for metabolomics analysis were stored at -80 °C. The storage 
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of plasma samples at -80 °C has been described as best practice for metabolomics analyse 

because of high stability compared to lower temperatures [201,314].  

 

2.3 Extraction protocol 

The extraction protocol for plasma analysis was initially based on Armirotti et al, (2014) 

(2014), which uses a single bi-phasic extraction solvent method. A properly chosen and 

optimised sample preparation procedure is a key factor in the reliable evaluation of a 

comprehensive metabolic profile and biological interpretation of the data. Metabolite profiling 

of blood plasma demands an efficient extraction approach, which usually requires sufficient 

deprotonation, high solubilisation of metabolites and minimum sample handling processes. 

Hence, the Armirotti et al, (2014) protocol was selected based on efficiency and the ability to 

simultaneously create extracts for three separate LC-MS analyses from a single extraction 

procedure. Since the commencement of this thesis, variations of efficient protocols have been 

published, which are similar or aligned with a dual extraction process and solvents reagents 

used in this thesis [316,317].  

 

The original protocol is as follows; 200 µl of plasma was extracted by room temperature 

solution of 600 µl containing a mixture of methanol/chloroform (MeOH: CHCI3: Heptane v/v/v 

2: 0.5: 0.5), followed by the addition of 400 µl of water which partitioned as an upper layer 

(used for aqueous metabolites) and a lower layer (used for lipid metabolites). A centrifugation 

step followed and the upper layer was split into 2 x 200 µl for HILIC and C18 analysis and the 

200 µl from the lower organic level collected for lipid analysis. All samples were evaporated 

using a speed vac. Reconstitution for the HILIC analysis consisted of 150 µl 50:50 water: 

acetronitrile containing D2-tyrosine as an internal standard. The extract for C18 analysis was 

reconstituted with 150 µl methanol, and lastly, lipids were re-dissolved in 200 µl Folch 

extraction solvent. The Folch method has previously demonstrated high recovery across a range 

of lipid classes with higher peak areas compared to other methods; Bligh Dyer and Matyash 

[318]. 

 

Unfortunately, this method encountered several limitations with the main issue being 

incomplete protein precipitation. Subsequently, this led to chromatography degradation of the 

analytical column and blockage of the injector valve because of the large protein residuals in 
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the extracts. Thus, a series of steps were undertaken to combat the issues contributing to 

chromatogram degradation.  

 

1. The plasma volume was reduced from 200 µl to 100 µl to decrease the concentration 

of plasma injected to the mass spectrometer. The concentration of plasma is dependent 

on the specificity of each mass spectrometer used and can vary between laboratories. 

An orbitrap is highly sensitive analytical mass spectrometer instrument, which requires 

less plasma to provide detect the metabolites and provide accurate peak areas and m/z 

measurements within an error of a few ppm.  

2. The extraction solvent was changed from room temperature chloroform/methanol to a 

cold solution of the same formula stored at – 20 °C before extraction. This was to ensure 

the highest protein precipitation possible. 

3. After the mixture of extraction solvent and water with plasma, samples were stored at 

−20 °C for 2 h to increase protein precipitation. This has been recommended by recent 

metabolomics methodologies [319–321].  

4. A stream of dry nitrogen replaced the speed vac. This was due to recent 

recommendations, which suggest speed vac heats the sample causing degradation. To 

avoid degradation of metabolites while the samples are drying, dry nitrogen keeps the 

samples cool, and is an inert gas so no oxidation can occur [322].  

5. Reconstitution volumes were also changed. 250 µl was collected from the upper layer 

for HILIC and C18 and reconstituted with 300 µl containing (50:50 (v/v) acetonitrile: 

water: 0.1% formic acid). For lipidomic analyses,  200 µl  was collected from the lower 

layer and was constituted with 100 µl Folch solution containing 16:0 d31-18:1 18:1 

phosphatidylethanolamine as an internal standard [M+H = 749.732 m/z]. The 

reconstitution volumes are determined by the sensitivity of the mass spectrometer used 

and specific to each instrument.  

 

These subsequent steps were undertaken with the aim to improve chromatogram quality. A 

comparison between the old extraction protocol and the modified protocol is visually 

demonstrated in Figure 2-1. The peaks identified are leucine and isoleucine, which elute very 

close together from the column due to their similar structures, and have identical m/z ratios as 

they have the same molecular formula. Interferences in the extract from the old extraction 

protocol resulted in no separation of the two peaks and thus produced poor peak splitting and 
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shape (Figure 2-1A). However, after thorough protein precipitation, the peaks were well 

resolved and could be identified as leucine and isoleucine (Figure 2-1B).  

 

 

 

Figure 2-1: Chromatography comparison between protocols 

 

(A) Extracted ion chromatogram from the HILIC analytical stream, which demonstrates poor chromatographic 

resolution of leucine and isoleucine at m/z 132.1025 (B) Chromatogram after the new protocol, which separates 

leucine and isoleucine. 
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2.4 LC-MS instruments 

The following sections describe the conditions used by the three LC-MS conditions, which 

were run simultaneously to deliver high throughput results. Constant monitoring of pooled 

quality control (QC) samples were regularly undertaken every four hrs to view peak shape, 

chromatographic quality and column pressure to ensure quality data was collected. It is 

standard practice in untargeted studies that a number of injections from the QC sample at the 

beginning of the analytical run is employed to ‘condition’ or equilibrate the system [201,323–

325].  

 

Blank procedural samples were prepared exactly as per the samples, but plasma was 

replaced with Milli-Q™ water. To avoid any systematic analytical effects, all samples were 

randomised before the run. The sequence of runs in each batch comprised of blanks, pooled 

QC and samples in that particular order. To verify and/or maintain data quality, the pooled QC 

sample was also injected once for every 10 injections. Retention time, signal/intensity and mass 

error of internal standards were monitored constantly to check instrument response variability 

and retention time shifts using the Xcalibur software package (Thermo, San Jose, CA, USA). 

 

2.4.1 HILIC-LCMS  

Polar were analysed on a Thermo LC-MS system (Thermo Fisher Scientific, Waltham, MA, 

USA) consisting of an Accela 1250 quaternary UHPLC pump, a Thermo-PAL auto-sampler 

fitted with a 15,000 psi injection valve and a 2 μl injection loop connected to a Q Exactive 

Orbitrap mass spectrometer with electrospray ionisation. Samples were cooled in the auto-

sampler at 4 °C, and the injection volume was 2 μl. Polar metabolites were separated on a 

ZIC®-pHILIC polymeric bead-based column (100 mm × 2.1 mm, 5 μm, (Merck, Darmstadt, 

Germany)) with a ZIC®-pHILIC metal-free guard column at 25 °C using a gradient elution 

program at a flow rate of 250 μl/min. The mobile phase consisted of acetonitrile-formic acid 

(99.9:0.1, v/v; solvent A) and water-ammonium formate (16 mM, pH 6.3; solvent B), where 

the following elution programme is displayed in diagram Figure 2-2. Eluent from the first 1.5 

min and last 5 min of the chromatographic run was diverted to waste. 
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Mass spectrometric data of polar metabolites was collected in profile data acquisition mode 

covering a mass range of m/z 55–1,100 with a mass resolution setting of 25,000 and a maximum 

trap fill time of 100 ms using the Xcalibur software package (Thermo, San Jose, CA, USA). 

Samples were run in both positive and negative ionisation mode. Parameters in positive ion 

mode: spray voltage, 3.5 kV; capillary temperature, 320 °C; S-lens 55 V. Parameters in 

negative ion mode: spray voltage, −3.6 kV; capillary temperature, 320 °C; S-lens 55 V. The 

settings for the nitrogen source gas were identical for both modes: sheath gas, 50; auxiliary gas, 

10; sweep gas, 5 (arbitrary units). 

 

 

 

Figure 2-2: HILIC solvent gradient 

 
Solvent A, acetonitrile-formic acid (99.9:0.1, v/v); Solvent B water-ammonium formate (16 mM, pH 6.3). 

 

 

2.4.2 Lipidomics 

Lipids extracts were separated on an Acquity charged surface hybrid C18 column (100 mm 

x 2.1 mm, 1.7 µm; Waters Corp., Milford, Massachusetts, US) at 65 °C using a gradient elution 

programme at a flow rate of 600 µL/min. The mobile phase consisted of acetronitrile-water-

formic acid (59.95:39.95:0.1 v/v + 10mM ammonium formate; solvent A) and isopropyl 
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alcohol-acetonitrile-formic acid (99.95:9:95:0.1 v/v + 10mM ammonium formate (Figure 2-3). 

Eluent from the last min of the chromatographic run was diverted to waste.  

 

Mass spectrometric data of lipids was collected in profile data acquisition mode covering a 

mass range of m/z 200-2,000 with a mass resolution setting of 35,000 and a maximum trap fill 

time of 250 ms using the Excalibur software package (provided by the manufacturer). Samples 

were run in both positive and negative ionisation mode. Parameters in positive ion mode: spray 

voltage, 4 kV; capillary temperature, 275 °C; S-lens 50 V. Parameters in negative ion mode: 

spray voltage, −4 kV; capillary temperature, 275 °C; S-lens −100 V. The settings for the 

nitrogen source gas were identical for both modes: sheath gas 40; auxiliary gas 10; sweep gas 

5 (arbitrary units). Data-dependent fragmentation spectra were collected for every lipidomics 

sample using the same mass range and mass resolution settings as in full scan mode, with an 

isolation window of 1.5 m/z and normalised collision energy of 30. 

 

 

 

Figure 2-3: Lipid solvent gradient 

 

Solvent A, acetronitrile-water-formic acid (59.95:39.95:0.1 v/v + 10mM ammonium formate); Solvent B, 

isopropyl alcohol-acetonitrile-formic acid (99.95:9:95:0.1 v/v + 10mM ammonium formate 
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2.4.3 Semi polar (C18) LCMS 

The Thermo LC-MS system (Thermo Fisher Scientific, Waltham, MA, USA) consisted of 

an Accela 1250 quaternary UHPLC pump, a PAL auto-sampler fitted with a 15, 000 psi 

injection valve (CTC Analytics AG, Zwingen, Switzerland) and 20 µl injection loop, and an 

Exactive Orbitrap mass spectrometer with electrospray ionisation. Samples were cooled in the 

auto-sampler at 4 °C, and a 2 µl aliquot was resolved on an Agilent RRH SB-C18 column (150 

mm x 2.1 mm, 1.8 µm) at 25 °C with a gradient elution programme and a flow rate of 

400µl/min. The mobile phase was a mixture of water-formic acid (99.9:0.1, v/v) (solvent A) 

and acetonitrile-formic acid (99.9:0.1, v/v) (solvent B). The gradient elution programme was 

as follows: held at 5% B (0-0.5 min), 5-99% B (0.5-13 min), held at 99% (13-15 min), returned 

to 5% B (15-16 min) and allowed to equilibrate for a further 4 min prior to the next injection 

(Figure 2-4). The first 1.5 min and the last 6 min of the chromatogram were diverted to waste.  

 

 

 

Figure 2-4: C18 solvent gradient 

 
Solvent A, water-formic acid (99.9:0.1, v/v);  Solvent B, acetonitrile-formic acid (99.9:0.1, v/v). 

 

 

Mass spectral data were collected in profile mode over a mass range of m/z 60-1200, at a 

mass resolution setting of 25,000 with maximum trap fill time of 100 ms using Xcalibur 
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software package provided by the manufacturer. Samples were run in both positive and 

negative ionisation modes separately. Positive ion mode parameters were as follows: spray 

voltage, 3.5 kV; capillary temperature, 325 °C; capillary voltage, 50 V, tube lens 120 V. 

Negative ion mode parameters were as follows; spray voltage, -3.5 kV; capillary temperature, 

325 °C; capillary voltage, -90 V, tube lens -80 V. The nitrogen source gas desolvation settings 

were the same for both modes (arbitrary units): sheath gas, 40, auxiliary gas 10; sweep gas, 5.  

 

The lipid and HILIC stream was successful in producing high quality chromatograms with 

little column degradation. However, the C18 stream, did not produce quality chromatograms, 

which resulted in no spectral features being detected. The issue mainly derived from the C18 

column, which delivered poor peak shape and peak splitting and generally yielded a low 

number of peaks. Further evaluation conducted beyond the scope of this thesis revealed the 

column type was not suitable for plasma analyses. Compared to other columns tested, SB-C18 

(150 mm x 2.1 mm, 1.8 µm) column gave poorer peak shape and peak splitting, yielding low 

number of peaks. 

 

2.5 Metabolite feature extraction and 

normalisation 

Data processing involved a series of procedures aimed at converting raw mass spectrometry 

data to data matrices suitable for further statistical analyses. This included eliminating 

background noise, identifying significant peaks and normalising data with reference to the 

internal standard and QCs, in order to retain uniformity in the resultant data matrix.  

 

2.5.1  Peak detection, alignment, and grouping 

The raw data files generated from the HILIC and lipidomics analyses were converted to 

mzXML file format (ProteoWizardTM, ProteoWizard Software Foundation, San Diego, CA, 

USA). MZmine [326,327] was used to visualise limits for peak width and noise level by using 

a subset of mzXML files from each analysis. These limits were selected for the XCMS settings 

required for peak detection, alignment and grouping [328]. 
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XCMS is a freely available software under open-source licence, written in the R statisitical 

language, which allows the design to be manipulated and tailored. The following XCMS-

parameters were optimised separately for positive and negative mode; findPeaks.centWave: 

ppm, min.peakwidth, max.peakwidth (Table 2-1). Figure 2-5 represent the process of retention 

time correction. XCMS data processing resulted in a data matrix, which contained peak 

intensities, retention times. The detected peak intensities are labelled as metabolic features, 

which are a unique combination of retention-time and median m/z ratio. 

 

 

Table 2-1: XCMS parameters 

Column Min peakwidth Max peakwidth Noise 
Prefilter 

min 

Prefilter 

maz 

HILIC positive 10 60 1000 3 5000 

HILIC negative 10 60 1000 3 5000 

Lipid positive 5 20 2000 3 10000 

Lipid negative 5 20 2000 3 10000 

 

HILIC, Hydrophilic interaction chromatography. 
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Figure 2-5: Retention time correction 

 

Retention time deviation profiles used for aligning LC-MS analyses. The deviation profiles were created after two 

iterative steps of retention time alignment. A positive deviation indicated that the samples was eluting after the 

median retention time. A negative deviation indicates the sample was eluting before the median retention time. 

Sample profiles are coloured in a rainbow by the order in which they were run, with red being the first samples 

and violet being the last samples run. The image has been adapted from Smith et al. (2006). 

 

2.5.2 Elimination of background noise 

Noise peaks were removed from the resulting data matrix by two steps, firstly by visual 

inspection of the extracted ion chromatogram (EIC) chromatograms of the pooled QC samples 

for each feature (Figure 2-6) and then removal of features detected at equivalent levels in the 

blank sample. Removal of peaks, which have high background noise through visual scrutiny is 

a commonly adopted approach in untargeted metabolomics strategies to ensure the data matrix 

is clean and data analysis is not compromised [329–331]. 
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Figure 2-6: EIC visual inspection 

 

(A) and (B) represent EICs where peaks are contaminated by noise and are subsequently removed from further 

analysis. (C) and (D) visually demonstrate clean peaks. 

 

 

2.5.3 Batch normalisation 

Batch normalisation was compared using two different normalisation methods in the 

software programme, Workflow4metabolomics (W4M) [332,333]. This programme uses QC 

samples to normalise batch to batch variations and have, which have become the preferred 

method. This is due to QC samples having a similar composition to that of the biological 

samples. Furthermore, they are injected randomly and regularly in each batch to evaluate the 

LC-MS system and data pre-treatment performance, followed by pre-processing steps to reduce 

noise and sample to sample variation [325].  

 

Using W4M, the cleaned peak intensity table from each analytical stream was subjected to 

run-order correction and batch normalisation utilising the pooled QC samples and applying the 
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LOESS regression model [201,334] or a LOWESS. Applying the LOESS method, the drift in 

the signal for each metabolite feature in each subject sample is corrected for by observing the 

change in signal for the same metabolic feature in QC samples and correcting in the subject 

samples for the temporal shift in signal related to that observed for QC samples. Using the 

LOESS correction method in W4M provided an appropriate correction and no overfitting 

(Figure 2-7). Finally, features with a CV of >30% within the pooled QC samples were removed. 

30% are typically used as CV threshold in untargeted metabolomics as it improves 

reproducibility and includes more peaks than the more stringent CVs used in analytical 

chemistry [329]. The final data matrix used was after the LOESS normalisation method as it 

resulted in more peaks, this was particularly evident in the lipid analytical stream in both 

positive and negative ionisation modes (Table 2-2).  

 

 

Table 2-2: Normalisation methods 

Analytical Stream Loess 30% Cut Lowess 30% Cut 

HILIC Positive 183 141 183 138 

HILIC Negative 133 64 141 64 

Lipid Positive 1524 972 1524 710 

Lipid Negative 951 972 951 809 

 

HILIC, Hydrophilic interaction chromatography. 
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Figure 2-7: Batch normalisation using W4M 

 

(A) Before normalisation of four batches from HILIC positive. (B) After normalisation of four batches of 100 

samples each in HILIC positive by PCA score plot.  

 

 

2.6 Statistical Analysis 

Metabolomics data sets are characterised by high correlation structures in that many spectral 

peaks can arise from the same metabolite and metabolites operate within networks of chemical 

reactions. The design of the studies involved in this thesis adds further correlation structure due 

to the repeated measurements of observations over time. The acute crossover intervention is 

designed by a 2x2x5 factorial design; two health groups, two meals and five timepoints.  

 

In the metabolomics literature, traditional frameworks for metabolomics data analysis use 

dimensionality reduction techniques, namely principal component analysis (PCA and partial 

least squares (PLS). PCA is an unsupervised method to explore the sample variance in a dataset 

without referring to any class label [335,336]. The original variables are summarised into 

significantly fewer variable using their profiles. PLS- discriminant analysis (DA) creates 

models to determine relationships between the metabolomics data and the categorical variable 

[337–340]. It is used for classification purposes either to infer the variables that maximise the 
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discrimination between predefined sample groups or even predict class affiliations of 

unclassified samples based on a set of calibration set of known class distribution [337,341]. 

PLS-DA are evaluated mainly be two measure; R2 is a measure of fitness of the model to the 

dataset, while Q2 is used to evaluate the predictive power of the model [338–340].  

 

Despite their powerful capabilities in the analysis of multivariate data, a drawback is their 

limitation is to second order statistical dependencies between variables. This problem was 

encountered in the analysis of the acute intervention, where only two fixed effects could be 

considered at one timepoint. An example is provided in Figure 2-8A; PLS-DA demonstrates 

there to be a difference between a healthy group and disease group; however, this includes all 

timepoints and both meals. Exclusively measuring changes over time, demonstrated changes 

from baseline to the end of the interventions, however PLS-DA could not discriminate between 

meals and status (Figure 2-8B). PLS-DA has been used to evaluate fixed effects at specific 

timepoints after an intervention [342]. However, this disregards the trajectories of the response 

variables when considered with other timepoints. An example provided in Figure 2-8C display 

differences between healthy and MetS individuals at timepoint 30. This observation cannot 

account for meal differences and further the relationship to other timepoints. 

 

Linear mixed models (LMMs) are used to estimate the effects of fixed and random effect 

variables on a response variable [343–345]. Rather than assuming similar relationships 

between each metabolite, a linear model fit for each metabolite can be used to estimate and 

partition the effects of each response variable [345]. Each response variable can be modelled 

as having either a fixed or random effect on metabolite signals. Fixed effect variables are 

assumed to have a constant effect on metabolite signals, influence metabolite signal in an 

anticipated direction [345]. By comparison, the effects of random-effect variables cannot be 

anticipated, and create variation, but overall do not influence metabolite signals [345]. We 

developed an R-script using the Predictmeans package (1.0.1) to model the time dependencies 

of each of our fixed effects (status, meal and time). Participant was used as the random effect. 

LMMs were the predominant analysis used in this thesis to model time series data, however 

PLS-DA was used to complement and visualise high throughput metabolomics data.  
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Figure 2-8: PLS-DA of time-series studies 

 

(A) Separation between Healthy and MetS for all timepoints. (B) Separation by timepoints for all conditions. (C) Model built at one timepoint comparing Healthy and MetS. 
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2.7 Identification 

Metabolite identification is a fundamental function that converts raw data into biological 

context. The identifications are critical to the large-scale analysis of metabolites, i.e. 

metabolomics, and metabolite identifications should be of significant rigour to validate 

identification [346]. Metabolite identification is one of the major challenges of high throughput 

metabolomics analysis. This step is indispensable to confer a biological meaning to the 

associated features in metabolomics study. Our metabolomics features were first searched 

against an in-house library, which contained standards. If metabolites were not identified by 

the internal library, online databases were used. The common metabolite-identification 

approach for online databases is based on querying the neutral molecular mass values of the 

identified peaks using a tolerance window. The neutral molecular mass is inferred from the 

peak m/z value, and depends on the chemical nature of the identified peak (i.e., ionisation mode 

and ionisation adduct). Assuming no prior knowledge, each peak m/z value can lead to multiple 

plausible neutral molecular masses that represent different ionisation adducts (H+, Na+, K+, 

etc.). This multiplicity can often result in a high number of false positives [206]. Thus, all 

metabolites identified were assigned a level of confidence based on the limits set by the 

Metabolomics Standard Initiative [346].  

 

A number of chemical libraries can be searched for annotated compounds that match a 

possible elemental composition, and include; METLIN [347,348], HMDB [284], ChemSpider 

[349], PubChem [350], GnPS [351], Lipidmaps [352], Massbank [353], Metabolomics 

Workbench [354]. In this thesis, the predominant libraries used were HMDB, METLIN and 

Lipidmaps. In particular, HMDB is frequently used for human metabolomics studies as it 

provides spectral data of endogenous human metabolites, obtained from Nuclear Magnetic 

Resonance (NMR), GC-MS and LC-MS. It also contains data on the abundance of metabolites 

in different biological systems HMDB [182,284]. The database is well curated in providing 

information on concentrations, and what biological matrix a particular metabolite has been 

detected in. Furthermore, studies that have detected a metabolite are documented. HMDB and 

METLIN are building a database of MS2 spectra, which will allow annotation based on 

structural fragmentation. Well curated and searched against the literature with spectra, 

concentrations, references, and location (biological matrix) added. Easily comparable MS2 
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spectra aid with annotation, based on structural fragmentation. HMDB and METLIN are 

building databases of MS2 spectra to facilitate more rapid and accurate annotations. 

 

2.8  Network analysis 

Perhaps the largest challenge that metabolomics researchers face is relating the identified 

metabolites to their biological roles, which are necessary steps for moving beyond biomarkers 

towards precision mechanisms. Biomarkers obtained from human population studies can 

provide a starting point for finding links between diseases and metabolic pathways [355]. To 

evaluate the biological roles of one or several metabolites (a metabolic signature), one first has 

to determine their functions in metabolic pathways and their interconnectivity, and more 

broadly, determine which metabolic pathways are perturbed by the aberrant condition [356–

361]. Only such a multi-level analysis can provide a comprehensive understanding of the 

systemic biological changes that are associated with particular metabolites and potentially 

direct further mechanistic studies. This is particularly important, as metabolomics is the final 

piece of the jigsaw puzzle for systems biology [362]. Combined analysis of different omics 

datasets is still in its infancy, as integrated methods are being developed to best capture the vast 

amount of data and utilise this information for the benefit of health [363].  

 

Determining the interactions of metabolites in metabolic pathways is particularly 

challenging [362]. Cytoscape [364], Metaboanalyst  [365], Mummichog [366] are three 

network tools that visualise metabolites generated from LC-MS datasets and provides a holistic 

view and their integration into networks. However, these three programmes produced different 

outputs, which make their comparisons difficult. Recently, the Mummichog algorithm was 

integrated with Metabolanalyst that enables direct prediction of pathway activities [365]. With 

a trial and error approach, we used a combination of both Cytoscape and Metaboanalyst to 

visualise our data.  Both programmes aim in harnessing the power of networks and a priori 

biological knowledge and reveal links with other levels of systems biology. Such a 

comprehensive knowledgebase that links metabolites with other molecular entities or 

phenotypes of interest, coupled with an interactive network visualisation will be an essential 

asset to help address current data integration challenges [367].  
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Both programmes produced distinct interactive network visualisation interfaces, with 

similar information on metabolic hubs and their connection with enzymes and genes. However, 

Cytoscape was selected as the preferred programme based on the ease of visualisation for 

networks along with the ability to selectively build and reconstruct specific networks (Figure 

2-9).  Furthermore, it is a standalone programme and not an online tool, which allows for more 

functional manipulation of networks. In this regard, Metaboanalyst is a rigid tool as it operates 

on a backend coding system based on the python language. Although, it produces visually 

pleasing networks, it is difficult to deduce links with other molecular levels (Figure 2-10).  
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Figure 2-9: Network analysis of polar metabolites using Cytoscape 

 

Dark red hexagons denote metabolites identified from HILIC analysis. Light red represent other metabolites part of the same network, green signifies enzymes and blue are 

designated as genes. 
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Figure 2-10: Network analysis of polar metabolites identified from HILIC analysis using Metaboanalyst 

 

Dark circles indicate metabolites identified. The size of the circles are related to the number of nodes for each metabolites. 
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PREFACE 

The data presented in this chapter investigated the metabolic profiles in elderly individuals 

who were randomised to consume either the recommended daily intake either (RDA) or 2RDA 

of protein for 10 weeks. 10 weeks of a 2RDA diet showed beneficial phenotypic effects of 

increased lean muscle mass and increased strength [368]. Untargeted metabolomics analysis of 

polar metabolites was performed at the start and the end of the intervention. Metabolic 

adaptations associated with 2RDA molecular profiles were reflective of anabolic pathways and 

metabolites.  

 

The following section is titled “Metabolomics profiling of plasma from elderly men in 

response to modifications in dietary protein intake: a 10 week randomised controlled trial”  

Co-Authors are; Cameron J Mitchell, Amber M Milan, Nina Zeng, Pankaja Sharma,  Sarah M 

Mitchell, Farha Ramzan, Scott O Knowles, Anders Sjödin, Karl-Heinz Wagner, Nicole Roy, 

Karl Fraser, David Cameron-Smith. This article is currently in review at Nutrition Research. 
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3.1 Introduction 

Diet is a major exogenous lifestyle factor modulating metabolic homeostasis and subsequent 

non-communicable disease risk [177]. Thus, the identification and implementation of 

sustainable dietary practices are the cornerstone for both the prevention and also the 

management of chronic disease risk. Controlled dietary interventions are useful in providing 

data on both the efficacy and the mediating biochemical mechanisms underpinning changes in  

health status [268]. Such intervention studies have tended to focus either on the analysis of 

proxy disease measures, including biomarkers of disease status or defined biochemical 

measures of metabolic adaptation [177]. However, it is apparent that disease aetiology and 

hence the biochemical alterations underpinning the onset of most non-communicable diseases 

are extremely complex and varied [7]. Therefore, the limited number of biological markers 

currently identified may inadequately account for changes in health status [177]. 

 

Recently, we showed that a ten week intervention altering protein intake in older men 

consuming a carefully prescribed diet resulted in reductions in markers of skeletal muscle size 

and function in those consuming protein at levels currently recommended by the World Health 

Organisation (WHO) [368], whereas those consuming twice this amount had an increase in 

lean mass and muscle power. Furthermore, increased protein intake is also likely to alter 

metabolic health, with previous studies identifying improved metabolic control, insulin 

sensitivity [369] and reduced blood pressure [370]. Yet this is not always the case, as further 

studies have shown higher protein intake to be associated with a greater risk of metabolic 

disease, likely mediated by a concurrent increase in processed red meat intake [371,372]. In 

these studies the metabolic pathways and networks which underpin the complexity of adaptive 

changes have not been reported. 

 

A range of nutritional intervention studies have utilised either targeted or untargeted 

metabolomics approaches to profile the complex adaptations to diet. This has been applied to 

studies where macronutrient profile is altered, mainly emphasising alterations in lipids and 

carbohydrates [277,373,374]. Profiling of either plasma or urinary metabolites has been able 

to identify major features of metabolic adaptation and possible mechanisms by which health 

status is altered [276,280]. These studies have also provided significant insight into a range of 

metabolites that form predictive biomarkers of dietary intake and habits that can be 
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subsequently applied to the analysis of habitual diet or adherence to a dietary intervention 

[278,375]. 

 

The manipulation of protein intake has garnered much attention due to its satiety effects, its 

reduced cardiometabolic disease risk on metabolic parameters [280,376] and its role in 

maintaining skeletal muscle mass in the elderly [368,377]. Current WHO guidelines prescribe 

a Recommended Daily Allowance (RDA) for dietary protein of 0.8g·kg-1·d-1 based on studies 

of nitrogen balance [378]. Yet a growing body of literature suggests that this level of protein 

intake is insufficient to maintain skeletal muscle mass and function in older adults [379,380] 

and have lead a number of groups to recommend higher habitual protein intakes in the elderly 

[73,80,83]. In order to make informed evidence-based protein intake recommendations it is 

important to comprehensively understand the metabolic and health implications of an increase 

in dietary protein intake. These metabolic adaptations are undoubtedly complex, as altered 

protein intake impacts on digestive hormones, circulating amino acids and their metabolites, 

but also exerts an as yet poorly defined impact on the human gut microbiome [372,381]. 

 

The impact of increased daily protein intake on metabolic processes for primary metabolite 

profiles has not been extensively studied. Thus, to examine the impacts of a high protein diet 

on primary metabolism, we performed a global/untargeted metabolomics analysis of polar 

metabolites by using hydrophilic interaction liquid chromatography-mass spectrometry 

(HILIC-MS). This was undertaken in a carefully controlled dietary intervention study, where 

all meals were supplied to older males for 10-wk. This dietary intervention aimed to provide a 

diet achieving either the RDA (0.8g·kg-1·d-1) or 2RDA (1.6g·kg-1·d-1) for protein. 

 

3.2 Methods 

3.2.1 Ethics Statement 

Written informed consent was obtained from all participants before participation in the trial. 

The study was reviewed and approved by the Southern Health and Disability Ethics Committee 

(New Zealand; 15/STH/236) and was conducted in accordance with Declaration of Helsinki. 

The study was prospectively registered with the Australian and New Zealand Clinical Trial 

Registry (ww.anzctr.org.au) as ACTRN12616000310460 on March 9, 2016.  

https://www.anzctr.org.au/Trial/Registration/TrialReview.aspx?id=370207
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3.2.2 Participants 

Thirty healthy elderly men ≥70 years were recruited through advertisements to participate 

in the study. All participants were free-living individuals who had a body mass index (BMI; 

kg/m2) ranging from 18 to 35. All were non-smokers who did not consume any dietary 

supplements one month prior to participating in the study. Exclusion criteria to those potential 

participants were those who consumed a restricted diets, such as vegetarians or with self-

reported food allergies (e.g. nuts, fish, dairy). Further exclusion was applied to those with a 

prior history of cancer, diabetes, thyroid disease or conditions affecting neuromuscular 

function.  

 

3.2.3 Experimental design 

The design of this study has been previously described in Mitchell et al (2017) [368]. 

Participants were randomised into two groups (equal allocation ratio) where they either 

received a controlled diet of 0.8 protein kg-1·d-1 (RDA) or 1.6g protein kg-1·d-1 (2RDA) for 10 

weeks. All meals consumed by the participants during the 10-wk study were provided by the 

investigators. Energy from fat was standardised (28-31% of energy) with the difference being 

made up of carbohydrates. All diets adhered to Eating and Activity Guidelines for New Zealand 

[382]. Adults met the recommendations for intake of fruit and vegetables through the 

prescribed diets. All participants completed dietary records to ensure all food provided was 

consumed, and food selection was adjusted to participants’ preferences to maintain high 

compliance. Any non-study food consumed was also asked to be recorded.  

 

The energy content of the intervention diet was individually calculated to match participants 

estimated energy needs based on the Harris-Benedict equation [383] and adjusted for physical 

activity, which was assessed by wrist-worn accelerometers (Fitbit Charge HR). The estimated 

energy needs were calculated before the intervention and adjusted fortnightly based on 

participant weight maintenance and satiety to ensure participants consumed adequate protein 

relative to energy intake. Throughout the study protein and energy were distributed between 

breakfast, lunch and dinner as 30%, 30% and 40% respectively. During the intervention 

participants were instructed to maintain their normal lifestyle and prepared meals were 
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delivered to their homes. All testing was conducted at the University of Auckland Nutrition 

and Mobility Clinic. 

 

3.2.4 Metabolomics Analysis 

Fasted plasma was collected pre-intervention and at the completion of 10 weeks of diet 

intervention. Extraction of metabolites was performed using a previously described bi-phasic 

method [384]. Briefly, 100 µl of plasma was mixed with 800 µl of plasma was mixed with 800 

µl of cold (-20 °C) CHCl3/MeOH (50:50, v/v), agitated for 30 sec and stored at -20 °C for 60 

min to allow for protein precipitation. Subsequently, 400 µl water was added, where the 

mixture was vortexed (2 × 15 sec) and centrifuged for 10 min at 14,000 rpm and 4 °C to separate 

the aqueous (upper) and organic (lower) phases. The lower organic phase is the lipid portion 

of the extract and was not analysed as the interest in this clinical trial was around the impact of 

prolonged increased protein intake on the metabolome. Thus, any changes are likely to occur 

in the polar metabolome rather than the lipidome. The aqueous phase (200 µl) was collected, 

dried under a stream of nitrogen and reconstituted in 200 µl of acetonitrile: water (50:50, v/v) 

containing 10 µg/ml d2-tyrosine as an internal standard. Samples were placed in the LC-auto-

sampler at 4 °C for HILIC-MS analysis. Blank procedure samples were prepared exactly as the 

samples, but plasma was replaced with Milli-Q water. To avoid any systematic analytical 

effects, samples were randomised prior to analysis. To verify and/or maintain data quality 

within each mode, a QC sample (comprising a pooled extract of all samples) was also injected 

once for every 10 samples. Retention time, signal/intensity, and mass error of internal standards 

were monitored constantly to check instrument response variability and retention time shifts.  

 

Plasma extracts were analysed by HILIC LC-MS using both positive and negative ionisation 

modes. HILIC-MS conditions have been previously described in Fraser et al (2012) [269]. 

Briefly, compounds were separated using a 5 µm ZIC-pHILIC column (100mm x 2.1mm,  

5 µm; Merck Darmstadt, Germany) eluted with solvent A: acetonitrile with 0.1% formic acid, 

and solvent B: 16mM ammonium formate in water, at a flow rate of 250 µl/min. Initial 

conditions of the solvent gradient were set at 97:3 (A:B), which was held for 1 min, where 

thereafter the gradient was changed linearly to give a ratio 10:90 (A:B) at 14.5 min and 

maintained for 17 min. At this time and up to 24 min, the column was allowed to re-equilibrate 

and return to initial conditions. Column effluent was connected to an electrospray source of a 
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high-resolution mass spectrometer (Exactive Orbitrap, Thermo, San Jose, CA, USA) and mass 

spectral data were collected in profile data acquisition mode covering a mass range of m/z = 

55-1100 with a mass resolution setting of 25,000 and a maximum trap fill time of 250 ms using 

the Xcalibur software package (Thermo, San Jose, CA, USA). 

 

Data processing consisted of a series of procedures aimed at converting raw mass 

spectrometry data to data matrices suitable for further statistical analyses. Peak detection, 

alignment, grouping, and noise elimination were performed using XCMS software [328]. The 

resultant peak intensity table was subjected to run-order correction and batch normalisation 

utilising pooled QC samples and applying the lowess regression model [334]. Finally, features 

with a CV of >30% within the pooled QC samples were removed. 

 

3.2.5 Statistical Analysis. 

Principal component analysis (PCA) was used to validate the quality of the analytical system 

performance and observe possible outliers using the commercial package SIMCA-P+ version 

14.1 software (Umetrics, Umea, Sweden). Two-way repeated measures ANOVA was used to 

determine differences in groups with time as a repeated factor and diet as a fixed factor using 

R (version 3.4.2). Post hoc comparisons were conducted by Holm-Sidak corrections. False 

discovery rate adjustment of P-values (FDR) was applied using the Benjamini-Hochberg 

method.  

 

3.2.6 Identification 

Peak identification was performed by verifying the accuracy of mass measurements, the 

retention time and the tandem mass spectrometry results against an in-house database, which 

contained over 600 authentic standard compounds. Where a feature did not match the library, 

the molecular and co-eluting ions were manually inspected. The source voltage used created a 

small amount of source induce fragmentation which could be used to facilitate annotation of 

the unknown features. Thus, pseudo MS2 spectral data was validated by inspecting each 

metabolite for perfectly co-eluting fragment and molecular ions. These were matched to the 

MS/MS data provided on public libraries such as  METLIN [385] and the Human Metabolome 
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Database (HMDB) [284]. The use of pseudo MS2 spectral data to validate the molecular ion 

has been previously described as an acceptable approach [386] and has been applied in large 

cohort trials such as the HUSWERMET project [387].  Each metabolite was assigned a 

confidence level defined by the Metabolomics Standard Initiative [346]. Therefore, the level 2 

annotation is based on co-eluting accurate mass fragment ions observed with the accurate mass 

of the molecular ion.  

 

3.2.7 Network analysis and metabolic pathway 

construction 

MetaboAnalyst (version 4.0) was used for pathway enrichment analysis utilising the Kyoto 

Encyclopaedia of Genes and Genomes (KEGG) database, which can provide valuable 

information by integrating two pathway analysis approaches; pathway enrichment analysis and 

pathway topology analysis [284]. The hypergeometric test was selected to evaluate whether a 

particular metabolite set was represented more than once [388]. The relative-betweenness 

centrality algorithm was applied for pathway topology analysis measuring the numbers of 

shortest paths going through a node in the network. This takes into consideration the global 

network structure, not only the immediate neighbour of the current node [359]. The acquired 

impact value represents the accumulative percentage of importance for the matched metabolite 

nodes involved in a pathway. Network construction was performed by Cytoscape (version 

3.4.0) [364] utilising the plugin Metscape and topological parameters were analysed using the 

network analyser tool [389]. To confirm the most important metabolites of the network, two 

well-established node centrality measures were used to estimate node importance; degree of 

each node and betweenness. 
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3.3 Results 

3.3.1 Subject characteristics and dietary intake 

The 31 participants were randomly assigned to either the RDA (n=16) or 2RDA (n=15) 

group; of these one subject withdrew his consent before the start of the dietary intervention 

(RDA group) and one subject from the 2RDA group did not complete the 10-wk intervention 

due to compliance with the diet. Based on dietary records, compliance was 98.9% for both 

protein and energy intake in the RDA group and 97.5% and 98.4% for protein and energy 

intake, respectively in the 2RDA group, with no compliance difference between the two 

groups. As previously reported, both groups shared a small energy deficit of 209 ± 213 and  

145 ± 214 kcal/d in the RDA and 2RDA groups, respectively, with no energy deficit difference 

between the two groups. The physical characteristics can be seen in Table 3-1. Detailed 

changes in body composition and macronutrient information can be found in Mitchell et al, 

(2017) [368]. 

 

Table 3-1: Physical characteristics of participants 

 RDA 

(n=15) 

2RDA 

(n=14) 

Age (years) 74.9 ± 1.1 73.8 ± 0.9 

Height (cm) 171.8 ± 2.0 172.1 ± 1.6 

Weight (kg) 83.9 ± 5.4 83.0 ± 2.4 

BMI (kg/m2) 28.2 ± 1.4 28.0 ± 0.9 

Values are means ± standard error of the mean. The RDA is 0.8g protein·kg-1·d-1, 2RDA is 1.6 protein·kg-1·d-1. 

BMI, Body mass index, RDA, Recommended dietary allowance 

 

 

3.3.2 Metabolomics analysis 

The stability and reproducibility of the current data were evaluated by the QC samples 

measured during the whole experimental period, which are described in section 3.2.4. PCA 

score plot representation analysis showed no obvious run-order effects for metabolite profiles 
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obtained in positive and negative ion modes (Supplementary Figure 7-1). This result 

demonstrated good stability and reproducibility in the current metabolomic dataset. After data 

processing, 170 and 456 metabolites were detected in positive and negative ionisation mode, 

respectively, which were pooled together to visualise in a volcano plot (Figure 3-1). The total 

number of features (626) features were separated by significance (post-intervention t-test) and 

fold change (>1.2).  

 

 

 

Figure 3-1: Volcano plot analysis of high protein diet.  

 

Red dots denote significant (p<0.05) and fold change (>1.2) features. Blue dots represent significant features 

(p<0.05), black dots designate fold change (>1.2) and clear dots represent neither not significance (p>0.05) or 

fold change of <1.2. 

 

 

Two-way repeated measures ANOVA was performed on the pooled matrix of 626 features, 

which resulted in 24 metabolites exhibiting changes in diet groups. The identified metabolites 

are classified by using the four levels of certainty as defined by Sumner et al. (2007) [346] 

(Supplementary Table 7-1). Post-intervention, six metabolites were significantly higher in the 
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2RDA group. Glutrylcarnitine (Figure 3-2A), trigonelline (Figure 3-2B), trimethylamine N-

Oxide (TMAO; Figure 3-2C), glycocyamine (Figure 3-2D) all increased in relative abundance 

in the 2RDA group (p<0.05 each, respectively), whereas there were no changes in the RDA 

group for these metabolites. Two pyrimidines, dihydrothymine (Figure 3-2G) and uridine 

(Figure 3-2H), along with an unknown metabolite (Supplementary Figure 7-2C) increased in 

the 2RDA group but was not higher than the RDA post-intervention (p<0.05 each, 

respectively). 
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Figure 3-2: Metabolites which increased in the 2RDA diet 

 

Box and whisker plot showing median, first, and third quartiles, and maximum and minimum values. (A) 

glutrylcarnitine, (B), trigonelline, (C), d-2-hydroxyglutarate, (D) glycocyamine, (E) isonipecotic acid, (F) urea 
describe post-intervention difference. (G) dihydrothymine and (H) uridine increase in 2RDA. # denotes the 

difference between 2RDA and RDA. * represents the difference between pre and post intervention within each 

group. 
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Four metabolites were significantly elevated in the RDA group, with uric acid (Figure 

3-3A), threonine (Figure 3-3C), glutamine (Figure 3-3D) and two unknown metabolites (Figure 

S2a-b; p<0.05 each, respectively) with no changes in the 2RDA group. In contrast, 

methylimidazoleacetic acid (Figure 3-3B) decreased in the RDA group (p=0.03). There were 

bidirectional movements in tryptophan (Figure 3-3E) and creatine (Figure 3-3F), where they 

increased in the 2RDA group and decreased in the RDA group (p<0.05 each, respectively). 

Glutamine (Figure 3-3G) in contrast, increased in the RDA group and decreased in the 2RDA 

group (p<0.05). There was a post-intervention difference for 2-aminoadipic acid being 

elevated in the 2RDA group (p=0.02).  

 

At baseline, four metabolites were different among the 30 participants, which converged at 

the end of the 10-wk period. Lenticin, indoleacrylic acid, and proline (Figure 3-4A-C, 

respectively) displayed baseline differences, where all three increased in the RDA group 

(p<0.05 each, respectively). Arginine (Figure 3-4D) was also different at baseline (p=0.02) but 

not post-intervention. Dimethylglycine (Figure 3-4E) decreased in both groups with no pre or 

post difference. 
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Figure 3-3: Metabolite responses to 2RDA or RDA after 10 week intervention 

 

Box and whisker plot showing median, first, and third quartiles, and maximum and minimum values. (A) uric 

acid, (B) methylimidazoleacetic acid, (C) threonine and (D) glutamic acid are changes in RDA group. (E) 

tryptophan, (F) creatine, (G) glutamine and (H) 2-aminoadipic acid display changes in both RDA and 2RDA 
group. # denotes the difference between 2RDA and RDA. * represents the difference between pre and post 

intervention within each group. 
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Figure 3-4: Pre-intervention metabolite differences 

 

Box and whisker plots show median, first, and third quartiles, and maximum and minimum values. There were 4 

metabolites which exhibited pre-intervention differences (A) lenticin, (B) indoleacrylic acid, (C) proline and (D) 

arginine. (F) dimethylglycine decreased in both diet groups. # denotes the difference between 2RDA and RDA.  

* represents the difference between pre and post-intervention within each group. 
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3.3.3 Pathway analysis 

Six pathways were statistically significant according to MetaboAnalyst; five pathways 

relating to amino acid metabolism are ranked in descending order in Table 3-2. Arginine and 

proline metabolism was the most significant with eight identified metabolites.  

 

 

Table 3-2: Description of the total number of compounds in the pathway 

Pathway name Total compound a Hits b Raw p c –Log (p) Impact d 

Arginine & proline Metabolism 77 8 2.57E-08 2.06E-06 0.356 

Aminoacyl-tRNA biosynthesis 75 6 1.03E-05 0.00041 0.0563 

Glycine, serine & threonine metabolism 48 5 1.80E-05 0.00048 0.137 

Pyridine metabolism 60 4 0.00821 0.0164 0.0355 

Nitrogen metabolism 39 3 0.00271 0.0372 0.000 

glutamine & glutamate metabolism 11 2 0.00279 0.0372 0.139 

Alanine, aspartate & glutamate metabolism 24 2 0.0132 0.151 0.384 

 
a Total compound is the amount of compounds involved in the pathway.  
b Hits is the matched number from the user uploaded data.  
c The raw p is the original p-value calculated from the enrichment analysis.  
d Impact value is calculated from pathway topology analysis for comparison among different pathways. It 

represents the cumulative percentage of importance for the matched metabolite nodes involved in a pathway. The 

importance of each metabolite node is calculated from centrality measures and represents the percentage with 

regard to the total pathway importance. 
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3.3.4 Metabolic network analysis 

Nodes correspond to the identified plasma metabolite and edges indicate significant 

correlation between nodes. Metabolites with degree >10 and betweenness centrality (>0.1) 

were selected as a hub metabolites, which included; glutamine, glutamic acid, arginine, and 

uridine (Table 3-3). Figure 3-5 displays a network visualisation, where it demonstrates the 

centrality of glutamine, glutamic acid, arginine and uridine and their connectivity to an array 

of metabolites and enzymes.  

 

 

Table 3-3: Topological parameters of key metabolites 

Metabolite KeggID Degree 
Betweenness 

centrality 
Pathways 

     

Glutamic acid C00025 39 0.670 

Arginine & proline metabolism,  

Aminoacyl-tRNA biosynthesis,  

Nitrogen metabolism,  

Glutamine & glutamate metabolism, 

 Alanine, aspartate & glutamate metabolism 

     

Glutamine C00064 19 0.645 

Arginine & proline metabolism,  

Aminoacyl-tRNA biosynthesis,  

Nitrogen metabolism,  

Glutamine & glutamate metabolism,  

Alanine, aspartate & glutamate metabolism,  
Pyrimidine metabolism 

     

Arginine C00062 16 0.444 
Argine & proline metabolism,  

Aminoacyl-tRNA biosynthesis 

     

Uridine C00299 12 1.000 Pyrimidine metabolism 

 

Note: the degree of a node is the number of edges associated to it, and the betweenness of a node is the number 

of shortest communication paths between different pairs of nodes. 

 

 

  



77 

 

 

Figure 3-5: Global metabolic network pathways 

 

Red hexagons represent inputted metabolites; pink hexagons represent compounds, blue circles represent genes, 
green quadrangles represent enzymes, grey quadrangles represent reaction paths. The compound-reaction-

enzyme-gene (CREG) network graph was generated from Cytoscape software. 
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3.4 Discussion 

The current study analysed changes in the plasma metabolome using an untargeted HILIC -

MS metabolomics approach in free-living elderly men who consumed either the RDA (0.8g·kg-

1·d-1) or 2RDA (1.6g·kg-1·d-1) for protein for 10 weeks. The results from the current 

metabolomic explorations demonstrate key pathways centered on amino acid metabolism as 

discriminating between the diets following the intervention. Protein consumption for the 

RDAdiet resulted in increased circulating concentrations of important non-essential amino 

acids; including glutamine, glutamic acid, and proline. These amino acids, along with arginine, 

have been identified as integral hubs where metabolic pathways overlap and may be indicative 

of increased overall tissue catabolism. Increasing protein consumption in the 2RDA group also 

resulted in the expected increases in markers of amino acid flux and nitrogenous oxidative 

metabolism, such as urea. There was also an induction of aminoacyl-tRNA biosynthesis and 

nitrogen metabolism pathways, which provide key substrates for tissue anabolism [390,391]. 

These metabolic pathway changes co-occurred with previously published, which demonstrates 

that the current RDA for protein was insufficient to maintain muscle mass and physical 

function in older men [368]. 

 

3.4.1  Arginine and Proline metabolism 

The pathway with the greatest discrimination between the RDA and 2RDA diets involved 

metabolism of arginine and proline, where eight metabolites were identified to be components 

of this pathway. The high centrality of arginine places it as a metabolic hub, where it acts as a 

precursor to downstream targets. In this pathway, arginine is converted by arginase-1 to urea, 

and is also the precursor to creatine through the intermediate glycocyamine. Urea and creatine 

are also useful markers of protein intake [392]. Arginine is particularly important in overall 

skeletal muscle protein balance, and acts as a key substrate for nitric oxide, an endogenous 

regulator of vascular homeostasis [393]. Evidence suggests nitric oxide mediates force 

production, muscle blood flow regulation, respiration, and glucose homeostasis, highlighting 

the importance of arginine [394]. The observed increase in urea, glycocyamine, and creatine 

by at least 30%, concomitant with an apparent decrease in arginine (although this was not 

significant) in the 2RDA group, is indicative of sufficient protein intake to support skeletal 

muscle turnover and prevent the loss of muscle. Also part of the arginine-proline pathway is 
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glutamic acid, the precursor to proline, which increased three-fold in the RDA group. High 

levels of proline have been previously implicated as a risk factor of sarcopenia and reduced 

skeletal muscle strength [395]. This is consistent with our previous observations of muscle 

phenotype in the present cohort [368]. It has been hypothesised that when insufficient intake 

of protein occurs, proteolysis is increased in skeletal muscle, with a greater supply of free 

proline and glutamine to be used as TCA substrates [395].  

 

3.4.2 Glycine, Serine and Threonine metabolism 

Five metabolites from the glycine, serine, and threonine metabolism pathway were regulated 

by protein intake; glycocyamine, creatine, and tryptophan increased in the 2RDA group while 

threonine increased in the RDA group. Glycine, serine, and threonine metabolism is central to 

providing the essential precursors for the synthesis of proteins, nucleic acids, and lipids and 

has a connection to one-carbon metabolism [396]. Threonine appearance in plasma in 

particular, which increased by 60% in the RDA group, usually mimics that of branch chain 

amino acids (BCAAs) indicating muscle catabolism [74,397]. Dimethylglycine which was 

identified to be part of the same cycle is produced from betaine and metabolised to glycine, 

decreased in both RDA and 2RDA groups. The metabolic role of dimethylglycine is not fully 

elucidated; however, glycine is positively correlated with insulin sensitivity [398]. Tryptophan 

has multiple biological roles and whilst it has not been directly implicated in tissue anabolism, 

it is the precursor of serotonin and reflected in mood and cognition. [399]. Therefore, while its 

role is difficult to ascertain, tryptophan’s fasting plasma levels may be of significant interest as 

an indicator of nutritional status beyond anabolism. Contrasting observations have been 

reported for relationships between tryptophan and skeletal muscle. Moaddel et al, (2016) [400] 

associated higher levels of tryptophan with low muscle quality while in Toyoshima et al, (2017) 

[395] tryptophan was lower in sarcopenic participants. Our findings for tryptophan are in 

agreement with Toyoshima et al, (2017) [395] where the 2RDA group increased the plasma 

level of tryptophan by 16%.  
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3.4.3 Aminoacyl-tRNA biosynthesis and nitrogen 

metabolism 

Metabolism of the aminoacyl-tRNA biosynthesis and nitrogen metabolism pathway also 

discriminated between 2RDA and RDA with six and three identified metabolites, respectively. 

Glutamine and glutamic acid are components of both aminoacyl-tRNA and nitrogen 

metabolism, which along with threonine, proline, and arginine (which demonstrated a trend) 

increased in the RDA group. Aminoacyl-tRNA substrates are the essential first steps for protein 

synthesis and in conjunction with nitrogen metabolism represent important components in the 

life cycle of living organisms, dysregulation of these pathways has been linked with aging 

muscle [401]. As skeletal muscle is the major reservoir of amino acids in the body, the observed 

decreased appendicular lean mass in the RDA group [368], would suggest impairments in both 

aminoacyl-tRNAs and nitrogen metabolism are involved. Uridine, dihydrothymine, and urea, 

components of pyrimidine metabolism where glucose and glutamine serve as precursors, 

increased in the 2RDA group by at least 60%. Pyrimidine metabolism, a major component of 

the progression of the cell cycle, is tightly linked to the ability of the cell to acquire nutrients, 

generate metabolic energy, and to drive anabolism, including nucleotide/nucleic acid 

biosynthesis [402]. At the centre of all significant pathways are the metabolic hubs; glutamine 

and glutamic acid, which are recognised as bottlenecks of cellular networks. Glutamine which 

increased by three times along glutamic acid’s 30% elevation in RDA group is concomitant 

with physical changes of reduced lean muscle [368]. Glutamine is an important component of 

muscle protein, and helps repair and build muscle [403]. Furthermore, glutamine deficiency 

stimulates cell apoptosis, which may thereby trigger a low-level inflammatory process and 

increase the rate of sarcopenic progression [404]. In times of catabolic stress, glutamine derived 

by de novo synthesis from skeletal BCAAs are used to form glutamic acid. Glutamic acid 

displays remarkable metabolic versatility being highly abundant in liver, kidney, skeletal 

muscle, and the brain, illustrating its utility [405].  

 

3.4.4 Markers of specific diet consumption 

A limitation of the study was the observed baseline differences in a small subset of 

metabolites. Despite the cohort being relatively homogenous at baseline based on BMI, age, 

and general metabolic and cardiovascular health; the untargeted metabolomics analyses 
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identified subtleties associated with inter-individual variation. All observed baseline 

differences were normalised following the 10 week intervention, which was due to the well 

designed meals matched for micronutrients, macronutrients, and food structure with the 

exception of protein. Further, this emphasised that both diets were well adhered to which 

eliminated baseline differences. A pre-intervention difference was observed for lenticin, which 

is found in lentil extracts and is detected in blood after lentil consumption [406]. In this study, 

the ratio of animal to plant source protein intake was higher in the 2RDA group, whereas it was 

lower in the RDA group. This would explain the observed increase in lenticin in the RDA 

group with no change in the 2RDA group, thus supporting the notion of lenticin being an 

effective food biomarker [407]. Interestingly, uric acid, the end product of purine metabolism, 

increased by 30% in the RDA group. Increased concentrations of uric acid is a causative factor 

in gout [408]. Some studies suggest a high purine intake which associates with high protein 

from animal sources increases the risk of gout attacks [408,409]. However, our trial 

demonstrates a diet low in protein and high in carbohydrates increases uric acid, while a 2RDA 

diet is protective of this risk. This is consistent with previous reports, which postulate that 

higher consumption of dietary protein increases uric acid excretion, thereby decreasing blood 

concentrations of uric acid [410,411]. TMAO increased in the 2RDA group by five fold with 

no change in the RDA group. The specific increase of TMAO in the 2RDA is similar to 

previous observations of well-known protein sources; fish [412] and meat [413]. Whilst, the 

role of TMAO remains speculative towards gut health and CVD risk [414], the present finding 

suggests it can be regarded as a marker of high protein intake.  

 

3.4.5  Conclusions 

In the current study untargeted metabolomics analyses were carried out to discriminate the 

plasma metabolome changes associated with a prescribed of protein intake at RDA (0.8g·kg-

1·d-1) or 2RDA (1.6g·kg-1·d-1) for 10 weeks. The RDA diet increased glutamine, glutamic acid, 

and proline, which are components of the arginine and proline metabolism and glycine, serine, 

and threonine metabolism. These metabolites and pathways are indicative of changes in key 

aspects of skeletal muscle metabolism, which showed a good association with reduced 

maintenance of mass and function [368]. Conversely, in the 2RDA group  biomarkers of 

increased amino acid flux were increased, such as urea and uridine. Along with pathways these  

are involved in (nitrogen and aminoacyl-tRNA metabolism) allow us to speculate these 
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alterations in metabolites are indicative of a induction of tissue anabolism. The shifts in the 

metabolome induced by a higher protein diet suggest an induction of pathways supporting 

tissue anabolism. In contrast, reducing protein intake to current minimum requirements resulted 

a more catabolic metabolomic profile, congruent with changes in skeletal muscle phenotype 

previously reported in the same cohort. 
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PREFACE 

The following section contains the manuscript “Lipidomic identification of altered 

sphingomyelin responses to low fat meal ingestion in Metabolic Syndrome women.” Co-

authors are; Cameron J Mitchell, Amber M Milan, Farha Ramzan, Fabrice Merien, Christiani 

Jeyakumar Henry, Marlena Kruger, Nicole C Roy,  Karl Fraser, and David Cameron-Smith.  

 

This chapter presents work investigating the lipidomic responses mixed meal interventions 

in metabolic syndrome and healthy women. Lipidomics is the comprehensive characterisation 

of circulating lipid species, providing a more accurate profile than traditional measures in CVD 

profiling. Individuals with high risk of CVD and T2DM are known to have an altered lipid 

profile, yet the responses to nutritional interventions are unknown. Our fasted lipidomic 

profiling revealed MetS women had elevated SM, PC and PE species. Furthermore, the 

magnitude of insulin release influences the appearance of specific endogenous lipids with a 

low GI increasing the appearance of SM and ceramides species. Further, the endogenous 

metabolism of three SM species is dysregulated in MetS women only after a low GI meal.   
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4.1 Introduction 

Metabolic syndrome (MetS) is a cluster of metabolic abnormalities that includes 

multifaceted alterations in the circulating plasma lipidome [415]. Currently, CVD risk 

prediction is based on the classic diagnostic panel of two major lipid classes, triglycerides 

(TGs) and high-density lipoprotein cholesterol plus additional markers of cardiovascular and 

metabolic risk [416,417]. However, use of modern lipidomic analysis has provided 

increasingly detailed data on the many hundred individual lipid species across distinct classes 

present in human plasma [242,258]. The use of untargeted and comprehensive lipidomic mass 

spectrometry (MS) has generated unique insights into the specific lipidome alterations that 

underlie disease pathophysiology [261,263,418]. This level of detailed lipidomic analysis has 

highlighted the role of the specific lipids in the promotion of a pro-inflammatory cellular 

environment, altering cellular signalling and modification of mitochondrial function which all 

collectively contribute to metabolic disease risk [419–421]. These recent lipidomic analyses 

provide improved predictive insight, over and above that achieved by the standard lipid panel 

for both CVD risk. In particular, species from classes of sphingomyelins, phosphatidylcholines 

and ceramides are stronger predictors of  coronary artery disease (CAD) and atherosclerosis 

than the classic diagnostic panel [254,257,422].  

 

Despite this increasing complexity of analysis, the circulating lipidome has been described 

only in the fasted state. Therefore, these data fail to provide detailed understanding of the 

dynamics of the lipidome that occur throughout the circadian cycle [423,424]. Dietary intake 

is a major regulator of the lipidome, with studies to date identifying the total postprandial 

abundance of TGs as providing increased predictive power for subsequent CVD risk, than 

fasting levels of TG [139,142,425–427]. Furthermore, the use of non-fasting lipid profiles for 

prediction of adverse health outcomes are endorsed by major health societies; American Heart 

Association, European Atherosclerosis Society, Canadian Cardiovascular Society, American 

Association of Clinical Endocrinologists, American College of Endocrinology [19–25,15,26].  

 

Lipidomic analyses of responses to meals are limited and predominately conducted in 

response to the ingestion of meals containing substantial quantities of lipids [301,302]. Despite 

greater global TG response in MetS [428,429], high fat meals have not revealed different 

chylomicron (CM)-TG responses between MetS and healthy individuals [301]. Yet, while the 
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exogenous lipids in a meal influence lipaemia following a meal, low-fat meals have been shown 

to differentially impact postprandial lipaemia, supporting a role for endogenous lipid 

mobilisation in postprandial homeostasis [430]. Further studies suggest the postprandial 

lipidomic response instead relates to diet composition and relative size of the endogenous lipid 

pool [302]. In addition, risks for CVD and MetS are driven by abnormal endogenous lipid 

metabolism, mainly disturbances in VLDL-TG secretions [126,135], upregulated in insulin 

resistant conditions.  It is known that insulin is critical in the regulation of both adipose lipid 

dynamics, with a central role in both lipid transport and efflux from the adipocyte [431]. 

Furthermore, a diet containing predominately low GI foods is associated with reduced risk of 

MetS and CVD [432]. Thus, a detailed insight into the alterations to endogenous lipid 

metabolism that occur in response to altered postprandial insulin secretion is required. 

 

Based on these observations, it was hypothesised that the temporal abundance of lipid 

species is affected by risk status and by the GI content of the ingested meal. The objectives of 

the current study were to determine the postprandial plasma lipidomic response to low-fat 

meals designed to be substantially different in their glycaemic (glycaemic index; GI) and 

subsequent insulinemic responses [373,433]., the additional aim was to address the effect of an 

altered insulin response in MetS individuals. For this, a global lipidomic profiling was 

undertaken in a randomised cross over intervention in a cohort of women who were either 

classified as healthy or with MetS, on the basis of International Diabetes Federation (IDF) 

criteria [18].  

 

4.2 Methods 

4.2.1 Participants  

Forty post-menopausal Caucasian women were recruited through newspaper advertisements 

and from the university to participate in the study. Eligible participants were required to have 

a body mass index (BMI) between 18 and 34 kg/m2 and be between the ages of 55-70 years. 

Individuals with a prior history of CVD, T2DM or neuromuscular function were excluded. 

Participants who were taking medication were recorded in Table 4-3. All subjects gave written 

informed consent and the study was approved by the University of Auckland Human 
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Participants and Ethics Committee (Ref #014501). The trial was registered at Australia New 

Zealand Clinical Trials Registry (ANZCTR; ACTRN12615001108505).  

 

4.2.2 Study Procedures 

This randomised cross over design trial recruited twenty women with MetS and twenty 

Healthy women based on the International Diabetes Federation criteria [434]. Participants were 

randomly assigned using sequences generated by www.random.org to either receive a breakfast 

meal containing a high glycaemic index (HGI) or a low glycaemic index (LGI) on their first 

visit. Participants consumed the other meal on their next visit one week later. The (HGI) and 

(LGI) meals were matched for energy content, while maintaining a high protein and 

carbohydrate content and low fat load (Table 4-2). 

 

Each food item was matched directly to those in the University of Sydney GI Online 

Database [435]. Foods that were not available in the database were matched to the available 

foods listed available with similar characteristics, to achieve estimates of GI value. The 

recommended formula for the calculation of daily GL was based on previous studies [436] are 

as follows: ∑ 𝐺𝐼 𝑜𝑓 𝑒𝑎𝑐ℎ 𝑓𝑜𝑜𝑑 𝑖𝑡𝑒𝑚 𝑥 𝐶𝐻𝑂 𝑐𝑜𝑛𝑡𝑒𝑛𝑡 𝑖𝑛 𝑓𝑜𝑜𝑑 𝑛
𝑖=1  

 

Participants were required to refrain from vigorous physical activity, anti-inflammatory 

medications and dietary supplements the day prior to each laboratory visit. Following an 

overnight fast, participants arrived at the laboratory at ~0700 where anthropometric 

measurements; including DEXA scans, weight, height, and waist circumference were collected 

before a catheter was inserted into an antecubital vein and a baseline sample (time 0) was taken. 

The consumption of breakfast occurred within a 10 min timeframe, which was followed by 

sample collections at 30, 60, 120, and 300 min postprandially for lipidomic measurements. 

Additional blood samples for clinical measurements were collected a 15, 45, 90 and 240 min. 

Blood samples were collected into EDTA containing tubes (BD, Mt Wellington, New Zealand) 

for plasma separation. Tubes were immediately centrifuged at 1500 ×g for 15 min at 4°C. 

Aliquots of plasma were immediately collected, frozen on dry ice and stored at -80°C until 

further analyses.  

 

https://www.anzctr.org.au/Trial/Registration/TrialReview.aspx?id=368714
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Table 4-1: Composition of meals 

 
Serving 

Size 
Calories 

(kcal) 
Protein 

(g) 
Fat 
(g) 

Carbohydrates 
(g) 

GI GL 

Low Glycaemic 
       

WPI protein (g) 

unflavoured 
30 116 27.7 0.3 0.15 0 0 

Butter (g) 10 72 <1.0 8.14 <1.0 0 0 

Grains Bread 

(slices) 
3 297 12.4 4.7 48.5 41 27 

Fructose (g) 25 100 0 0 25 0 3 

Total  585 40.1 13.1 73.6 51 30 

Macronutrient 

Composition (%) 
  28.1 20.1 51.6   

High Glycaemic        

WPI protein 

unflavoured (g) 
30 116 27.7 0.3 0.15 0 0 

Butter (g) 12 92 <1.0 10.4 <1.0 0 21 

White Bread 
(slices) 

4 272 11.2 2.4 46.6 70 0 

Maltodextrin 

(g) 
9 36 0 0 9 110 44 

Gatorade 

Orange (ml) 
300 73 0 0 18 89 13 

Total  589 38.9 13.1 73.6 269 79 

Macronutrient 

Composition (%) 
  27.1 20.0 51.3   

 

Abbreviations: WPI, whey protein isolate; GI, glycaemic index; GL, glycaemic load. 

 

4.2.3 Plasma clinical chemistry  

Insulin concentrations were measured using a specific assay on a cobas Modular E170 

analyser (Roche Diagnostics, New Zealand). Total duration of assay was 18 min based on the 

electrochemiluminescence principle using a biotinylated monoclonal antibody and a 

ruthenium-conjugated monoclonal antibody to form a sandwich complex. Results were 

determined via a 2‑point calibration curve and a master curve provided via the reagent barcode. 
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The detection limit for insulin was 1.39 pmol/L. Glucose and triglycerides were measured on 

a cobas Modular P800 (Roche Diagnostics, New Zealand) based on recognised reference 

methods (hexokinase and lipoprotein lipase for glucose and triglycerides respectively). 

Quantitative results were determined via instrument-specific full point calibration curves. The 

detection limits for glucose and triglycerides were 0.11 mmol/L and 0.05 mmol/L respectively. 

 

4.2.4 Lipidomic Analysis  

Samples were initially randomised then defrosted at room temperature while continuously 

shaking. Once thawed, 100 µl of plasma sample was transferred into a micro-centrifuge and 

800 µl cold chloroform: methanol (1:1) added. The samples were left at -20ºC for 30 min 

followed by the addition of 400 µl water. The samples were vortexed for 30 sec and then 

centrifuged for 15 min at 14462 × g. The lower phase (200 µl) was transferred to another micro-

centrifuge, where it was evaporated to dryness under a stream of nitrogen. Samples were re-

dissolved in 100 µl Folch solvent mixture containing 16:0 d31-18:1 phosphatidylethanolamine 

as internal standard [M+H = 749.732 m/z]. A quality control (QC) sample was created for each 

batch of samples by pooling aliquots of the extract from all samples. Samples were analysed 

through the lipid positive and negative ionisation stream of the metabolomics platform.   

 

An untargeted liquid chromatography mass spectrometry-based (UPLC-MS) lipidomic 

analysis was performed using a high resolution, accurate Q-Exactive mass spectrometer with 

Orbitrap technology (Exactive Orbitrap; Thermo, San Jose, CA). Chromatography, solvents, 

gradients and other LC-MS conditions were described in [437]. Briefly, 5 µl of extract was 

injected onto a Waters CSH column (100mm x 2.1mm, 1.7 µl particle size; Waters, Milford, 

MA) eluted over a 15 min gradient. The column was subjected to a wash step and re-

equilibration for 5 min before the next injection. The sequence of runs in each batch comprised 

blanks, QCs and samples. To verify and maintain data quality, the QC sample was injected 

once for every 10 samples. Retention time, signal intensity and mass error of internal standards 

was monitored constantly. Every 10 samples, a random samples was selected for data 

dependent MS2 (tandem MS) fragmentation analysis to facilitate lipid identification.  
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4.2.5 Data Analysis 

Upon passing batch QC, data processing was initialised. Peak detection, alignment and 

grouping were done with XCMS using appropriate settings [328]. The resultant peak intensity 

table was subject to normalisation, and batch correction using Galaxy 

Workflow4metabolomics [334]. Features that with CV >30% were excluded.  

 

4.2.6  Lipid Annotation/identification 

Lipids were identified first by LipidSearch. If LipidSearch failed to identify features, 

LipidMaps [438] and LipidBlast,[439] were performed to maximise the number of annotated 

lipids reported.  

 

4.2.7 Statistical Analysis  

Mixed model analysis was conducted using the lme4 package in the R programming 

language for statistical computing, Rstudio version 1.0.153. Lme4 is an R package for fitting 

and analysing linear, generalised linear mixed models. The effect of ‘status’ (MetS or Healthy), 

‘meal’ (high or low GI), and ‘time’ (0, 30, 60, 120, and 300 min) were used as fixed effect, 

with ‘participant’ as random variable. Interactions were analysed using the intensity of each 

metabolite as the dependent variable. Where mixed model main effects or interactions showed 

P values <0.05 post hoc testing was conducted using a planned comparison approach and the 

predictmeans R package. To correct for multiple comparisons, Benjamini–Hochberg 

procedure, with p <0.05 used as significant [440]. To compare baseline differences between 

healthy controls and those with MetS, t- tests were conducted in R.  
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4.3 Results 

4.3.1 Demographics 

The Healthy (n=20) and MetS group (n=20) were equally represented in the study (n=40) 

with no difference observed for age and height. All biomarkers used as diagnostic criteria for 

MetS were higher in MetS participants compared with the Healthy group, with the exception 

of HDL, which was lower in those with MetS (Table 4-3). All participants who enrolled into 

the trial completed both breakfast meals on separate mornings (Supplementary Figure 7-3).  

 

4.3.2 Fasting lipid profile 

A total of 971 and 951 features were detected in positive and negative ionisation modes, 

respectively. LipidSearch and LipidBlast were able to identify 134 unique lipid species from 

the positive ion mode and 51 lipid species from the negative ion mode, which included 11 lipid 

groups. Figure 4-1 displays the total species detected in each lipid class. PLS-DA was used to 

create a model to identify features, which best discriminated Healthy and MetS participants in 

the fasted state (Figure 4-2). The significant model selected features contributing to the model 

resolution of a variable of importance (VIP >1.0). Thirty lipid species from six classes were 

elevated in MetS women (Figure 4-3). Phospholipids comprising of phosphatidylcholine (PC), 

phosphatidylethanolamine (PE) and sphingomyelins (SM), made up the majority of these 

significant features. Interestingly, no DGs or LPC and only one of 33 TG species were different 

at baseline.  
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Table 4-2: Subject Characteristics 

 Healthy (n=20) MetS (n=20) 

Age (years) 63.5 ± 1.0 62.5 ± 1.3 

Weight (kg) 62.3 ± 2.1 77.6 ± 2.1*** 

Height (cm) 159.9 ± 1.4 164.5 ± 1.2 

BMI (kg/m2) 24.3 ± 0.7 28.7 ± 0.7*** 

Waist Circumference (cm) 80.4 ± 2.2 93.8 ± 1.7*** 

Systolic Blood Pressure (mmHg) 121.6 ± 3.0 139.2 ± 3.0*** 

Diastolic Blood Pressure (mmHg) 67.0 ± 2.2 72.0 ± 2.3 

Glucose (mM) 5.51 ± 0.1 6.0 ± 0.1** 

HDL (mM) 2.1 ± 0.08 1.7 ± 0.1** 

Total Cholesterol (mM) 6.1 ± 0.2 6.0 ± 0.3 

Triglycerides (mM) 0.91 ± 0.06 1.40 ± 0.10 

LDL (mM) 3.8 ± 0.3 4.1 ± 0.3 

Insulin (pM) 36.2 ± 3.7 63.0 ± 5.9*** 

Medication use (n)   

Aspirin 2 1 

Statins 0 3 

ACE inhibitor 0 3 

α-Blocker 0 1 

β-Blocker 0 1 

Protein pump inhibitors 0 1 

SSRIs 1 2 

 

Values are means ± SEM. *Subjects with MetS differed at baseline (P<0.05) compared to Healthy (independent 

t-test). ** <0.01, ***<0.001. Abbreviations: ACE, angiotensin converting enzyme inhibitor; SSRI, selective 

serotonin reuptake inhibitors. 
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Figure 4-1: Total number of lipid species detected for each class in both Healthy and MetS 

women 
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Figure 4-2: Fasted differences between MetS and Healthy women 

 

Partial least square discriminant analysis (PLS-DA) plot displaying fasted differences between MetS (pink) and Healthy (black) for all lipid species detected. 
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Figure 4-3: Specific lipid species elevated in MetS women 

 

Individual lipid species are depicted by filled circles and arranged by lipid class in 5 panels according to the number of total carbon atoms (x-axis) and number of double bonds 

(y-axes). Level of significance increases with colour intensity (p<0.05). 
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4.3.3 Postprandial glycaemia/total TG 

There was a robust increase in postprandial insulin concentrations in all groups and 

conditions, with both status × time (p=0.001) and meal × time (p=0.001) interactions observed 

(Figure 4-4A&B). Insulin was higher following the HGI intake compared to the LGI meal 

between 15 min and 180 min postprandial (p<0.05) irrespective of health status. MetS women 

had higher insulin concentrations than the Healthy group between 15 min and 120 min 

following the consumption of either meal (p<0.05). There was a status × time interaction 

(p=0.011) for postprandial glucose response where MetS women displayed greater plasma 

glucose concentrations at 30 and 45 min postprandial (p<0.05) (Figure 4-4C&D). TGs 

increased after meal consumption (time main effect p=0.001) regardless of the type of meal. 

Fasting TG concentrations were higher in MetS than Healthy women (MetS status main effect 

p=0.001) and remained continuously higher for the 5 hours post meal consumption (p< 0.05)  

(Figure 4-4E&F).  

 

4.3.1 Postprandial responses of lipid classes 

The postprandial responses of lipid classes revealed three classes regulated by glycaemic 

index; TGs, DGs and LPC (Figure 4-5). In addition, both TGs and DGs exhibited a higher 

abundance in MetS women. There were no postprandial changes in the other lipid classes 

identified. 
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Figure 4-4: Post prandial plasma responses for clinical measurements 

 

Insulin (A), Glucose (C) and TGs (E) as postprandial trajectories of healthy and MetS for each meal. (B) Insulin, 

(D) Glucose and (F) TAGs as the area under the curve. Values represent means ± SEM for μU/ml for insulin, and 
mmol/L for glucose and TAGs. * denotes statistical significance (p<0.05) between healthy and MetS women, # 

p<0.05 represents differences between the LGI and HGI. 
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Figure 4-5: Heatmap of postprandial plasma response of lipid classes 

 

Blocks within the heatmap provide insight into how lipid classes (rows, labelled at right) have differences abundance levels at different timepoints and meals (columns, labelled 

at bottom). Within each row, colours are reflected by fold change, with negative fold change leading to dark green and blue reflecting positive fold change. ┼ denotes lipid 

classes for exhibited a meal × time interaction. 
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4.3.2 Postprandial lipids regulated by MetS status 

Two lipid metabolites were differed between groups: TG(12:0/14:0/14:0) (Figure 4-6A: 

p=0.04) and PE(18:0/22:6) (Figure 4-6B: p=0.03). TG(12:0/14:0/14:0) was elevated at 120 and 

300 min postprandially in both controls and MetS women (p<0.05); however, at 120 min post 

meal consumption concentrations were higher in MetS women compared to Healthy (p=0.04). 

PE(18:0/22:6) was elevated in MetS women at 60, 120, and 300 min postprandially and at 

60min post meal consumption concentrations were higher in MetS women compared to 

Healthy (p<0.01).  

 

4.3.3 Postprandial lipids regulated by glycaemic index 

Two PC species displayed similar postprandial trajectories, with both PC(32:1)  

(Figure 4-6C) and PC(33:0) (Figure 4-6D) increasing after the LGI at 30 min (p<0.05) and at 

60 min for PC(32:1) (Figure 4-6C). TG(16:0/16:0/18:1) (Figure 4-6E), which was elevated in 

MetS women in the fasted state, also increased at 30 min after the LGI meal (meal × time 

interaction; p=0.019). PE(18:0/22:6) (Figure 4-6F), was higher at 300 min following 

consumption of the HGI meal, with elevations occurring within both LGI and HGI at 30 min 

and at 300 min for the HGI meal (p<0.05). The trajectory of DG(18:1/18:2) (Figure 4-6G) 

demonstrated a continuous increase in both LGI and HGI, as evident at 300 min, however the 

LGI meal, increased to higher abundance than the HGI meal.  
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Figure 4-6: Postprandial responses lipid species 

 

Two lipid species TG(12:0/14:0/14:0) (A)  and PE(18:0/33:6) (B) represent a status ×time interaction. Species 
regulated by glycaemic index PC(32:1) (C), PC(33:0) (D), TG(16:0/16:0/18:1) (E), PE(18:0/22:6) (F), 

DG(18:1/18:2). Values represent mean ± SEM in peak intensity. * denotes difference (p<0.05) between healthy 

and MetS women, # p<0.05 represents differences between the LGI and HGI, ɸ p<0.05 represents differences 

within the healthy status over time, Ϻ p<0.05 denotes differences within the MetS status group over time, α 

p<0.05, signifies differences in time within the LGI, β p<0.05 signifies changes over time in HGI.  
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The trajectories of four ceramides species demonstrated a two way interaction for meal × 

time interaction, where the LGI resulted in higher abundance than the HGI at 30 min for: 

Cer(d16:1/22:0) (Figure 4-7A), Cer(18:2/24:1) (Figure 4-7B), CerG1(d18:1/22:0)  

(Figure 4-7C) and CerG1(d18:1/24:0) (Figure 4-7D) (p<0.05). Further, Cer(16:1/22:0), 

Cer(18:2/24:1) and CerG1(18:1/22:0) decreased following LGI consumption at 120 min 

(p<0.05). HGI intake decreased Cer(16:1/22:0), Cer(18:2/24:1) and CerG1(18:1/24:0) at 30 

min and at 120 min for Cer(16:1/22:0) and Cer(18:2/24:1). Both CerG1(18:1/22:0) and 

CerG1(18:1/24:0 had a main effect for status, with the control women display elevated 

appearances compared to the MetS women (p=0.022) and (p=0.018) respectively.  

 

Four SM species exhibited a two way meal × time interaction, with SM(d35:1) (Figure 4-7E) 

SM(d38:1) (Figure 4-7F), SM(d43:1) (Figure 4-7G) displaying an elevated appearance in 

plasma following LGI consumption compared to the HGI meal at 30 min (p<0.05). SM(d41:3) 

(Figure 4-7H), was also elevated following LGI consumption compared to HGI at 60min 

(p=0.049) however, it was lower at 120 min (p=0.036). Within LGI intake, there were 

decreases from baseline to 120 min for SM (d35:1), SM(d38:1)  and SM(d41:3) (p<0.05) 

however, SM(d43:1) increased  from baseline to 30min in SM(d43:1) (p=0.03). There was an 

observed reduction in abundance for the HGI from baseline to 60 min and 120 min SM(d43:1)  

(p=0.04), conversely SM(d41:3), SM(d38:1), SM(d35:1) displayed no changes over time 

within the HGI.  
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Figure 4-7: Postprandial responses of 8 sphingolipids regulated by glycaemic index 

 

Four ceramide species; Cer(18:2/24:1) (A), Cer(d16:1/22:0) (B),  CerG1(d18:1/22:0) (C) and CerG1(d18:1/24:0) 

(D). Four sphingomyelins; SM(d35:1) (A), SM(d38:1) (B), SM(d41:3) (C), SM(d43:1) (D). Values represent 

mean ± SEM in peak intensity. # p<0.05 represents differences between the LGI and HGI, * p<0.05 denotes 
differences between healthy at MetS status groups, α p<0.05, signifies differences in time within the LGI, β p<0.05 

signifies changes over time in HGI. 
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Three SM species exhibited a three way interaction, where control women displayed a 

higher appearance following LGI intake 30 min, SM(d20/18:2+HCOO (Figure 4-8A), 

SM(d35:1)+HCOO (Figure 4-8B) and SM(d36:2)+HCOO (Figure 4-8C) (p<0.05). The 

trajectories of MetS meal consumption were in contrast to healthy women, where HGI was 

elevated at 30 min in SM(d20:0/18:2) and SM(d36:2) (p<0.05). There were status differences 

during the time course for the three SM metabolites influenced by the type of meal consumed. 

The postprandial response of LGI for SM(d20:0/18:2) and SM(d35:1) were elevated in healthy 

women at 30min compared to MetS women (p<0.05). In contrast, the HGI postprandial 

response was evidently higher in MetS women for SM(d35:1) and SM(d36:2) (p<0.05).   
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Figure 4-8: Sphingomyelins differing between groups postprandially dependant on 

glycaemic index 

 

SM(d20:0/18:2)+HCOO (A), SM(d35:1)+HCOO (B), SM(d36:2)+HCOO (C).  Values represent mean ± SEM in 
peak intensity. η p<0.05 represents difference between LGI and HGI in healthy women, λ p<0.05 represents 

difference between LGI and HGI in MetS women, δ p<0.05 difference between healthy and MetS women for 

HGI, ε p<0.05 difference between healthy and MetS following consumption of LGI).  
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4.4 Discussion 

Women with MetS showed alterations in the fasting abundances of lipid species from three 

phospholipid classes; PC, PE and SM compared to healthy women (Figure 1c). In particular, 

lipid species SM 34:1, CE 16:0, and PC 34:2 again confirm the clustering of these key lipids 

as being features of the disturbed lipidome, with recent evidence of possible causal 

involvement of these species in atherosclerotic plaque formation and the risk of unstable CAD 

[254,257]. To investigate the impact on the lipidome of glycaemic and insulinemic response, 

previously shown to influence both CVD/T2DM risk in people with MetS and to alter the post-

meal lipidome [300,373], postprandial responses to two low-fat meals differing in the 

glycaemic index were compared. Our findings were unexpected, as a discrete cluster of only 

five lipid species differed between MetS and Healthy women in the postprandial state. 

However, notably three of these were SM species; (d20:0)/(18:2)+HCOO, (35:1)+HCOO and 

(36:2)+HCOO, were increased in healthy women post LGI intake. This suggests that after a 

meal eliciting a small insulinemic response, endogenous SM mobilisation is impaired in 

women with MetS or that the greater insulin response evoked by the low GI meal in MetS 

women alters SM metabolism. What was clearly apparent is that the GI of the meal impacted 

predominately on ceramide species; (16:1/22:0), (18:2/24:1), (18:1/22:0) and (18:1/24:0) and 

SMs (35:1), (38:1), (41:3) and (43:1) species, which were each shown to increased immediately 

following only the low GI meal. Our results suggest that GI modulates sphingolipid metabolism 

and that a low-fat meal evokes minimal differences in the lipidomic postprandial profiles 

between MetS and healthy women.  

 

4.4.1 Triglycerides 

The associated heightened postprandial appearance of TGs with increased CAD events has 

been established for some time [441,442]. However, the clinical importance has been 

intensified by the recent demonstration that plasma TG concentrations are not only 

independently but also causally associated with increased CVD [254,425,443]. Untargeted 

lipidomic and clinical measurement of total TGs, both demonstrated an elevation in MetS 

women in the fasted state that was maintained throughout the postprandial period. However, 

only a single TG species (16:0/16:0/18:1) was elevated in the fasted and postprandial state in 

MetS women relative to Healthy. Previous studies of the fasted lipidome have reported a 
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specific cluster of TG species with saturated and monounsaturated acyl chains most 

consistently associate with CVD [254,444], and T2DM [445], consistent with 

TG(16:0/16:0/18:1). Our observation corroborates recent lipidomic studies, suggesting specific 

TG species in particular (16:0/16:0/18:1) rather than total TG as more predictive of T2DM 

[446] and CVD [244,254], where our findings can be extended to the postprandial lipidome. A 

previous study of MetS individuals demonstrated risk status did not contribute to a heightened 

CM TGs response to high-fat meals [301] and in conjunction with a low fat meal, we 

demonstrate that only one TG species (12:0/14:0/14:0) was elevated in MetS women. This 

supports claims that the clearance rates of triglyceride-rich lipoproteins (CM and VLDL) are 

not affected by MetS status [136]. Additionally, this was further evident for cholesterol esters 

(CE), where there was no difference at the class level between Healthy and MetS women. 

Lipidomic analysis revealed saturated species CE(16:0) and CE(18:2) to be higher in fasted 

MetS women, which has previously been shown to correlate with incident CVD (Figure 4-3) 

[254,257]. 

 

4.4.2 Phospholipids 

Phospholipids accounted for 123 species identified in this study with the highest represented 

by PC, SM and PE accounting for 44, 39 and 28 respectively in plasma. At the class level, 

phospholipids including PE, PC and SM were not different in the fasted and postprandial state 

between MetS and Healthy women. Whilst the class level revealed no differences, the fasted 

lipidomic profiles displayed 30 lipid species elevated in MetS women, where 85% were 

attributed to phospholipids. Specifically, our observations of higher PE(36:1), PE(16:0/20:4) 

and SM(34:1) in MetS women, have been previously implicated as strong predictors of 

cardiovascular events and death [254,257]. Surprisingly, these enriched fasted phospholipid 

species were unchanged by meal ingestion. Only, one PE species (18:0/22:6) was increased in 

MetS women in the postprandial lipidome. While free fatty acids were not measured, the 

present study observed fatty acids palmitate (16:0) and oleic acid (18:0) as being the primary 

acyl chains attached to PE; these are also generally the most abundant fatty acids attached to 

SMs [447]. These two fatty acids along with linoleic acid (18:2) have been previously 

associated in lipidomic analysis of insulin resistance [246]and aging [448]. The heightened 

appearance of SMs have  been strongly associated with the formation of atherogenic lipoprotein 

aggregates, which is the initial step of atherosclerosis and CAD [254,257,449]. Specific SM 
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species show greater enrichment in atherosclerotic plaques, contributing either saturated or 

monounsaturated fatty acids [254], consistent with our discriminate SM species (34:1). Overall, 

phospholipids are the key components of lipid bilayer for all cells and in cellular signal 

transduction and their elevated appearance in plasma is in agreement with previous metabolic 

investigations in obesity [450], pre-diabetes [444], MetS [419] and T2DM [444,451]. Hence, 

alterations in the lipidome profile occur at a very early stage on the trajectory towards 

heightened T2DM and CVD risk. Further, a low fat meal does not induce postprandial 

differences in phospholipid species PC and PE between MetS and healthy women, supporting 

the role of postprandial lipid handling rather than endogenous metabolism in the pathogenesis 

of CVD. 

 

4.4.3 Sphingolipids: Sphingomyelins  

The lipidomic analyses detected 39 SMs, the most prevalent sphingolipids, of which the 

four species (35:1), (38:1), (41:3) and (43:1) were elevated post LGI intake, followed by an 

immediate decline. In addition, health status influences the postprandial increase of SMs, where 

three SM species were exclusively increased in healthy women who consumed the LGI meal. 

SM (d20:0)/(18:2)+HCOO, (d35:1)+HCOO, (d36:2)+HCOO, are characterised by acyl chains 

containing either one or two double bonds, immediately increased in healthy women post LGI 

intake. In contrast, levels of these SM species remain largely static after HGI intake. The 

relevance of the observed lipid changes during the postprandial phase to insulin action is not 

easily explained due to a paucity of interventional studies of sphingolipid metabolism. Nearly 

60-70% of plasma SMs are found in circulating LDLs and VLDLs, while HDL do not 

contribute substantially to circulating levels [418]. SM absorption and enrichment in 

lipoproteins is important as SM enriched LDLs aggregate on arterial walls and exhibit 

increased affinity for uptake by macrophages leading to atherosclerosis [452]. Chylomicron 

and VLDL are major sources of plasma SM in the postprandial state [453]; however, in 

response to a low-fat meals, recent reports suggest VLDLs are the major contributor to 

postprandial lipaemia [136]. SM concentrations are responsive to postprandial glucose 

excursions [454]; furthermore, it has been demonstrated SM species are not equally 

metabolically mobilised with some having positive and others negative correlations to insulin 

sensitivity and glucose intolerance [447] adding to their enigmatic nature. Our results 

corroborate these findings, where we demonstrate seven species characterised by 
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monounsaturated chains are increased in response to a lower magnitude of insulin release.  

Chain length and structure influences the biological behaviour of SMs and it is important to 

delineate which specific species are dynamic in the postprandial state.  The specific roles of 

diverse SM species are poorly established, although it is clear SM containing different fatty 

acids may be associated with either protective or deleterious events features for CVD.  

 

4.4.4  Sphingolipids: Ceramides 

The positive association between ceramides with CVD and T2DM risk is well established 

in lipidomic studies [455–459]. Recent demonstrations indicate ceramides and related 

sphingolipids are associated with the development of atherosclerosis [458,460], accumulate in 

atherosclerotic plaque [458,461] and disrupt the role of insulin signalling [462–465]. In 

particular, higher C16:0, C18:0, C24:1 acyl chains have displayed an independent predictive 

value of plaque instability and/or future fatality that goes far beyond that of conventional risk 

measures, including LDL-cholesterol measures [455]. Only half of the detected ceramide 

species (16:1/22:0), (18:2/24:1), (18:1/22:0) and (18:1/24:0) characterised by saturated and 

monounsaturated chains immediately declined post HGI intake. These results suggest specific 

species of ceramides are more responsive to dietary intake than pooled evaluation of ceramides. 

The health consequences of decreased plasma abundances of the ceramides following a highly 

insulinemic meal are unclear, despite a greater resulting potential for uptake by target tissues. 

This consideration is particularly important as lower GI dietary patterns [466,467], including 

the Mediterranean [468] and Nordic diets [469], mitigated CVD risk alongside decreased 

ceramide levels. It is widely thought that an excess of these saturated ceramides inhibit insulin 

stimulated glucose transport through activation of protein phosphatase 2A (PP2A) and 

inhibition of Akt/PKB, ultimately preventing GLUT4 from translocating to the cell membrane 

[465,470]. 

 

4.4.5 Limitations 

A limitation of the trial was the incomplete characterisation of the lipid profiles of the meals. 

However, intact sphingolipids are not appreciably absorbed from dietary sources, but are 

instead produced through de novo synthesis or the recycling of sphingoid backbone through 
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the salvage pathway [464,471]. Further, the lipid content was relatively small in both meals 

(13 grams), sourced mainly from butter, and evenly matched. This level of intake has been 

shown to have negligible effects on exogenous lipid concentrations in circulations (Dubois) 

and would be unlikely to impact postprandial sphingolipid trajectories. Complementary 

lipoprotein analyses could be used alongside lipidomic profiling to provide a more accurate 

picture of the postprandial dynamic; however, this would be more relevant for meals with 

higher lipid content. Although the two meals had substantial differences in predicated 

glycaemic load, the blood glucose response differed only between healthy and MetS and not 

between the high and low GI meals; this is likely due to the moderating effect of the meals’ 

protein and fat contents [96,472]. Despite this mixed meal influence, the high and low GI meals 

diverged greatly in insulinemic response which likely has greater metabolic implications than 

the glycaemic response and explains the observed meal difference in lipid metabolism [473]. 

 

4.4.6 Conclusion 

 This study characterised the fasted plasma lipidome profile of MetS women, which revealed 

phospholipid enrichment compared to the healthy group. The heightened fasting concentrations 

in MetS women of 11 SMs support a dysregulated lipidomic profile that has previously been 

described as having strong associations with atherosclerosis and poor CVD outcomes. In 

particular, SM 34:1 has previously been proposed as a potential biomarker of CVD risk due to 

its association with atherosclerotic development. Yet, the lipidomic profile in response to low-

fat meals with either a high or low GI revealed minimal differences in lipid classes between 

MetS and healthy women. Only three SM species (d20:0)/(18:2), (d35:1) and (36:2) were 

increased in healthy but not MetS women after the low GI meal indicating an alteration in 

endogenous SM metabolism dependent on the magnitude of postprandial insulin release. This 

was further supported by increases in key sphingolipid species in response to only the low GI 

meal: ceramides (16:1/22:0), (18:2/24:1), (18:1/22:0) and (18:1/24:0), and SMs (35:1), (38:1), 

(41:3) and (43:1). Our findings demonstrate that the GI of meals can modulate the appearance 

of specific ceramides and SM species, which may be altered by both insulin sensitivity and the 

insulinaemic impacts of meal composition.  
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PREFACE 

The data presented in this chapter evaluates the postprandial metabolomics responses of 

metabolic syndrome and healthy women to mixed meals. Global profiling was performed in 

polar metabolites followed by a targeted analysis of amino acids. Furthermore, pathway and 

network analysis was executed to identify disrupted systems associated with metabolic risk.  

 

The following sections contains the article “Metabolomics based analysis of response to a 

high protein meal identifies altered amino acid pathways in women at increased metabolic 

disease risk”. The co-authors are; Cameron J Mitchell, Amber M Milan, Christiani Jeyakumar 

Henry, Marlena Kruger, Nicole C Roy, Karl Fraser, and David Cameron-Smith. In review in 

Molecular Metabolism. 
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5.1 Introduction 

Metabolic syndrome (MetS) is a constellation of interconnected biochemical, physiological, 

clinical and metabolic factors which increase the risk of cardiovascular disease (CVD), type 2 

diabetes mellitus (T2DM) and overall mortality [21,474]. The International Diabetes 

Federation (IDF) has defined MetS on the basis of the presence of risk factors, including 

elevated blood pressure, dyslipidaemia (low HDL, high LDL and triglycerides), elevated 

fasting glucose and central adiposity [21]. These measures are valuable in providing early 

information on the degree of risk, at both a personal and population level. However, an 

improved understanding of the MetS dysregulation could lead to; the development of more 

sensitive early biomarkers of disease risk, a comprehension of factors that delineate with a 

higher degree of precision of individual risk, and/or offer new opportunities for effective 

lifestyle (including) nutritional interventions [177]. 

 

Increasingly, epidemiological data demonstrates postprandial, not fasting, hyperglycaemia 

to be an independent risk factor for cardiovascular disease [475,476]. The oral glucose 

tolerance test (OGTT) represents the gold standard, as defined by the World Health 

Organisation (WHO), in diagnosing insulin resistance, which further emphasises the strength 

of using postprandial studies beyond fasted measurements in the diagnosis of health status 

[265]. However, this test is restricted in its focused measurement of postprandial glycaemia, 

neglecting the huge diversity of the metabolome in response to complex meals. Metabolomics 

studies utilising the simple OGTT model have revealed an altered metabolic profile exists in 

MetS and T2DM individuals beyond the insulin-glucose axis [293], mainly with a reduced AA  

response [288,289,477].  

 

There is emerging data on the causal roles of AA metabolic function in the heightened 

disease risk of people with MetS [478,479]. Furthermore, perturbation in AA metabolic 

pathways after glucose ingestion exist in individuals with metabolic disease. Several studies 

applying either targeted or non-targeted metabolite analyses in metabolic dysregulated patients 

have identified novel biomarkers involving AA, lipid, carbohydrate and nucleotide 

metabolism. [221,451,480–482]. A distinct metabolic signature of obesity, MetS and T2DM 

studies includes; elevated plasma branched chain amino acids (BCAAs) valine, leucine and 

isoleucine [225], which has been replicated in other studies [228,483]. It has been hypothesised 
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that BCAA metabolism interferes with mitochondrial metabolism of fatty acids [233], has been 

proposed to provide a better signature of metabolic health than body mass index (BMI) [480] 

and may independently predict future insulin resistance [484]. In addition to BCAAs, other 

AAs have been implicated in MetS AA dysregulation including; phenylalanine, tyrosine, 

glutamine, glycine, arginine, histidine, ornithine, proline and tryptophan [245,482,485–489]. 

These findings highlight the need to further investigate the plasma metabolome responses to 

mixed meals, which aim to reduce postprandial glycaemia or decrease disease risk. However, 

at present, postprandial studies of mixed meals are limited to targeted analyses as untargeted 

metabolite profiling is more complex. Targeted strategies have revealed changes in AA kinetics 

can be stratified by insulin resistance [294,295] and distinguished health status based on 

responses to meals [490,491].  

 

Foods that induce lower postprandial glycaemic response form a key element of nutritional 

policies that seek to reduce metabolic risk. Dietary strategies of modifying glycaemic index 

(GI) [373] and whey protein [492] have previously been demonstrated to reduce postprandial 

insulin and glycaemia. Furthermore, a dietary AA profile elevated in glycine, cysteine, arginine 

and tryptophan was positively associated with a decreased risk of CVD outcomes [493]. 

 

To tease apart the complex interactions involved in high disease risk individuals, we 

evaluated the postprandial response of MetS women in response to whey protein coupled to 

either a high glycaemic index (HGI) or low GI (LGI) meal. Firstly, we performed an unbiased 

discovery approach of plasma samples using hydrophilic interaction chromatography (HILIC) 

coupled with high resolution-mass spectrometry (HRMS). The exploratory analysis on the 

postprandial responses revealed several AA’s to be significant.  Subsequently a targeted 

analysis of 19 AA’s using ultra-high performance liquid chromatography (UHPLC) was 

employed to quantify and validate these findings as it enables higher sensitivity than an 

untargeted method. Applying a strategy of untargeted and targeted metabolomics analyses to 

fasting and postprandial samples has the potential to deliver insights into perturbed physiology 

and generate new hypotheses regarding how foods affect health. Therefore, we aimed to 

characterise the acute responses of MetS women and the metabolic pathways disrupted in the 

postprandial phase.  
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5.2 Methods 

5.2.1 Ethics Statement 

Written informed consent was obtained from all subjects. The experimental protocol was 

reviewed and approved by the University of Human Participants and Ethics Committee (Ref 

#014501). The trial was retrospectively registered at Australia New Zealand Clinical Trials 

Registry (ANZCTR; ACTRN12615001108505). 

 

5.2.2 Participants 

Forty post-menopausal Caucasian women from the Auckland region were recruited through 

newspaper advertisements and from the university community to participate in the study. 

Eligible subjects were required to have a BMI between 18 and 34 kg/m2 and be between 55-70 

years of age. Individuals with a medical history of cardiovascular or metabolic 

disease/conditions, and who were currently taking medications that may interfere with study 

endpoints were excluded from further participation in the trial. Participants were split into two 

equal groups; MetS, where assigned according to the IDF guidelines [434], or healthy controls.  

 

5.2.3 Experimental Design  

The randomised cross over trial was conducted at the Maurice and Agnes and Paykel 

Clinical Research Unit (MAPCRU) at the Liggins Institute, University of Auckland, Auckland, 

New Zealand. The mixed meals (Table 5-1) were formulated to be equal in all macronutrients; 

carbohydrates (73g), protein (40g), fat (13g) and calories (~585kcal), with the sole difference 

being the glycaemic index (GI).  

 

 

 

 

 

 

https://www.anzctr.org.au/Trial/Registration/TrialReview.aspx?id=368714
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Table 5-1: Macronutrient composition of each meal 

 
Serving 

Size 

Calories 

(kcal) 

Protein 

(g) 

Fat 

(g) 

Carbohydrates 

(g) 

Low Glycaemic      

WPI protein (g) unflavoured 30 116 27.7 0.3 0.15 

Anchor Butter (g) 10 72 <1.0 8.14 <1.0 

Vogel’s Ancient Grains (slices) 3 297 12.6 4.7 48.5 

Fructose (g) 25 100 0 0 25 

Total  585 40.1 13.1 73.6 

Macronutrient Composition (%)   28.1 20.1 51.6 

High Glycaemic      

WPI protein unflavoured (g) 30 116 27.7 0.3 0.15 

Anchor Butter (g) 12.75 92.3 <1.0 10.4 <1.0 

Budget White Bread (slices) 4 272 11.2 2.4 46.6 

Maltodextrin (g) 9 36 0 0 9 

Gatorade Orange (ml) 300 73.2 0 0 18 

Total  589 38.9 13.1 73.6 

Macronutrient Composition (%)   27.1 20.0 51.3 

 

Abbreviation: WPI, whey protein isolate. 

 

 

Participants were advised to maintain their dietary habits, body weight and physical activity 

levels, with strenuous exercise, dietary supplements and alcohol consumption suspended two 

days before trial days. Subjects arrived fasted (overnight); where anthropometric data were 

collected before a catheter was inserted into an antecubital vein and baseline sample (time 0) 

were taken followed by consumption of the breakfast within 10 minute timeframe. Four 

postprandial samples were collected for metabolomics analysis (30, 60, 120, 300 min) into 

EDTA blood collection tubes (BD, Mt Wellington, New Zealand), were samples were 

centrifuged at 1500 × g for 15 min at 4°C and the supernatants collected in microtubes and 

stored at -80°C until analysis.  
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5.2.4 Untargeted Metabolomics 

5.2.4.1  Sample Preparation 

The extraction was performed using a slightly modified protocol based on the method used 

by Armirotti et al, (2014) which is capable of generating extracts for both HILIC and lipid 

analyses from a single aliquot of plasma [384]. While both streams have been analysed, the 

content of this paper will primarily focus on polar metabolites (HILIC). Briefly, 100 µl were 

extracted by liquid-liquid extraction using a chilled (-20 °C) mixture of 800 µl chloroform: 

methanol (1:1), followed by agitation and held at -20 °C for 30 min. 400 µl of water was then 

added, the sample vortexed for 30 s and centrifuged for 15 min at 12,500 × g at room 

temperature to separate the aqueous (upper) and organic (lower) phases. 250 µl of the aqueous 

phase was evaporated to dryness under a stream of nitrogen and reconstituted in 300 µl of 

acetonitrile: water (1:1) containing 0.1% formic acid and 10 µg/ml d2-tyrosine as an internal 

standard. Extracts were placed in the LC auto sampler at 4°C for HILIC-MS analysis. Blank 

procedural samples were prepared exactly as the samples, but plasma was replaced with  

Milli-Q water. 400 plasma samples were collected from the trial and were randomised before 

any extraction procedures undertaken to avoid any systematic analytical batch and run-order 

effects. To verify and maintain data quality, a quality control (QC) sample comprising a pooled 

extract of all samples was injected once every 10 samples. Retention time, signal/intensity, and 

mass error of internal standards were monitored constantly to check instrument response 

variability and retention time shifts. 

 

5.2.4.2  Liquid chromatography-mass spectrometry 

Plasma extracts were analysed through HILIC-MS streams using both positive and negative 

ionisation modes separately. HILIC-MS conditions were as previously described in [269]. 

Briefly, compounds from a 2 µl aliquot of extract were separated using a 5 µm ZIC-pHILIC 

column (100 × 2.1 mm; Merck, Darmstadt, Germany) eluted with solvent A: acetonitrile with 

0.1% formic acid; and solvent B: 16 mM ammonium formate in water, at a flow rate of  

250 µl/min. Column effluent was connected to an electrospray source on a high-resolution 

mass spectrometer (Exactive Orbitrap; Thermo, San Jose, CA), and mass spectral data were 

collected in profile data acquisition mode covering a mass range of m/z = 55-1100 with mass 
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resolution setting of 25,000 and a maximum trap fill time of 250 ms using the Xcalibur software 

package (Thermo).  

 

5.2.5 Data analysis 

Data processing involved a series of steps aimed at converting raw mass spectrometry data 

to data matrices suitable for statistical analyses. Utilising the XCMS software [328]; peak 

detection, alignment and grouping along with noise elimination were carried out. The resultant 

peak table generated was subjected to run-order correction and batch normalisation utilising 

pooled QC samples and applying the LOESS regression model [334]. Finally, features with a 

CV of >30% within the pooled QC samples were removed.  

 

5.2.6  Targeted Metabolomics 

Ultra-high pressure liquid chromatography (UHPLC) was used to determine plasma AA 

concentrations, as previously described in [494]. Briefly, 20 µl of plasma was deporoteinised 

by mixing with 160 µl of 0.04 M H2SO4 tungstate precipitation (containing 15 µM of norvaline 

as the internal standard) and 20 µl of 10% Na2WO4 (sodium tungstate). The mixture was then 

centrifuged at 4°C and 14,000 × g for 10 min, where supernatant was then collected. The 

plasma AA concentrations from the supernatant were then measured by fluorescent 

derivatisation utilising the reaction of the amino-nitrogen with 6-aminoquinolyl-N-

hydroxysuccinimidyl carbonate and subsequent separation by UHPLC. Standards and QC 

samples were prepared and analysed similarly. The UHPLC system comprised of a Thermo 

Scientific Dionex Ultimate 3000 pump, auto sampler (maintained at 10 °C) and fluorescence 

detector set at excitation wavelength of 250 nm and emission wavelength of 395 nm (Thermo 

Scientific, Dornierstrasse, Germany). A 20 ul aliquot of the sample was separated using a 

Kinetex 1.7 µm C18 100A 100 x 2.1 mm column, preceded by a Krudkatcher inline filter 

(Phenomenex, Auckland, New Zealand) at 45°C. The mobile phase contained 80mM sodium 

acetate, 3mM trimethylamine, 2.67µM disodium calcium ethylenediaminetetracetic acid at pH 

6.43, run with a gradient of acetonitrile from 2 to 17% (balance, water) over 24 minutes. AA 

concentrations in the samples were calculated from standard curves generated for each AA 

from the standard injections. Chromeleon 7.1 software (Thermo) was used to capture the data.  
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5.2.7  Statistical Analysis 

Data from UHPLC and HILIC were separately analysed with a linear mixed-effects model 

(LMM) approach. This approach is an extension of linear regression, and entails the estimation 

of both fixed effects (i.e. the relation between the predictor of interest and the dependent 

variable) and random effects. Statistical analysis was done using  R (version 3.1.2) [495], where 

he “nlme” package [496] was used to perform LMM. Fixed effects were assigned as; ‘meal’, 

‘status’ and ‘time’ with the random effect being ‘participant’. For LMM, p-values of overall 

effects was determined using conditional F tests with Kenward-Roger correction degrees of 

freedom as implemented in the ANOVA function from the package car (version 2.0-21). P-

values for differences between levels of categorical predictors were determined using 

parametric bootstrapping as implemented in lme permmodels function, with 1000 

permutations. There are three levels of results produced by LMM: the significance of the 

overall model for each metabolite, the significant of the independent variables and their 

interactions at the status, meal, time, meal-by-time, status-by-time, meal-by-status-by time (3-

way interaction) and (for post-hoc testing) the significance of between-groups and within-

groups effects at each time point. The sequence is to test 1) global fit of the model, if significant 

then test 2) variable and interaction level fit; and if significant test 3) post hoc at individual 

time points. Multiple comparisons were corrected by controlling the false discovery rate (FDR; 

p<0.05) [497], using the R “predictmeans” package (version 1.0.1) [498].  

 

The global performance of each biomarker model was evaluated using the Area Under the 

Curve (AUC). Other R packages essential for manuscript preparation, graphics, and additional 

analyses include tidyverse [499] 

 

5.2.8 Compound Identification 

Feature annotation were performed on significant features generated from the linear mixed 

models (LMMs) for each interaction by matching peak identification data (accurate mass and 

retention time) against a local library of authentic standards run under identical conditions. If 

no hit was successful, significant features were searched against the public domain databases 

HMDB [284] and METLIN [500] (a mass error tolerance of 5ppm was used). Feature 
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annotation were classed based on the level of confidence according to The Metabolomics 

Standards Initiative [346].  

 

5.2.9 Pathway analysis, network visualisation and data 

mining 

The recorded compound names were converted into KEGG numbers and were inputted to 

Metaboanalyst version 4.0 [501] and Cytoscape [364] for further enrichment and pathway 

analysis. MetScape [45] software running on Cytoscape (version 3.4.0) was used to visualise 

and interpret metabolites in the context of a global metabolic network. Networks are defined 

as a set of nodes (metabolites) and edges (connecting lines) among them. To measure the 

topological properties of the network, number of nodes and  betweeness centrality was 

calculated using Network Analysis plugin available in Cytoscape [502]. 

 

5.3 Results 

5.3.1  Fasted metabolic profiles  

The age of the participants in the healthy and MetS groups did not differ significantly. MetS 

women were characterised and classified using the IDF scoring system by larger waist 

circumference (p< 0.01), higher BMI (p<0.001). In addition, MetS women had elevated 

plasma glucose (p=0.003) and alanine aminotransferase (ALT) (p=0.007) compared to the 

women classified as healthy (Table 5-2). Furthermore, amino acid baseline profiles 

demonstrated that the BCAA’s (leucine, isoleucine and valine), plus alanine and tyrosine were 

also elevated in MetS women (p<0.05; Table 5-2). 

 

 

Table 5-2: Baseline characteristics 

 

Healthy women 

(n=20)  

MetS women 

(n=20)  

Subject characteristics:   
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 Age (years) 63.46 ± 1.00 63.00 ± 1.26 

 BMI (kg/m3) 24.32 ± 0.71 29.00 ± 0.66*** 

 Fasting Plasma Glucose (mmol/l) 5.51 ± 0.12 6.0 ± 0.11* 

ALT 12.59 ± 1.71 21.81 ± 2.78* 

 HOMA-IR 
1.48 ± 0.15 

3.00 ± 0.27*** 

 

IDF measurements for MetS:   

Waist Circumference (cm) 80.4 ± 2.2 93.8 ± 1.7*** 

Systolic Blood Pressure (mmHg) 121.6 ± 3.0 139.2 ± 3.0*** 

Diastolic Blood Pressure (mmHg) 67.0 ± 2.2 72.0 ± 2.3 

Triglycerides (mM) 0.91 ± 0.06 1.40 ± 0.10 

HDL (mM) 2.1 ± 0.08 1.7 ± 0.1** 

Fasting Plasma Glucose (mmol/l) 5.51 ± 0.12 6.0 ± 0.11* 

Branched-Chain Amino Acids:   

 Isoleucine 52.82 ± 1.23 65.9 ± 5.12 * 

 Leucine 110.52 ± 3.33 133.23 ± 9.76* 

 Valine 202.75 ± 4.74 245.51 ± 16.39* 

All Other Essential Amino Acids:   

 Histidine 60.07 ± 1.88 69.72 ± 8.45 

 Lysine 178.99 ± 8.47 206.1 ± 9.30 

 Methionine 19.11 ± 1.14 21.32 ± 2.42 

 Phenylalanine 55.35 ± 2.05 62.98 ± 6.15 

 Threonine 35.94 ± 1.41 37.74 ± 0.64 

Non-Essential Amino Acids:   

 Alanine 333.79 ± 14.9 411.21 ± 18.55** 

 Arginine 85.00 ± 3.95 93.86 ± 10.40 

 Asparagine 38.61 ± 1.70 42.22 ± 3.61 

 Aspartic Acid 10.41 ± 0.95 10.95 ± 0.54 

 Glutamic Acid 407.15± 117.78 335.81 ± 83.78 

 Glutamine 363.09 ± 27.44 409.66± 37.30 

 Glycine 367.10± 53.12 506.99± 72.68 

             Serine 111.15 ± 3.68 112.39 ± 10.46 

 Tyrosine 61.66 ± 1.92 74.17 ± 5.31* 

Non-proteogenic Amino Acids:   

 Citrulline 160.87 ± 25.56 163.47 ± 17.35 

 Ornithine 53.35 ± 3.15 53.7 ± 2.72 

 
Values represent means ± SEM. Amino acid values measured in µmol/l. HOMA-IR: Homeostatic model 

assessment of insulin resistance. Significance was determined by Student’s t-test. *P<0.05, **P<0.01, 

***P<0.001 compared with younger adults. 
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5.3.2  Postprandial responses 

5.3.2.1  HILIC analysis 

The validity and stability of the HILIC data were evaluated by PCA score plots using the 

QC samples measured during the experimental period. PCA score plot representation analysis 

demonstrated no obvious run-effects for metabolites obtained in positive and negative ion 

modes (Supplementary Figure 7-4). A total of 203 features were extracted after data processing 

procedures, with 140 and 63 detected in positive and negative ionisation mode respectively.  

 

LMM analysis revealed 23 features that exhibited interactions; 2-way interactions (status × 

time, meal × time) and 3-way interaction (status × meal × time), where 19 was identified and 

4 remained unknown classified by levels of confidence (Supplementary Table 7-3). Amino 

acids; phenylalanine, tryptophan and leucine (Figure 5-1A,B&C, respectively) exhibited a 3-

way interaction at 30 min, in which LGI intake was elevated higher than HGI in healthy women 

(p<0.05). Valine (Figure 5-1D) was elevated at 30 min in healthy women post LGI intake 

compared to HGI (p=0.029). At 120 min valine (Figure 5-1D; p=0.012) and arginine  

(Figure 5-1E; p=0.04), were elevated post HGI intake in healthy woman compared to MetS 

women. Furthermore, valine and arginine were elevated in healthy women post HGI 

consumption compared to LGI intake (p<0.05). HGI intake resulted in higher carnitine (Figure 

1f; p=0.015), urea (Figure 5-1G; p=0.015) and lactic acid (Figure 5-1H; p=0.028) at 30 min 

in MetS women compared to healthy individuals. In healthy woman, carnitine was lower post 

HGI intake compared to LGI (p=0.011). At 60 min, lactic acid was elevated in MetS women 

post LGI intake compared to HGI intake (p=0.021) to healthy women who consumed the LGI 

meal (p=0.021).   
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Figure 5-1: Three-way interaction from HILIC analysis 

 

Values represent mean ± SEM in peak intensity. η p<0.05 represents difference between LGI and HGI in healthy 

women, λ p<0.05 represents difference between LGI and HGI in MetS women, δ p<0.05 difference between 

healthy and MetS women for HGI, ε P<0.05 difference between healthy and MetS following consumption of 

LGI). 
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Threonine (Figure 5-2A; p=0.011) and methionine (Figure 5-2B; p=0.032) demonstrated a 

higher iAUC in Healthy women compared to MetS. There was an interaction in iAUC for 

alanine (Figure 5-2C), with the LGI intake in healthy women reduced compared to MetS 

women. Post HGI intake, MetS women had a lower AUC compared to healthy women. Proline 

(Figure 5-2D) exhibited a higher AUC post LGI intake compared to HGI (p=0.0062).  

 

 

 

Figure 5-2: iAUC of HILIC metabolites 

 

Area under curve (AUC) for 300 mins following ingestion of LGI and HGI meals in both MetS and Healthy 

women. (A) Threonine and (B) Methionine * p< 0.05 between Healthy and MetS. (C) Alanine and (D) Proline # 

p<0.05 between LGI and HGI. Error bars represent standard error of mean. 
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5.3.2.2  UHPLC analysis 

The targeted quantification of 19 AAs were plotted into a heatmap (Figure 5-3) based on 

fold change relative to fasted healthy women for each meal. LMM performed on the 19 AAs 

demonstrated 11 AAs to exhibit 2-way interactions (status × time and meal × time; 

Supplementary Table 7-3). The white box outlines represented by a status × time interaction, 

green demonstrate a meal x time interaction and blue denotes both a status × time and meal × 

time interaction. Five AAs; valine, leucine, methionine, threonine and alanine were detected 

on both HILIC and UHPLC analysis and demonstrated similar trajectories. Two AAs; 

phenylalanine and arginine were identified in both analytical streams but did not exhibit 

significant interactions in the targeted UHPLC analysis.  
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Figure 5-3: UHPLC heatmap 

 

A heatmap summarising the UHPLC analysis of 19 amino acids. Blocks within the heatmap provide insight into how specific metabolites (rows, labelled at right) have difference 

abundance levels at different timepoints and meals (columns, labelled at bottom). Within each row, colours are on a scale dark for fold change levels to beige for high fold 

change. ┼ denotes metabolites detected in both HILIC and UHPLC analysis. 
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5.3.3 Metabolic pathway analysis 

All significant metabolites from both HILIC and UHPLC were pooled giving a total 28 

identified metabolites for pathway analysis by Metaboanalyst 4.0. There were six significant 

pathways (FDR < 0.05) and eight pathways with high impact (> 0.1; Table 5-3). 

 

 

Table 5-3: Pathway analysis performed in Metaboanalyst 

Pathway Name 
Total Compounds 

a 
Hits b Raw p c -Log (p) Impact d 

Aminoacyl-tRNA biosynthesis 75 14 1.68E-15 1.34E-13 0.113 

Valine, leucine and isoleucine biosynthesis 27 4 0.00015 0.00635 0.0398 

Nitrogen metabolism 39 4 0.00068 0.018 0.0076 

Arginine and proline metabolism 77 5 0.00114 0.02284 0.310 

Glycine, serine and threonine metabolism 48 4 0.00151 0.0241 0.233 

Phenylalanine, tyrosine and tryptophan 

biosynthesis 
27 3 0.00275 0.0367 0.008 

Alanine, aspartate and glutamate 

metabolism 
24 2 0.0267 0.194 0.102 

Tryptophan metabolism 79 2 0.209 0.853 0.108 

Phenylalanine metabolism 45 2 0.288 1 0.119 

Pyruvate metabolism 32 1 0.214 0.908 0.137 

Lysine degradation 47 1 0.402 1 0.146 

 
a Total compound is the amount of compounds involved in the pathway.  
b Hits is the matched number from the user uploaded data.  
c The raw p is the original p value calculated from the enrichment analysis.  
d Impact value is calculated from pathway topology analysis for comparison among different pathways. It 

represents the cumulative percentage of importance for the matched metabolite nodes involved in a pathway. The 

importance of each metabolite node is calculated from centrality measures and represents the percentage with 

regard to the total pathway importance. 
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5.3.4 Network building and topological analysis  

A representative metabolic network of 394 nodes was constructed based on the Cytoscape 

plugin MetScape, which gives a holistic view of disrupted metabolism (Figure 5-4). 

Furthermore, topological analysis identified the top ten key nodes with the highest degree and 

betweenness (Table 5-4). Phenylalanine, leucine, alanine and arginine are considered 

metabolic hubs based on their topological parameters.  

 

 

Table 5-4: Topological parameters of key metabolites in MetS women response to LGI or 

HGI 

No Compound name Kegg ID Degree Betweenness 

1 L-Phenylalanine C00079 23 0.70355731 

2 L-Leucine C00123 17 0.44071146 

3 L-Alanine C00041 16 0.57317073 

4 L-Arginine C00062 16 0.58780488 

5 Uridine C00299 12 1 

6 kinetensin CE5786 12 0.05335968 

7 L-Methionine C00073 10 0.85714286 

8 UMP C00105 10 0 

9 Pyruvate C00022 10 0.05731707 

10 L-Tryptophan C00078 9 0.9047619 

 

Note: the degree of a node is the number of edges associated to it, and the betweenness of a node is the number 

of shortest communication paths between different pairs of nodes. KeggID is an identifier for metabolites that are 
generated from KEGG compound database.  
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Figure 5-4: Network analysis of all significant metabolites 

 

Metabolites that are significant from the LMM are shown in red, existing compounds that populate MetScape 

systems are shown in pink. 
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5.4 Discussion 

A growing body of evidence suggest the dynamic responses to nutritional interventions for 

an individual provides more information than measures of the fasted state [265,267,475]. This 

study was performed with the aim of covering the metabolic perturbations of MetS individuals 

in response to mixed meals interventions compared to healthy individuals. Global profiling 

covered over 200 metabolites where, 23 features of which nine AAs demonstrated postprandial 

differences induced by metabolic risk or GI or a combination of both. An independent targeted 

analysis through UHPLC revealed 11 metabolites to quantifiably exhibit postprandial 

differences. Five AAs displayed the same metabolic trajectories in both untargeted and targeted 

analysis. A high protein, low fat meal was selected from reported evidence demonstrating 

effects on metabolic parameters including glycaemia and insulinemia [113,503,504]. Branched 

chain amino acids (BCAAs); leucine and valine along with aromatic amino acids (AAAs); 

phenylalanine and tryptophan had a higher and faster rate of appearance in healthy women, 

specifically after the LGI meal was consumed. In addition, threonine and methionine had a 

higher AUC in healthy women, with proline exhibiting a higher AUC post LGI intake. Network 

explorations were also performed on the targeted and untargeted analysis and revealed seven 

pathways to be disturbed, which have previously been linked with T2DM [505]. In addition, 

phenylalanine, leucine and alanine were identified as metabolic hubs highlighting their central 

importance in metabolic processes and their clinical relevance in achieving postprandial 

control. Thus, this acute intervention has demonstrated increase in metabolic risk diminishes 

postprandial responses of key EAAs involved in signalling cascades and energy utilisation. 

 

5.4.1 Fasted AA profiles 

The AAAs; phenylalanine and alanine were elevated in MetS women in the untargeted 

analyses, which was further validated in the targeted AA analysis. In addition, the targeted 

analysis revealed; isoleucine, leucine, valine and tyrosine to all be higher in MetS women. 

Many large scale epidemiological studies characterise the abnormal manifestation of BCAAs 

and AAAs in obesity, and T2DM [226,506]. Further, mounting evidence supports the role of 

dysregulated BCAA metabolism in cardiometabolic health [507]. Thus our fasted findings add 

emphasis to previous studies on insulin resistant individuals and suggest the altered BCAA and 
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AAA profile occurs at a very early stage on the T2DM and CVD spectrum 

[228,245,451,485,489]. 

 

5.4.2 Valine, leucine, isoleucine biosynthesis 

The pathway of valine, leucine and isoleucine biosynthesis consisted of four identified 

metabolites; threonine, leucine, valine and isoleucine, which all had the highest transient rise 

immediately in healthy women who consumed the LGI meal. This observation corroborates 

with previous mixed meal investigations, where an observable increase of AAs is seen in 

circulation when protein intake occurs [293,295,508]. This suggests, the immediate breakdown 

of protein releasing AAs into the blood circulatory system for further utilisation in biosynthetic 

pathways, e.g. biosynthesis of protein metabolism [222] and modulation of glucose.  

 

The aberrant metabolism of BCAAs is well known to contribute to insulin resistance and 

thus used as biomarkers in predicting diabetes progression [225]. Our investigation provides 

insights into the perturbed postprandial kinetics of BCAAs metabolism in MetS women, which 

were demonstrated to be blunted and delayed in appearance compared to healthy women 

(Figure 1c-d). Postprandial BCAAs are strongly associated with the actions of insulin [509], 

however, the mechanism associated remains under debate. It has been previously suggested a 

blunted AA response leads to lower AA uptake and reduced clearance from circulation, with 

similar observations in OGTT studies [288]. However, recently, it was  revealed a lower BCAA 

response is only partly explained by insulin resistance, and demonstrated cellular uptake of 

BCAAs is not influenced by insulin resistance [295]. Further, the consequence is compounded 

by leucine identified as a ‘metabolic hub’ in this trial by topological analysis. Leucine is a 

potent stimulator of mTOR and by extension protein synthesis and along with valine and 

isoleucine are essential amino acids (EAA’s) required as the building blocks of skeletal muscle 

[510]. BCAAs are well recognised for their role as dietary interventions for sarcopenia [511], 

where skeletal muscle is a major site of insulin action [512]. Thus, it highly important to 

delineate the impaired insulin action on BCAA metabolism.  
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5.4.3  Nitrogen and phenylalanine, tyrosine & 

tryptophan metabolism 

Phenylalanine, tyrosine, tryptophan and asparagine all increased the highest in women who 

consumed the LGI and were identified to be part of nitrogen metabolism and phenylalanine, 

tyrosine and tryptophan metabolism. The AAA’s postprandial responses are closely aligned 

with the BCAAs, where the transient increases are highest post LGI intake and more 

specifically in healthy women. The AAAs are also EAAs, where their metabolic fate is largely 

governed by insulin [288,513]. A lower insulin response resulted in a higher transient 

appearance of AAAs, which suggests greater availability with this meal. The AAAs are 

precursors to neurotransmitters serotonin and epinephrine, where abnormal fluctuations can be 

detrimental to sleep, cognitive decline and increased metabolic risk. Phenylalanine was 

identified as the most important metabolic hub with 23 degrees, further emphasising its central 

role in biological processes. In addition, the postprandial AUC of phenylalanine along with 

tyrosine and isoleucine been implicated as stronger predictor of fasting glycaemia then fasted 

measures of the same three metabolites [299].  

 

5.4.4 4.4 Arginine and proline metabolism  

Arginine and proline metabolism consisted of five metabolites; citrulline, arginine, proline, 

creatine and urea which were all increased between 30-80% between 30-120 minutes in healthy 

women post LGI intake excluding urea. Arginine displayed a prolonged appearance in healthy 

women post HGI intake, with MetS women demonstrating a reduced appearance for both 

meals. Arginine exhibits vast versatility and has the ability to activate AMPK and mTOR, 

resulting in higher insulin secretion and glucose uptake [284]. Further, arginine is synthesised 

by citrulline and is the precursor to nitric oxide synthesis, playing an important role in 

vasodilation and is cleaved by the enzyme arginase-1 to form urea [393]. As arginine is the 

central metabolite in this pathway, the heightened appearance in healthy women is beneficial 

to promote vascular homeostasis and mitochondrial biogenesis and reduce inflammatory 

responses [514,515].  
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5.4.5  Glycine, serine & threonine metabolism 

Glycine, serine and threonine metabolism was identified in Metaboanalyst, with Cytoscape 

demonstrating alanine to be part of this network, further highlighting the need to use a 

combination of network mapping tools. Alanine’s importance is highlighted as being a key 

metabolic hub in this study with 16 degrees, emphasising its importance in the postprandial 

phase. Importantly, alanine provides a physiological balance for glucose and proline via 

glutamate in the TCA cycle [516,517]. Alanine aminotransferase (ALT), is responsible for 

conversion of pyruvate to alanine, which was increased in MetS women in this trial and 

consistent with previous observations suggesting liver dysfunction [518]. Concomitantly, 

alanine was elevated in MetS women in the postprandial phase for both meals, suggesting its 

kinetics are largely influence by metabolic risk. Fasted creatine has previously been associated 

with MetS [519] and plays a fundamental role in energy buffering. Creatine immediately 

increased by 15% in healthy women, while in contrast it decreased by 10% in the MetS women. 

This implies in the postprandial phase, the utilisation of creatine is disturbed in MetS 

individual, with downstream effects on energy utilisation. Serine has been strongly associated 

with impairments in fasting glycaemia [295] and negatively correlated with insulin resistance 

and MetS [483,520]. Further, serine serves as the precursor to sphingolipids, which are higher 

in MetS individuals [444] and contribute to insulin resistance [521]. Our pathway analysis 

strongly suggests a disrupted serine metabolism, which can drive the dysregulation of 

sphingolipid metabolism.  

 

5.4.6 Glycolysis  

Lactic acid is the end product of glycolysis and involved in the Cori cycle, where it is 

converted in the liver by gluconeogenesis to glucose, providing the required energy to cells 

[522]. Lactic acid increased in MetS compared to healthy women within 60 min, with the HGI 

providing a greater response than the LGI (Figure 5-1H). The delayed utilisation of BCAAs 

and AAAs in MetS women, would suggest that this group requires other sources of fuel for cell 

energy, such that of lactic acid and alanine through the Cahill cycle. This is supported by 

claims, which advocate pyruvate is dysregulated in insulin resistant individuals. [523]. 

Carnitine is a well-established acyl group carrier promoting the increase of activity of pyruvate 

dehydrogenase and consequently of glucose catabolism [519]. A prolonged increase of 
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carnitine is seen in MetS women, post meal intake, which would suggest deficiencies in the 

long chain fatty acid metabolism [524].  

 

5.4.7 Limitation and strengths 

A strength of this study is the emphasis given to the postprandial kinetics, which allowed 

better insight metabolism of AAs. Through the use of an exploratory analysis, we uncovered 

the trajectories on a substantial range of AA that differed by GI. Further we compared the 

postprandial analyses between two distinct groups varying in disease risk. Execution of LMMs 

proved advantageous in exploring the kinetics of metabolites over time and captured the 

trajectories of metabolites, which we regulated by the fixed effects investigated (status, meal 

and time). MVA tools of PLS-DA and by extension OPLS-DA, traditionally used in 

metabolomics data analysis, failed to capture biologically meaningful representations of the 

time-series data due to limitations in observing two continuous variables simultaneously (time 

and meal). A limitation of the trial, was the one analytical stream used in the untargeted 

approach. Our sample cohort was composed of post-menopausal women, so it cannot be 

assumed that the findings would be similar in other populations at risk of MetS. 

 

5.4.8 Conclusion 

In summary, we performed an integrated and comprehensive metabolomics investigation on 

the amino acid metabolism in MetS individuals, providing a holistic contextualisation of the 

networks disrupted in the postprandial state. On the molecular level, our results demonstrated 

an increase in BCAAs and AAAs in healthy women post LGI intake. The reduced and delayed 

elevations of BCAAs and AAAs along with a smaller AUC of threonine and methionine  in 

MetS women have important implications for insulin signalling, anabolic stimulus of skeletal 

muscle and energy substrate utilisation. This is reflected in a disruption in pathways identified 

by network analysis; glycolysis and valine, leucine and isoleucine biosynthesis. Overall, our 

results demonstrate, the postprandial kinetics of BCAAs and AAAs are dysregulated following 

meals  a high protein meal in women at increased risk of cardio-metabolic disease. This leads 

to disruptions in pathways of energy utilisation and can may play a role in the aetiology of 

MetS.  
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6.1 General Summary 

This thesis was designed and scoped by the complexities of diet and its contribution to 

disease risk in elderly adults. To explore the impact of metabolic dysregulation, non-targeted 

analytical techniques were employed to two separate clinical trials, where each study addressed 

a specific component of precision nutrition. One of the ultimate goals of precision nutrition is 

the design of tailored nutritional recommendations to treat or prevent metabolic disorders 

[303,304,307,525]. Specifically, precision nutrition pursuits to develop more comprehensive 

and dynamic nutritional recommendations based on shifting, interacting parameters in a 

person’s internal and external environment throughout life [305,525,526]. Thus, this thesis has 

provided significant advancement in this discipline by firstly; developing a novel methodology 

for untargeted postprandial analysis. This includes the use of linear mixed models to delineate 

time-series data and network analysis. Secondly, the findings from each analysis have provided 

insights into the impact of diet on the metabolome through habitual diet and postprandial 

investigations.  

 

The fundamental goal of precision nutrition lies in accurately conjecturing the course of 

systems adaptations in individuals based on an overall evaluation of metabolic data [306]. The 

studies in this thesis have aimed to achieve this goal by providing accurate profiling of aging 

and MetS individuals and their response to interventions of high protein intake. The complexity 

of precision nutrition requires a systems solution, not only from a homeostatic viewpoint but 

also in the dynamic response to external stimuli [304,526,527]. The trend towards precision 

nutrition is the result of firstly, nutrition research that provides a better understanding of how 

diet affects health; secondly new technology that enables better and continuous measurements 

of markers of individual health; thirdly, new analytical tools that interpret this flow of data and 

transform it into a holistic approach tailored towards an individual’s needs.  

 

Metabolomics stands as the cornerstone of precision nutrition as it has enabled 

comprehensive measurements of molecular components underlying complex metabolic traits 

known as the metabolic phenotype or signature [185,528–532]. Metabolomics use in dietary 

patterns has primarily been applied as objective markers of food intake in nutritional 

epidemiology [277,280,373,407]. However, its use as a tool in precision nutrition to assess the 

manipulation of dietary patterns to monitor health outcomes of metabolic profiles are 
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understated. Personalised nutrition tailors dietary recommendation to specific biological 

requirements on the basis of a person’s health status and goals [304].  

 

Non-targeted analytical techniques are ideally positioned to be applied to precision nutrition 

and have recently begun to be utilised as a tool to develop dynamic nutritional guidelines. Mass 

spectrometry is an excellent tool for non-targeted analysis because of its capability to detect a 

wide array of primary and secondary metabolites [187,188,523]. These include metabolite 

classes; amino acids, lipids, nucleotides and microbiome bacteria. High-resolution mass 

spectrometry (HRMS) can provide detection of a large number of components by utilising the 

resolving power of the mass spectrometer to separate metabolites of the same mass [533,534]. 

When coupled with chromatographic techniques such as UHPLC, the combined resolving 

power of the modern LC-MS instrumentation can rapidly separate highly complex biochemical 

mixtures and thus provide a vast amount of data.   

 

Large-scale untargeted and targeted studies have described the abnormal metabolic profiles 

of individuals at high risk of CVD and T2DM [218,221,225,229,231,232,253,535]. Such 

analyses have provided significant insights, such that the metabolic signatures of individuals 

with elevated disease risk are identified earlier with better predictors than traditional markers 

of health [233,254,257]. Whilst these findings have highlighted the importance of 

incorporating metabolomics into the identification of high risk health profiles, these 

measurements are focussed on the fasted state. In line with the dynamic model of health, the 

influence of diet on metabolic profiles, particularly those with high disease risk remains rare. 

To achieve the goals of precision nutrition, further studies of nutritional intervent ions are 

required to elucidate the role diet plays in modulating biological mechanisms involved in 

individuals with disease risk.  

 

Thus, this thesis was formulated by the relatively unknown contribution of diet on the human 

metabolome, particularly in an elderly population who are at high risk of developing metabolic 

diseases. To explore the impact of diet through dietary interventions an untargeted strategy was 

employed, aimed at capturing metabolic profiles. Firstly, a high protein diet was carefully 

prescribed through habitual intake for 10 weeks. This aimed to characterise the changes 

associated with high protein diet on a molecular level with phenotypic measures of sarcopenia, 

such as muscle size and strength.  
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The second dietary intervention was a postprandial investigation of elderly individuals who 

are classified as MetS and have an established increased risk of CVD and T2DM onset. These 

meals, were constituted by high protein, low fat along with either high or low glycaemic index. 

Each component of the meal was selected based on their effects on glycaemic control and 

evidence on metabolic parameters. The untargeted analysis of postprandial dietary intervention 

analysis currently was split, as three analytical instruments were used to cover the postprandial 

metabolome. A lipidomic analysis was performed to cover the full range of lipids 

encompassing the postprandial lipidome. Very few studies exist in this space, as the complexity 

of lipids and their role in disease risk is difficult to decipher. The second analysis, performed a 

unified untargeted and targeted metabolomics approach. This allowed for global profiling of 

metabolites, subsequently followed by a targeted approach to quantify findings. Overall, this 

thesis presents one of the strongest metabolomics approaches to dietary interventions to date 

by using multiple instruments and combining both untargeted and targeted methods.   

 

6.2  10 week intervention 

Currently, the public health dietary recommendations are based on averages of population 

data. The need to address the health burden associated with an aging population, require these 

recommendations to be revisited [80]. The current WHO recommendation of 0.8 g ·kg-1·d-1 for 

protein intake is in the spotlight for its lack of appropriateness for the elderly population [378].   

 

This study demonstrated three key points: firstly, the metabolic profiles of individuals after 

dietary interventions can be correlated with phenotypic end-point measurements. Aging or 

sarcopenic phenotypic markers of lean muscle mass and strength increased after 10 weeks 

2RDA [368] and were associated with  a higher appearance of anabolic  plasma metabolites; 

urea, carnitine and creatine. In addition, metabolites, which are key regulators of pathways 

were identified by network analysis. Glutamic acid, glutamine and arginine were considered 

metabolic hubs due to their high centrality across the seven pathways identified. Well known 

dietary patterns have used metabolomics as markers of intake [280,373,407,486]. However, we 

recommend that measurements of end-point clinical markers of disease should be incorporated 

with the use of dietary patterns. This allows for the analysis of how real foods exercise an 

impact on health.  
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Secondly, our metabolic data along with phenotypic outputs of a 2RDA demonstrated the 

beneficial effect of increasing protein intake for elderly individuals. This includes on a 

molecular level, of which metabolites and pathways markers of anabolism were induced after 

the 2RDA diet. Specifically, markers of amino acid flux and nitrogenous oxidative metabolism; 

urea and creatine coincided with an increase in muscle strength and size. However, an RDA 

diet reported reduced lean muscle mass [368] along with an increase in glutamine and glutamic 

acid. This study can comprehensively recommend a 2RDA diet for elderly individuals.  

 

Thirdly, the use of metabolomics to discover markers of dietary intake was evident with the 

observation of TMAO and uric acid. These findings are important as dietary patterns can 

manipulate the level of these metabolites reportedly associated with health risk.  TMAO was 

increased in the 2RDA, suggesting it is a marker of high protein intake. TMAO, a metabolite 

produced by the interaction of gut bacteria with dietary intake of phosphatidylcholine and 

carnitine, components found in meat-based diet, has been associated with CVD risk, although 

the results are not entirely consistent. In addition to red meat, fish intake likewise gives rise 

pronounced increases in urinary and plasma TMAO [412,536,537]. This circumstance must be 

considered paradoxical as fish consumption is recognised to be beneficial for cardiovascular 

health, and therefore shows there are many aspects around TMAO and impact on 

cardiovascular health remains unexplained [538,539]. An elevated plasma uric acid is common 

finding in patients with hypertension, obesity, T2DM and CVD [540]. The finding of an 

increase in uric acid in the RDA diet, not only suggests it is a marker of insufficient protein 

intake but may also be involved in the progression towards CVD.   

 

Further studies are required to improve the understanding of the metabolic consequences of 

the changes seen in metabolites after dietary interventions. Specifically this must be done 

elderly individuals of impaired metabolic function, to understand how these metabolites are 

related to phenotypic outcomes. Whilst, this study can interpret the findings of urea and 

carnitine, the increased appearance of tryptophan and 2-amino adipic acid (2-AAA) after the 

2RDA will require further investigation to elucidate their metabolic consequences.  

6.3  Postprandial metabolomics 

The manipulation of a high protein diet demonstrated systems adaptations of metabolic 

profiles in an elderly cohort. This study laid the platform to measure the component of 
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personalised nutrition known as ‘systems flexibility’. Systems flexibility allows the real-time 

evaluation of metabolism and other processes that maintain homeostasis following an external 

challenge [304]. A tightly regulated control network ensures that energy is properly distributed, 

utilised and stored and the plasma concentrations of essential metabolites are kept in 

homeostasis. The maintenance of homeostasis is continuously adapting to changing conditions. 

However, under repetitive pressure, the preservation of homeostasis comes at a cost, where 

master regulators (i.e. insulin and glucagon) are ineffective and leads to loss of flexibility 

[304,525]. Once, the body cannot adapt, the risk of metabolic disease increases 

exponentially[304]. Traditionally, systems flexibility has been measured using the OGTT 

model, which has demonstrated a reduced control of homeostatic processes in individuals with 

high disease risk [244,286–289]. However, mixed meals represent a more physiologically 

appropriate method of measuring systems flexibility of high-risk individuals. The mixed meal 

design of high protein, low fat in combination with either high or low GI are macronutrient 

components that have garnered attention for their roles in health.  

6.3.1 Lipidomics 

Firstly, an untargeted lipidomic analysis was performed that identified 200 lipid species. 

The lipidomic profiles of MetS women, implicated PE, PC and SM species being elevated in 

the fasted state. Previous lipidomic studies, have indicated individual lipid species are better 

predictors of CVD risk, thus this study has unveiled specific species associated with disease 

risk. Critically, the lipid species SM34:1 identified in this analysis adds to a growing body of 

evidence that is associated with CVD risk [254,541].  

 

The consumption of a low fat meal revealed increased appearance of seven SMs and three 

ceramide species. SMs and ceramides are found in VLDLs, where insulin is decisive for the 

endogenous postprandial mobilisation. Our lipidomic study demonstrates the need to explore 

the systems flexibility of lipid species rather than lipid classes. A cumulative score for all 

ceramides and SMs did not reveal any postprandial differences, but rather the trajectories 

movements of specific species. However, the interpretation of this finding is difficult to 

elucidate as the lipid composition of species and their biological role is still a relatively new 

concept.  

 



140 

 

Firstly, our findings highlight the immense complexity of the lipidome with a number of 

novel species being identified with little or no information regarding their biological roles. 

Whilst, the results from this study highlighted lipid metabolites already established as markers 

of CVD risk, it also presented with new novel lipid species elevated in post-menopausal MetS 

women. These lipid species will require further targeted approaches to confirm their association 

with CVD risk as is required when performing untargeted approaches. Furthermore, the 

understanding of how specific species and their structure are involved in the progression of 

disease risk requires strategies that involve in vivo and in intro studies. Secondly, whilst there 

were limited postprandial differences between healthy and MetS women, the meals provided 

were low in fat content, thus a high fat intake, would provide more insights into metabolic 

handling of the lipidome. Although, Bonham et al, (2013) [301] demonstrated no difference in 

chylomicrons lipidome profiles between MetS and healthy subjects in response to a high fat 

meal, a full lipidomic approach would be a more suitable approach. Our results have already 

demonstrated the endogenous response contributes to metabolic profiles, through the 

observations of SM and ceramide species. Lipoprotein profiling would therefore complement 

lipidomics in providing a more accurate picture of metabolic handling.  

6.3.2 HILIC 

The last study performed a strong synergistic metabolomics approach of global explorations 

and quantification for postprandial analysis of MetS and healthy women in response to mixed 

meals. An untargeted HILIC analysis of polar compounds was conducted in conjunction with 

a targeted analysis of 20 amino acids, which revealed dysregulation of AAs. The fasted profile 

of MetS women displayed elevated levels of BCAAs along with alanine, all of which have 

previously been associated with T2DM and CVD risk. Our results indicate the increased 

appearance of plasma BCAAs occurs at a very early stage on the trajectory towards T2DM and 

CVD. This finding highlights the need to profile individuals incorporating the elevated BCAAs 

at an earlier stage of disease risk as it is a stronger predictor than traditional measurements.   

 

Postprandial analysis revealed key findings at both the molecular and network level. The 

appearance of faster and larger postprandial peaks in AAAs and BCAAs were observed in 

healthy women. The diminished postprandial appearance of BCAAs and AAAs observed MetS 

women, suggests metabolic inflexibility occurs in the regulation of AAs. These observations 

are supported by previous studies of mixed meals in disease risk individuals, however, their 
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implications of systems flexibility on a systems basis has not been described 

[294,295,299,508]. The diminished BCAAs and AAAs has deleterious effects on downstream 

anabolic signalling pathways, including the activation of mTOR and its downstream effectors.    

 

Secondly we demonstrated dysregulations in AA pathways providing insights into systems 

flexibility at a network level. Pathway analysis revealed six pathways, centred on amino acid 

metabolism to be disturbed. Furthermore, network analysis revealed phenylalanine, leucine and 

alanine as metabolic hubs in the postprandial phase, which are key metabolites in pathways 

regulating energy expenditure such as glycolysis and anabolism. Further, postprandial studies 

are required to follow suit in investigating systems flexibility on a network level. Due to their 

structural and functional connections, metabolic hubs integrate a highly diverse set of signals 

and are in a position to control the flow of information between relatively segregated parts of 

the metabolic network [542].  

 

Finally, the analysis of AAs and lipids gave rise to deep phenotyping based on systems 

flexibility and thereby elegantly demonstrated how the explorative nature of metabolomics 

might generate new knowledge in our pursuit towards precision nutrition. Currently, there are 

limited postprandial studies utilising untargeted metabolomics. Additionally, the use of 

network analysis is even less characterised in studies of disease risk individuals.  

 

Combining kinetic measurements of metabolic networks with metabolomics technologies, 

or expanding to real-time imaging technologies or isotope labelling, will yield valuable 

information that will undoubtedly provide the scientific community with a new breadth and 

depth of knowledge that changes how we understand our food. Stratifying individuals by 

systems flexibility represents a pillar of ‘deep phenotyping’. One of the advantages of 

stratifying populations according to metabolic profiles is the possibility to scale precision 

nutrition advice to relatively uniform groups of individuals.  

6.4 Technical Challenges  

A lack of standardisation is common in metabolomics studies, which presents difficulties in 

interpreting and comparing the validity and reproducibility of highly complex datasets. There 

were several challenges in the analytical procedures from extraction (optimisation) 

methodology to pre-processing methods along with data and network analysis. There are many 
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opinions on these matters and widely differing approaches with relatively little guidance or 

consensus. Our untargeted metabolomics workflow was evaluated at each step to ensure 

optimal output.  

 

The main strengths of our workflow were to adopt a dual application of HILIC and lipidomic 

global profiling allowing for comprehensive characterisation of polar and lipid metabolites 

with a targeted analysis of AAs. The strategy of untargeted and targeted analysis provides a 

strong synergistic approach for future metabolomics studies investigating the role of diet in 

health. A recent (August, 2018) proposed methodology highlights this approach with the 

development of a simultaneous targeted metabolite quantification and untargeted 

metabolomics strategy using a dual-column chromatography [197].  

 

One of the most difficult and time-consuming areas of non-targeted metabolomics is the 

confident identification of a measure metabolite of interest [543]. The application of modern 

high resolution mass analysers, such as the orbitraps used in this thesis have improved analyte 

identification with the ability to measure mass-to-charge ratio (m/z) with an error of less than 

10 parts per million (<0.0001%) [544]. Each metabolite identification in this thesis was 

evaluated on a stringent class classification system based on the confidence level described by 

the Metabolomics Standard Initiative (MSI) [346]. This action emphasises the strength of each 

study and confidently allowed us to interpret the biological implications of the interventions 

imposed on our participants. Confidence reporting and biological implications are poorly 

characterised in untargeted metabolomics studies.  

 

There have been subsequent improvements in new analytical instruments and software 

aimed at supporting annotation of metabolites. This includes the use of triple quadrupole mass 

spectrometers through tandem mass spectrometry (MS2), where fragmentation products are 

collected to strengthen identification. Furthermore, there have been massive improvements in 

online databases, particularly from HMDB, which released a fourth iteration this year. The 

given material of a particular metabolite is growing, including the raw spectra, which provides 

valuable information of retention time and m/z ratio [284]. However, the annotation of 

metabolites remains a major bottleneck of the field [545]. To reduce the impact of this issue, 

future metabolomics studies should follow the level of reporting that this thesis has 

demonstrated as is the call from MSI 10 years after they proposed the minimum level of 

reporting [546,547].  
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The use of LMMs for the analysis of untargeted metabolomics datasets generated from time-

series data allowed for the dynamic changes for each metabolite and lipid species to be 

captured. The postprandial study was characterised by a three-factor repeated measure cross-

over intervention, with each layer adding a level of complexity, where the use of traditional 

metabolomics statistical analytical techniques such as PLS-DA or OPLS-DA could not deliver.  

LMM contained both fixed and random effects, which was fitted to encompass the structure of 

trial design. This allowed for each metabolite to be analysed for the fixed factors included in 

the modal (diet, risk status and time) and the random factor to be assigned participant to reduce 

variability. In addition, metabolites that were significant from the LMM were subject to 

multiple correction testing using FDR. Resampling of 1000 permutation simulations was also 

performed for each mixed model analysis to reduce false-positives, demonstrating the 

stringency in our methodology.  This structure for time-series analysis has been supported by 

studies that include more than two factors [344,345]. Covariates were not included in the 

postprandial analysis as two different groups with diverse physical and metabolic 

characteristics were recruited. If covariates were to be included such as weight or BMI, more 

subjects would be needed or the power to detect differences would be drastically reduced. 

However, due to the design of this study this was not possible.   

 

Tools and databases for metabolomics studies are continuing to be upgraded and merged to 

a present a strong and unified approach for the interpretation of data. The recent integration of 

large databases Metaboanalyst and XCMS demonstrates this drive to make the processing and 

interpretation of metabolomics data easier for researchers. However, there is still a long way 

for data generated from metabolomics analyses before it can reach a clinical stage particularly 

in the area of NCDs. An understanding of how metabolites contribute disease risk is required, 

this can be done in in vitro and in vivo studies [528,548,549]. Furthermore, studies investigating 

different populations groups are needed to be specific, for example sex, age and ethnicity. 

Metabolomics presents an ideal platform for metabolites to be incorporated into the existing 

diagnostic criteria but will require validation studies before doing so [528,548].  
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6.5 Future Directions 

6.5.1 Stable Isotope incorporation 

Metabolomics data captures a snapshot of the metabolic state of any investigated biological 

system by providing information on absolute or relative metabolite levels at a distinct time 

point. These data enable a rather static view on the digestive responses and do not allow for the 

drawing of conclusions on metabolite turnover or metabolic fluxes. Stable isotope labelling 

and time-resolved sampling are an effective combination to capture dynamic flux information 

of the system of interest [550,551]. The technologies are now available to allow global 

unbiased assessments of metabolic flux in biological systems and enable the unambiguous 

tracing of elements through complex metabolic networks [550,552]. Metabolic networks 

deduced by isotope-labelling techniques can be used as scaffolds for integrating and 

interpreting the effect of perturbations on various aspects of metabolism [553].   

 

The integration of stable isotope labelling with metabolomics studies have been 

demonstrated in a number of biological systems and provides solutions to the major limitations 

of metabolomics: metabolite identification, quantification and flux analysis [533,534,553,554]. 

Stable isotope labelling is expected to become a routine aspect of many metabolomics studies 

in the future, as the metabolomics field moves from a largely observational approach to a more 

detailed mechanistic investigation of cellular metabolism. The incorporation of data from 

stable isotope-labelled metabolomics studies into computational flux models provides an 

exciting avenue to interpret metabolomics data. It is expected that gaps in our current 

knowledge of pathway connectivity will reduce as the cycle of metabolic labelling and flux 

modelling informs the discovery of new metabolites, pathways and fluxes [550]. For dietary 

challenges, tracking the metabolic fate of metabolites can provide accurate evidence of where 

disrupted digestive process occur in individuals of high disease risk.  

6.5.2  Intermittent Fasting 

Intermittent fasting (IF) is on the cusp of becoming one of the most popular worldwide 

dietary interventions with the belief it may have profound health benefits [555–557]. Various 

dietary regimens involving energy restriction form the basis of substantial literature describing 

the health effects of time-stratified cessation of energy intake [558–560]. These regimens 
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appear to exert powerful beneficial effects on health outcomes in animal models, although high 

quality research in humans has been limited [561–564]. Fasting, including caloric energy 

restriction and different intermittent fasting regimes, have been shown effective in weight loss, 

improve metabolic parameters positively [565–567] and increase life span [568,569]  

Furthermore, fasting is reported to have various beneficial effects on healthy people, with 

potentially powerful benefits specific to heart health and the improvement of cardiac risk 

factors [307,570]  

 

Alternate day fasting (ADF) regimens are defined as ‘feast days’ on which food is consumed 

ad libitum, which alternate with ‘fast days’ on which food is withheld [571]. An ADF scheme 

in healthy men while maintaining body weight and fat mass, demonstrated increased insulin-

mediated whole body glucose uptake rates, insulin-induced inhibition of adipose tissue 

lipolysis, and increased plasma adiponectin levels [572]. Findings from ADF studies in humans 

have also demonstrated significant weight reductions [573–575], fat mass [573,574], reduction 

in triglycerides [576,577] and blood pressure [577]. However, a major limitation of these 

studies are they were either performed in high disease risk individuals such as T2DM without 

a control group comparison or the measurements for success revolved largely around static 

health parameters. Also, adding to the feasibility of ADF is the long term sustainability the 

duration required to achieve beneficial effects before it may become detrimental to health. A 

current study is investigating ADF on physiology and molecular cellular processes [571].   

 

The potential benefits of intermittent fasting could lie in “flexibility training”; i.e., the 

frequent switching between metabolic modes, from glucose to free fatty acids and ketone 

bodies as an energy source, i.e., inherent to fasting [307,578]. This finding is in line with the 

positive impact of intermittent fasting on insulin sensitivity, inflammatory markers, oxidative 

damage, and stimulation of autophagy [579,580].  

 

No studies as yet have been performed that compare the effectiveness of an iso-caloric 

intermittent fasting scheme in elderly individuals with high disease risk. Such studies are 

required to confirm the ability to “train” metabolic flexibility with ADF and reveal the 

signalling mechanisms that differentially occur between at risk individuals and healthy people. 

The studies in this thesis have already demonstrated metabolic inflexibility in MetS individuals. 

Untargeted stable isotope labelling metabolomics can provide significant insights into the 

metabolic fate and flux analysis of these metabolites. Furthermore, ADF will reveal 



146 

 

understandings into its ability to improve systems flexibility in MetS subjects, through stable 

isotope analysis. The following two trials are proposed to investigate the lipidome and 

semi/polar metabolites of ADF using stable isotope labelling in Mets and healthy individuals.  

6.5.3 Micronutrients  

Micronutrients play an essential role in many processes involved in systems flexibility 

[581]. Metabolism and related oxidative stress and inflammation are major overarching 

processes in the area of metabolic health. A loss of flexibility in these processes are contributors 

to the development of increased T2DM and CVD risk [581]. Oxidative microvascular damage 

in the MetS phenotype induced by insulin resistance is caused by advanced glycation end 

products, activation of protein Kinase C pathways, and reduction of nicotinamide adenine 

dinucleotide phosphate by the polyol pathway [304,581]. Personalised micronutrient 

interventions can mechanistically target the impaired processes, either by optimising specific 

aspects of glucose metabolism with micronutrients such as vitamin D and magnesium or 

increasing the oxidative stress capacity with vitamin E [581]. As the risk factors for T2DM and 

CVD are mechanistically linked through MetS, from a systems flexibility perspective, 

nutritional interventions should target these factors.  
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Table 6-1: Characterising the lipidomic response to intermittent fasting in MetS 

individuals 

Background: 

Dysregulation of lipid metabolism is a hallmark in individuals with metabolic diseases. 

Intermittent fasting has been previously shown to positively associate with metabolic 

parameters.  However it is unknown how intermittent fasting can modulate the lipidome.  

Question: 
Can 10 weeks of alternate day fasting change the lipidomic profile by priming a reduced 

insulinaemic response? 

Aim: 
To reduce the postprandial increase in endogenous lipaemia by priming for a reduced 

insulinaemic response by intermittent fasting. 

Design: 
10 weeks of alternate fasting in elderly individuals who are either Healthy (n=30) or metabolic 

syndrome (n=30). 

Intervention: 

Pre-intervention high fat challenge meal to measure the lipidomic response.  This is followed 

by 10 weeks of alternate day fasting, with a high protein habitual diet prescribed diet on non-

fasting days. At the end of the 10 week period, the same high fat meal challenge is prescribed 

to compare to baseline.  

Challenge meal: Standard high-fat meal challenge (3800kJ with 90g carbohydrate, 30g protein, 

50g fat; 40%, 11%, and 49% of energy respectively). 

Measures: 

At pre and post intervention biological matrices are collected at baseline and hourly for 5 

hours. 
Glycaemic and insulinaemic response using specific assays on Cobas Modular analyser 

Endogenous lipoprotein contributions to lipaemia: separation of chylomicron, large VLDL, 

small VLDL and TRL remnant species; analysis of lipoprotein TG, and apoB. 

 

Global Lipidomics analyses with LC-MS 

• Plasma 

• Lipidomic composition of challenge meal 

GC-MS 

• Fatty acid methyl esters (FAME) composition to measure free fatty acids  

Outcomes: 

Reduced: 

• Glucose, insulin, and TG peaks and iAUC. 

• Postprandial VLDL numbers and TG 

• Meal versus endogenous lipidomic contribution to TRL, TG and PL species. 

 

These results will contribute to unraveling the ways in which daily eating influences 
postprandial lipaemia in the elderly. Such findings may open opportunities for developing 

acute lifestyle strategies to temper the exaggerated lipaemic response for the elderly. 

 

Abbreviations: TG, triglyceride; iAUC, incremental area under the curve; VLDLC, very low density lipoprotein 

cholesterol; UPLC, ultra performance liquid chromatography; TRL, triglyceride rich lipoprotein; PL, 

phospholipid. 
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Table 6-2: Global profiling of IF training on systems flexibility 

Background: 

Intermittent fasting (IF) has been associated with favourable health outcomes. However, long-

term intervention of IF on systems flexibility is not known. Isotope labeling has been used for 

many years but its combination with untargeted metabolomics presents a strong approach to 

investigate the changes in molecular phenotype following diet interventions.  

Question: 
Can alternate day fasting change the molecular profile of MetS subjects to improve metabolic 

flexibility?  

Aim: 
To perform a global analysis of stable isotope labelling patterns, which allows for the global 

detection of metabolic flux changes associated with IF in MetS subjects. 

Design: 
10 weeks of alternate day fasting in elderly individuals who are either Healthy (n=30)  and 

metabolic syndrome (n=30).  

Intervention: 

Alternate day fasting, with a high protein habitual diet prescribed on non-fasting days. High fat 

challenge performed pre and after intervention.  

 

Challenge meal: Standard high-fat meal challenge (3800kJ with 90g carbohydrate, 30g protein, 
50g fat; 40%, 11%, and 49% of energy respectively). 

Measures1: 

At the pre and post intervention biological matrices are collected at baseline and hourly for 5 

hours. Samples are collected at pre intervention and after 10 weeks post intervention.  

• Plasma 

• Skeletal tissue 

• Urine 

• Fecal 

Global untargeted metabolomics analyses with High resolution quadrupole-orbitrap  

(Q-exactive) LC-MS 

• HILIC-LC-MS –Polar compounds 

• C18-LC-MS- Semi polar compounds and vitamins   

Outcomes: 

These findings will contribute to the understanding of systems flexibility through analysis of 

metabolic fluxes and networks. Further, tissue specific analysis will help determine the 

metabolic fate of metabolites disrupted in systems flexibility 

 

HILIC hydrophilic interaction chromatography, LC-MS liquid chromatography mass spectrometry. 
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6.6 Systems biology 

Ultimately, to unlock the full potential in the field of precision nutrition, a more personalised 

approach that covers the inherent variations and the complexity of individual genetic makeup 

that interacts with a host of environmental stimuli is needed [363,582,583]. Systems biology is 

the quantitative study of an organism, viewed as a complex web of interacting and 

interchanging molecular participants and their environment. The aim is to connect the 

information flow between different organisation levels of life; genome, transcriptome, 

proteome and metabolome [584,585]. Systems biology approaches are becoming highly 

relevant for assessing the connection between human physiology and nutrition.  

  

To best achieve precision nutrition aggregated n=1 studies have been proposed using the 

complement of system biology [306,525,527,586]. Through n=1 trials on a large number of 

people, it will become possible to develop more detailed data-driven models for how different 

biomarkers even with different quantitative levels are associated with disease development and 

thereby enable precision medicine, where the treatment is tailored to deal with a specific 

molecular event underlying disease [527]. The personalised component acknowledges each 

individual is genetically and environmentally unique and must serve as their own control over 

time (n = 1) to characterize individual transitions from healthy to disease [306].  

 

N=1 studies employ omics-based technologies and bioinformatics, so as to analyse and link 

the dynamics of thousands of molecules and parameters in a single individual, and understand 

the differences of these dynamics between different individuals [587,588]. This accounts for 

variability based on hereditary and ethnicity along with environmental exposures, providing a 

deeper understanding of dynamic changes in molecular components and biological pathways 

across different health conditions and individuals [589,590].  

 

The new technology enables multiple endogenous and exogenous factors to be studies at the 

same time and used to predict the response to interventions. These include; RNA-sequencing, 

which examines the RNA levels genome wide. This is done both qualitatively (transcripts are 

present, identification of novel splice sites, RNA editing sites) and quantitatively (how much 

of each transcript is expressed) [591–593]. Dysregulation of long non-coding RNA has been 

implicated in T2DM [594,595], CVD [596] and aging [597,598]. Proteomics is the study of 
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proteins structure, function and abundance at the whole cell level [599]. It is used to quantify 

peptide abundance, modification and interaction. Like metabolomics, proteomics has benefited 

from the advancements in mass spectrometry. Untargeted methods can investigate global 

proteome interactions and quantification of post-translational modifications [599–601].   

 

More recently, evidence is beginning to emerge of the role of the gut microbiota in 

individualised responses to dietary interventions, thus highlighting the possibility of the use of 

gut microbial analysis as a method for tailoring dietary advice [602–604]. Energy intake and 

macronutrient compositions of diet affect health and impact the composition of the human gut 

microbiota [605]. The finding of increased TMAO in a high protein diet in this thesis indicates 

the importance of gut microbes, as it has been associated with CVD risk [606–608]. In addition, 

obesity, T2DM and CVD are characterised by reduced faecal microbial diversity [609–611]. 

Yet, very little research has addressed the microbial species contributing to food ingredient 

degradation and aiding nutrient uptake for the host. The microbiome can be profiled by 

techniques such as 16S rRNA gene sequencing to amplify and then sequencing hypervariable 

regions of the bacterial 16S rRNA genes [612].  

 

Together, these technologies will generate high volumes of data analytics and will require 

mathematical models, reconstructed biological networks and deep machine algorithms to be 

developed to bridge these data. However, the ability to firstly generate a comprehensive 

dynamic model of an individual, then personalise nutrition based on this model represents the 

most significant advancement of precision nutrition.  
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Table 6-3: Aggregated n=1 trial 

Background: 

N=1 trial will allow for comprehensive profiling of an individual, accounting for variabilities 

in genetics, post-translation modification, proteins and metabolites. Understanding how all 

four of these levels interact on a systems basis will allow for each individual to personalise 

their diet and lifestyle choices.  

Question: 
Can an aggregate n=1 trial establish more precision of an individual than standard clinical 

trials?  

Aim: 
To tailor nutritional interventions based on an individual systems profile after tracking their 

current lifestyle for one year.  

Design: 
Aggregate n=1. Individuals are recruited and monitored for one year by performing a systems 

biology approach.  

Intervention: Longitudinal for 1 year monitoring their current lifestyle.  

Measures: 

Biological matrices collected every month for one year 

• Plasma 

• Skeletal tissue 

• Urine 

• Faecal 

 

Biological matrices collected every 4 months 

• Liver tissue 

• Fat biopsies 

 

Global untargeted metabolomics analyses with high resolution quadrupole- orbitrap (Q-

exactive) LC-MS 

• HILIC-LC-MS –Polar compounds 

• C18-LC-MS- Semi polar compounds  

• Lipidomics  

 

Global proteomics  

• Untargeted LC-MS  

 

Microbiome 

• 16S RNA  

 

Transcriptomics 

• RNA-Sequencing  

Outcomes: 

These findings will contribute to the understanding of personalised nutrition through  

multi-omics approaches. Combining machine intelligence methods with statistical algorithms 
will developed to tailor and predict nutritional recommendations. This will improve diagnosis, 

interventions and outcomes in the context of metabolic diseases and by extension NCDs 
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6.7 Summary 

NCDs are already dominating health care needs and the financial burden is forecasted to 

increase, crippling the cost to governments, societies and individuals. In parallel, a global aging 

population, is on the rise, along with complex health problems inherited with advancing age. 

Furthermore, aging is a universal positive risk factor for major NCDs; T2DM and CVD. The 

research conducted in this thesis has demonstrated the impact of nutrition in elderly individuals 

with high metabolic risk. These studies are built on the foundation of untargeted metabolomics, 

from which this thesis, adapted and created a tailored workflow.  

 

This thesis has demonstrated tailored dietary patterns to include can induce metabolic 

adaptations in elderly individuals. Furthermore, manipulations of dietary components in 

particular high protein can associated metabolic profiles to improve health outcomes. These 

data present new evidence of metabolomics variations between healthy and MetS individuals 

in response to representative meals, bridging research gaps between individual macronutrient 

responses and metabolic decline. The increase in metabolic risk presents challenges for the 

maintenance of health particularly in the elderly, and the provision of appropriate nutritional 

recommendations. Yet, these challenges present opportunities to incorporate the advancement 

in technologies encompassing all areas of biological systems to personalise nutrition and 

ultimately reduce the burden of health risk.  

 

“The whole is greater than the sum of its parts” 

   Aristotle 
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7.1 Appendix one 

Supplementary Table 7-1: Identification of significant features identified by the Metabolomics Standards Initiative 

Metabolite m/z Theoretical Mass Ion Rt (mins) Ionisation mode Class Fragment HMDB 

Urea 61.0397 60.0553 M+H 7.41 Positive 1  HMDB0000294 

Lenticin 247.1439 246.1368 M+H 8.25 Positive 2  HMDB0061115 

Indoleacrylic acid 188.0694 187.0633 M+H 2.26 Positive 2  HMDB0000734 

Glutarylcarnitine 276.1435 275.1369 M+H 9.05 Positive 2  HMDB0013130 

Trigonelline 138.0544 137.136 M+H 10.05 Positive 1 77.0791 HMDB0000875 
TMAO 151.1435  2M+H 10.11 Positive 1  HMDB0000606 

Tryptophan 205.0969 205.0969 M+H 10.84 Positive 1  HMDB0000929 

Isonipecotic acid 130.0859 130.0862 M+H 11.01 Positive 1   

Proline 116.0706 115.1305 M+H 11.04 Positive 1  HMDB0000162 

Creatinine 114.0660 114.0662 M+H 11.20 Positive 1  HMDB0000562 

Methylimidazoleacetic acid 141.0656 140.0586 M+H 11.39 Positive 2  HMDB0002820 

Uric Acid 169.0389 168.1103 M+H 11.48 Positive 2 119.01 HMDB0000289 

Dihydrothymine 129.0656 128.1292 M+H 12.82 Positive 2  HMDB0000079 

Creatine 132.0763 132.0768 M+H 12.58 Positive 1  HMDB0000064 

Threonine 120.0683 120.0655 M+H 13.16 Positive 1  HMDB0000167 

Glycoyamine 118.0859 118.0867 M+H 13.29 Positive 1  HMDB0000128 
Uridine 244.0654 243.0617 M-H 8.47 Negative 1  HMDB0000296 

2-Aminoadipic acid 160.0607 160.0609 M-H 13.19 Negative 1  HMDB0000510 

Glutamine 145.0610 145.0613 M-H 13.36 Negative 1 112.0401 HMDB0000641 

Glutamic Acid 146.0649 146.0453 M-H 13.66 Negative 1  HMDB0000148 

Arginine 173.0086 173.1039 M-H 13.79 Negative 1  HMDB0000517 

Dimethylglycine 102.0554 103.0663 M-H 13.82 Negative 2  HMDB0000092 

Unknown M145T531 145.1049   8.85 Positive 4   

Unknown M160T639 160.0969   10.64 Positive 4   

Unknown M205T653 205.03   10.87 Negative 4   

 

m/z, mass-to-charge ratio 

Class 1: Identified marker confirmed by an authentic standard 

Class 2: putatively identified marker based on elemental composition  

Class 4: Unknown compound 

Four levels of identification based on Metabolomics Standard Initiative  
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Supplementary Figure 7-1: The plasma principal component analysis (PCA score plots) 

 

(A) PCA before batch correction in postive mode and negative mode (C). After batch correction 

(B) in positive mode and (D) negative mode. 
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Supplementary Figure 7-2: Unidentified significant metabolites 

 

Box and whisker plot show mean, first, and third quartiles, and maximum and minimum values. 

# denotes difference between 2RDA and RDA. * represents difference between pre and post 

intervention within each group. (A) M145T531; m/z of 145.1049, retention time of 8.8503 

mins and detected in positive ionisation mode. (B) M160T639; m/z 160.0969, retention time 

at 10.6432 mins and deteceted in positive ionisation mode. (C) M205T653, m/z 205.0347, 

retention time 10.8787 mins and detected in negative ionisation mode. 
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7.2 Appendix two 

 

Supplementary Figure 7-3: Lipodomics consort diagram 
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7.3 Appendix three 

 

Supplementary Figure 7-4: Batch order normalisation 

 

(A) Representative PCA score plot before normalisation in WFM. (B) PCA score plot after batch normalisation using LOESS correction method in W4M.   
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Supplementary Table 7-2: Class level identification 

Metabolite m/z Theoretical Mass Ion Rt (mins) Ionisation mode Class Interaction HMDB 

Urea 61.0397 60.0553 M+H 7.51 Positive 1 3 HMDB00294 

Hypoxanthine 137.0463 136.1115 M+H 8.50 Positive 1 2M HMDB00157 

Valine 119.0810 117.0790 M+H 9.51 Positive 1 3 HMDB00883 

Phenylalanine 166.0861 166.0863 M+H 10.11 Positive 1 3 HMDB00159 

Leucine 132.1022 132.1022 M+H 10.17 Positive 1 3 HMDB00687 

Tryptophan 205.0967 205.0969 2M+H 10.69 Positive 1 3 HMDB00929 

5-Methoxytryptamine 192.1001 190.2417 M+H 10.80 Positive 2 2S HMDB0004095 

Carnitine 162.0842 161.1989 M+H 10.94 Positive 2 3 HMDB0000062 

Proline 116.0708 116.0706 M+H 11.05 Positive 1 2M HMDB00162 

Imidazole 69.0449 68.0773 M+H 11.19 Positive 1 2M HMDB01525 

Methionine 150.0771 150.0586 M+H 11.39 Positive 1 2S HMDB00696 

Creatine 132.0764 132.0768 M+H 12.26 Positive 1 2S HMDB00064 

Alanine 90.0552 90.0558 M+H 12.42 Positive 1 2M HMDB00161 

Dihydrothymine 129.0656 128.0585 M+H 12.86 Positive 2 2M HMDB00079 

Threonine 120.0655 120.0655 M+H 12.89 Positive 1 2S HMDB00167 

Pyroglutamic acid   M+H 13.35 Positive 2 2S HMDB00267 

Arginine 175.1194 175.1191 M-H 17.00 Negative 1 3 HMDB00517 

Uridine 243.0628 243.0617 M-H 9.22 Negative 1 2M HMDB0000296 

Uric acid 167.0208 168.1103 M-H 10.10 Negative 2 2M HMDB0000289 

Lactic acid 89.0248 89.0239 M-H 1.71 Negative 1 3 HMDB0000190 

Unknown M141T616 141.1072  M+H  Positive 4 3  

Unknown M188T630 188.1281  M+H  Positive 4 3  

Unknown M302T793 171.0769  M+H  Positive 4 2S  

Unknown M230T588 230.0961    Negative 4 3  
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m/z, mass-to-charge ratio 

Class 1: Identified marker confirmed by an authentic standard 

Class 2: putatively identified marker based on elemental composition  

Class 4: Unknown compound 

Four levels of identification based on Metabolomics Standard Initiative 
3: Three way interaction (status × meal × time) 

2M: Meal × time interaction 

2S: Status × time interaction  
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Supplementary Table 7-3: UPLC raw data 

Amino Acid  Risk status Meal 
Time (min) 

0 30 60 120 300 

Valine 

Healthy LGI 4055 ± 4.7 7678.3 ± 10 8411.4 ± 13 7847 ± 12.3 4250 ± 2.9 

Healthy HGI 4198.5 ± 5.4 7287.7 ± 10 8053.6 ± 8.5 7189.8 ± 7.2 4208.5 ± 8.7 

MetS LGI 4910.1 ± 16.4 8361.8 ± 30.1 8631.7 ± 37.4 8500.7 ± 28 4131.4 ± 8.4 

MetS HGI 4817.5 ± 8.5 8188 ± 12.7 7874.7 ± 11.8 7662 ± 11.2 4031.6 ± 7.3 

        

Leucine 

Healthy LGI 2210.4 ± 3.3 8710.6 ± 14.4 9411.8 ± 18.7 7740.1 ± 18.5 2661.3 ± 3.9 

Healthy HGI 2219.3 ± 3.3 7985.1 ± 14 8700.1 ± 11.9 6937.9 ± 10 2681.4 ± 9.9 

MetS LGI 2664.5 ± 9.8 9128.8 ± 34.4 9412.7 ± 46.1 8440.3 ± 29.6 2705.9 ± 8.5 

MetS HGI 2529.6 ± 5.1 8868.3 ± 15.6 8232.6 ± 14.7 7179.8 ± 13.5 2545.3 ± 7.2 

        

Isoleucine 

Healthy LGI 1056.4 ± 1.2 4145.1 ± 7.2 4412.4 ± 8.9 3476.4 ± 8.4 1040.8 ± 2 

Healthy HGI 1101.6 ± 2.2 3891.9 ± 6.8 4094.6 ± 6 3092.1 ± 4.9 1058.7 ± 3.4 

MetS LGI 1318 ± 5.1 4542.3 ± 18.2 4538.5 ± 23.2 3878.2 ± 14.1 1107.7 ± 4 

MetS HGI 1259.4 ± 2.7 4333.6 ± 7.6 3912 ± 7.9 3250.8 ± 6.5 984.7 ± 3.4 

        

Phenylalanine 

Healthy LGI 1107 ± 2.1 1943.6 ± 2.1 2032.1 ± 3.2 1839.3 ± 2.9 1016 ± 2.2 

Healthy HGI 1122.7 ± 1.7 1833.3 ± 2.6 1909.9 ± 2 1750.9 ± 2.1 1068.8 ± 2.9 

MetS LGI 1259.6 ± 6.1 2047.1 ± 9.6 2078.4 ± 11.4 1997.2 ± 8.4 963.7 ± 2.3 

MetS HGI 1180.1 ± 1.7 1892.4 ± 2.4 1779.5 ± 2.8 1752.8 ± 2.3 999 ± 1.5 

        

Methionine 

Healthy LGI 382.2 ± 1.1 1067.1 ± 2.1 1202.7 ± 3.2 1018.6 ± 3.2 354.3 ± 1.1 

Healthy HGI 398.6 ± 1.1 984 ± 2.6 1086.5 ± 2.9 881.4 ± 2.4 370.8 ± 1.9 

MetS LGI 426.3 ± 2.4 1095.8 ± 5.7 1160.4 ± 7.3 1011.4 ± 5.7 300 ± 1.3 

MetS HGI 401.7 ± 1.2 995.4 ± 3 928.7 ± 2.9 800.5 ± 2.2 274.3 ± 1 
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Amino Acid  Risk status Meal 
Time (min) 

0 30 60 120 300 

Lysine 

Healthy LGI 3579.7 ± 8.5 9807.2 ± 24.8 9987.9 ± 16.8 7790.4 ± 19.1 3490.4 ± 7.9 

Healthy HGI 3753.5 ± 7.8 9011.7 ± 17.8 9680.3 ± 11.5 7536.4 ± 16 3584.2 ± 11.7 

MetS LGI 4122 ± 9.3 9678.4 ± 28.6 9191 ± 29.7 7796.4 ± 19.6 3410.8 ± 7.8 

MetS HGI 3873.2 ± 6.2 9246.5 ± 16.2 8512.7 ± 17.8 7172.7 ± 12.5 3341 ± 5.8 

        

Histidine 

Healthy LGI 1201.4 ± 1.9 1674.8 ± 1.7 1656.2 ± 4.1 1519.8 ± 2.7 1020.3 ± 2.2 

Healthy HGI 1210 ± 1.5 1544.3 ± 2.9 1562.4 ± 2.4 1423.3 ± 2.2 1075.4 ± 3.2 

MetS LGI 1394.4 ± 8.5 1706.9 ± 10.8 1677.8 ± 11.5 1563.1 ± 9.9 901.3 ± 3.5 

MetS HGI 1237 ± 2.3 1518.2 ± 2.5 1422 ± 2.6 1329 ± 2.9 976 ± 2.4 

        

Threonine 

Healthy LGI 718.7 ± 1.4 731.6 ± 1.3 824 ± 1.8 982.4 ± 2.1 723.2 ± 2 

Healthy HGI 723.4 ± 1.9 729 ± 1.8 828.5 ± 1.6 919.5 ± 1.7 750.8 ± 2.8 

MetS LGI 754.7 ± 3.6 734.6 ± 3.6 773.4 ± 4.3 1028 ± 4.8 630 ± 2.4 

MetS HGI 685.5 ± 2.0 692.8 ± 2.0 734.5 ± 1.8 859.2 ± 1.9 653.1 ± 2.1 

        

Glycine 

Healthy LGI 7341.9 ± 53.1 8056.2 ± 51.7 7838.8 ± 49.3 6886.5 ± 49.0 5946.3 ± 53.1 

Healthy HGI 8942.1 ± 90.4 7941.9 ± 52.7 7722 ± 52.5 6770.2 ± 51.7 6053.7 ± 52.3 

MetS LGI 10139.8 ± 72.6 10535.7 ± 73.5 9670.9 ± 72.3 9425.9 ± 70.4 7919.8 ± 81.3 

MetS HGI 10275.1 ± 72.7 9956.9 ± 70.8 8679.9 ± 70.2 9051.4 ± 70 7567.5 ± 74.8 

        

Asparagine 

Healthy LGI 772.2 ± 1.7 1841.2 ± 2.7 1954.1 ± 3.7 1538.6 ± 3.4 696.8 ± 1.5 

Healthy HGI 782.6 ± 1.6 1662 ± 3.3 1804.4 ± 3.8 1375.6 ± 2.9 701.4 ± 1.5 

MetS LGI 844.4 ± 3.61 1666.2 ± 7.27 1654.7 ± 8.25 1369.3 ± 6.64 597.7 ± 2.19 

MetS HGI 774.4 ± 1.9 1527.8 ± 3.6 1389.5 ± 4.1 1145.4 ± 3.1 602.5 ± 1.9 
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Amino Acid  Risk status Meal 
Time (min) 

0 30 60 120 300 

Alanine 

Healthy LGI 6675.8 ± 14.9 13474.2 ± 18.7 14933.2 ± 20.3 13503.7 ± 20.4 6968.7 ± 14.1 

Healthy HGI 6914.5 ± 12.4 11944.3 ± 20.1 14000.4 ± 21.7 12187.9 ± 18.5 7282.2 ± 20.3 

MetS LGI 8224.1 ± 18.5 13844.2 ± 39.1 13783.8 ± 44.3 12959.3 ± 58.3 6577 ± 23.1 

MetS HGI 7956.5 ± 16.3 11858.8 ± 39.0 12452.8 ± 26.8 11637 ± 26.9 6193.1 ± 25.3 

        

Arginine 

Healthy LGI 1700 ± 4.0 2914.1 ± 7.2 2878.3 ± 9.7 2374.7 ± 6.0 1275.9 ± 3.1 

Healthy HGI 1747.4 ± 4.8 2779.8 ± 6.6 2856.7 ± 6.0 2289.7 ± 7.4 1435.4 ± 7.4 

MetS LGI 1877.2 ± 10.4 2943 ± 19.2 2738.4 ± 18.4 2339.1 ± 14.3 1263.4 ± 6.5 

MetS HGI 1640.9 ± 3.3 2453 ± 6.8 2235.5 ± 5.6 2045.2 ± 4.8 1201.7 ± 5.3 

        

Serine 

Healthy LGI 2223 ± 3.7 3818.4 ± 4.7 3880.8 ± 5.8 3140.5 ± 4.9 1812.2 ± 2.7 

Healthy HGI 2197 ± 3.4 3442.7 ± 5.9# 3601.6 ± 6.1# 2801.2 ± 4.7# 1801 ± 2.7 

MetS LGI 2247.7 ± 10.5 3446.2 ± 17.3 3288.6 ± 16.9 2850.4 ± 13.7 1579 ± 5.6 

MetS HGI 2076.3 ± 5.2 3125.2 ± 6.5# 2749.3 ± 7.2# 2433.5 ± 6.2# 1502.5 ± 4.3 

        

Tyrosine 

Healthy LGI 1233.1 ± 1.9 2621 ± 3 3019.3 ± 5.6 3038.9 ± 6.3 1519.6 ± 3.3 

Healthy HGI 1264.4 ± 2.1 2429.4 ± 4.9 2835.7 ± 5.5 2743.2 ± 4.8 1570.8 ± 5.2 

MetS LGI 1483.3 ± 5.3 2734.8 ± 11.8 3030.2 ± 15.9 3183.2 ± 13.8 1357.4 ± 3.5 

MetS HGI 1370.5 ± 1.8 2564 ± 3.1 2593.3 ± 3.5 2678.2 ± 4.6 1319.9 ± 2.4 

        

Aspartic acid 

Healthy LGI 208.3 ± 1.0 320.5 ± 1.2 339.5 ± 1.5 254.1 ± 1.1 174.6 ± 1.1 

Healthy HGI 265.1 ± 2.0 320.7 ± 1.3 400.6 ± 2.1 263.7 ± 1.3 232.4 ± 1.8 

MetS LGI 219.9 ± 0.54 352.9 ± 1.41 350.9 ± 1.65 271.8 ± 0.99 199.5 ± 2.2 

MetS HGI 229.1 ± 1.0 368.2 ± 1.6 342.2 ± 1.5 258.4 ± 1.1 204.2 ± 1.6 
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Amino Acid  Risk status Meal 
Time (min) 

0 30 60 120 300 

Glutamic acid 

Healthy LGI 8143 ± 117.8 7607.2 ± 109.4 8108.3 ± 125.3 7524.7 ± 126 7495.8 ± 121.6 

Healthy HGI 7335.3 ± 101.1 6819.5 ± 106.9 7832.7 ± 107.6 7555 ± 117.4 7553.4 ± 116.4 

MetS LGI 6716.1 ± 83.7 7758.6 ± 85.0 7940.1 ± 92.6 7555.8 ± 84.2 5738.5 ± 77.4 

MetS HGI 6993.9 ± 75.9 7018.6 ± 75.6 6997.4 ± 82 6923.5 ± 79.3 6534.4 ± 83.7 

        

Glutamine 

Healthy LGI 7261.7 ± 27.4 10163.8 ± 29.9 10819.1 ± 30.7 10158.2 ± 28.9 6744.2 ± 27.5 

Healthy HGI 7080.2 ± 28 9958.3 ± 28.8 9845.3 ± 30.6 9672.7 ± 26.9 6802.2 ± 25.6 

MetS LGI 8193.2 ± 37.3 10058.1 ± 52.4 9982.9 ± 52.7 10479.4 ± 49.8 6082.2 ± 31.3 

MetS HGI 7452.4 ± 23.1 9286.8 ± 25.7 9006.3 ± 27.2 9151.8 ± 23.2 6453.8 ± 22.5 

        

Ornithine 

Healthy LGI 1066.9 ± 3.1 1474.4 ± 8.5 1370.9 ± 5 1355.9 ± 3.8 1068.2 ± 5.5 

Healthy HGI 1089.1 ± 2.3 1256.9 ± 2.1 1354.3 ± 2.7 1331.7 ± 2.8 952.2 ± 2.0 

MetS LGI 1074 ± 2.7 1317.6 ± 3.9 1277.7 ± 4.5 1421.6 ± 3.9 842.7 ± 2.1 

MetS HGI 983.7 ± 2.1 1264.2 ± 2.3 1259.6 ± 4.6 1337.6 ± 2.8 905.1 ± 3.1 

        

Citrulline 

Healthy LGI 3217.4 ± 25.6 7147.7 ± 60.2 6796.7 ± 58.4 6882 ± 60.3 3834.6 ± 35.1 

Healthy HGI 3301.8 ± 21.3 6697.2 ± 54.8 7442.2 ± 61.3 6446.7 ± 52.2 3774.2 ± 28.7 

MetS LGI 3269.3 ± 17.3 5640.6 ± 33.3 5617 ± 44 5307.5 ± 24.2 2897.7 ± 19 

MetS HGI 3056.7 ± 12.9 5308.8 ± 42.2 4905.6 ± 37.9 4413.4 ± 25.2 2751.2 ± 12.8 

 

Values are mean ± standard deviation. Abbreviations:  MetS, metabolic syndrome. LGI, low glycaemic index. HGI, high glycaemic index.  
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Supplementary Figure 7-5: Polar metabolites which exhibit two way interaction 

 

* p< 0.05 between Healthy and MetS. # p<0.05 between LGI and HGI. Error bars represent standard error of 

mean.α p<0.05 change in LGI from baseline β p<0.05 change in HGI from baseline Μ p<0.05 change in MetS 

from baseline Ф p<0.05 change in Healthy from baseline. 
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7.4 Appendix four 

The following section contains abstracts of all co-authored work published/accepted during 

the candidature of this PhD. 
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