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Abstract  

 

Circadian rhythms describe endogenous ~24 h cycles in behaviour and biological processes that are 

regulated by the circadian system. The circadian system, akin to an internal clock, regulates an 

organism’s behaviours and biological processes about the day so that they occur at the most optimal 

time. Over the course of the last decade a new field has emerged applying metabolomic platforms to 

study the circadian regulation of metabolism in humans. Interest in this field has grown as 

epidemiological evidence has shown metabolic disorders, such as obesity and type 2 diabetes, are 

enriched in populations at risk of circadian misalignment e.g., shift workers. This epidemiological 

evidence is suggestive of a link between the two systems. Prior studies in the field have attempted to 

characterise circadian metabolite rhythms in healthy populations to better understand the nature of 

this relationship between the two systems and their co-regulation of one another. In addition, studies 

simulating shift work and sleep deprivation, which can induce circadian misalignment, have been 

performed to investigate how these factors disrupt the regulation between these two systems. 

Studying circadian rhythms in humans requires specialist facilities and demanding protocols that 

control for external factors that can influence the circadian system and require multiple samples, e.g., 

blood, to be taken across a >= 24 h time course. As a result, cohorts from circadian studies are often 

small in number and favour male participants to remove the menstrual cycle, another biological 

rhythm, as a conflicting variable.  

First and foremost, this thesis sought to review the current knowledgebase of this emergent 

field and identify avenues of future research. Identified gaps in prior research included the 

aforementioned lack of female representation with no prior human circadian/metabolomics study 

having investigated a balanced male and female cohort. Further, it was made apparent that there was 

little diversity in the ultra-high performance liquid chromatography mass spectrometry (UHPLC-MS) 

assays applied in the field with the vast majority favouring reversed phase assays in positive ion mode. 
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Second, this thesis acted on the results of the review to apply the most comprehensive 

untargeted UHPLC-MS study to data, encompassing four assays. These four UHPLC-MS assays were 

applied to high resolution (2 hourly, 32 h time course) time series samples collected from the largest 

mixed sex cohort in the field to date, containing 16 males and 16 females. This resulted in the largest 

list of annotated rhythmic metabolites assembled to date and highlighted lipids; specifically, 

glycerolipids, fatty acids, and phospholipids, as metabolite classes strongly regulated by the circadian 

system. Further, it is the first study capable of directly comparing male and female metabolite rhythms 

as the male and female cohorts were subject to the same experimental design from the point of 

recruitment through to sample and data analysis. These comparisons facilitated novel observations 

such as a greater number of rhythmic lipids in females versus male counterparts. 

Finally, the data handling and rhythm analysis workflows developed as part of the human 

circadian study were applied to other time series metabolomic datasets. In this instance to investigate 

alterations in circadian regulation of metabolism of Huntington’s disease at different ages within a 

large mammal (sheep) model. Application of the rhythm analysis workflow identified subtle shifts in 

phospholipid rhythms in sheep with Huntington’s disease relative to controls which appear to progress 

with age. These perturbations were observed in pre-symptomatic animals and further our 

understanding of the pathology of Huntington’s disease at this early stage. 
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INTRODUCTION 

  



2 
 

1.1. Chronobiology and circadian rhythms 

1.1.1. Mammalian clocks and their molecular components 

In mammals, the circadian system is a network of endogenous oscillators, or clocks, 

comprised of a transcription-translation autoregulatory feedback loop of “core clock genes”. 

These self-regulating clocks temporally regulate expression of specific genes, known as clock-

controlled genes (CCGs), which in turn regulate further downstream processes and 

behaviours generating robust cycles with a ~24 h period otherwise known as circadian 

rhythms [1]. Such ‘rhythms’ are typically modelled as sinusoidal waves which include but are 

not limited to: melatonin secretion [2], regulation of sleep/wake cycle in conjunction with the 

sleep homeostat [3,4], core body temperature [5], and insulin secretion and sensitivity [6]. 

Regulating processes such as these around a ~24 h cycle is considered advantageous, from an 

evolutionary standpoint, as the temporal regulation can facilitate specific behaviours to 

consistently occur at the most favourable time given that there is a robust and consistent cue 

which can be anticipated [7,8]. Earth’s ~24 h light/dark cycle is both anticipable and a near 

universal cue across ecosystems, therefore organisms adapt their behaviours (e.g., 

feeding/fasting, sleep/wake) to adhere to this cycle. By definition circadian rhythms are self-

sustaining [9], however, the frequency of the internal biological clock does not exactly match 

the frequency of the solar day; in fact, the length of circadian frequencies differs between 

individuals favouring >~24 h lengths [10]. Therefore, maintenance of the phase relationship 

(synchronised timing) between internal circadian time and the external light/dark cycle 

requires the system to have a degree of plasticity. Some cues, such as light, can directly 

influence the regulation of the circadian system, advancing or delaying its natural frequency 

to achieve resonance. Such cues are referred to as Zeitgeber (time giver). Synchronisation of 

a circadian clock to an external cycle, such as the light/dark cycle, is known as entrainment. 
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In the absence of Zeitgeber the circadian clock is described as free running, as it adheres to 

its natural frequency often depicted with actograms displaying the daily ‘drift’ in sleep/wake 

times relative to social time due to the differing frequencies of the endogenous circadian 

frequency (~24 h) to that of the solar day (24 h). 

The majority of cells in the body exhibit an autonomous circadian clock capable of generating 

overt ~24 h rhythms. Thus, individual tissues/organs can exhibit specific and localised 

temporal regulation of CCGs and downstream processes resulting in differential responses to 

Zeitgeber such as feeding/fasting cycles. However, some form of entrainment is required to 

maintain synchrony across this multitude of clocks in different tissues and by extension 

maintain optimal timing of biological processes [11]. In mammals, the suprachiasmatic 

nucleus (SCN), otherwise referred to as the ‘master pacemaker’ or ‘central clock’, receives 

photic information via the retinal hypothalamic tract (RHT). Photic input occurs through 

intrinsically photosensitive retinal ganglion cells (iPRGCs) which make up non-image forming 

vision in humans and contain the photo pigment melanopsin which is most sensitive to blue 

light (peak absorbance with wavelengths at ~480 nm) [12]. iPRGCs relay photic input to the 

SCN via the RHT, with the photic input initiating a signalling cascade which can ultimately 

modulate the core clock machinery and induce phase shifts (advancing or delaying SCNs 

circadian rhythm). The SCN, through numerous mechanisms such as autonomic innervation, 

endocrine signalling, and eliciting specific behavioural responses will synchronise peripheral 

clocks. When in harmony the system will maintain robust temporal regulation of biological 

processes resulting in consistent circadian outputs. Outputted behaviours such as increased 

appetite, will result in feeding, which is a Zeitgeber for peripheral clocks like the liver. The 

consequences of these outputs, such as the act of feeding, may influence specific aspects of 

metabolism, in this instance energy balance, which can feedback and influence the circadian 
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system [11, 13-15], as illustrated in Figure 1.1. A common metaphor used to describe this 

hierarchical relationship describes the SCN as a conductor which then directs the orchestra 

(peripheral clocks) maintaining synchrony within the whole system. 

  

Figure 1.1: A simplified schematic of the mammalian circadian system, from photic input 

to circadian output– reproduced from [16]. 
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As detailed above the mammalian circadian system functions on a basis of negative feedback 

with delay due to a transcription-translation autoregulatory feedback loop of core clock 

genes. The key interactions of these clock genes can be portrayed as two simple interacting 

loops (Figure 1.2, [17]). The first of these loops, referred to here as the core feedback loop 

involves CLOCK-BMAL1 (circadian locomotor output cycles kaput – basic helix-loop-helix 

ARNT (aryl hydrocarbon receptor nuclear translocator) like 1) and PER-CRY (period – 

cryptochrome circadian regulator). The genes CLOCK and BMAL1 are expressed at an early 

time in relation to the solar day. The products of these genes, CLOCK and BMAL1, are 

transcription factors that form a heterodimer and bind to the E-box regions of the clock genes: 

PER1, PER2, CRY1, CRY2 and CCGs to enhance transcription. The PER and CRY proteins will 

begin to accumulate later in the day, towards the evening, and form a complex with casein 

kinases CK1δ/ε. This PER/CRY complex translocates into the nucleus at night and acts to 

repress expression of CLOCK/BMAL1 in turn repressing the transcription of PER/CRY genes. 

This repression is short lived however due to targeted ubiquitylation and degradation of the 

complex; once removed the cycle is then free to repeat itself the proceeding morning thus 

creating a system of negative feedback with delay. The second of these loops, referred to 

here as the auxiliary feedback loop involves REV-ERB and ROR. Driven by the CLOCK/BMAL1 

complex, REV-ERBα (Reverse-erythroblastosis) and RORα (Retinoic acid receptor-related 

orphan receptor) comprise part of a separate negative feedback cycle, such that, elevated 

levels of one ultimately leads to a decline in the other. REV-ERBα competes with RORα for 

binding at RRE (ROR / Rev-ERB - response elements) with RORs binding to enhance expression 

and REV-ERB repressing expression of associated genes. This rhythmic cycling of REV-ERB and 

RORα feeds back to the core loop via enhanced/repressed expression of BMAL1, modulating 

it in such a way BMAL1 is expressed rhythmically and in antiphase to PER expression, helping 
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maintain the functionality of the core loop as described above. The action of REV-ERB and 

RORα on RRE can also regulate expression of CCGs. 

Taking the above into account, circadian rhythms can be defined as follows: Circadian rhythms 

are biological processes with a near 24 h period that are temperature compensated, resulting 

in no change to the rate of circadian oscillations across a significant physiological range of 

temperatures, which persist in the absence of Zeitgeber (free running conditions) but can 

entrain (synchronise) to Zeitgeber, ergo, they are self-sustaining [9, 18,19]. Any ~24 h rhythms 

not meeting these definitions, i.e., which do not/are not known to persist under free running 

conditions, are referred to as diurnal rhythms.  

Figure 1.2: A simplified schematic of the core mammalian clock ‘machinery’ - reproduced 

from [17]. ARNT – Aryl hydrocarbon receptor nuclear translocator, BMAL1 – basic helix-loop-

helix ARNT like 1, CCGs - Clock-controlled genes, CK1 – Casein kinase 1 eta, CLOCK – circadian 

locomotor output cycles kaput, CRY1/2 – Cryptochrome circadian regulator, PER1/2 – Period, 

REV-ERBα – Reverse-erythroblastosis, RORα – Retinoic acid receptor-related orphan 

receptor, RRE – ROR / Rev-ERB - response element. 
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1.1.2. The SCN, melatonin & cortisol: the clock and its hands 

In hindsight, it is easy to see how SCN is suited to the role as the “master pacemaker” as it is 

the only internal clock in mammals directly entrained by, and therefore synchronised to, 

light/dark cycles. However, the initial proposal and acceptance of the SCN as pacemaker in 

mammals covers several decades of research [20]. The relationship between the visual and 

circadian systems, via the RHT, was first established in the early 1970s [21-23]. Within this 

timeframe the SCN was first reported and put forward as an endogenous (circadian) 

oscillator/pacemaker of mammalian circadian rhythms [24-26]. This concept of the SCN as a 

pacemaker was strengthened by observations which showed the SCN to have a persistent 

endogenous rhythm when ‘isolated’ in vivo [27] and to maintain its inherent endogenous 

oscillations in vitro [28-30]. Any remaining doubt about the SCNs role as master pacemaker 

was dispelled upon demonstrating that circadian rhythms could be perturbed by ablation of 

the SCN but then restored by transplantation of a donor SCN in animal models [31]. Not only 

were circadian rhythms restored post transplantation, but recipients inherited the circadian 

frequency of the donors, which were purposefully selected mutant strains with shorter 

circadian frequencies [32]. Whilst the concept of the SCN as the master pacemaker was 

generally accepted by the 1990s, it is far from the final discovery made expanding our 

understanding of the mammalian clock. One such further revelation being the discovery that 

individual cells can exhibit endogenous oscillations of varying frequencies [33]. 

If the SCN is akin to a clock for mammals then melatonin represents one of the hands in which 

the time is read, representing the gold standard marker of circadian phase. Such a statement 

is dangerously innocuous as it fails to convey the decades of research that established 

melatonin’s significance within the circadian system. Melatonin was first isolated in 1958 [34]. 
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Its diurnal regulation was established in the early 1960s when light was first demonstrated to 

suppress melatonin synthesis [35-37] and later in 1980 it was shown to be capable of 

complete suppression of melatonin secretion in humans [38]. Light is not the only regulatory 

mechanism of melatonin synthesis, shortly after the SCN was first proposed as an endogenous 

pacemaker the SCN was also shown to regulate key pathway enzymes in melatonin synthesis 

from serotonin [39,40] and establishing the initial link between these two components of the 

clock. At the same time binding of melatonin to hypothalamic membranes was first described 

[41], and then further refined to the SCN in the hypothalamus [42]. Melatonin receptor sites 

were later mapped within the hypothalamic region in mammals [43,44]. The presence of 

these receptors on the SCN corroborated with prior evidence that melatonin could act as an 

entraining agent to the mammalian circadian system [45] by providing a mode of action in 

which melatonin could directly interact with the SCN. By the turn of the millennium melatonin 

was conclusively shown as an entraining agent of circadian rhythms, or more specifically 

outputs of the circadian system such as sleep, as it could do so under free running conditions 

within sighted and blind individuals [46-48]. This body of evidence established that melatonin 

was not only regulated by the master pacemaker, the SCN, but was capable of feedback to 

entrain circadian outputs such as the sleep/wake cycle [49]. 

Cortisol is another important hormone within the mammalian circadian system and maintains 

the ongoing theme of an extended history to reach our modern day understanding of its role 

within the clock. Edward Kendall is often credited as the discoverer of cortisol in 1937, then 

known as ‘compound F’ and later 17-hydroxycorticosterone, due to his group’s elucidation of 

its structure [50]. By the early 1950s the diurnal plasma/urinary excretion profile of cortisol 

and related compounds were documented [51] leading onto further studies into the diurnal 

variation of corticosteroids in health and disease [52, 53]. Similar to melatonin, light was 
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reported as a potential synchronising agent of cortisol rhythms independent of the sleep 

wake cycle in the 1960s [54] and was believed to be regulated, at least in part by the SCN. 

This was due to the loss of a daily corticosterone rhythm in SCN ablated rats [25], this loss of 

rhythm could also occur due to lesions in the fornix region of the brain [55]. The SCN as a 

regulator of cortisol would also explain the prior observation of light being a regulator of 

cortisol’s daily rhythms, similar to melatonin, as it had already been established the SCN 

receives photic input. Perhaps driven by the potential of joint regulation by the SCN, 

subsequent studies began to document the phase angle of entrainment between melatonin 

and cortisol under a range of experimental conditions. Over the proceeding decades 

melatonin and cortisol rhythms were demonstrated to remain phase locked in: night shift 

workers [56, 57], across seasons in healthy adults [58], in prolonged absence of natural 

daylight [59] and in blind individuals [60], however, the dynamic of this relationship may 

change with age [61], changes in mental health [62], or under ‘isolated, confined and extreme’ 

environments [63]. The phase of melatonin & cortisol is also reported to be the same between 

sexes, though as discussed by Honma et al, there is not a complete consensus within the 

literature [64, 65]. This stable phase relationship under a range of conditions and between 

sexes is likely by design rather than coincidence given that both melatonin and cortisol are 

regulated by a single entity, the SCN. The nature of this regulation affords the mammalian 

clock two temporally segregated yet inextricably linked hormones in which circadian outputs 

can be organised around; melatonin preceding the night and cortisol preceding the day. So 

reliable are these markers that melatonin is considered the gold standard (bio)marker of 

internal circadian time with other biological rhythms measured relative to dim light melatonin 

onset (DLMO) [64]. Here, DLMO is defined as the time at which melatonin concentration 

exceeded 25% of the peak (highest) measured melatonin concentration and is measured 
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independently for each participant. For example, if melatonin concentration peaked at 80 

pg/ml for a given participant/group then the time point at which melatonin exceeded 25% of 

this value (20 pg/ml) is defined as DLMO for that individual/group as illustrated below (Figure 

1.3).   

Figure 1.3: An example profile of melatonin in human males and females, 

reproduced from [64]. 
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1.1.3. Circadian desynchrony & health outcomes 

The mammalian circadian system is a robust biological time piece that, by nature of its 

evolution, is capable of limited adjustments to its phase to synchronise with daily changes in 

the solar day. Whilst it is a sufficient time piece for the natural environment the system 

evolved in, the system is fallible within the confines and self-imposed expectations of modern 

human society. The circadian system can be perturbed, resulting in circadian misalignment, 

should a Zeitgeber such as: light/dark, feeding/fasting, and in turn sleep, become irregular or 

erratic in their timing and or length of exposure [66-68]. For example, exposure to artificial 

light late in the solar day can attenuate night time melatonin levels which in turn can delay 

circadian outputs such as sleep contributing to circadian misalignment [69]. Further, 

simulated shift work studies have demonstrated a significant shift in DLMO and cortisol 

rhythms [70] resulting from night shift relative to baseline measurements (Figure 1.4). 

Development of artificial light has allowed humans, a diurnal species, to overcome the 

restrictions enforced by our natural light/dark cycle and birthed a 24 h society in which other 

key behavioural cycles such as sleep/wake and feeding/fasting can become wholly uncoupled 

from the natural cycle established by the solar day which we have evolved alongside. Shift 

work is one such example where humans may deviate from typical ‘diurnal’ behaviour; the 

consequences of which are not fully understood [69] but is an active area of research. This 

research activity having been prompted due to the negative health implications associated 

with shift work and its relevance to a large proportion of western populations. Shift workers, 

i.e., individuals who follow non-traditional atypical work shifts outside of 9am-5pm, are 

estimated to comprise 21% of the workforce in Europe (54 million workers as of 2015 [71]) 

and 16% of the workforce in the USA (23.5 million workers, as of 2017 [72]). Therefore, 

millions of individuals could be affected by circadian misalignment. Circadian misalignment, 
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and by association shift work, has been linked to numerous chronic conditions such as: 

metabolic disease, hormone dependent cancers, cardiovascular disease and poor mental 

health [73]. Furthermore, circadian regulated genes have been found to be enriched amongst 

disease-associated genes when compared to non-circadian controlled genes [74]. Individual 

metabolic processes and their relationship with the clock are well documented, with respect 

to circadian regulation [75-77]. However, the association between circadian misalignment 

and onset of metabolic disorders in addition to disruption of energy balance inducing 

circadian misalignment in a mouse model [14] suggests a much broader and complex 

relationship between the circadian system and the tissue-specific/global metabolism in 

mammals. This need to observe changes in metabolism and the metabolome beyond the level 

of select pathways, and better understand its interaction with the human circadian system 

(circadian rhythms) and behavioural/environmental cycles (diurnal rhythms) has resulted in a 

new interdisciplinary field which applies metabolomics (and other omics) platforms to analyse 

multiple samples collected from humans across a >24h time series under a variety of 

conditions; as reviewed here [78]. 
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Figure 1.4: Melatonin profiles (top) demonstrating the shift in DLMO for (A) daytime 

shift condition vs baseline and (B) night-time shift condition vs baseline and cortisol 

profiles (bottom) showing the shift in cortisol rhythms between day and night-time 

shift conditions (C) relative to clock time and (D) circadian Time i.e., DLMO. 

Reproduced from [70]. Night-time shift pattern causes a significant delay to DLMO 

relative to baseline condition whilst no significant shift in DLMO was observed in the 

daytime conditions. A similar delay to the cortisol acrophase (peak time) was also 

observed during the night-time condition yet remained in phase (synchronised) relative 

to DLMO such that the relative peak times of cortisol and melatonin did not change in 

either condition only their times relative to clock (social) time. 
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1.2.  Metabolomics 

1.2.1. Overview 

A metabolite can be defined as a product or reactant of metabolism and is commonly applied 

as a catch all term to describe small (< ~2000 Da) naturally occurring molecules within a 

biological system [79-81]. However, this definition can be blurred when considering 

molecules such as peptides, e.g., glutathione, which can also be metabolically active. 

Furthermore, not all metabolites are synthesised and derived within an organism, i.e., 

endogenous metabolites, and may be sourced external to the organism, i.e., exogenous 

metabolites. Exogenous metabolites can include food derived metabolites, such as ‘essential 

amino acids’ like leucine in humans which cannot be synthesised endogenously but can be 

metabolised, or pollutants and other chemical/biological agents which may or may not be 

naturally occurring [79, 81-83]. As with other chemical compounds, metabolites can be 

defined and classified based upon similar chemical structural e.g., amino acids, similar 

physiochemical properties as is the case with lipids which can be broadly defined by their lack 

of solubility in water [83], and by their biological function (e.g. presence in a metabolic 

pathway). The chemical taxonomic system of nomenclature, as outlined by IUPAC [84], can 

be employed to more accurately convey the metabolite(s) class being referred to though 

many research groups use ClassyFire [85]. Other naming formats, chemical identifiers 

including SMILES and InChI [86] and nomenclature exist, for example in the naming of lipids 

[87]. In this thesis metabolites and lipids are defined under the single term metabolites. 

The complete complement of metabolites in a sample type, tissue, or organism is defined as 

the metabolome. The term metabolome is therefore context dependent as the whole 

organism metabolome will differ in the number and concentration of metabolites to the 
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blood, urine or salivary metabolomes. Metabolomes vary in size by sample type ranging from 

10s to 1000s of metabolites, though unlike the genome, the metabolome cannot be easily 

sequenced and many metabolites detected have no chemical structure assigned or structures 

are only just being assigned [88]. A number of public metabolite databases have been created 

to efficiently collate and disseminate metabolite information relating to: physiochemical 

properties, biological function and species observed. Such databases include the Human 

Metabolome Database (HMDB) [89] which contains 220,945 metabolite entries that are 

confirmed or expected to be found within humans. LIPIDMAPS [90], a database dedicated to 

compiling information on lipids, has 47,825 unique entries inclusive of known and in silico 

generated structures across multiple species. These databases are still considered incomplete 

due to the large quantity of ‘unknown’ metabolites in metabolomics studies and the vast 

number of theoretical metabolite structures that could exist [89, 91, 92], resulting in 

additional challenges in metabolite annotation discussed below (see Section 1.5.). 

Metabolites exhibit a high degree of diversity in their chemical and physical properties and in 

the multiple biological functions they have such as being components in macromolecules 

(proteins, RNA, DNA), energy storage/release (e.g., ATP), signalling molecules (e.g., ketone 

bodies [93]) , or cofactors (e.g., iron and heme [94]) [79, 83]. To fulfil these roles, metabolites 

undergo a multitude of enzymatic-mediated chemical (or otherwise known as metabolic) 

reactions and transformations. It is this complex network of chemical reactions that comprise 

metabolism, subsections of which are known as metabolic pathways which have a defined 

input/output [79]. Metabolic pathways do not act in isolation as individual metabolites or 

cofactors may take part in multiple reactions and pathways within metabolism [95]; for 

example, pyruvate synthesised in the glycolysis pathway is fed into the citric acid cycle 

(Tricarboxylic acid cycle (TCA)) as acetyl-CoA. The Kyoto Encyclopaedia of Genes and Genomes 
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(KEGG) has a database containing 352 such pathways in humans, mapping the metabolites 

and enzymes that make up a given metabolic process [96, 97]. Changes in metabolism may 

occur to compensate for the changing needs of the organism under varying internal or 

environmental conditions; such changes in metabolism can be inferred from the 

metabolome. Further, changes in metabolite concentrations may occur as a result of other 

biological processes, for example apoptosis. Apoptosis is a form of programmed cell death 

which releases metabolite signalling molecules into the surrounding tissue of the dying cell 

promoting apoptotic induced proliferation amongst other responses [98]. 

The metabolome is considered the functional level most representative of an organism’s 

phenotype due to its dynamic response to external stimuli (e.g., lifestyle: diet [99, 100], 

exercise [101-103]), physiology (e.g., age [104], sex [105]), and internal regulation as has been 

identified in genome-scale metabolic models [106-109]. It is important to note that 

metabolism occurs at the level of individual cells and tissues which possess their own 

microenvironments, e.g., metabolic changes occurring within/around a malignant tumour can 

be different to that in a different part of the tissue which is healthy, and subject to differing 

epigenetic regulation [107, 110]. Therefore, no one biological sample is representative of the 

global whole organism metabolome; however, biofluids such as blood and urine are routinely 

used in metabolomics studies due to their minimal invasiveness to collect and acting as a 

proxy to monitor changes in multiple metabolically active organs (i.e., liver/kidney) [79, 111, 

112]. 

Metabolomics is a sub discipline of systems biology and is the study of the complete 

complement of metabolites within a biological system [79, 81, 83, 113-119, 120, 121]; it is 

often employed to study metabolism and human health. Applications of metabolomics 
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technologies include but are not limited to: toxicology, forensics and anti-doping [122-125]; 

drug discovery [126-129]; chemical ecology [130]; bioengineering [131]; agriculture, food 

security and food authentication [132-136]; and biomedicine [137] in addition to metabolic 

profiling and biomarker discovery. Despite the wide adoption and application of 

metabolomics it is not without its challenges, metabolites exhibit a wide array of structural 

and physiochemical diversity and are present in tissues which may vary greatly in their 

physiology, e.g., blood, liver tissue, cell lysate, creating unique challenges in extracting, 

isolating and measuring the metabolome. To overcome these challenges metabolomics has 

evolved into a diverse platform of hardware and software tools to meet the varying needs of 

the aforementioned disciplines which employ metabolomics technologies. The nature of a 

metabolomics analysis will therefore differ dependent on: a priori knowledge of the field 

being investigated; the biological question being asked and the required sample type; study 

design in which samples were collected such as single or paired collections; and the analytical 

platform(s) and workflow employed that are appropriate for the sample and question being 

asked [79, 80]. The design of two workflows, untargeted & targeted, and commonly used 

metabolomic platforms are discussed below along with a general overview of the 

experimental design of metabolomics (see Section 1.2.2.).  

1.2.2. Experimental workflows applied in metabolomics studies 

1.2.2.1. Untargeted metabolomics 

Untargeted metabolomic assays are a generally unbiased methodology designed to provide 

relative quantification (typically a normalised peak area) and global coverage of the sample 

metabolome being studied, a concept more fully explored in the literature [79, 138, 139] and 

summarised below. The terms unbiased and global are applied figuratively as no single 
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analytical assay is truly unbiased nor provides complete coverage of the metabolome 

dependent on sample preparation and employed analytical techniques [140]. However, 

multiple assays used in conjunction with one another provide greater coverage through 

extraction and detection of a larger number of metabolites, with a wide range of 

physicochemical properties. Further details on metabolomics assays are provided below (see 

Section 1.3.). The relative changes in metabolite abundance between multiple test conditions 

is typically subject to statistical (e.g., t-test, one-way Analysis of variance (ANOVA)) and/or 

multivariate analyses (e.g., principal component analysis (PCA), orthogonal partial least 

squares – discriminant analysis (OPLS-DA)) to infer metabolite-related changes. Due to the 

wealth of data collected from untargeted studies and not relying on a priori knowledge of the 

biological system being investigated, they are typically employed as ‘discovery/learning’ 

studies for hypothesis generation. The newly formulated hypotheses can subsequently be 

subject to an alternative workflow for validation and translation using a targeted 

metabolomics strategy. 

1.2.2.2. Targeted metabolomics 

Targeted metabolomic assays are designed to focus on a subset of metabolites that are 

chemically characterised and annotated [79, 114]. Whilst untargeted assays optimise wide 

coverage of the metabolome, targeted assays are optimised to enrich and quantify the 

metabolite(s) of interest by removal of undesirable elements in a sample such as high 

abundance metabolites/proteins/salts [114, 115]. Such separation is possible through 

exploitation of physiochemical properties, e.g., molecular weight, structure, polarity, 

solubility, acidity/basicity, volatility [79] of the targeted metabolites [114]. Targeted assays 

have traditionally focussed on <20 metabolites [79] as enriching a larger range of metabolites 
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may result in sub optimum recovery due to the increased complexity of extraction [115]. The 

increased complexity of sample preparation in targeted assays versus that of untargeted is 

but one reason why a priori knowledge of the targeted metabolites is required. A second 

being the targeted selection and isolation of analytical signals, such as mass to charge ratio 

(m/z) in MS, corresponding to the targeted metabolite panel [114, 115, 140]. As targeted 

assays are focussed on a smaller subset of metabolites it is possible to construct calibration 

curves for the entire panel of metabolites being investigated for the purpose of absolute 

quantification, an unfeasible feat within an untargeted assay [79]. Calibration curves would 

typically employ a dilution series of each metabolite within the sample matrix to be analysed, 

e.g., plasma, with the instrument response/analytical signal measured and graphed across 

the dilution series. An isotopically-labelled internal standard or standards can be included at 

the same concentration in all samples and calibration solutions to normalise for small 

experimental errors (e.g. 13C6 glucose could be used as an internal standard for the 

quantification of glucose). The molarity of an ‘unknown’ can then be interpolated from its 

corresponding intensity signal [114, 115]. Should multipoint calibration curves for each 

metabolite not be feasible then single point calibration for each metabolite or metabolite 

class may be employed [141]. When complete quantification of all metabolites is not 

obtainable but has been achieved to a degree for a subset, the workflow may be described as 

semi-targeted. Semi-targeted workflows occupy the middle ground between a complete lack 

of quantification observed in untargeted assays and the complete quantification observed in 

targeted assays. Therefore, the semi-targeted approach merges the advantages of untargeted 

and targeted studies by providing greater coverage than a targeted approach and a degree of 

quantification lacking in the untargeted approach. A summary of the advantages and 

disadvantages of both untargeted and targeted workflows is provided below in Table 1.1. 
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Table 1.1: A summary of the advantages and disadvantages of targeted and untargeted 

workflows, reproduced from [142]. 

Workflow Advantages Disadvantages 

Targeted 

• Low limit of detection 

• Usually quantitative 

• Data analysis and 
interpretation are easier 

• Metabolite data can be 
connected with pathways 

• Limited number of 
compounds can be targeted 

• Non-targeted compounds 
are not considered 

• Purified standards of 
targeted compounds are 
required for quantification 

Untargeted 

• Unbiased and 
comprehensive 

• High-throughput 

• Allows the discovery of new 
compounds not expected to 
be in the sample or not 
expected to be associated 
with the biological question 

• Semi-quantitative 

• Larger number of false 
positives and false negatives 

• Many unknowns 

• Data interpretation can be 
challenging 

The greatest strengths of untargeted assays are therefore: broad coverage, ease of implementation, 
hypothesis generating, at the cost of demanding processing and data analysis. Whilst the greatest 
strengths of targeted assays are: quantification, reproducibility, less laborious data handling, but 
requires a priori knowledge and bespoke method optimisation [89, 91, 114, 115, 138, 143, 144].  
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1.2.2.3. Untargeted UHPLC-MS workflow 

Below is a brief overview of a typical metabolomics workflow and will primarily be in the 

context of performing ultra-high performance liquid chromatography coupled to mass 

spectrometry (UHPLC-MS) assays in an untargeted workflow on human serum/plasma and 

summarised by Figure 1.5.  

  

Figure 1.5: An overview of the major steps that define the experimental design of a typical 

metabolomics experiment, reproduced from [121]. 
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Metabolomics represents a broad range of tools and methodologies for the analysis of 

metabolites. A good research question in metabolomics should therefore consider which of 

these tools (e.g., liquid chromatography, tandem mass spectrometry) and workflows 

((semi)targeted versus untargeted) are best able to address the posed question. Commonly 

applied applications of metabolomics studies involve investigating the effect of a treatment 

and measure the metabolome before and after; alternatively, they or focus on the 

identification of biomarkers [79]. After formulating a biological question to be tested the next 

step in a metabolomics study is the considered curation of a cohort population. When dealing 

with small cohorts, as is common practice in circadian studies or pilot studies [78], variation 

and confounding factors within the population need to be reduced to preserve the integrity 

of any analysis. This may be done by age and BMI matching control/test cohorts, among other 

variables where possible such as ethnicity and sex, to avoid inadvertently introducing a 

selection bias [79, 145]. In large scale biomarker/population studies variation of the cohort is 

not as easily controlled; thus, demographic information is important in stratifying the 

population to elucidate causal relationships between a disease and metabolite biomarker as 

opposed to correlating the biomarker to a confounding factor. This can pose a major 

challenge for biomarker studies as a ‘perfect’ metabolite biomarker should exhibit a large 

enough change in a specific phenotype that far exceeds the natural variation observed in the 

population, yet such biomarkers may not always exist for complex diseases such as cancer 

[81, 145]. After characterising the desired population, the next step is designing the sampling 

protocol. 

The number of samples collected, population size sampled from, and population 

demographics are dictated by the research question being asked. For example, if the research 

question relates to the effect of a treatment an investigator may opt to collect longitudinal 



23 
 

(paired) samples before and after treatment from a control and test group (examples include: 

[146-148]); longitudinal samples can also be employed to monitor disease progression or 

severity (examples include: [149-151]). Alternatively, if the research question relates to 

biomarker discovery or metabolite profiling single sampling can suffice but large population 

sizes of a control and test(s) cohorts would be favourable when scaling up from pilot to 

validation studies [79]. For the purpose of monitoring circadian metabolite rhythms, a high 

sampling resolution (2 – 6 h) across an extended period (>24) would be required [78]. 

Metabolomics is capable of analysing a range of tissues and biofluids to investigate localised 

responses to stimuli or investigate pathogenesis [81], however, tissue biopsies may not 

always be an option pre-mortem or be deemed too invasive. As previously stated, this is why 

biofluids such as blood are routinely used in metabolomics studies due to their minimal 

invasiveness and acting as a proxy to monitor changes in multiple metabolically active organs 

(i.e., liver/kidney) [79, 111, 112]. Sample selection becomes a balancing act between ease of 

collection, relevance to the biological question and possessing the means to process the 

sample for analysis. 

Once blood is collected from a participant it is mixed with an anticoagulant such as heparin 

or EDTA prior to being subject to centrifugation to separate the plasma (supernatant) and the 

blood cell pellet. Dependent on when the sample is expected to be analysed it will be frozen 

at -80oC (long term storage), - 20oC (short term storage) with freeze thaw cycles kept to a 

minimum, as this can cause degradation of the sample metabolome [152]. Metabolite 

extraction is typically performed on wet ice with samples stored at ~4oC prior to analysis. 

Despite being considered an ‘easy’ sample to prepare blood samples may be subject to poor 

handling procedures, either due to lack of required equipment or not following SOPs, causing 

delays in coagulating and quenching blood samples (preventing further metabolic reactions) 
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and resulting in poor quality samples [152]. Due care and attention is therefore warranted at 

this step and all subsequent steps such as metabolite extraction to maintain quality control. 

Metabolite extraction protocols can broadly be defined as monophasic or biphasic (liquid 

liquid) extractions and will differ dependent upon sample type, workflow 

((semi)targeted/untargeted) and assay (e.g., reversed phase chromatography 

(RPC)/Hydrophilic interaction liquid chromatography (HILIC) discussed further below); no 

single method is capable of extracting all metabolites from a sample [153]. Biphasic 

extractions traditionally employed chloroform which is an immiscible organic solvent, now 

methyl tert-butyl-ether is often used in lieu, alongside methanol and water. Addition of this 

extraction solution to a serum/plasma sample results in the formation two layers, hence the 

moniker biphasic, the top layer being an organic layer enriched with (non-polar) lipids and an 

aqueous layer enriched with polar metabolites [154, 155]. Biphasic extractions have been 

reported to exhibit reduced extraction performance compared to monophasic extraction 

methods [155]. Furthermore, monophasic extraction methods utilise UHPLC-MS compatible 

solvents, such as methanol in polar extractions or isopropanol for lipid extractions, which 

avoid the need for drying and reconstitution of samples which is required in biphasic 

extractions [155]. If global coverage of the sample is the objective, as is the case for 

untargeted assays, and a high throughput method is required monophasic extractions are the 

favourable choice assuming there is adequate sample volume to perform multiple (polar, 

non-polar) monophasic extractions. 

Metabolomics studies often collect 100’s or 1000’s of samples that require analysis, making 

it logistically unfeasible for a single operator to analyse all samples on a single instrument in 

a single uninterrupted run whilst maintaining system performance. Therefore, samples are 
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typically organised into several blocks known as ‘batches’, i.e., an uninterrupted run of 

samples analysed sequentially on a single platform by the same operator [156, 157]. However, 

different batches can exhibit independent and differing analytical variation which, if not 

addressed, becomes a confounding factor when merging datasets from different batches 

[156, 157]. Specialist software and methodology to address these issues exist and examples 

are shown here [143, 158-160] and are incorporated in metabolomic analysis platforms such 

as Metaboanalyst [161]. A further concern prior to data collection is the collinearity between 

sample/patient demographics and analytical performance (e.g., changes in mass analyser 

sensitivity) over the course of a batch. For example, analysing samples in order of age of the 

participant they were collected from is ill advised as any linear trends observed in the data 

may be the result of linear changes in analytical performance and not representative of 

phenotypic changes in the samples. To circumvent such problems in metabolomics studies 

the order of sample preparation and analysis is typically randomised to avoid such 

collinearities [143]. A common method of monitoring system stability and performance within 

and between batches is the use of quality control (QC) samples in conjunction with process 

blanks, the application of which is discussed by [79, 157, 162, 163], and summarised below. 

Process blanks contain the solvents applied within the metabolite extraction procedure but 

otherwise lack the biological material being analysed. Process blanks can be applied to 

identify metabolite features unrelated to the biological sample but associated with the 

extraction process, i.e., metabolite features derived from the solvents/additives. QC samples 

comprise several variations but the most common is the use of pooled QC samples that 

consist of equal small aliquots of all biological samples (serum/plasma) to be analysed, or a 

subset of the biological samples in larger studies. QC samples made in this manner represent 

a collection of homogenous samples representative of the biological samples. Ergo, when 
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analysed periodically throughout a batch they act as a measure of analytical variability by 

observing any changes in analytical response between subsequent QC samples. Such changes 

would initially be evident by a sudden change in the number of detected metabolite peaks, a 

reduction in the sum intensity measured for a sample, or shifts in retention time (RT). 

Dependent on the nature of the analytical variability QC samples can be used as reference 

points to apply complex normalisation methods such as: retention time correction (see 

Section 1.4.1.) to accommodate for small changes in retention time, batch correction (see 

above) to correct for inter-batch effects, and metabolite feature filtering. Feature filtering is 

a commonly applied practise in metabolomics to improve data quality with common steps 

applied outlined by [163]. These typical steps include filtering out metabolite features that 

breach one of the following parameters: features must be detected in >=70% of QC samples, 

features must have a relative standard deviation (coefficient of variation) < 30, any feature 

whose average intensity in the biological samples is below the average intensity of the process 

blank samples as a percentage assigned by the user, e.g., if 0.1 this is 10% or a factor of <10x). 

By applying these filters metabolite features that exhibit high variability across QC samples, 

are not present in the vast majority of QC samples or have a prominent presence in process 

blanks are removed, thus improving the quality of the dataset. QC samples may also be 

employed to condition LC columns or circumvent the need for replicate injections of biological 

injections.  

Once blood samples have been collected and metabolites extracted, randomisation applied 

and batches determined, it is time to analyse the samples on the metabolomics platform of 

choice. Plasma/serum are complex biological samples and may require separation, e.g., via 

chromatography, prior to analysis to more accurately detect and measure metabolites 

present in the sample. Further details pertaining to chromatography (see Section 1.3.1.), mass 
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spectrometry platforms (see Section 1.2.3.) and their mode of operation (see Section 1.3.3.) 

are provided below. Metabolomics data collected on UHPLC-MS systems is three dimensional, 

containing information on retention time (relating to chromatographic separation), m/z, and 

signal intensity for thousands of detected metabolite signals (peaks) which can collectively be 

referred to as a feature intensity matrix. Processing of this complex data requires specialist 

software to (1) convert vendor format files to an opensource compatible file format and (2) 

preprocess the data ready for statistical analysis. The parameters applied in these steps can 

affect the outputted metabolite data. Raw data processing is discussed in greater detail below 

(see Section 1.4.). Furthermore, in an untargeted study these metabolite peaks have no 

known identity at the point of data acquisition and thus require annotation and identification 

to affirm the compounds that correspond to detected signals (see Section 1.5.). 

Once processed the resulting feature intensity matrix(ices) can be subject to statistical 

analyses which follow well defined community guided workflows discussed in detail across 

numerous bioinformatics articles with examples shown here, [164-166], and a brief overview 

of key methods given below. Typical methods of analyses may include: Volcano plots (fold 

change analysis combined with T-test) to discern metabolite (features) that differ significantly 

between groups of interest and gauge the relative change in intensity/concentration between 

groups. If the number of groups >2 or there are multiple test variables (e.g., treatment & time) 

then (two way) ANOVA may be applied in lieu to determine significant differences between 

groups. Uni/bi-variate statistics are useful in identifying significant differences between 

groups based on pre-defined variables such as phenotype, thus drawing attention to 

metabolites of potential interest. However, the metabolome is a dynamic system influenced 

by a multitude of variables which may or may not have been considered within the 

experimental design (e.g., age, BMI, ethnicity, diet, medical history) that can contribute to the 
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observed inter/intra group variance. Multivariate dimensionality reduction methods such as 

PCA transforms complex data sets by projecting them onto a limited number of principal 

components (PC). The first principal component can be imagined as a line through the data 

which represents the maximum co-variance between any pair of datapoints, thus, it 

represents a linear component through the dataset capturing the most variance and 

represents a potentially meaningful pattern. The second principal component is uncorrelated 

to the first, i.e., when represented geometrically it is perpendicular to PC1, but other than 

this restriction is a linear line through the data which represents maximum co-variance 

between any pair of datapoints. PCs are ranked in order of variance ‘captured’ with PC1 

representing the trend with greatest variance across the dataset, then PC2 and so on. It is 

typical to present the data as a 2D PCA plot wherein datapoints which are more similar will 

cluster together and those that are less similar have a greater distance apart along one or 

both plotted PCs. This allows for group outliers to be identified and, dependent on the 

groupings applied, can help identify the variables that contribute most to this variance [167]. 

Whilst group labels can be applied to data points, they do not inform the construction of the 

PCs, therefore PCA is considered an unsupervised data exploration tool useful for assessing 

data quality. Similar multivariate analysis, such as OPLS-DA, is a supervised multivariate 

technique that projects datapoints onto two components. Unlike PCA, components in OPLS-

DA are plotted to maximise inter-group variation (typically plotted on the x axis) and intra 

group variation (y axis). Techniques such as OPLS-DA are therefore useful to identify 

discriminatory variables that explain inter-group differences, e.g., biomarkers differentiating 

healthy vs disease groups, or sources of intra-group variation. However, its use is cautioned 

as OPLS-DA and similar techniques are designed to force group separation requiring the 

model to be validated (e.g., by group separation observable in PCA) on a per case basis to 



29 
 

avoid known issues such as discriminatory variables being derived from noise [168]. To assist 

in conveying results from an otherwise complex dataset it is common within metabolomics 

to employ various data visualisation methods which include but are not limited to the 

aforementioned PCA/OPLS-DA plots, heatmaps (with or without clustering), boxplots, and 

various graph types. 

1.2.3. Platforms 

UHPLC-MS is the most widely used platform within metabolomics [119, 128, 169, 170]. Within 

the literature the latter may also be referred to as Ultra-performance liquid chromatography 

(UPLC), a trademark of Waters (Waters Corporation, MA, USA) or inaccurately abbreviated to 

LC-MS when still referring to UPLC/UHPLC-MS technologies; only the term UHPLC-MS will be 

used throughout this thesis. UHPLC-MS systems are so favoured due to their greater 

sensitivity i.e., their ability to detect and measure low abundance metabolites, versus 

alternative platforms such as nuclear magnetic resonance (NMR) which were more widely 

used prior to the advent of UHPLC-MS systems. Furthermore, UHPLC-MS systems can utilise 

multiple available liquid chromatography (LC) assays facilitating retention and analysis of 

metabolites across a broad range of polarities and hydrophobicity/hydrophilicity. It is this 

flexibility and greater coverage of the metabolome over previously popular platforms, such 

as gas chromatography mass spectrometry (GC-MS), which have seen UHPLC-MS become the 

most used platform since its debut in 2004 [119, 140, 169-172]. When coupled to the high 

accuracy of MS instrumentation, i.e., the ability to accurately measure mass, chemical 

formula can be derived for a wide array of metabolites in a sample [83]. However, accurate 

mass is insufficient information to derive metabolite structures; tandem mass spectrometry 

(MS/MS or MS2) employs methods such as collision induced dissociation (CID, further details 
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provided below in section 1.4.2.4.) to fragment the analyte of interest and acquire additional 

structural information [83, 119]. However, the success and reliability of producing 

fragmentation spectra is platform dependent and reliant on databases/spectral libraries for 

metabolite identification [138, 173]. NMR offers lower coverage than MS methods, yet its 

strengths overcome some of the limitations coupled to MS. NMR yields greater structural 

information suitable for compound identification, even between isomers, in addition to: 

offering greater reproducibility, the option of real time analysis on living cells and cultures 

due to its non-destructive nature, and being more easily quantifiable vs MS. Due to these 

strengths NMR, alongside GC-MS, was one of the first platforms used within metabolomics 

and is still applied in the field.  

As NMR [174, 175] and GC-MS [121, 176] are not directly pertinent to the following chapters 

their underlying principles and applications are not discussed here, though they are outlined 

in the previous works referenced [121, 174-177]. Further details on chromatography and MS 

in relation to UHPLC-MS systems, as applied to metabolomics, are provided below (see 

Section 1.3.). 
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1.3. Analytical Techniques 

1.3.1. Chromatography 

1.3.1.1. Overview 

Liquid chromatography, as detailed by [178-183] and summarised below, can broadly be 

described as a methodology which separates out a multi-component mixture into its separate 

components by exploiting the unique physiochemical properties of the components and of 

the chromatography system (chromatography column, mobile phases etc). Separation 

typically occurs by the continuous absorption and then release of components at different 

rates on an immobilised surface (stationary phase) as the components pass through the 

column. The stationary phase composes a range of embedded chemical functional groups 

that can interact (e.g., via hydrogen bonding, Figure 1.6) with components (analytes). 

Analytes are carried over the stationary phase by a liquid mobile phase which may change in 

composition over the course of the chromatography run to progressively desorb (elute) 

analytes previously bound to the stationary phase. For example, for a C18 reversed phase 

assay of urine two mobile phases are applied, typically water (weaker eluting solvent) and 

acetonitrile (stronger eluting solvent). To elute analytes being more strongly bound to the 

stationary phase a gradient elution is applied where the composition of the mobile phase 

changes from high percentage of water/low percentage of acetonitrile to high percentage of 

acetonitrile/low percentage of water. The rate of change is programmable and can be linear 

or curved. The rate of desorption is dependent on the propensity of the analyte to interact 

with the stationary and mobile phases with analytes most weakly bound to the stationary 

phase eluting first while analytes interacting more strongly with the stationary phase eluting 

later and therefore achieving separation.  
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Figure 1.6: A depiction of the various analyte-column interactions that can influence 

selectivity in RPC or HILIC columns, reproduced from [184]. 

(London) Dispersion / van der Waals forces: Intermolecular forces between the 

analyte/stationary face as a result of temporary dipole moments. Interaction tends to be 

stronger among larger (non-polar) molecules [185].  

Hydrophobic interaction: (aqueous) Solvent induced interactions affecting non-polar 

(hydrophobic) molecules that promote their spontaneous aggregation e.g., non-polar 

analytes to non-polar stationary phase in reversed phase chromatography (see below, 

Mechanisms of separation – Reversed phase chromatography) [186]. 

Hydrogen bond: Intermolecular forces between an atom with a lone pair of electrons and a 

hydrogen atom covalently bonded to a more electronegative atom (O, F, N), e.g., H2O. A 

prominent interaction in HILIC chromatography [187] (see below, Mechanisms of separation 

– HILIC) and can contribute to retention in reversed phase chromatography [188]. 

Ion-ion interaction: Intermolecular attraction between two opposingly charged ions 

Ion-dipole interaction: Intermolecular attraction between an ion and oppositely charged 

dipole moment induced by the ion. 

Ion interactions may feature dependent on the stationary phase and column pH, e.g., at a 

neutral pH silanol groups present in a C18 column can carry a negative charge but at low pH 

they are protonated and neutral (see below, Mechanisms of separation – Reversed phase 

chromatography) [188]. 

π-π interaction: Van der Waals forces between unsaturated aromatic compounds, e.g., with 

a phenyl-hexyl stationary phase utilised in reversed phase chromatography (see Section 

1.3.1.3.). 
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Similar to metabolomics, this initial broad definition belies the complexity and wide-ranging 

applications of chromatography that have developed since its initial inception and growth 

over the course of the 20th century. Although liquid chromatography is the most widely 

applied today in chemical analysis (and metabolomics), there are other types including gas 

chromatography [119, 121, 189], thin-layer chromatography [190, 191], ion exchange 

chromatography [192] and supercritical fluid chromatography [193, 194]. Capillary 

electrophoresis, although not defined theoretically as chromatography, is a component 

separation technique which can be coupled to mass spectrometry and is applied in 

metabolomics studies. As powerful separation techniques, chromatography has been 

‘hyphenated’ to numerous analytical (detection) technologies such as spectroscopic 

techniques [195] and perhaps more well known, mass spectrometry.  

UHPLC (Figure 1.7) was commercially introduced in 2005 by Waters Ltd and helped to 

revolutionise the use of liquid chromatography coupled to MS in metabolomics studies. 

UHPLC operates with smaller chromatography particle sizes (typically <2.5µm compared to 

5µm for the traditional HPLC columns) and along with higher flow rates provides higher 

chromatographic resolution and higher sensitivity compared to traditional HPLC columns; for 

example, chromatographic peak widths are typically 3-10 seconds wide at baseline compared 

to typically greater than 30 seconds for HPLC. Before UHPLC-MS was introduced 

commercially, metabolomics studies predominantly applied GC-MS and NMR spectroscopy. 

As UHPLC-MS is the most widely applied metabolomics platform the following sections will 

focus on the two most frequently used UHPLC assays, reversed phase chromatography (RPC) 

and hydrophilic interaction chromatography (HILIC). Of importance to note is that RPC and 

HILIC assays are complementary to each other and both are typically applied together in 

metabolomics studies to allow the study of water-soluble metabolites (HILIC) and lipids (RPC) 
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for most sample types. Sometimes an RPC assay using water and methanol or acetonitrile is 

applied instead of HILIC assays, especially for the study of urine. 

  

Figure 1.7: A simplified schematic of a UHPLC system interfacing with a mass 

spectrometer, reproduced from [196]. (1) The required ratio of solvent is drawn from the 

reservoir by the binary pump system prior to being mixed. This ratio is user defined and 

can change over the course of the UHPLC. (2) The autosampler aspirates the user defined 

volume of sample then injects the sample volume into the now mixed mobile phase via a 

switching valve. (3) The sample and mobile phase solution is pumped through the 

chromatography column, housed in a temperature-controlled unit, wherein analytes will 

experience varying degrees of retention and be separated. (4) The eluted solution from 

the chromatographic column enters the mass spectrometer (see Section 1.3.3. for further 

details) detector of choice and (5) chromatograms and mass spectra are collected from the 

connecting workstation terminal. 
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1.3.1.2. Mechanisms of separation – HILIC 

The stationary phase is considered the most influential factor in determining selectivity in 

HILIC separation, e.g., silica based stationary phases show lower hydrophilic selectivity than 

polymer based stationary phases [197]. HILIC stationary phases are typically bare silica or 

silica derivatised with different polar groups (e.g., amide, diol) [198], the surface may be 

acidic, neutral, basic dependent on the specific structure of the stationary phase e.g., acidic 

silica to encourage ion exchange interactions [187] or stronger anionic/cationic retention of 

analytes under low/high pH mobile phase conditions [199]. The two mobile phases applied in 

HILIC assays are typically acetonitrile and water with modifiers included in each mobile phase 

(e.g., ammonium formate or ammonium acetate or formic acid). For example, the gradient 

elution applied starts with 95% acetonitrile and ends with a composition of 50/50 

acetonitrile/water. If a larger water content is applied then the adsorbed water layer, 

discussed below, can break apart and reduce analyte absorption. The primary retention 

mechanism in HILIC is a phenomenon referred to as partitioning. With a high ratio of organic 

solvent (acetonitrile) and a small ratio of water in the mobile phase, water interacts more 

strongly with the polar stationary phase of the HILIC column (e.g., bare silica with silanol 

functional groups or amine and amide functional groups) [197, 198]. Thus, interactions 

between water, as opposed to acetonitrile, and silanol groups are favoured resulting in water 

adsorbing onto the silanol groups and forming an adsorbed water layer. [198]. The thickness 

of the adsorbed water layer can be influenced by pH and mobile phase modifiers which may 

alter the charge state of the stationary phase affecting its interaction with water molecules 

[197] and, somewhat counterintuitively, the water layer formed is larger with a higher organic 

acetonitrile:H2O ratio in the mobile phase [198]. Partitioning is described by the differential 

distribution of an analyte between the adsorbed water layer and organic rich mobile phase. 



36 
 

The more hydrophilic the analyte the greater the effect of partitioning, favouring analyte 

interaction and retention with the adsorbed water layer [197, 198]. Separation under HILIC 

conditions is deemed multimodal (i.e., multiple retention mechanisms) with some examples 

shown in Figure 1.6 [198] and may relate to the poor reproducibility in elution and modelling 

of retention times [197]. Secondary mechanisms may include hydrogen donor interactions 

between neutral polar molecules, weak electrostatic interactions dependent on pH or under 

high organic conditions and hydrogen bonding [197, 198]. Thus, these secondary interactions 

are partially dependent on the chemical structure of the stationary phase and analytes and 

the mobile phase employed [187].  

A ‘hierarchy’ of mobile phase features that affect selectivity are mobile phase pH, organic 

solvent and modifier type and concentration, as detailed by Guo in their review [197]. Mobile 

phase pH is considered the most important parameter as it can influence the charge state of 

ionisable analytes and charges present on the stationary phase surface which may alter the 

interactions between analytes and the stationary phase. Modifier type and concentration was 

deemed to have the least influence on selectivity but is potentially a significant factor for 

retention as it may influence the thickness of the adhered water layer on the stationary phase 

through modulation of electrostatic interactions between the stationary and mobile phases 

and will determine mobile phase pH. As the primary mechanism of separation in a HILIC 

column relies on partitioning into a water adsorbed layer it is an ideal assay to investigate 

water-soluble metabolites [200-202], polar metabolites [198, 203], including polar lipids 

[204]. 
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1.3.1.3. Mechanisms of separation – Reversed phase chromatography  

The most frequently applied stationary phase is a C18 reversed phase which is a C18 alkane 

chain chemically bonded to the stationary phase particle (silica or polymer). However, other 

types of reversed phase stationary phases are used including C8, C30 and biphenyl columns. 

Unlike HILIC assays, RPC assays can use a range of different mobile phases. For water-soluble 

metabolites water is used as a weak eluting solvent and either methanol or acetonitrile are 

used as the strong eluting solvent with the gradient elution operating from high percentage 

water/low percentage organic solvent to high percentage organic solvent/low percentage 

water. The study of lipids normally applies a water/organic solvent mixture as the weak 

eluting solvent and isopropanol as the strong eluting solvent. RPC is the most commonly 

applied chromatographic method within analytical chemistry, as such, there are a wide range 

of columns available, similar to HILIC, that exhibit large differences in selectivity [184]. The 

separation mechanisms of RPC are still subject to further investigation and review as 

evidenced by the recent publications on the subject matter. There has been some contention 

on the primary mechanism of separation and retention in RPC. One mechanism relies on 

partitioning, not to be mistaken with the partitioning layer of water within HILIC. In this 

context partitioning refers to analytes immersing themselves within but not adsorbing to the 

bonded phase, for example a C18 alkyl chain bonded to a silica anchor which is the most 

commonly used RPC column [184]. The other mechanism occurs at the bonded phase/solvent 

interface with adsorption of analytes directly onto the bonded phase [184]. With alkyl chains 

as the stationary phase, organic modifiers within the mobile phase may adsorb onto the ends 

of the alkyl chains creating an enriched organic region separating the bonded phase region to 

the ‘water-rich’ mobile phase [205]. These three distinct regions contribute to retention of 

semi-polar or non-polar analytes either through: unfavourable (hydrophobic) interactions of 



38 
 

the analyte with the hydro-organic mobile phase (Solvophobic theory) and/or driven by 

favourable (lipophilic) interactions between the analyte and bonded phase (Revisionist 

theory) [184, 205, 206]. The mechanism that contributes greatest to retention is dependent 

upon the analyte and the stationary phase. For example, on C8 columns non-polar analytes 

are primarily retained through adsorption while with C18 columns partitioning and adsorption 

are the primary mechanisms, yet for non-polar analytes adsorption is the primary mechanism 

of retention regardless of alkyl chain length (C8 or C18) [184].  

Despite ongoing discussion on the underlying theories that govern RPC, the selectivity of 

different stationary phases is well understood resulting in a large commercial market of RPC 

columns with numerous applications [184]. Like HILIC, the stationary phase is an important 

factor in the selectivity of RPC. For example, alkyl chains (C4, C8, C18) bonded to silica are 

primarily employed to separate and retain: hydrophobic compounds, non-polar/polar lipids 

via the mechanisms described above [184]. However, phenyl-hexyl bound to silica exhibit 

stronger π-π (non-covalent) interactions with aromatics which facilities their retention, but 

an altered bonded phase-mobile phase interface attenuates the retention of other analyte 

classes including aromatic-containing analytes [184, 207]. It has also been shown that analyte 

retention is greater with an increase of the hydrophobicity of the solutes, hydrophobicity of 

the stationary phase surface and polarity of the mobile phase [184]. Retention is also 

dependent on other parameters such as temperature, pH, pressure, surface heterogeneity, 

and ionic strength of the mobile phase [205]. Despite favouring retention of hydrophobic 

metabolites RPC has been applied to urine and plasma to investigate water-soluble 

metabolites with low polarity such as short chain fatty acids [208]. As RPC favours the 

retention of semi-polar and non-polar metabolites in contrast to HILIC favouring retention of 

polar metabolites the two assays offer complementary coverage of the metabolome when 



39 
 

applied in tandem [209, 210]. A RPC assay utilising a C18 column, the most used and optimal 

choice for investigation/retention of lipids/non-polar molecules [184], and a HILIC assay 

utilising a hydrophilic stationary phase, such as amide facilitating fast and efficient retention 

of highly polar metabolites [211], would provide broad coverage for the sample of choice 

making it an ideal combination for untargeted metabolomic workflows. This tandem 

approach has been applied to investigate water-soluble metabolites in urine [212], in addition 

to faeces blood and saliva [213]. 

1.3.2. Forgoing chromatography – alternative approaches 

Chromatographic separation is not a mandatory step of utilising MS analysis with some 

advantages offered from purposefully mitigating the process. Such methods, known as direct 

infusion mass spectrometry (DI-MS) or flow injection analysis mass spectrometry (FIA-MS) do 

not apply a separation step such as chromatography. As a consequence, ions of the same 

mass/chemical formula are detected as a single ion (metabolite peak) which cannot 

differentiate between stereo/structural isomers [214, 215]. The lack of chromatographic 

separation has additional disadvantages such as increased ion suppression, i.e., analytes 

‘competing’ for charge within the ionisation source resulting in reduced signals for less 

volatile metabolites [177, 215]. However, the lack of chromatography facilitates ease of 

sample preparation allowing for faster analysis and can be more easily automated with 

robotic systems to create a high throughput system for large sample sets [177]. Standalone 

MS platforms have been applied to study human tissue and blood samples [177] human urine 

[214] and saliva [216]; furthermore they have been applied in other fields such as quality 

control and counterfeit detection in medications and supplements, analysis and detection of 
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pesticides [215] and is one of the primary platforms utilised by commercial kits such as the 

Biocrates AbsoluteIDQ p180 kit (Biocrates, Life Science AG, Innsbruck, Austria). 

1.3.3. Mass spectrometry 

1.3.3.1. General concepts 

Mass spectrometry is an analytical technique capable of qualitatively or quantitatively 

measuring the abundance of molecules such as metabolites, peptides or proteins which are 

ionised and detected as ions related to the structurally intact or fragmented analyte [217]. 

Mass spectrometers do not measure mass directly, but return a measurement known as 

mass-to-charge ratio (m/z) [79]. For example, protonated tryptophan, represented as [M+H]+ 

(mass of compound + mass of hydrogen), may have a measured m/z of 205.0976 (205.0976 / 

1) whilst doubly protonated tryptophan [M+2H]2+ may have a measured m/z of 103.0527 

(206.1054 / 2). In either instance the mass of tryptophan can be inferred if the adduct is 

known, in this instance the addition of hydrogen, yielding a mass of ~204.0898 Da which is 

the monoisotopic mass of tryptophan. Due to the small size of metabolites they typically form 

singly charged ions [79], however, adduct formation is dependent on the method of ionisation 

and type of hyphenated technique used (e.g., UHPLC) [218-221].  

An example of a mass spectrometry set up is shown below (Q Exactive Plus Orbitrap MS, 

Figure 1.8) with a detailed breakdown of key components provided in the proceeding sections 

and a brief overview, informed by the manufacturer’s user manual [222], given here. Once a 

sample has been introduced into the mass spectrometer, either via direct injection or post 

chromatography (Figure 1.7), the sample is ionised within the source (see Section 1.3.3.2. for 

further details). The resulting ions can be manipulated by electromagnetic fields as they enter 

the mass spectrometer, which operates under a vacuum below 1×10-6 ba, via the capillary. 
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The mass spectrometer consists of several ‘ion optic’ devices (lenses and -poles) whose 

purpose is to focus and redirect the ion beam (see Section 1.3.3.4. for further details on 

quadrupoles). Any neutral molecules (e.g., gas, solvent) will not be re-directed by the bent 

flatapole whilst charged ions will undergo a 90o turn into the first mass analyser/filter (e.g., 

Transfer multipole). The ions then enter the C-trap (see Section 1.3.3.5. for further details), a 

bent quadrupole, that ejects discrete packets of ions into the terminal mass analyser 

(Orbitrap, see Section 1.3.3.5. for further details). Alternatively, ions may be subject to 

fragmentation (see Section 1.3.3.6. for further details) prior to mass analysis in the Orbitrap 

by transferring from the C-trap to the higher-energy C-trap dissociation (HCD) cell before re-

entering the C-trap and being ejected into the Orbitrap. Ions of the same mass form rings 

which both orbit around the Orbitrap spindle and oscillate along its axis. These oscillations 

induce an electric current that a detection system can interpret into relative intensity of the 

signal and m/z. 
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Figure 1.8: A schematic representing the assembly of a Q Exactive Plus Orbitrap mass 

spectrometer coupled to an atmospheric pressure electrospray ionisation source (see 

Section 1.3.3.2.) reproduced from Thermo Fisher [223]. The device contains a higher 

energy collision dissociation (HCD) cell, which functions on the same principles of collision 

induced dissociation, for MS/MS applications (see Section 1.3.3.6.). The mass analyser is 

an Orbitrap system (see Section 1.3.3.5.) which is fed ion packets from a C-trap (see 

Section 1.3.3.5.).  
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1.3.3.2. Electrospray ionisation 

Ionisation of molecules is a vital stage within MS as charged particles are responsive to 

electrical, RF and magnetic fields allowing them to be accelerated, reflected, spatially isolated 

(trapped) or spatially separated based on their m/z. [224-227]. Metabolites are not equally 

ionisable and may favour a specific method of ionisation such as ‘spray-based’ atmospheric 

electrospray ionisation (ESI) techniques with either positive/negative polarity or ‘laser-based’ 

matrix-assisted laser desorption ionisation (MALDI) [118, 217, 228]. As previously mentioned, 

the employed method of ionisation can result in multiple adducts and so a single metabolite 

may have several different m/z values recorded by a mass spectrometer which can complicate 

metabolite identification (see Section 1.5.2.). Examples of ionisation methods include but are 

not limited to: ‘laser based’ ionisation methods such as MALDI and its variants — liquid 

atmospheric pressure-MALDI, matrix-assisted laser desorption electrospray ionisation; non-

laser or spray based methods such as — rapid evaporative ionisation, matrix-assisted 

ionisation vacuum and ‘spray based’ ionisation methods such as — desorption electrospray 

ionisation (DESI), nano-DESI, or ESI, with the aforementioned methods reviewed elsewhere 

[218, 228]. Use of laser-based ionisation methods, i.e., MALDI and its variations, see 

prominent use in the field of proteomics but less so in metabolomics and so these methods 

are not discussed further; instead, the proceeding chapters focus on ESI as it is the most 

prominent form of ionisation employed alongside UHPLC-MS systems. The underlying 

mechanisms of ESI are detailed by [229, 230] and inform the summary below and in Figure 

1.9. In a typical ESI setup (Figure 1.9) a liquid solvent, such as the mobile phase from a UHPLC 

system, is passed to a capillary (spray capillary). Dependent upon the polarity of the ESI 

source, the spray capillary is attached to a positive (positive ion mode) or negative (negative 

ion mode) terminal directed towards an oppositely charged counter electrode situated 
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around an orifice leading to the vacuum region of the mass spectrometer. There is a large 

potential difference (~2-3kV) applied between the capillary and counter electrode supplied 

by a direct current. The chamber in which the capillary and counter electrode occupy (ESI 

chamber) operates at atmospheric pressure as the ambient gas assists with solvent 

evaporation (see below) and maintaining a vacuum within the chamber would be difficult due 

to the high flow of liquid ejected from the capillary. Further, the mass spectrometer operates 

at a high vacuum pressure creating a favourable pressure differential between the ESI 

chamber and MS which assists entry of gas phase ions into the mass spectrometer. The 

electric field, as applied to the spray capillary, is strongest at its tip and causes polarisation of 

the liquid solvent. Under positive ion mode this results in the accumulation of positive ions at 

the meniscus of the liquid solvent forming a Taylor cone which possess an elliptical shape at 

the spray capillary aperture. The ions present depend on the sample and UHPLC assay applied, 

for example, NH4
+ ions may accumulate in positive ion mode due to the presence of 

ammonium acetate additives in UHPLC mobile phases along with other potential ion species 

[220, 221]. Two opposing forces influence the shape of the meniscus, surface tension acts to 

retract the liquid to within the spray capillary whilst electrostatic forces such as attraction of 

ions at the meniscus to the oppositely charged counter electrode and liquid flow draw the 

meniscus out of the spray capillary. From the Taylor cone is emitted a fine jet of droplets 

which contain like charged ions. As these droplets are in flight the solvent starts to evaporate 

due to thermal energy provided by the ambient gas within the ESI chamber reducing the 

volume and diameter of the droplet. This reduced volume results in an increased field density 

at the droplet surface, i.e., increased localised charge, until the repulsion between like 

charged ions overcomes the surface tension of the droplet. The point at which this occurs is 

known as the Rayleigh limit which defines the theoretical maximum charge that a droplet of 
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known electrical permittivity, surface tension and radius can possess. Upon 

approaching/reaching the Rayleigh limit additional Taylor cones form on the droplet emitting 

secondary droplets of smaller size in a process referred to as coulombic fission (explosion). 

This process repeats itself with the secondary droplets and so on until individual ions, no 

longer in solvent but in the gas phase, enter the mass spectrometer. ESI is considered a 

sensitive enough method of ionisation that very low concentrations of analyte (10-7 – 10-3 

mol/L) can be present in the liquid solvent but still be successfully ionised and enter the mass 

spectrometer. The ability for ESI to ionise a range of biologically relevant molecules at low 

concentrations and be easily coupled to UHPLC systems has resulted in its popularity as the 

standard ionisation method of choice for UHPLC-MS based metabolomic applications. 

 

  

Figure 1.9: A schematic illustrating ion formation in an ESI source, reproduced from 

[231]. 
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1.3.3.3. Mass analysers & ion selection 

Post ionisation, analyte ions are transferred to a mass analyser and detector. Keeping in 

theme with mass spectrometry there are a range of methods and technologies that can be 

used in tandem or isolation with one another that serve to 

filter(select)/fragment(MS/MS)/trap and measure the mass of these ions. Types of mass 

analysers include: the quadrupole and its variants (multipoles) [232-234], linear ion traps 

[232-234] alternative ion traps such as the Fourier transform ion cyclotron resonance (FTICR) 

[233, 235] and Orbitraps [226, 233] as well as Time of Flight (ToF) [224, 233] to name a few, 

with cited literature summarising their application or mechanisms. Mass spectrometers can 

be constructed with multiple mass analysers, known as hybrid instruments. These include the 

triple quadrupole mass spectrometer applied for targeted assays and the combination of low 

mass resolution quadrupole mass analysers with high mass resolution ToF or Orbitrap mass 

analysers for untargeted metabolomics assays. Due to the high mass resolution, mass 

accuracy and sensitivity offered by ToF and Orbitrap mass spectrometers and their successful 

coupling to UHPLC platforms utilising ESI sources they have become favoured mass analysers 

applied in metabolomics [226, 236, 237]. Just as different ion sources have their own 

advantages and disadvantages so too do mass analysers. Metrics used to report mass analyser 

capability include mass accuracy, defined as the ratio of the m/z measurement error to the 

true m/z measured in parts per million (ppm) and resolving power defined as the ability to 

resolve (differentiate) between two similar measured m/z values (peaks) [227]. Detected m/z 

peaks have definable characteristics with regards to their shape (width, maximum height) 

discussed in greater detail below (see Section 1.4.1.), thus, resolving power is typically quoted 

with reference to these characteristics [238]. One such metric for resolving power is full width 

at half maximum (FWHM) calculated as m/∆m where m is the mass and ∆m the peak width 
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(m/z range) at half peak intensity [238]. If the resolution of a mass analyser is too low, 

adjacent m/z peaks may not be adequately resolved which can negatively impact mass 

accuracy and result in a reduced ability to infer a chemical formula and chemical identity 

(annotation) for observed m/z peaks [227]. Accurate mass measurements are therefore 

reliant on sufficient mass resolution. However, the mass resolution of a mass analyser can be 

dependent on the m/z ratio of the molecule being analysed. For example, within Fourier 

transform mass spectrometers (FTMS), e.g., cyclotron and Orbitrap mass analysers discussed 

more below (see Section 1.3.3.5.). Therefore, resolution is typically quoted for specific m/z 

values [227]. Due to their wide application in metabolomics and relevance to further chapters 

only the theory and application of Orbitrap mass analysers, in conjunction with quadrupoles 

and variants, are discussed further. 

1.3.3.4. Quadrupole mass analysers 

Whilst quadrupole mass analysers represent the lowest mass resolution analysers, capable of 

selecting for ions of nominal mass but unable to acquire an accurate measure of m/z, they 

remain one of the most widely used mass analysers [234]. A linear quadrupole mass analyser 

(quadrupole mass filter) consists of four rods, either circular or hyperbolic in shape, arranged 

equidistance and parallel to one another in a diamond formation. These four rods apply a 

static electric field (direct current (DC) potential) overlayed with an alternating 

radiofrequency (RF) field. Opposing rods possess equal polarity and magnitude of the RF field 

with each pair of rod’s static field being of the opposing polarity and the RF field being 180o 

out of phase (Figure 1.10) such that one pair of rods is positively charged and the other 

negatively charged at any given moment with the polarity of the rods switching at a user 

defined frequency [233, 234]. Ions travelling through the quadrupole are subject to the sum 
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of forces from both the static and alternating fields. However, velocity is maintained within 

the z axis (through the quadrupole) as the static/alternating fields are perpendicular to the 

direction of motion in the x and y field. Therefore, velocity is subject to change in the x and y 

planes only [233].  

 

 

The trajectory of ions in the x/y plane of a quadrupole are defined by the Mathieu and Paul 

equations which relates the relative position of an ion in the x/y plane to time, the static and 

RF fields and the m/z of the ion in question [233, 234]. These equations can be applied to 

display areas of stability within the x/y planes i.e., areas in which ions of a given m/z will have 

a stable trajectory and pass through the quadrupole. Modulation of the electric fields can 

discriminate which m/z will maintain a stable trajectory and pass through the quadrupole and 

those that have an unstable trajectory and will not pass through, colliding with and 

discharging on the quadrupole rods [233]. By exploiting this principle, the quadrupole is able 

Figure 1.10: A schematic illustrating the orientation and the opposing composite electric 

field maintained between pairs of quadrupoles, reproduced with addition of the axes 

from [234]. Dependent on the assigned frequency of the oscillating field the quadrupole 

pairs will alternate between positive and negative polarity. Ions with a stable (corkscrew) 

trajectory travel through the quadrupole along the z axis. 
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to function as a mass filter to transmit specific m/z packets through or to operate (typically in 

RF only mode) to focus and transmit all m/z packets. Finally, multiple quadrupoles can be 

applied in succession, as is observed in triple quadrupole mass spectrometers (QqQ) wherein 

one mode of operation it to have the first quadrupole (Q1) select a precursor ion based on its 

m/z which is user defined, the second quadrupole (q2) (RF mode) is a CID cell that fragments 

the selected ion and allows all fragments to enter quadrupole (Q3) which then allows all or a 

subset of the fragment ions produced by the CID to pass through the quadrupole to an ion 

detector [233, 234] as illustrated in Figure 1.11 (for further details on fragmentation see 

Section 1.3.3.6.).  

Figure 1.11: A schematic illustrating the QqQ operation of a triple quadrupole, 

reproduced from [239]. Q1/Q3 operate as mass filters to permit ions of a specified m/z 

range to pass through the quadrupole whilst q2 is operating in RF mode to function as a 

collection cell to induce fragmentation of the precursor ions. 
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1.3.3.5. Orbitrap mass analysers 

Orbitrap mass analysers provide high mass resolution capabilities and offer different mass 

resolutions on the same instrument compared to other mass analysers which offer just one 

mass resolution. Orbitrap mass analysers are typically operated at mass resolutions greater 

than 60,000 (FWHM at m/z 200), dependent on the hybrid instrument used, and exceed the 

mass resolutions available on most ToF instruments. A quadrupole may also be applied as a 

mass filter, to select for ions with a specific m/z prior to fragmentation (see Section 1.3.3.6.) 

or act as an ion focussing device to assist in effective transmission of ions to the Orbitrap 

[232]. 

The theory and applications of Orbitrap mass analysers are detailed in the literature [225-

227] and summarised below. An Orbitrap requires ions to be delivered in discrete pulses 

whilst UHPLC coupled to an ESI source produces a continuous stream of ions. Prior to injection 

into the Orbitrap mass analyser, ions are directed into a C-trap which is a bent quadrupole 

operating in RF-only mode and filled with a bath gas (typically helium). The purpose of the 

bath gas is to induce collisional cooling of the ions to reduce their kinetic energy. Once the 

ions are cooled the RF voltage of the C-trap is reduced (ramped down) prior to a high voltage 

pulse being applied across the C-trap. This pulse ejects the ions as a small ion packet 

orthogonally to the curved axis of the C-trap directing them to dedicated bent ion optics that 

focus the ions on the aperture into the Orbitrap mass analyser (as illustrated in Figure 1.12). 

Orbitraps consist of three electrodes exerting two independent electric fields (Figure 1.12). 

The central electrode is spindle shaped and exerts a radial electric field of opposing polarity 

to the ions that induces their stable circular motion about the spindle. The outer electrodes 

exert a field that induces motion in the axial plane (along the central electrode as opposed to 
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around it). Ions are purposefully injected into the Orbitrap mass analyser away from the 

spindle electrode’s centre (equator) as the axial field strength at this point is zero. The axial 

field strength increases uniformly in opposing directions away from the equator of the 

spindle. By opting to inject ions away from the equator they experience a force from the axial 

electric field and oscillate across the axial plane of the spindle. Ions decelerate as they 

approach the ‘poles’ of the spindle, are repelled and accelerated back across the equator only 

to decelerate and have their direction reversed at the opposing end. These oscillations are 

mass-dependent harmonic oscillations and are independent of initial velocities and (entry) 

coordinates of the ions. The frequency of axial oscillations is a reliable measure to infer m/z. 

Ions of the same m/z form tight packets, or rings, orbiting the central spindle. These 

oscillations are defined by the following equation wherein the angular frequency, measured 

in radians per second, equates to the square root of an ion’s charge divided by its mass 

multiplied by a constant k (proportional to the potential difference between central and outer 

electrodes). 

Ω (angular frequency) = Square root(k/(charge/mass)) 

Ions with a lower m/z exhibit a higher harmonic frequency relative to higher m/z ions. 

Individual rings of oscillating ions induce an electric current, of a frequency matching the axial 

oscillations, detected by an amplifier. These detected signals are in the time domain and are 

interpreted as relative intensity against time for all oscillating ions within the Orbitrap. A fast 

Fourier transform is applied to this complex waveform to convert the data to the frequency 

domain and yield the individual frequencies of each ion ring. The data can now be plotted as 

intensity against frequency or by using the above equation to calculate m/z from the 

frequency, intensity against m/z can be used to plot a mass spectrum. An important limitation 
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to note about the Orbitrap is that the resolving power is proportional to the frequency of axial 

oscillations of ions and acquisition time or inversely proportional to the square root of the 

m/z. Therefore, lower m/z ions with a higher frequency observed within a fixed acquisition 

time benefit from increased resolution. This limitation is not shared by other mass analysers, 

such as TOFs, nor does it strongly hinder metabolomics studies which are focussed on small 

molecules of <1500 Da in size. Also, the longer the acquisition time the higher the mass 

resolution observed; this allows the Orbitrap mass spectrometers to be operated at different 

mass resolutions and the resolution to be applied can be chosen by the user. Most current 

tribrid instruments can operate at mass resolutions of 500,000 – 1,000,000. The mass 

resolution is preferred to be as high as possible but the number of data points across a 

chromatographic peak also has to be considered so that the peak is accurately plotted and so 

mass resolutions of 60,000 – 120,000 are typically applied in metabolomics applications. 
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Figure 1.12: Cross section of the C-trap ion accumulation device and the Orbitrap mass 

analyser with an example of an ion trajectory (A), reproduced from [226], and example traces 

for a detected signal and calculated frequency (B-D), reproduced from [227]. The detected 

signal is in the time domain (B) and is a composite signal of multiple detected waveforms of 

varying frequencies, which results from the ion packets of differing m/z (C), these frequencies 

can be calculated via a reverse Fourier transform of the composite signal (D). 

B 

C 

D 

A 
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1.3.3.6. Tandem mass spectrometry 

High resolution mass spectrometry is capable of measuring the m/z of an ion to high enough 

accuracy to elucidate a metabolite’s chemical formula, which is the first step in annotating 

(putatively identifying) detected analytes, discussed further below (see Section 1.5.). 

However, a chemical formula provides insufficient information to derive the chemical 

structure of an analyte for all but the simplest of metabolites. Tandem mass spectrometry 

(MS/MS) is a technique that is applied to acquire greater structural information through 

fragmentation of the precursor ion (intact metabolite) and measuring the mass of its product 

ions (fragment ions) and inferring their chemical formula [83]. A commonly employed method 

of fragmentation is collision induced dissociation (CID) which subjects precursor ions to an 

electric potential (2-10 keV High energy, 1-200 eV low energy) in a specialised cell containing 

a neutral inert gas such as helium or argon [83, 240]. The kinetic energy imparted to the 

precursor ions by the electric potential induces ion acceleration and collisions with the inert 

gas during which some of the kinetic energy is transferred to the internal energy store of the 

precursor ion. As the ions are in a vacuum and so energy cannot be efficiently released by 

gas-ion collisions, internal energy is lost through bond breaking (fragmentation) and 

rearrangements. The type and efficiency of which product ions are produced is dependent on 

the collision energy and activation time (length of time the potential is applied) [83, 240, 241]. 

The MS/MS spectrum is dependent on the chemical structure, contains the relative intensities 

and m/z of product ions and is reproducible for a given metabolite assuming similar 

methods/parameters of fragmentation are applied. Thus, acquired spectra are akin to a ‘mass 

spectrometric fingerprint’ and can be compared to the spectra of chemical standards 

analysed using the same experimental methods and which are either available within public 

available mass spectral libraries, e.g., METLIN, or in ‘in house’ libraries to aid identification 
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[83]. However, should some product ions go undetected/unidentified or the precursor ion is 

a novel metabolite, a closely matching spectra may not be found within a mass spectral library 

and even the MS/MS data will be insufficient to enable the metabolite’s structure to be 

defined [83]. As discussed above, in a triple quadrupole set up (QqQ) the second quadrupole 

acts as a CID cell and operates in RF mode so does not filter fragment ions based on m/z. Ions 

then pass through the third quadrupole which acts as a mass filter to select fragment(s) of a 

specific m/z to pass through to a detector. Within an Orbitrap device a separate collision cell 

(HCD cell) is used to perform the fragmentation with ion fragments passed back to the C-trap 

prior to ejection into the Orbitrap mass analyser (Figure 1.8). 

1.4. Raw data processing  

1.4.1. Deconvolution(pre-processing) 

Data acquired by a mass spectrometer is multidimensional. For UHPLC-MS it is three-

dimensional (m/z, (retention) time and response). One ‘raw’ data file is acquired for each 

sample analysed and so tens-to-hundreds of raw data files can be constructed. In their raw 

state these data files are incompatible to be used directly with multivariate and statistical 

methods of data analysis [242]. For UHPLC-MS raw data processing, otherwise known as 

deconvolution, is required to convert the 3D raw data matrix (RT vs m/z vs signal intensity) 

into a 2D matrix of metabolite features (i.e., unique m/z & retention time (RT) pairs) and signal 

intensity per sample [79, 243]. Several publicly available workflows including but not limited 

to MS-Dial [244, 245], Mzmine [246, 247] are available in addition to XCMS (extensible 

computational mass spectrometry) which is available both as an online platform and R 

package available via Bioconductor.org [242, 243]. Commercially available software from MS 

platform vendors are also available such as Compound Discoverer (Thermo Fisher Scientific), 
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MassHunter (Agilent) or Progenesis QI (Nonlinear dynamics, Waters Corporation, MA, USA). 

Due to its public availability and implementation within the R environment, which offers 

numerous freely available data handling/analysis tools, XCMS was the pre-processing 

software of choice employed in later chapters. Details below on the steps involved in pre-

processing are therefore provided within the context of the XCMS software. 

Prior to pre-processing via XCMS vendor specific file formats for MS files require conversion 

to an open format such as “.mzML”; this conversion can be achieved with freely available 

software such as Proteowizard [248, 249]. The pre-processing pipeline of XCMS can be 

subdivided as follows: peak detection (peak picking), peak alignment (RT correction), 

correspondence (peak grouping). Each step is described in detail by the following authors 

[242, 250-252] and an overview provided below. Peak detection (Figure 1.13), in XCMS first 

identifies regions of interest (ROI) within the chromatographic data. This is performed by 

specifying a narrow range in the m/z domain (e.g., 300.00-300.02) and identifying areas of 

high signal intensity along the retention time axis which are subdivided into scans (i.e., bins 

of a set time length). If a high signal intensity is detected for the m/z range across consecutive 

scans it is classified as a ROI. Experimentally measured m/z values will differ between 

consecutive scans but are expected to be distributed around the true value (forming a narrow 

Gaussian distribution). If the m/z values differ from the mean m/z of the ROI by less than the 

user defined ppm value then peaks are kept within the ROI, or else they are removed. 

Whether the ROI is considered a true peak and not noise is subject to passing a wavelet filter 

which is a second derivative Gaussian function, colloquially known as a ‘Mexican hat’ wavelet 

due to its shape. An extracted ion chromatogram (EIC, sum of intensities against time within 

a specified m/z range) for the region of interest has the wavelet filter applied, only the section 

of the ROI that falls within the wavelet is integrated (i.e., considered a true peak). The shape 
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of the Gaussian function as applied to the ROI results in peak tails not being integrated, these 

tails contribute a small proportion of the overall peak signal and may otherwise overlap with 

adjacent peaks. The width of the wavelet is user defined and, alongside ppm, is considered 

the most important parameter in accurate peak picking and integration. The integrated peak 

will have two definable parameters: peak height (maximum intensity of all datapoints that 

form the peak) and peak area (sum of all intensities for all datapoints). Peaks below a user 

defined signal to noise threshold and prefilter (minimum signal intensity to be integrated) are 

removed from the data, thus filtering out ‘noise’. Anything that remains is a ‘detected’ peak 

which would have an associated m/z (median, minimum, and maximum) and retention time 

(median, minimum and maximum) and signal intensity. Dependent on the data and applied 

settings peaks may be artificially split or overlapping peaks may be incorporated as a single 

peak; however, XCMS affords the user numerous controls to manually optimise the workflow 

with software available (Isotopologue Parameter Optimization – IPO) to automate optimal 

parameter designations [253, 254]. These parameters also apply to proceeding steps of the 

XCMS pipeline such as peak alignment and retention time correction. 

Peak alignment occurs on the integrated peaks as previously selected. Dependent on the user 

defined workflow, RT correction may be applied prior to or post peak alignment. A given 

compound subject to UHPLC-MS analysis may exhibit different RTs across analysed samples. 

RT correction is the process of normalising RT across samples, typically using QC samples as a 

point of reference, thus correcting any observed RT drift. This drift may not necessarily be a 

linear change so requires complex algorithms to correct such as Locally Estimated Scatter-plot 

Smoother (LOESS) [255-257] or ordered bijective interpolated warping (Obiwarp) [258]. 

Correspondence, or grouping, is the process of matching detected chromatographic peaks 

between samples across the retention time axis, within a user defined range (“bw” or 
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bandwidth), for a user defined m/z range (mzwid). Peaks that are within this m/z range and 

cluster at a given RT (+/- bw) are grouped and referred to as well-behaved peak groups. These 

grouped peaks constitute a metabolite feature, i.e., a unique RT and m/z pair observed across 

samples. Peaks are only integrated into a feature if the peaks are present in a user defined 

fraction of samples, e.g., minfrac = 0.4 only reports grouped peaks present across 40% or 

more of all samples as a feature. Finally, XCMS can export a matrix containing these features 

(normally thousands to low tens of thousands of features) and their measured intensities 

across samples as a simple 2D matrix ready for downstream processing and analysis e.g., 

normalisation, univariate analysis or multivariate analysis. 

  

Figure 1.13: An illustration of peak grouping and integration within XCMS reproduced from 

[242]. Here, two m/z slices from a region of interest are overlaid to create a single combined 

peak prior to a second derivative gaussian function (wavelet filter) being applied to the peak. 

The area of the peak above the 0 (intensity) line and within the boundaries of the wavelet 

filter is integrated. 
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1.5. Metabolite annotation and identification 

1.5.1. Levels of metabolite identification 

In targeted metabolomics studies the metabolite’s chemical structure is already known and 

data collection is optimised to allow confirmation of the chemical structure. In untargeted 

metabolomics studies data is collected to annotate or identify the metabolite rather than 

confirm its chemical structure and this is a more difficult process in untargeted metabolomics 

studies. For these reasons the terms annotation and identification are commonly used to 

communicate the confidence in a correct chemical structure being reported. Identification is 

defined by matching two or more datatypes for the experimental sample data to 

corresponding data from a chemical standard using the same analytical technique/method. 

For example, matching the MS/MS mass spectrum and retention time between a biological 

sample and chemical standard, applying the same experimental methods, provides a high 

level of confidence of the sample feature identity. Annotation defines matching one or more 

datatypes to a chemical standard data or theoretical data, though with these data are not 

necessarily being collected experimentally using the same analytical technique/method; for 

example, matching the experimental m/z to the monoisotopic mass of a metabolite in a 

metabolomics database. The Metabolomics Standards Initiative (MSI) has created a 

framework to more clearly communicate the confidence in a given metabolite annotation 

reported within the field [259, 260]. In broad terms, this system consists of four levels as 

follows:  

• Level 1 – identified compounds with at least two matched independent orthogonal 

properties (e.g., accurate mass, RT, MS spectra) to a chemical reference  
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• Level 2 – putatively annotated compounds with at least two matched independent 

orthogonal properties to a reference database/spectral library 

• Level 3 – putatively characterised compound classes compounds with at least one 

matched orthogonal property to a reference database/spectral library  

• Level 4 – unknown compounds – reproducible m/z peaks that are otherwise 

unidentified 

Different types of data or combinations of data can be used to annotate or identify a 

metabolite. For UHPLC-MS there are three types of data which can be collected and applied 

in the metabolite annotation workflow. The chromatographic retention time is collected for 

every metabolite feature for every sample and is dependent on the metabolite’s 

physicochemical properties and the chromatographic properties (stationary phase, mobile 

phase etc). The m/z values of different metabolite features of the same metabolite can be 

applied to define the exact monoisotopic mass of the non-charged metabolite from which 

one or multiple molecular formulae can be calculated within a given mass error. These data 

are collected for every metabolite feature in every sample. The m/z values are dependent on 

the chemical structure and electrospray operating conditions. Thirdly, the MS/MS 

fragmentation mass spectrum for any metabolite feature can also be collected and this is 

dependent on the metabolite’s chemical structure as well as the collision cell operating 

conditions. MS/MS data are not normally collected for all metabolite features. A fourth type 

of data that is sometimes used is ion mobility which is a rapid gas-phase separation technique 

with drift time or CCS being reported but is not discussed further as it is not relevant to 

subsequent chapters. 
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1.5.2. Application of m/z, RT, and MS/MS in metabolite annotation 

The challenges of accurate metabolite annotation (identification) have been briefly touched 

upon in prior sections, to reiterate, the two major bottlenecks in accurate identification are 

the limited availability of metabolite standards relative to the total number of metabolites 

estimated to exist and incomplete metabolite databases (HMDB, LIPIDMAPS, etc.) which act 

as a vital reference. The challenges of metabolite annotation and available tools have been 

reviewed and discussed in the literature at length [118, 261-263] and are summarised below. 

Untargeted metabolomics workflows applying UHPLC-MS are reliant on metabolite databases 

to source metabolite annotations. Such databases allow for mass or m/z queries in which the 

measured accurate mass or m/z and potential adducts of a metabolite feature (a unique m/z, 

RT pair measured by MS) can be submitted and metabolites with a matching monoisotopic 

mass (within a user defined ppm range) and chemical formula are returned. A single 

metabolite, as measured in a typical UHPLC-MS assay, will correspond to numerous detected 

metabolite features of similar retention time (i.e., co-eluted) but differing m/z due to the 

presence of isotopes, adduct formation, multiply charged ions, neutral losses, dimerization to 

name but a few causes of this ‘duplication’ in detected signals. When observing a single 

metabolite feature in isolation it may not be known which adduct/losses/isotopes, etc. have 

occurred, introducing a degree of uncertainty even when measured at a high precision and 

accuracy. Thus, the number of annotations and formulae returned (‘hits’) from a database 

search may be greater if: allowing for a greater ppm tolerance between measured and 

database values, allowing for multiple adduct formations ([M+H], [M+NA], [M+K], [M+Mg] 

etc.), various neutral losses (e.g., H2O, NH3), and taking into account isotope abundance (e.g., 

probability of C12 being present vs C13). Scrutinising m/z differences between co-eluting pairs 

of metabolite features can prove informative about the presence of specific 
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adduct/losses/isotopes, for example, two co-eluting metabolite features may differ in mass 

by 0.0034 which would indicate the presence of a single C13 in the heavier metabolite feature. 

In this fashion metabolite feature adduct/losses/isotopes can be deduced and these co-

eluting metabolite features grouped together as they likely related to the same metabolite. 

As a collective group an accurate estimation of monoisotopic mass for the metabolite related 

to the metabolite features can be ascertained. Even if adducts/losses/isotopes are correctly 

deduced and a monoisotopic mass for the metabolite is obtained there can still be multiple 

putative annotations associated with the inferred mass. This is true even before considering 

structural isomers e.g., leucine and isoleucine, or chirality both of which MS1 data (accurate 

mass) is incapable of differentiating between whilst MS2 data (MS/MS fragmentation) has 

limited success in differentiating the former which can be supplemented with 

chromatography or ion mobility separation techniques [264]. Knowledge of the system being 

investigated may therefore be applied in an ad hoc approach to minimise the search space 

e.g., ignoring annotations relating to drugs and their derivatives if they are known to not be 

in the collected samples. Alternatively, there may be no database values that match the 

monoisotopic mass inferred from m/z values resulting in lack of annotation if no further 

action is taken. Retention time may be used to supplement the annotation process, however, 

this relies on the prior development of ‘in-house’ retention time libraries. Such libraries would 

be constructed by applying standardised UHPLC-MS assays to known chemical standards to 

ascertain the expected RT range of these metabolites on a particular UHPLC-MS system. 

Further, the assay(s) used to construct the RT library must be highly similar to those applied 

to the dataset requiring annotation as RT can vary greatly dependent on temperature, pH, 

mobile/stationary phase as discussed above in the chromatography section (see Section 

1.3.1.). As a result, RT libraries are considered non-transferable which, coupled to the expense 
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of developing such libraries, make their wider application in annotation uncommon. Though 

efforts are being made by many in the field to apply machine learning algorithms to create 

retention time prediction models [263, 265-267] or focus on alternative metrics that can aid 

annotation such as ‘retention order’ i.e., the order in which different metabolite classes elute 

[268].  

The more common approach to supplement annotation beyond database searches related to 

m/z is to apply MS/MS. As discussed above (see Section 1.3.3.6.) MS/MS spectra collected on 

the same platform under similar experiment platforms are reproducible between different 

labs, thus, public libraries have been constructed to store and disseminate these spectra. If a 

precursor ion has multiple possible annotations associated with its accurate mass then its 

MS/MS spectrum can be compared to that of metabolite standards of equal mass in a spectral 

library (e.g., METLIN) and assigned similarity scores to determine which annotation(s) is most 

likely (Figure 1.14). Spectral matching provides an additional orthogonal property of a 

metabolite feature to be gauged and provides greater confidence in its assigned annotation. 

However, the construction of spectral libraries is limited as reference spectra are derived from 

performing MS/MS on known chemical standards which, as mentioned previously, do not 

exist for the vast majority of metabolites detectable within humans alone. To supplement the 

databases in silico derived fragmentation spectra have been modelled based on predicting 

how a given molecular structure would likely fragment under specified experimental 

conditions. Even with this supplementation spectral libraries remain incomplete and so 

metabolite features may remain unannotated even when applying m/z, RT, and MS/MS 

parameters to derive a putative annotation list. Alternatively, should a metabolite feature 

have hits for both accurate mass and fragmentation spectra corresponding to a single 

annotation this does not necessarily correspond to a single metabolite nor is the annotation 
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definitive (see MSI classifications above). For instance, the diglyceride DG(40:2) has 5 known 

stereoisomers on the LIPIDMAPS database with differing fatty acids chain lengths and 

locations of C=C bonds on said chains. However, the commonly applied metrics of metabolite 

identification in untargeted studies: RT, accurate mass, MS/MS spectra, are incapable of 

discriminating which of these stereoisomers is present, thus, the annotation is provided at 

the species level (total carbon count of fatty acid chains : number of double bonds). The 

excessive prominence of unknowns in a dataset, or minimal confidence in their annotations, 

may limit the biological interpretations yielded from the dataset. Therefore, the success of an 

untargeted metabolomics analysis is reliant on successful annotation which requires the 

careful and diligent application of assistive software and community guided best practices. 
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A 

B C 

Figure 1.14: (A) An example MS/MS spectra (top) compared to a reference spectrum 

(bottom) for a precursor ion of m/z 205.09692 with multiple structural isomers (B-C, 

reproduced from PubChem). An ion of this mass could correspond to multiple structural 

isomers such as tryptophan (B) or nirvanol (C), thus cannot be putatively identified by 

accurate mass alone. Fragmentation spectra of the precursor ion closely matches that of 

reference spectra for tryptophan, evidenced by fragments matching the: conjoined ring 

structure of tryptophan, and the presence of COOH and NH2 functional groups. The 

closely matched spectra suggest the observed metabolite feature is most likely tryptophan 

and not nirvanol. 
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1.6. Conclusion 

Investigating circadian regulation of the metabolome is an emerging field resulting in limited 

available data to understand how these two systems interact and limiting the ability to pose 

meaningful hypothesis; more studies are available with regards to diurnal regulation. What 

information is available in the literature for circadian studies is collected from male 

only/majority cohorts and in most circumstances provide only limited coverage of the 

metabolome due to the employment of targeted assays (see Chapter 2). 

There is a need for a discovery-based study with broader coverage of the metabolome to 

extend our understanding of circadian regulation of metabolism, in healthy humans. 

Untargeted metabolomics datasets are large in size and difficult to handle and analyse, this 

complexity will only increase when investigating time series samples across multiple assays. 

A standardised workflow with custom built software tools will be required to aid efficient data 

handling and analysis whilst minimising manual handling to facilitate better reproducibility 

(see Chapter 4). Further, we must strive to study males and females in tandem to investigate 

the degree of sexual dimorphism, if any, in this regulation (see Chapters 5 & 6). Defining a 

baseline of ‘normal’ circadian regulation of the metabolome in humans may also be 

informative to alternate studies investigating the effects of shift work, circadian misalignment 

or sexual dimorphism under such conditions as a point of comparison. 

1.6.1. Research objectives 

The purpose of this thesis, in the first instance, is to expand the foundational knowledge of 

the emergent field of circadian regulated metabolism through reviewing current works in the 

field and the application of untargeted UHPLC-MS metabolomic assays. Such work required 

the development of a software pipeline that incorporates new and existing tools purpose built 



67 
 

to handle and analyse -omics datasets and detect circadian rhythms. These tools should be 

modular in nature and adaptable to other time series -omic style data so as to be easily 

applied to future datasets, thus overcoming much of the labour-intensive analysis associated 

with both time series and -omic datasets. The research performed during my PhD is 

subdivided as follows: 

Chapter 2 contains the methods for subsequent chapters. 

Chapter 3 is an abridged summary of circadian/diurnal metabolite rhythms in human 

plasma/serum. This summary is derived from a larger published review that sought to collate 

and provide commentary on all prior studies published in the field, i.e., applying 

metabolomics to observe time of day variation in humans. The review and its summary 

highlight current gaps in knowledge and potential future avenues of research in the field. 

Chapter 4 encompasses the construction of the metabolomics-rhythm analysis software 

pipeline. The chapter introduces the power of the R environment and packages at its disposal 

before discussing key stages of the pipeline and associated challenges that needed to be 

overcome. This pipeline is applied in its entirety in Chapters 5 & 6 and in part for Chapter 7 to 

assist with data processing/handling, and rhythm analysis. 

Chapters 5 & 6 detail discovery based metabolomic studies for a RPC or ‘lipidomics’ assay and 

a HILIC assay, respectively, both employed in positive and negative polarity mode for greater 

coverage of the metabolome. The assays were applied to human plasma samples collected 

under constant routine at a 2 h resolution across a 32-h time course from a population of 16 

males and 16 females. This population comprises the largest human population subject to 

constant routine to date, for the purpose of metabolomics analysis, whilst benefitting from a 

balanced cohort with regards to sex and age/BMI matched participants at high sampling 
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resolution. This will also be the first instance of these four assays being employed within the 

same study. These chapters will employ the workflow created in Chapter 4 and were designed 

to generate a wealth of data, that is otherwise limited within the field, to better understand 

the relationship between the circadian system and metabolism. The samples were provided 

as part of a collaboration with the University of Surrey, with details of their collection 

provided in [64], my role was to perform the untargeted metabolomics assays on the samples 

and perform the subsequent data analysis. 

Chapter 7 is focussed on studying a new animal model for Huntington’s disease (HD). This 

newly developed model features transgenic sheep (Ovis aries - OVT73) which possess the 

human transgene for HD to investigate physiological differences between wild type controls 

and HD sheep at pre-symptomatic ages of 5 and 7 years of age. As HD is a late onset chronic 

disease sheep may offer better suitability for its study over rodent models due to the former 

possessing a longer lifespan. Patients with HD exhibit a range of symptoms inclusive of 

disrupted sleep and perturbed circadian rhythms in addition to perturbations to metabolism 

being reported. Investigating circadian regulation of metabolism within this model organism 

at two different ages in wild type controls and HD sheep will reveal longitudinal changes in 

circadian regulated metabolism in the latter. Identifying perturbed aspects of circadian 

metabolism may offer greater insight into the pathophysiology of HD at this pre-symptomatic 

stage. Data files were provided by the University of Surrey as part of a collaboration, my role 

was to perform rhythmic analysis on the provided (semi-targeted) metabolite dataset. 





CHAPTER 2 

MATERIALS & METHODS 
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2.1. Methods – Chapter 3 

2.1.1. Literature search and inclusion criteria 

The following methods are reproduced from [78], a review I authored and presented in part 

as Chapter 3 of this thesis. 

Prior to starting the literature search, three database/search engines were selected based on 

differing breadth of literature curation and indexing features to facilitate specific searching. 

PubMed (NCBI) provides specific curation of biomedical literature alongside subject headings 

(indexing) in the form of Medical subject headings (MeSH) terms for improved specificity of 

returned literature from submitted searches. Web of Science was selected for offering wider 

curation of literature, which may potentially not be included on the MEDLINE database used 

by PubMed. However, Web of Science does not use subject headings which may reduce 

search specificity vs. PubMed but still allows for Boolean operators (e.g., and, or) to combine 

search terms. Lastly, Google Scholar was chosen due to a lack of specific curation and similar 

search tools as Web of Science. Search terms relating to the subject fields of interest were 

chosen and, where possible, matched to MeSH terms—it was assumed that MeSH terms such 

as metabolomics likely correspond to common key words associated with literature across 

databases. Various combinations of search terms were trialled to acquire a search result that 

was considered broad in terms of ‘hits’, i.e., tens to low hundreds, but not so broad as to be 

infeasible to read and evaluate. Two separate searches were performed, with the first search 

featuring ‘circadian’ as a key word (performed circa 21 April 2020) and the second search 

featuring ‘diurnal’ in lieu of circadian (performed circa 23 July 2020). 

Yielded literature from the search was counted as relevant based on the article title, article 

keywords, or abstract broadly referring to metabolomics/metabolism and circadian 
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rhythms/chronobiology. Relevant literature collected from the database search were subject 

to inclusion criteria to assess if they were capable of addressing the outlined objectives of the 

review. Inclusion criteria consisted of three parameters, applied in the following order: 

1. The literature details original research, i.e., no derivative work such as reviews 

2. The research studied human participants over a time course 

3. Employed any metabolomics platform to analyse samples collected across the time 

course. 

After this assessment of relevant literature yielded from the database search, manual 

searching was performed. Manual searching consisted of reading literature that met inclusion 

criteria and checking reference lists which may refer to further relevant studies (based on 

title/keywords/abstract) which would then be subject to inclusion criteria.  

2.2. Methods – Chapter 4 

All code was written in RStudio version 1.4.1103 and executed through R version 4.0.5 (R 64 

bit) on a Windows 10 (64 bit) operating system. 

In addition to the attached base packages the following additional packages and their 

dependencies were employed for the listed purposes:  

Pre-processing 

xcms_3.12.0 [242, 251] 

Metabolomics data analysis 

MetaboAnalystR_3.2.0 [269] in conjunction with the Metaboanalyst web app (Version 

5.0) [161] 
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Rhythm detection 

DiscoRhythm_1.6.0 [270] – cosinor analysis [271] 

MetaCycle_1.2.0 [272] – Jonckheere-Terpstra Kendall (JTK) [273] & autoregressive 

spectral estimation regression (ARS) analysis [274] 

echo.find_4.0.1 – extended circadian harmonic oscillator (ECHO) analysis [275] 

rain_1.24.0 – rhythmicity analysis incorporating nonparametric methods (RAIN) 

analysis [276] 

BioCycle_0.9.3 [277] – BioCycle analysis [278] 

DODR – Detection of differential rhythmicity [279] 

compareRhythms_1.0.1 – differential rhythmicity analysis [280] 

Data handling packages (strings/matrices/tables/arrays, etc.) sourced from the 

comprehensive R archive network (CRAN) [281]. 

dplyr_1.0.6 

Matrix_1.3-2 

readr_2.1.2 

stringr_1.4.0 

tibble_3.1.1 

tidyr_1.2.0 

SummarizedExperiment_1.20.0 
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Graphics packages sourced from CRAN [281]. 

ggplot2_3.3.5 

ggrepel_0.9.1 

png_0.1-7 

RColorBrewer_1.1-2 

VennDiagram_1.7.1 

Outside of the R environment the following software applications were utilised: 

Proteowizard [248] version 3.0.21034 MSConvert GUI (64 bit) 

Parameters applied within XCMS are discussed below (see Section 2.3.2.7.). Parameters 

applied within the rhythm analysis are detailed in [282] and were the default assignments 

unless otherwise stated. 

2.3. Methods – Chapters 5 & 6 

2.3.1. Participant recruitment & sample collection 

The following methods sections 2.2.1.1. – 2.2.1.5. relate to Chapters 5/6 and were performed 

by external persons to the PhD project but are included for context and clarity. Full details on 

cohort recruitment, screening, constant routine protocol, and sampling can be found here 

[64] and are summarised below. 

2.3.1.1. Recruitment & pre-study 

Participants met the following inclusion criteria: non-smokers, free of pre-existing medical 

conditions, were not taking prescription medication (excluding females on the oral 

contraceptive pill (OCP) in the active pill phase), no menstrual irregularities reported by 
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females prior to OCP use, no prior drug/alcohol abuse, no history of shift work or international 

travel across times zones in the month prior to the study. During the week prior to the in-

laboratory session participants adhered to a self-selected sleep wake cycle within the 

following set parameters: bedtime between 22:00-01:00 hours, waketime between 06:00-

09:00 hours, 8 hours sleep (opportunity). This was monitored via sleep diaries, time stamped 

voicemails made by participants to report going to bed/waking up, and actigraphy data. 

Participants were required to expose themselves to 15 minutes of outdoor light within 90 

minutes of waking up. In the 72 hours preceding the in-laboratory session participants were 

requested to refrain from alcohol and caffeine consumption, exercise, and bright light in the 

evenings. Participants were required to meet pre-defined criteria for four issued 

questionnaires: Pittsburgh Sleep Quality Index (PSQI) [283] global score of ≤5, Beck’s 

depression inventory [284] score of < 10, Epworth sleepiness scale [285] score of < 10, and 

Horne-Östberg [286] questionnaire not being classified as either morning/evening types. 

2.3.1.2. Cohort 

The cohort consisted of 32 participants (16 males, 16 females) aged and BMI matched. The 

average age of the cohort was 23.6 ± 3.6 years (mean ± SD) with an average BMI 23.9 ± 2.6 

(mean ± SD). All females were on OCP, as previously described, with four different 

formulations as follows: 30 µg ethinylestradiol and 150 µg progestin (n = 10), 30 µg 

ethinylestradiol and 3000 µg progestin (n = 2), 35 µg ethinylestradiol and 250 µg progestin (n 

= 1) or 0 µg ethinylestradiol and 75 µg progestin (n = 1). 
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2.3.1.3. Constant routine 

The in-laboratory protocol took place over a 4-day period (68 h), during which participants 

had no direct knowledge of clock time. The timeline of the in-laboratory protocol is illustrated 

in Figure 2.1 and was as follows:  

Day 1-2: Participants arrived at ~16:00, between 19:00-23:00 participants were under dim 

light conditions (<5 lux), lay semi-recumbent in bed (awake) and were provided with two 

standardised meals. Between 23:00 – 07:00 participant had an 8 h Sleep opportunity under 0 

lux light conditions. 

Day 2-3: From 07:00 on D2 until 23:00 on D3 participants were under dim light conditions (<5 

lux), lay semi-recumbent in bed (awake), and were provided with hourly isocaloric snacks with 

100 ml of water. Hourly blood sampling started from 15:00 on D2 until 23:00 on D3 with 33 

samples collected in total, (16 samples with a 2 h resolution used for metabolomics). Samples 

were collected via intravenous cannulae. 

Day 3-4: From 23:00 on D3 until 12:00 on D4 participants were provided with a (recovery) 

sleep opportunity under 0 lux light conditions. 
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2.3.1.4. Sample storage 

Whole blood samples were collected into lithium heparin tubes, separated by centrifugation 

and the plasma fraction stored at -20°C, prior to melatonin/cortisol profiling or -80oC prior to 

UHPLC-MS analysis. Samples were later transferred, on dry ice, to the University of 

Birmingham and re-stored at -80°C prior to lipidomic/HILIC analysis. 

2.3.1.5. Plasma melatonin and cortisol profiles 

Plasma melatonin and cortisol concentrations were measured across the 33-h time course at 

an hourly resolution via radioimmunoassay. Plasma samples were incubated with an 

iodinated radio label (125I) and antiserum raised in sheep against a cortisol-3-(O-

Age 23.6 ± 3.8 years 
 
 

Age 23.6 ± 3.5 years 

BMI 24.2 ± 2.9 
 
BMI 23.5 ± 2.3 

16 

16 

Figure 2.1: Infographic providing details on sample collection and the constant routine 

protocol – further details in [64].  
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carboxymethyl)oxime/bovine serum albumin conjugate, in a low pH buffer with no prior 

extraction performed [287]. All samples from any given participant were run in the same assay 

and samples were measured in duplicate. The limit of detection for the plasma melatonin 

assay was 3.9 pg/ml and inter-assay coefficient of variations (CVs) were 22.2% at 8.2 pg/ml, 

10.4% at 33.2 pg/ml, 9.3% at 88.8 pg/ml and 9.0% at 121.4 pg/ml. The limit of detection for 

the plasma cortisol assay was 1.7 nmol/L and inter-assay CVs were 11.2% at 67.7 nmol/L, 

11.0% at 520.0 nmol/L and 8.7% at 884.0 nmol/L [64]. 

2.3.2. Metabolomics – UHPLC-MS assays 

The following methods pertaining to the metabolomics analysis, both Lipidomics and HILIC 

assays are adapted from Southam et al [155] and have been reproduced below. 

2.3.2.1. Chemicals 

Solvents and additives were all LC-MS grade or higher. Formic acid, acetonitrile, water, 

isopropanol from VWR International (Lutterworth, U.K); ammonium formate (99% purity) 

from Sigma-Aldrich (Poole, UK). 

2.3.2.2. Instrumentation 

The UHPLC-MS analysis was performed using a Vanquish UHPLC coupled to an electrospray Q 

Exactive Plus mass spectrometer (Thermo Scientific, San Jose, CA, U.S.A.) with Thermo 

ExactiveTune (2.8 SP1, build 2806) software controlling the instrument. All data were 

acquired in profile mode. 

2.3.2.3. Quality control samples 

A single pooled QC sample was prepared on a different day to biological sample extraction 

and analysis. All biological samples were thawed on ice and then equal aliquots (~13 µl) from 
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all 500 biological (plasma) samples ((16 timepoints X 32 participants) – 12 missing samples) 

were combined in a single 15 mL Falcon tube and vortexed (120 s). Post vortexing the pool 

was divided into aliquots, prior to freezing at -80oC, to minimise the freeze thaw cycles 

required when making up QC samples across multiple days of sample preparation/analysis. 

The aliquot volume varied ranged from 700-1600 µl to correspond to the planned number of 

QC requiring preparation on a given day of sample preparation/analysis, with a single QC 

sample requiring 50 µl of the pooled sample. 

2.3.2.4. Sample preparation 

The untargeted lipidomics analysis, MS1 and MS2, employed two assays, a reversed phase 

(lipidomics) assay in both positive and negative ion mode as previously described [155]. For 

the extraction, samples were thawed/prepared on wet ice and 50 µL of plasma was 

transferred into a fresh 1.5 mL Eppendorf tube and 150 µL of isopropanol (IPA) added. 

Samples were vortexed (120 s) prior to centrifugation at 21,000 x g at 4oC for 20 minutes. A 

100 µL aliquot of the supernatant was transferred into a glass autosampler vial (VI-04-12- 

02RVG, 300 µl plastic with fused glass insert, Chromatography Direct, UK) and stored at 4oC 

prior to UHPLC-MS analysis. The procedure for preparing QC and extraction (process) blank 

samples was the same as above with the exception of 50 µl of the QC pooled sample or water, 

respectively, used in lieu of plasma. The order in which samples were prepared and analysed 

was assigned via block randomisation, such that, all samples from a single participant were 

prepared and analysed together but in a random order that did not follow the linear time 

series, and that the order of these participant ‘blocks’ were themselves randomised to avoid 

sequential analysis of samples based upon sex or date of collection. 
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2.3.2.5. Lipidomics UHPLC-MS assay 

Samples were analysed separately in positive and negative ion modes using a Vanquish UHPLC 

coupled to an electrospray Q Exactive Plus mass spectrometer (Thermo Scientific, San Jose, 

CA, U.S.A.). The assay applied a reversed phase method which used a Thermo Hypersil GOLD 

C18 column (2.1 ×100 mm, 1.9 μm) with two mobile phases, mobile phase A (10 mM 

ammonium formate in 60% acetonitrile / 40% water (v/v) + 0.1% formic acid) and mobile 

phase B (10 mM ammonium formate in 85.5% isopropanol / 9.5% acetonitrile / 5% water 

(v/v/v) + 0.1% formic acid). A 14 min gradient elution was applied as follows: t = 0.0, 20% B; t 

= 0.5, 20% B, t = 8.5, 100% B; t = 9.5, 100% B; t = 11.5, 20% B; t = 14.0, 20% B. All changes were 

linear (curve = 5), and the flow rate was 0.40ml min-1. The column temperature of 55 °C and 

injection volume of 2 μL. Data were acquired in positive and negative ionisation modes 

separately within the mass range of 150–2000 m/z at resolution 70,000 (FWHM at m/z 200). 

Ion source parameters were set as follows: sheath gas = 48 arbitrary units, aux gas = 15 

arbitrary units, sweep gas = 0 arbitrary units, spray voltage = 3.2 kV (positive ion mode) / 2.7 

(negative ion mode), capillary temp. = 350 °C, aux gas heater temperature = 400 °C. Data 

dependent MS/MS in ‘Discovery mode’ was used for the MS/MS spectra acquisition using the 

following settings: resolution = 17,500 (FWHM at m/z 200); isolation width = 3.0 m/z; stepped 

normalised collision energies (stepped NCE) = 25, 60, 100%. Spectra were acquired in five 

different mass ranges: 150-510 m/z, 500-710 m/z, 700-860 m/z, 850-1010 m/z, 1000-2000 

m/z. Each assay comprised of two batches with QC samples arranged as followed, batch 1: 

QC samples were analysed as injections 1-22 with the exception of injection 6 which was an 

extraction blank sample, QC injections 15-19 were applied for MS/MS data collection, 

biological samples were analysed as injections 23- 358 with every 7th injection being a QC 

sample, injections 359-361 were 2 QC samples follow by an extraction blank making up the 
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end of batch 1. Batch 2: QC samples were analysed as injections 1-11 with the exception of 

injection 6 which was an extraction blank sample, biological samples were analysed as 

injections 12- 272 with every 7th injection being a QC sample, injections 273-275 were 2 QC 

samples follow by an extraction blank making up the end of batch 2. 

2.3.2.6. HILIC UHPLC-MS assay 

Samples were analysed separately in positive and negative ion modes using a Vanquish UHPLC 

coupled to an electrospray Q Exactive Plus mass spectrometer (Thermo Scientific, San Jose, 

CA, U.S.A.). The assay applied a hydrophilic interaction chromatography (HILIC) method which 

used a Thermo Accucore 150 Amide column (2.1 ×100 mm, 2.6 μm) with two mobile phases, 

mobile phase A (10 mM ammonium formate in 95% acetonitrile / 5% water (v/v) + 0.1% formic 

acid) and mobile phase B (10 mM ammonium formate in 50% acetonitrile/ 50% water (v/v) + 

0.1% formic acid) for positive ion mode. Negative ion mode mobile phase solutions used 10 

mM ammonium acetate in lieu of ammonium formate and 0.1% acetic acid in lieu of formic 

acid. For positive ion mode, a 14 min gradient elution was applied as follows: t = 0.0, 1% B; t 

= 1.0, 1% B; t = 3.0, 15% B; t = 6.0, 50% B; t = 9.0, 95% B; t = 10.0, 95% B; t = 10.5, 1% B; t = 

14.0, 1% B. For negative ion mode a 15 min gradient elution was applied as follows: t = 0.0, 

0% B; t = 2.1, 1% B; t = 4.1, 15% B; t = 7.1, 50% B; t = 10.1, 95% B; t = 11.0, 95% B; t = 11.5, 1% 

B; t = 15.0, 1% B. For both ion modes: all changes were linear (curve = 5), flow rate was 0.50 

mL min−1, column temperature was 35 °C , and injection volume was 2 μL. Data were acquired 

in positive and negative ionisation modes separately within the mass range of 70–1050 m/z 

at resolution 70,000 (FWHM at m/z 200). Ion source parameters were set as follows: Sheath 

gas = 55 arbitrary units, aux gas = 14 arbitrary units, sweep gas = 4 arbitrary units, spray 

voltage = 3.2 kV (positive ion mode) / 2.7 (negative ion mode), capillary temp. = 380 °C, aux 
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gas heater temp. = 440 °C. Data dependent MS/MS in ‘Discovery mode’ was used for the 

MS/MS spectra acquisition applying the same settings utilised in the lipidomics assays (see 

Section 2.3.2.5.). Each assay comprised of two batches with the same QC/biological sample 

injection order as the lipidomics assays (see Section 2.3.2.5.). 

2.3.2.7. Data deconvolution & quality controls 

The resulting two sets of raw data per assay, positive (batch 1+2) & negative (batch 1 + 2) ion 

mode assays, were processed independently but subject to the same protocol outlined below. 

Post MS analysis, vendor format raw data files (.RAW) were converted to .mzML format via 

Proteowizard (v 3.0.2 – 64 bit build, [288]) prior to deconvolution through the ‘xcms’ R 

package (v 3.12.0, [242, 289, 290] with the following parameters: ppm=14, SNR = 10, sigma = 

3, prefilter = c(3,100), minfrac = 0.2, peakwidth_low = 6, peakwidth_high = 30, mzdiff = 0.002, 

retcor_meth = obiwarp, noise_centroid = 0, mzCenterFun = "wMean", integrate = 1 , fitgauss 

= FALSE, verboseColumns = TRUE, bw = 0.25, mzwid = 0.01, gapInit = 0.4, gapExtend = 2.4, 

profstep = 1. Obiwarp retention time correction was applied and all other undefined 

parameters were left as their default assignments.  

A data matrix of peak areas for metabolite features (m/z-retention time pairs) vs. samples 

were constructed. Data quality was assessed semi-quantitatively, identifying individual 

samples/participants which were a prominent source of intra-batch, i.e., beyond 95% 

confidence intervals for their respective batch within PCA performed via Metaboanalyst’s 

online platform (v 5.0, [161]) as detailed below (section 3.4.4), or were known to be negatively 

impacted by technical issues during analysis. Individual QC samples that exhibited a high 

degree of variation, relative to other QC samples within the same batch, were identified and 

removed in addition to all conditioning QC samples (first 20/10 QC of batches 1/2, 
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respectively). Batch correction was then applied per assay matrix to mitigate inter-batch 

variation. This corrective step was performed by calculating average % difference of intensity 

between batch one and batch two QC samples, feature wise. The batch with the lower % 

difference was adjusted (QC and biological samples) so that the difference between average 

intensities became 0, e.g., if batch one QC had an average intensity 10% less than batch two 

QC for a given metabolite feature, the entirety of batch ones’ intensity values were increased 

by 10% to match for that metabolite feature and then repeated for all metabolite features 

separately. Post batch correction the matrices were filtered as follows: any metabolite 

feature whose average intensity in the biological samples was <10× its average intensity of 

the process blank samples was deleted, any metabolite feature present in <70% of the QC 

samples was deleted; metabolite features with relative standard deviation (RSD) ≥ 30% across 

the intra-study QC samples were deleted. The code applied for XCMS and QC filtering was 

discussed as part of Chapter 4 and can be found in the respective appendix (section B). 

2.3.2.8. Metabolite annotation 

Putative metabolite annotation applying MS1 data was performed by applying the Python 

package BEAMSpy version 1.1.0 (https://github.com/computational-

metabolomics/beamspy); with the following parameters applied: Maximum RT difference = 

2, Grouping method = Pearson correlation, coefficient threshold = 0.5, P-value threshold = 

0.05. Reference tables for adducts, isotopes and neutral losses were provided and are shown 

below (Tables 2.1-2.3). The m/z values of all experimentally observed peaks were searched 

directly, one at a time, against HMDB – The Serum Metabolome Database (https://hmdb.ca), 

KEGG – Human (hsa) database (https://www.genome.jp/kegg/) and LIPIDMAPS – full 

database (https://www.lipidmaps.org), and all matches within a 5 ppm mass error tolerance 
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were recorded. Multiple annotations (e.g., isomeric compounds) could be observed for a 

single detected metabolite feature. Here, the term putatively annotated metabolite refers to 

either single or multiple chemical compounds with the same retention time and accurate m/z. 

To generate more robust compound annotations, QC sample UHPLC-MS/MS data were 

matched to MS/MS databases using either LipidSearch software (lipid annotation; version 

4.2.18, Thermo Fisher Scientific) or Compound Discoverer 3.1 software (polar compound and 

some lipid annotations; version 3.1, Thermo Fisher Scientific), as previously described by 

[155], with the exception of an extended retention time tolerance window, and defined 

below. LipidSearch features within the UHPLC-MS/MS data were searched against the entire 

in-silico HCD(cell) MS/MS database (5 ppm mass error). Only annotations graded A-C were 

used for annotation purposes (Grade A – all fatty acyl chains and class were completely 

identified; Grade B – some fatty acyl chains and the class were identified; Grade C – either the 

lipid class or some fatty acyls were identified). MS/MS annotations using Compound 

Discoverer were graded by HighChem HighRes algorithm within the Compound Discoverer 

software (annotations with a score >60 were retained for identification purposes). 

LipidSearch and Compound Discoverer annotations were aligned to the XCMS outputs using 

a 5 ppm mass error and 30 s (+/- 15) retention time tolerance window. Annotations were 

manually filtered to remove false positive annotations such as drugs and their derivatives 

known not to be taken by the participants or annotations deemed unlikely to be detected 

within human plasma. Utilising the LIPIDMAPS database, and with manual input, lipid 

annotations were transformed so that they were presented at the class level using the 

appropriate IUPAC abbreviation. Synonyms or chemical names not in common use, such as 

citrate/citric acid, were updated to reflect more common use nomenclature with duplicate 

entries removed. Applied code for annotation filtering is discussed as part of Chapter 4 and 
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can be found in the respective appendix (section B). Parameters applied for BEAMSpy are 

either listed above or provided in the below tables (Tables 2.1, 2.2, 2.3). 

 

Table 2.1: Adduct list submitted to BEAMSpy. 

Label exact_mass charge ion_mode 
[M+H]+ 1.007276 1 pos 

[M+NH4]+ 18.03383 1 pos 
[M+Na]+ 22.98922 1 pos 
[M+Mg]+ 23.98449 1 pos 
[M+K]+ 38.96316 1 pos 
[M+Fe]+ 55.93439 1 pos 
[M+Cu]+ 62.92905 1 pos 
[M+2H]+ 2.015101 1 pos 
[M+3H]+ 3.022926 1 pos 
[M-H]- -1.00728 1 neg 

[M+35Cl]- 34.9694 1 neg 
[M+Formate]- 44.9982 1 neg 
[M+Acetate]- 59.01385 1 neg 

 

Table 2.2: Neutral losses list 

submitted to BEAMSpy. 

LABEL mass_difference 
H2O 18.01057 
CO 27.99492 
NH3 17.02655 
C2H2 26.01565 
C2H4 28.0313 
CO2 43.98983 

C2H4O 44.02621 
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Table 2.3: Isotope list submitted to BEAMSpy. 

LABEL_X label_y mass_difference abundance_x abundance_y ion_mode charge 
Li (7Li) 1.00088 7.59 92.41 both 1 
C (13C) 1.00335 98.93 1.07 both 1 
C (13C) 0.501675 98.93 1.07 both 2 
C (13C) 0.33445 98.93 1.07 both 3 

C(2) (2x13C) 2.0067 99.8 0.2 both 1 
C(3) (3x13C) 3.01005 99.97 0.03 both 1 
Mg1 (25Mg) 1.00008 78.99 10 both 1 
Mg2 (26Mg) 1.99755 78.99 11.01 both 1 
Mg1 (25Mg) 0.50004 78.99 10 both 2 
Mg2 (26Mg) 0.998775 78.99 11.01 both 2 

S (34S) 1.9958 94.99 4.25 both 1 
Cl (37Cl) 1.99705 75.76 24.24 both 1 
K (41K) 1.99812 93.26 6.73 both 1 

Ca (44Ca) 3.99289 96.94 2.09 both 1 
Fe1 (54Fe) 0.997665 91.75 5.85 both 2 
Fe2 (57Fe) 0.500225 91.75 2.12 both 2 
Fe1 (54Fe) 0.66511 91.75 5.85 both 3 
Fe2 (57Fe) 0.333483 91.75 2.12 both 3 
Cu (65Cu) 1.99819 69.15 30.85 both 1 
Cu (65Cu) 0.999095 69.15 30.85 both 2 
Se1 (76Se) 3.99731 49.61 9.37 both 1 
Se2 (77Se) 2.99661 49.61 7.63 both 1 
Se3 (78Se) 1.99921 49.61 23.77 both 1 
Br (81Br) 1.99795 50.69 49.31 both 1 
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2.3.3.  Rhythm analysis 

2.3.3.1. Z-score 

The QC filtered matrices were Z-scored, these scores were calculated feature wise per 

participant using the general formula:  

Z-score = (Observed value – mean) / Standard Deviation 

Where the observed value was the relative abundance at a given time point for a participant, 

the mean being the averaged relative abundance across all 16 time points for the participant, 

and the standard deviation calculated from those same 16 time points. The Z-score equation 

was applied as detailed in Chapter 4 with code provided in the respective appendix section 

(section B). 

2.3.3.2. DLMO correction 

Post Z-scoring the matrices were corrected for DLMO so that the time series was measured 

relative to DLMO as opposed to social time as described previously [64]. DLMO was defined 

as the sample time point in which melatonin concentration exceeded 25% of the peak 

(highest) measured melatonin concentration measured on the evening of day 2 and was 

measured for each participant, as described above. For example, if melatonin concentration 

peaked at 80 pg/ml then the time point at which melatonin exceeded 25% of this value (20 

pg/ml) is defined as DLMO. The time point at which DLMO occurred is defined as t = 0 on the 

DLMO scale with preceding and proceeding time points allocated negative and positive 

signage respectively. 
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2.3.3.3. Applied rhythm analysis algorithms 

Prior to rhythm detection all feature intensity matrices were further filtered to remove any 

metabolite features with >50% missing values in any one participant such that, if any 

metabolite feature had missing values for >9 of 16 timepoints for >=1 participants the feature 

was removed across all participants within the group (i.e., male or female group). The 

remaining missing values were not imputed. To detect circadian periods (~24 h) and 

determine acrophase (rhythm peak), six rhythm analysis algorithms available as R packages 

were employed: (R – Version 4.0.5, Cosinor – ‘DiscoRhythm’ (Version 1.6.0, [270]), JTK & ARS 

– ‘MetaCycle’ (Version 1.2.0, [272]), ECHO – ‘echo.find’ (Version 4.0.1, [275]), RAIN – ‘rain’ 

(Version 1.24.0, [276]), and BioCycle – (Version 0.9.3, [277]), with default parameters applied 

unless otherwise stated as detailed in [282]. Applied code for rhythm analysis is discussed as 

part of Chapter 4 and can be found in the respective appendix (section B). Results from all six 

algorithms were cross referenced such that individual metabolite features only classified as 

‘rhythmic’ with a ~24 h period if a significant result p < 0.05 (post Benjamini-Hochberg FDR 

correction) was obtained in at least three of the applied algorithms. The analysis was 

performed both on an individual level (per participant) and at the group level (male and 

females as separate groups). However, due to an unexpected error using ECHO with a single 

sample per time point it was not used for individual level analysis, the threshold for classifying 

metabolites as rhythmic remained the same. For the group level analysis rhythmic 

metabolites, subset from the intensity matrix, were ordered by ascending acrophase, as 

determined by cosinor analysis, and then plotted as heatmaps to visualise and confirm the 

presence of ~24 h rhythms in both groups. Heatmaps were produced via MetaboAnalystR 

[269] with no additional filtering or data transformations, as data was previously Z-scored, 
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except for group averaging data per time point.  K Nearest neighbour (KNN, sample wise) was 

performed to impute missing values for the heatmaps. 

Differential rhythmicity analysis, via DODR (Detection of differential rhythmicity, [279]) and 

compareRhythms [280] classification function, was employed to directly compare the 

rhythmic metabolite feature profiles, between males and females, of metabolite features 

classified as rhythmic (24 h period) by the above algorithms. Metabolite features were 

classified as follows in the model: ‘same’ – indicating the metabolite feature is deemed 

rhythmic in both groups with no significant difference in rhythm between groups, ‘gain’ – 

indicating the metabolite feature is deemed rhythmic in one group (females) with a significant 

difference in rhythm between groups, ‘loss’ – indicating the metabolite feature is deemed 

rhythmic in one group (males) with a significant difference in rhythm between groups, 

‘change’ – indicating the metabolite feature is deemed rhythmic in both groups with a 

significant difference in rhythm between groups, ‘arrhy’ - indicating the metabolite feature is 

deemed non-rhythmic for 24 h rhythms in both groups. Rhythm analysis algorithms were 

applied using the code detailed in Chapter 4 with code provided in the respective appendix 

section (section B). 

2.3.3.4. Multivariate analysis & descriptive statistics 

Unless otherwise stated all data matrices submitted to Metaboanalyst for PCA analysis 

applied the following parameters: missing value imputation – KNN (sample wise), filtering - 

no further filtering, normalisation – log transformed & Pareto scaled. PCA plots were 

constructed with the default settings applied, specifically with PC1 (x axis) and PC2 (y axis) 

and displaying 95% confidence regions. Unsupervised multivariate PCA was used to 

determine outlier samples and to observe inter-group variation between sexes via an 
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unsupervised method. All t-tests were performed in Excel (Excel 2016 64-bit, Version 2208 

Build 16.0.15601.20446) using the “Data Analysis” function applying the “Two-Sample 

Assuming Unequal Variances” method with a hypothesised difference of 0. All Spearman’s 

rank correlation analyses were performed in Excel. The Spearman’s rank coefficient was 

derived in Excel using the “=Correl()” function. The T-statistic was calculated as follows, 

“=(ABS(coefficient)*SQRT(n-2))/(SQRT(1-ABS(coefficient)^2))” where coefficient refers to the 

calculated Spearman’s rank coefficient and ‘n’ the population size. The significance value was 

derived in Excel using the formula “=TDIST(T-statistic,n-2,2)”. 

2.3.3.5. Cohort changes 

Post data collection nine participants were removed due to technical problems, further 

detailed in section 5.2.1, leaving a population of 23 participants (13 males, 10 females). As 

the rhythm analysis algorithms are applied independently to each group, i.e., hypothesis 

testing is performed independently for males and females, the decision was made to further 

reduce the population to 20 (10 males, 10 females) for the group level rhythm analysis. This 

was to mitigate concerns that if males presented with more rhythmic features than females, 

it was not the result of a larger sample size increasing the ‘sensitivity’ of the rhythm detection. 

The males removed from the group rhythm analysis data were chosen randomly by allocating 

each participant a value from 1-13 then drawing 3 random numbers from Excel’s built-in 

random number generator ("=RANDBETWEEN(1,13)”) to determine who should be removed. 

Differences in age and BMI remained non-significant (p<0.05) between males (age 22.7 ± 1.8 

SD, BMI 25.3 ± 2.7 SD) and females (age 24.5 ± 3.7 SD, BMI 23.6 ± 2.2 SD) in this abridged 

cohort. 
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2.4. Methods – Chapter 7 

2.4.1. Animal husbandry & sample collection/analysis 

The following methods for Chapter 7 (sections 2.4.1.1. – 2.4.2.1.) were performed by external 

persons to the PhD project but are included for context and clarity. Full details on animal 

husbandry, sampling, and the metabolomics analysis can be found here [282] with key details 

summarised below. 

2.4.1.1. Animals 

The animal model utilised was the OVT73 line of Ovis aries that carries a full length human 

transgene that would typically induce juvenile onset of Huntington’s disease (73 repeats of 

the CAG sequence). Sheep were of five years of age (14 HD, 13 control) or 7 years of age (16 

HD, 14 control), thus age matched between control and HD groups at the two timepoints, and 

all were female (ewes). The seven year-old group included eight of the control and ten of the 

HD sheep that had previously been sampled at five years of age. The sheep were obtained 

from a mixed genotype (HD and control) flock maintained outdoors at the South Australian 

Research and Development Institute (SARDI) in accordance with OGTR approval NLRD-

1037/2003 and NLRD-7574/2015. None of the sheep showed overt behavioural abnormalities 

of any kind and were considered to be at a ‘pre-symptomatic’ stage.  

2.4.1.2. Pre-study & sample collection 

Four weeks prior to sample collection sheep were fed a regulated diet. In advance of and 

during blood sampling sheep were housed in individual indoor metabolic crates with an 

indoor light/dark cycle matching the timing of the outdoor light/dark cycle. On the day of 

cannulation the lights remained off from sunset and remained off until blood sampling 
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collection was completed 45 h later. Samples were collected under dim light conditions using 

red head torches. Blood collection started at 13:00 the day after cannulae were placed with 

sampling occurring hourly (+/- 5 minutes) for the 27 h time course. 

2.4.1.3. Sample storage 

Post collection, blood samples were transferred to lithium heparin tubes then immediately 

centrifuged at 1620 g for 10 minutes at 4oC. Plasma was aliquoted and stored at –20oC for 

assays measuring melatonin/cortisol/urea and –80oC prior to being shipped on dry ice to the 

UK for metabolomics analysis. 

2.4.1.4. Plasma melatonin and cortisol profiles 

Melatonin and cortisol concentrations were measured by radioimmunoassay as previously 

described [291]. 

2.4.1.5. Plasma urea profiles 

Urea nitrogen measurements across the 27 h timeseries were taken using the ADVIA® 1800 

Chemistry System (Siemens Healthcare Diagnostics Inc., Camberley, UK), method based on 

the Roch-Ramel enzymatic reaction using urease and glutamate dehydrogenase. 

2.4.2. Metabolomics – (semi)-targeted assay 

The metabolomics analysis utilised the Biocrates (Biocrates Life Sciences, Innsbruck, Austria) 

AbsoluteIDQ p180 kit and was performed according to manufacturer’s guidelines as 

previously described [282, 292, 293]. 
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2.4.2.1. Quality control 

Sample order was randomised and 3 levels of quality controls (QC) were run on each 96-well 

plate. The levels of metabolites present in each QC were compared to the expected values 

and the RSD calculated. Data were normalised between batches using the results of quality 

control level 2 (QC2) repeats across the plate (n = 4) and between plates (n = 5) using 

Biocrates METIDQ software (QC2 correction). Metabolites where >25% concentrations were 

below the limit of detection (≪LLOQ) or above limit of quantification (>LOQ) or blank out of 

range, or the QC2 RSD was >30%, were excluded [293]. 

2.4.3. Rhythm analysis 

Z-scoring, DLMO correction, applied rhythm analysis algorithms, and multivariate/descriptive 

statistics were performed as described in section 2.3.3. 





CHAPTER 3 

TIME OF DAY VARIATION OF THE HUMAN METABOLOME. 

 

The following passages, results, and conclusions have been reproduced in part from prior 

published work, originally written by myself with planning/editing contributions from co-

authors (project supervisors) as part of a literature review completed for my PhD. The 36-

page document served as a brief introduction to investigating circadian/diurnal rhythms in 

humans and reviewed 29 studies that employed metabolomic platforms to investigate time 

of day changes (circadian or diurnal) in the metabolome. These studies took place under a 

variety of conditions and across five sample types (blood, urine, saliva, breath, skeletal 

muscle) with full commentary and discussion provided in the review and reproduced in an 

abridged format below.  
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3.1. Introduction 

A favoured application of metabolomics is that of metabolic phenotyping, typically for 

biomarker discovery and better understanding of disease pathology within the context of the 

functions of metabolites observed in human metabolomes [79, 294], with such studies 

applied to the most prevalent chronic diseases within the human population such as cancer, 

diabetes and cardiovascular disease [295]. However, the concentration of metabolites in 

human biofluids and tissues is not static and varies across timescales of seconds to decades, 

driven by biological functions. Observed variation between such studies is inevitable due to 

biological variation within and between subjects as a result of genotype, environment, 

lifestyle, and the influence of biological rhythms, some of this variation being mitigated by 

control and monitoring of participant behaviour/diet/environment before and/or during the 

study [296]. In addition to biological variation, there is also analytical variation, resulting from 

sample selection/preparation [296, 297], sample degradation as a result of storage conditions 

and freeze–thaw cycles [214, 298, 299], instrument variation [300] and varied methods of 

data pre-treatment, statistical analysis and modelling [297, 301, 302]. Standard practices in 

the field such as quality control processes, batch correction, data normalisation, and matched 

cohorts mitigate or report some of this variation [79, 302] but the extent and rigor in which 

such practices apply vary from study to study, all of which impact the analysis and resulting 

biological interpretation [303]. This contributes to the ‘reproducibility crisis’, i.e., a recurring 

inability for external groups to reproduce published results, culminating in numerous 

independent research teams achieving conflicting results or inadvertently promoting false 

positive findings stemming from replicating effects and bias [301, 304-306]. Considine [301] 

puts forward an informed and comprehensive picture of the challenges of reproducibility and 

the implications for metabolic profiling and biomarker discovery. However, a key variable 
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which may explain some variation in the data within and between studies is repeatedly 

overlooked; that of diurnal variation and circadian control which regulates 24 h biological 

rhythms including the metabolome. This results in significant changes to observed 

concentrations of a range of metabolites and hormones dependent on the time of day, with 

a well known example being cortisol [307], with proline and leucine being further examples 

of highly rhythmic metabolites. Studies discussing these and further rhythms in metabolite 

concentrations and the context of these observations are discussed below. A number of 

detailed reviews and tutorials for biomarker discovery have also overlooked circadian control 

and diurnal variation of the metabolome as a consideration or influencing factor in study 

design and sample collection [113, 297, 308-312], with others only acknowledging circadian 

control as influencing metabolism in passing [313, 314] and fewer still suggesting that it be 

considered in study design [157]. The omission of time of day variation as an important 

feature in metabolomics study design likely results from the fact that work characterising 

circadian and diurnal influence through such platforms has almost exclusively occurred over 

the past ~15 years. The growing body of circadian metabolomics research should be of 

interest to the metabolomics community due to identifying metabolites that exhibit 

significant 24 h rhythmic behaviour as well as detailing the context and conditions in which 

this variation is observed. Such findings may prove informative when constructing or 

interrogating a biomarker panel, dissecting sources of inter-individual variation within studies 

as well as opening an additional line of enquiry when conflicting results arise between studies. 

It is timely that this body of work is thoroughly reviewed to establish the current knowledge 

base and consider the implications with regard to reproducibility especially in the 

construction of biomarker panels. 
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Whilst an in-depth knowledge of chronobiology is not required to appreciate the findings of 

the studies discussed within this review, a general understanding of biological rhythms, 

specifically circadian and diurnal rhythmicity, as well as internal biological clocks, their 

relationship with metabolism, and how they can be monitored will offer some insight into 

study design and the importance of context with regard to how results were collected. Such 

details are provided in the introductory chapter to this thesis as well as the original 

publication of this review [78]. 

Considering the broad context in which time of day variation can be observed, and the 

implications that this may have for reproducibility between studies, I reviewed all original 

research to date, at the time of writing, on human participants that applied either an 

untargeted or targeted metabolomics platform to observe time of day variation.  

The objectives of the review [78] were as follows: 

1. Establish the tissues in which time of day variation of metabolites have been observed, 

or failed to be observed, and the extent to which the metabolome is influenced. 

2. Establish the source(s) for this observed daily variation and, if applicable, which 

metabolite classes are most susceptible. 

3. Consider the implications of circadian/diurnal variation and the timing of sample 

collection on biomarker discovery and how this may undermine their potential clinical 

application.  
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3.2. Literature search – results and commentary 

A summary of the literature search outcomes are shown in Table 3.1. 

 

For the purpose of brevity, only results pertaining to blood are reproduced in the main text 

of this thesis as other sample types are not relevant to subsequent chapters but commentary 

was provided in the original publication for urine, saliva, breath, skeletal muscle. Details 

relating to study design of reviewed literature (Table 3.2) are not listed within the main body 

of text unless relevant to the provided commentary.  

Table 3.1: Summary of literature search parameters and outcomes, reproduced from [78]. 

Search Terms 
Database/Search 

Engine 
‘Hits’ 

Relevant Papers 

(Based on Abstract) 

Met Inclusion 

Criteria † 

Circadian 

Studies 

Diurnal 

Studies 

“Human(s)” “Circadian Rhythm OR 
Circadian Clocks” “Metabolomics 

OR Metabolome” †† 

PubMed (NCBI) 70 

133 6 19 

Web of Science 52 

“Metabolomic” “Circadian” 
“Rhythm” “Human” 

“Chronobiology” 
Google Scholar 212 

N/A 
Further manual 

searches 
13 

“Human(s)” “Diurnal Variation OR 
Diurnal”, “Metabolome OR 

Metabolomics” ††† 

PubMed (NCBI) 19 

123 
(Majority duplicates 

of prior search) 
3 16 

Web of Science 28 

“Metabolomic” “Metabolome” 
“Diurnal” “Rhythm” “Human” 

“Chronobiology” 
Google Scholar 92 

N/A 
Further manual 

searches 
0 

†A total of 29 novel papers met inclusion criteria, human studies employing a metabolomics plakorm taking mullple 
samples over a lme course. †† Search terms corresponding to MeSH terms; ††† No MeSH terms corresponding to 
“Diurnal” OR “Diurnal variation”. Two separate searches were performed, with the first search featuring ‘circadian’ as 
a key word (performed circa 21 April 2020) and the second search featuring ‘diurnal’ in lieu of circadian (highlighted—
light grey, performed circa 23 July 2020). On the first search, the search terms had to be reduced when using Google 
Scholar due to insufficient ‘hits’ (n = 1 ‘hits’) resulting from excess search terms. Manual searches consisted of looking 
for prior referenced work in collected literature that met inclusion criteria. NCBI – National center for Biotechnology 
information 
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Instead, key aspects of study design alongside results pertinent to the outlined objectives are 

summarised in tables organised by sample type with: urine, saliva, breath, skeletal muscle 

tables located in the appendix section (section A, Tables A1-A4) and blood (Table 3.2) in the 

main text. Furthermore, supplemental material containing compiled lists of metabolites 

showing time of day variation, and the context in which this variation took place (e.g., 

circadian, sleep deprivation, shift work), have been produced (Tables S1–6 in [78]) in addition 

to an overview of observed time of day changes across the studies (Figures S1 and S2 in [78]). 

Blood is the most investigated biofluid assessed for time of day variation of the metabolome, 

based on the outcome of the performed literature search, with 18 studies discussed here. The 

collated literature implicated various factors contributing to time of day variation and other 

findings of interest which are presented below as common subthemes, e.g., relating to 

shiftwork or health. 
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Table 3.2: A brief summary of study design, cohort details and results with regard to observed time of day variation of metabolites for 

relevant studies analysing plasma/serum, reproduced from [78]. 

Author(s) Assay/Platform Time Course Details Study Setting/Conditions Cohort Details 

Rhythmic/Gradient 

Metabolites/ 

Features Observed 

Rhythmic/Gradient 

Classes Primarily 

Observed 

Park et al. 
(2009) [315] 

Untargeted 
1H NMR 

Diurnal variation 24 h, 1 h 
intervals between samples 

‘Inpatient’ 
Standardised meals. 

Consistent light/dark cycle 

N = 10, 5 males 
Age 22–83 

BMI 18.5–32.6 
34 

Amino acids 
Lipids (unidentified) 

Ang et al. 
(2012) [316] 

Untargeted 
UPLC/Q-TOF MS 

(Reversed 
Phase) 

Diurnal variation 
(25 h, 3 h intervals between 

samples) 

‘Inpatient’ 
17:8 wake/sleep, 

light/dark cycle. Hourly 
isocaloric meals 

Semi-recumbent position 

N = 8 
All male 

Age 53.6 ± 6.0 
BMI 23.2 ± 1.4 

203 features (19%) 
34 metabolites 

Amino acids 
Acylcarnitines 

LysoPEs 
LysoPCs 

Dallmann et al. 
(2012) [317] 

Untargeted 
GC-MS 
LC-MS 

(Reversed 
Phase) 

Circadian variation (constant 
routine 

40 h, 4 h intervals between 
samples) 

‘Inpatient’ 
Standard constant routine 

parameters (see [318]) 

N = 10 (split into 2 
equal groups, within 
which samples were 
pooled for each 4 h 

interval) 
All male 

Age 57.8 ± 1.0 & 61.0 ± 
0.6 

BMI 26.6 ± 0.6 & 25.1 ± 
0.5 

41 (15%) 

Amino acids 
Glycerophospholipids 

Acylcarnitines 
Steroid hormones 

Kasukawa et al. 
(2012) [319] 

Untargeted 
LC-TOF MS 
(Reversed 

Phase) 

Circadian variation (forced 
desynchrony 28 h, bookended 
by constant routine protocols 

(38 h each, 2 h intervals 
between samples) 

‘Inpatient’ 
Standard constant routine 

parameters (with the 
exception of meals every 2 

h (see [318]) 
Controlled light/dark 

cycles, temperature during 
forced desynchrony 

N = 6 
All male 

Aged 20–23 
312 features (7%) 

Amino acids 
Steroid hormones 
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Chua et al. 
(2013) [320] 

Targeted Lipidomics 
LC-MS/MS 
(Reversed 

Phase) 

Circadian variation (constant 
routine 

37 h, 4 h intervals between 
samples at 5 h onwards of 

constant routine) 

‘Inpatient’ 
Standard constant routine 

parameters (see [318]) 

N = 20 
All male 

Age 24.4 ± 1.8 
3 ‘Overweight’ 

17 ‘Healthy 

35 (13.3%) 
Glycerolipids 

Glycerophospholipids 

Davies et al. 
(2014) [321] 

Untargeted 
UPLC/Q-TOF MS/MS 
and targeted FIA-MS 

UPLC-MS/MS 
(Reversed 

Phase) 

Diurnal variation (24 h). 24 h 
wake/sleep cycle vs. 24 h 

prolonged wakefulness, 2 h 
intervals between samples 48 h 

‘Inpatient’ 
Standardised meals and 
mealtimes. Controlled 

light/dark cycle and 
activity/posture 

N = 12 
All male 

Age 23 ± 5, 
BMI 24.5 ± 2.3 

109 (63.7%) 
sleep/wake 

88 (51.5%) sleep 
deprivation 

78 (45%) during both 
conditions 

Amino acids 
Acylcarnitines 

LysoPCs 
Phosphatidylcholines 

Sphingolipids 
Fatty acids 

Kim et al. 
(2014) [322] 

Untargeted 
LC—TOF MS 

(Reversed 
Phase) 

Diurnal variation 
Sampling 1, 3, 7, 9, 11, 14 h 

post-wake, first sample fasted. 

‘Inpatient’ 
Standardised meals and 

mealtimes 

N = 26 
14 males 

Age 33 ±10.9 
BMI 24.3 ±3.3 

11 (9%) 
LysoPCs 

Phosphatidylinositol 

Chua et al. 
(2015) [323] 

Targeted Lipidomics 
LC-MS/MS 
(Reversed 

Phase) 

Circadian variation (constant 
routine 

37 h, 4 h intervals between 
samples at 

5 h onwards of constant 
routine) 

‘Inpatient’ 
Standard constant routine 

parameters (see [318]) 

N = 20 
All male 

Age 23 ± 5 
BMI 24.5 ± 2.3 

4 (1.5%) decreased 
during sleep 
deprivation 

21 (5.5%) increased 
during sleep 
deprivation 

Sphingomyelins 
TGs 

Phosphatidylcholines 
Phosphatidylinositol 

Skarke et al. 
(2017) [324] 

Targeted 
LC-MS/MS 

(HILIC) 

Diurnal variation 
am vs. pm (48 h, 5 samples 12 

h apart) 
‘Outpatient’ 

N = 6 
All male 

Age 32.3 ± 3.6 
BMI 25.2 ± 3.4 

9 (5.4%) 
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Isherwood et 

al. (2017) [325] 

Targeted 
FIA-MS 

UPLC-MS/MS 
(Reversed 

Phase) 

Diurnal variation (24 h—2 h 
intervals between samples) 

‘Inpatient’ 
Controlled sleep/wake, 

light/dark cycle, and 
posture 

Hourly isocaloric meals 

N = 23 
All male 
BMI/Age 

Lean group 23.2 ± 
1.4/53.6 ± 6.0 

OW/OB 29.8 ± 2.3/51.0 
± 7.7 

T2DM group 31 ± 
1.6/57.3 ± 4.8 

50/130 (38.5%) total 
35—lean 

39—OW/OB 
20—T2DM 

Amino acids 
Phosphatidylcholines 

LysoPCs 
Acylcarnitines 

Gehrman et al. 
(2018) [326] 

Targeted 
1H NMR 

Diurnal variation (48–h - 2 h 
intervals between samples) 

‘Inpatient’ 
Habitual sleep/wake cycle 

Hourly isocaloric meals 

N = 30 
20 male and 10 females 

(split equally into 2 
groups) 

BMI < 29 
Healthy 

Age 35.0 ± 7.5 
Insomnia 

Age 37 ± 7.9 

24 (total) 
11 common to both 

groups 
6 unique to healthy 

7 unique to insomnia 

Amino acids 

Sato et al. 
(2018) [327] 

Untargeted 
UHPLC-MS/MS 

GC-MS 

Diurnal variation 
am vs. pm 

‘Outpatient’ 
Standardised meals and 

mealtimes 

N = 8 
All male 

Age 30–45 
BMI 27–32.5 

532, 130, 349 features 
(50%, 12%, 33%) time 

of day, diet, time of day 
diet interaction, 

respectively. 
After HFD 

13% features lost daily 
variation, 17% gained 

new daily variation 
After HCD 

7% features lost daily 
variation 

14% gained new daily 
variation 

Amino acids 
Fatty acyls 

Glycerolipids 
Glycerophospholipids 

Sphingolipids 
Carbohydrates 

Xenobiotics 
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Skene et al. 
(2018) [70] 

Targeted 
FIA-MS 

UPLC-MS/MS 
(Reversed 

Phase) 

Circadian variation (constant 
routine 24 h, 11 samples at 1–3 

h intervals) 
Day shift vs. night shift 

(simulation)) 
circadian vs. behavioural 

control 

‘Inpatient’ 
Standard constant routine 

parameters (see [318]) 
During baseline & shift 

work—controlled 
sleep/wake, light/dark 

cycle, temperature. 
Standardised meals and 

mealtimes 

Night shift: 
N = 7 

6 males 
Age 27.6 ± 3.2 
BMI 25.6 ± 3.3 

Day shift: 
N = 7, 4 males 
Age 24.0 ± 2.2 
BMI 25.9 ±3.4 

65 (49.2%) across both 
shift patterns, 27 

(20.5%) common to 
both 

Amino acids 
LysoPCs 

Phosphatdylcholines 
Acylcarnitines 

Glycerophospholipids 
Sphingolipids 

Grant et al. 
(2019) [328] 

Untargeted & 
Targeted LC-

QTOF/MS 
(HILIC) 

Circadian variation  
(24 h) 

Circadian- vs. wake-dependent 
changes 

‘Inpatient’ 
Standard constant routine 

parameters (see [318]) 

N = 13 
9 males 

Age 25.0 ± 4.3 
BMI 22.0 ± 2.1 

Targeted: Group level 
28/99 (28.3%) 

(rhythmic, rhythmic & 
linear) 

4/99 (4%) linear 
Untargeted: 
Group level 

361 (22%) rhythmic 
features 8% linear 

features 
Individual level 

14% rhythmic profiles 
4% linear profile 

Amino acids 
Organic acids 

Gu et al. (2019) 
[329] 

Untargeted 
UHPLC-MS 

(Reversed phase) & 
GC-MS/MS 

Diurnal variation (26–48 h) 
(48 h time course for N = 2, 26 

h for N = 1 participants), 

‘Inpatient’ 
Standardised meals and 

mealtimes 
Habitual sleep time (10 h 

sleep) 

N = 3 
2 males 

Age 20–31 
BMI 18 < 29.9 

100/663 (15.1%) 
rhythmic in at least 1 

individual 
26/663 (3.9%) rhythmic 
in at least 2 individuals. 

 
 
 

Amino acids 
DGs 

Lysolipids 
Phospholipids 
Steroid lipids 
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Kervezee et al. 
(2019) [330] 

Targeted 
DI-MS 

LC-MS/MS (Reversed 
phase) 

Diurnal variation (24 h—2 h 
intervals between samples) 

Baseline vs. forced 
misalignment post-simulated 

shift work 

‘Inpatient’ 
Controlled sleep/wake, 

light/dark cycle and hourly 
isocaloric meals during 

sampling periods 

N = 9 
8 males 

Age 22.6 ± 3.4 
BMI 21.3 (19.6–23) 

51 (39.2%) baseline 
53 (40.8%) night shift 

32 (24.6%) both, 
24 phase shifted, 27 
(21%) significantly 

changed post-night 
shift 

Amino acids 
Fatty acids 

Organic acids 
Lysophospholipids 

PCs 

Honma et al. 
(2020) [65] 

Targeted 
FIA-MS 

UPLC-MS/MS 
(Reversed 

Phase) 

Diurnal variation (70 h, 2 h 
intervals between samples) 

16:8 wake/sleep cycle > 40 h 
prolonged wakefulness > 8 h 

recovery sleep 

‘Inpatient’ 
Standardised meals and 
mealtimes. Controlled 

light/dark cycle and 
activity/posture 

N = 12 
All female 
Age 25 ± 4 

BMI 24.9 ± 3.6 

Total 97/130, 58 
(44.6%) common for all 
conditions. Baseline 78 
(60%) 8 unique. Sleep 
deprivation 76 (58.5%) 

5 unique Recovery 
sleep 80 (61.5%) 5 

unique 

Glycerophospholipids 
Sphingolipids 
Amino acids 

Biogenic amines 
Acylcarnitines 

Lusczek et al. 
(2020) [331] 

Untargeted 
UHPLC/MS 
(Reversed 

Phase) 

Diurnal variation (24 h—4 h 
intervals between samples) 

‘Inpatient’ 
Self-selected light/dark, 

feeding/fasting, 
sleep/wake cycle for 
healthy participants 

Healthy cohort 
N = 5 

2 males, 
Age 45–72 

BMI 22.4–33.3 
ICU cohort 

N = 5 
2 males 

Age 43–66 
BMI 31.0–57.3 

10 (16.7%) in healthy 
0 in ICU 

Amino acids 
Acyl carnitines 

LysoPEs 
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Table 3.2 Footnotes: Age and BMI are quoted in standard units, years and kg/m2 , respectively. Where available, mean age/BMI ± 1 SD given. Significant changes in 
metabolites identified in studies performing am vs. pm (two-time point) comparison(s), should be considered as gradient changes ergo ‘gradient metabolite’, 
Significant changes in metabolites identified in studies over a >24 h time course with n ≥ 5 should be considered as rhythmic changes ergo ‘rhythmic metabolite’, 
rhythmicity being detected by cosinor analysis and/or MetaCycle. Rhythmic/gradient features are denoted as such, otherwise the table refers to rhythmic/gradient 
metabolites. Rhythmic/gradient classes primarily observed are not an exhaustive list of all metabolite classes observed within a study but a summary of the most 
rhythmic classes, if any, for that particular study, as denoted by the author or inferred from provided data. Abbreviations: DG—diglyceride; DI-MS—direct infusion 
mass spectrometry; FIA-MS—flow injection analysis mass spectrometry; GC-MS—gas chromatography mass spectrometry; HILIC—hydrophilic interaction 
chromatography; LC-MS—liquid chromatography mass spectrometry; LysoPC—lysophosphatidylcholine; LysoPE—lysophosphatidylethanolamine; MS/MS—tandem 
mass spectrometry; NMR—nuclear magnetic resonance; PC—phosphatidylcholine; Q-TOF MS—quadruple time of flight mass spectrometry; SESI-MS—secondary 
electrospray ionisation mass spectrometry; TOF MS—time of flight mass spectrometry; U(H)PLC—ultra high performance liquid chromatography.  
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3.2.1. Circadian variation 

Dallmann et al [317] was first to publish a constant routine study observing circadian control 

of the metabolome in plasma and saliva (latter discussed in [78]), with 41 (15%) of identified 

metabolites within plasma displaying circadian rhythms, of which, >75% comprised lipids, 

with nearly all peaking at subjective lunch time (when participants would expect their second 

daily meal under a typical sleep/wake, feeding/fasting cycle). These findings provide evidence 

that lipid metabolism is under circadian control. The amplitude of these observed rhythms 

differs between metabolites, with lactate abundance varying by ~66% and glutamate by ~40% 

across the 24 h period as but two examples, with other observed metabolites displaying even 

greater variation. This is a pertinent finding considering active discussion in the literature for 

these two metabolites as potential biomarkers and therapeutic targets for various diseases 

[332-338] and a consideration that can be applied to the findings of all the papers discussed 

below. In a separate constant routine study by Kasukawa et al published in the same year 

[319] it was reported that phenylalanine, tryptophan, and leucine were observed to display 

circadian rhythms. In total, eight rhythmic metabolites were observed within the study, a 

comparison to the 41 observed by Dallmann previously [317] was drawn and the conclusion 

reached was that the authors likely observed less rhythmic metabolites due to curated 

selection of features with minimal variability between participants. Chua et al [320] observed 

a comparable level of circadian rhythmic metabolites (35/263 metabolites, 13.3%) in their 

lipidomics assay, with triacylglycerides (TGs) and diacylglycerides (DGs) peaking in the 

morning. However, of these metabolites, only 12 (5%) to 86 (33%) displayed rhythmicity, with 

a median of 20% across all participants. Importantly, there were also significant differences 

in the phase of the rhythmic metabolites between participants, some as great as 12 hours. 

These phase differences were observed despite similar cortisol and melatonin rhythms 
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between participants, metabolite rhythms typically measured relative to DLMO or when 

cortisol levels peak to account for individual differences in circadian timing (chronotype). As 

age/sex/ethnicity were all controlled for, the authors concluded that the three observed 

‘lipidome phenotypes’ may be a result of predetermined genetic differences. This is a 

reasonable assertion echoed by a prior review [339], suggesting that genetic variation in 

human clock genes could contribute to phenotypic differences and is supported by twin and 

familial studies stating 27–50% of the variance in diurnal preference/chronotype is 

attributable to genetic, not environmental, influence [340-343].  

These findings suggest that a portion of the plasma metabolome/lipidome is under circadian 

influence (Table S7 in [78]), the extent of which is potentially confounded by inter-individual 

differences in diurnal preference/circadian timing (chronotype). 

3.2.2. Sleep deprivation and prolonged wakefulness 

The aforementioned studies employ a constant routine protocol enforcing wakefulness over 

the observed time period. In an interesting development, Davies et al [321], proceeded by 

Chua et al [323], Grant et al [328], and Honma et al [65], characterise the impact of 

wakefulness (total sleep deprivation) on the plasma metabolome (Table S8 in [78]). A 

distinction between these four studies is that both Chua and Grant performed their sample 

collection during a constant routine protocol where participants were subject to total sleep 

deprivation for the duration whilst Davies and Honma employed an entrained protocol with 

two and three phases, respectively, across consecutive days with a 8 h period of sleep 

permitted during the first 24 h of sampling proceeded by 24 h of total sleep deprivation with 

Honma monitoring a third day permitting ‘recovery’ sleep. The experimental design of both 
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Davies and Honma studies allowed for paired comparisons between test conditions (e.g., 

sleep vs. no sleep) for individual participants. 

Of the 109/171 (64%) rhythmic metabolites observed by Davies et al (amino acids, biogenic 

amines, lipid groups), 95 (87%) of which peaked between 06:00 and 18:00 h, 21 (28%) lost 

rhythmicity during prolonged wakefulness alongside reduced/increased amplitude of 

metabolites that peaked within the day/night cycle, respectively. Furthermore 27/171 (16%) 

metabolites (three sphingolipids, eight acylcarnitines, 13 glycerophospholipids, tryptophan, 

serotonin, taurine) exhibited a significant increase during sleep deprivation vs. baseline sleep 

with serotonin exhibiting the largest change (44% ± 20%), illustrating a perturbation to 

metabolite rhythms coinciding with total sleep deprivation. These results were echoed by 

Chua et al [323] and Grant et al [328] who observed linear changes in 25/11 (9.5%/11.1%) 

metabolites, respectively, predominantly phosphatidylcholines/TGs in the former study 

(lipidomics assay) and amino acids in the latter (HILIC assay), as a result of sleep deprivation. 

Further agreement between Davies and Chua was observed for diacylphosphatidylcholines, 

which were affected by sleep deprivation. 

Having performed untargeted/targeted HILIC assays, as opposed to reversed phase assays 

which were performed previously [320, 321], Grant et al [328] observed the impact of 

prolonged wakefulness on polar metabolites, with 28/99 (28.3%) displaying rhythmic, 

rhythmic/linear metabolites peaking in the biological night, of which 13 were amino acids, a 

similar result with regard to amino acids rhythms having been observed to some degree 

previously [292, 316, 317, 319]. Furthermore, Grant identified nine novel rhythmic polar 

metabolites (organic acids, nucleotides, and an amino acid) not observed in prior non-
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polar/lipid studies. Group level analysis of their untargeted dataset mostly reflected what was 

observed in the targeted dataset (Table 3.2). 

Honma et al [65] performed a similar study to Davies et al [321] with the exception of an all-

female cohort (Davies studied an all-male cohort) and therefore offers a novel insight into 

sex-dependent differences resulting from prolonged wakefulness (Table S4 in [78]). At face 

value, the female cohort were comparable to the male cohort of Davies, with 58/130 (44.6%) 

metabolites being rhythmic and common across the three study days (baseline sleep, 

prolonged wakefulness, recovery sleep), and 97/130 (75%) were rhythmic on at least one of 

the three days but not rhythmic across all three. During sleep deprivation 15/130 (12%) of 

metabolites in female participants were significantly altered, of which 14 decreased in 

concentration, in contrast to Davies, in which 37/141 (26%) were significantly increased 

during sleep deprivation. Furthermore, a subset of 32 common rhythmic metabolites 

between the cohorts of both studies was analysed with regard to their mean acrophase (peak 

time) and it was observed that the acrophase in the female group was ~1 h later compared 

to the male group (female = 15:48 ± 0:40 h, male = 14:53 ± 0:42 h). Whilst the datasets are 

from different studies, they were both performed by the Skene laboratory (University of 

Surrey) with highly similar methodology, the same commercial kit to perform the targeted 

assay, similar cohorts (excluding sex) and subject to the same data processing and analysis, 

making these observations more compelling. Complementary to the findings of Davies and of 

Skene et al [70] (discussed below—see Section 3.2.3), the findings of Honma also illustrate 

how acute disruption of the sleep–wake cycle can result in changes to metabolite rhythms 

that persist after the disrupted behavioural cycle is restored. 
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3.2.3. Shift work 

In work that runs parallel to the studies investigating prolonged wakefulness and sleep 

deprivation, Skene et al [70] and Kervezee et al [330] independently investigated and 

characterised the impact of circadian misalignment on the plasma metabolome brought 

about by simulated shift work (Table S10 in [78]). Skene compared simulated day (DS) vs. 

night (NS) shift work and focused on which metabolite rhythms are primarily driven by the 

central SCN clock or external behavioural cycles. 

In the constant routine period succeeding the simulated shift work, Skene et al [70] observed 

65/132 (49.2%) rhythmic metabolites following one or both conditions, with a further 19 

metabolites (seven amino acids, 12 lysophosphatidylcholines) losing rhythmicity following NS 

and a second independent group of 19 metabolites (mostly phosphatdylcholines, 

acylcarnitines) gaining rhythmicity only after NS. There were 27 common rhythmic 

metabolites between test groups, only three of which maintained the same peak time 

between DS and NS. This was also a common trait with the circadian markers melatonin DLMO 

and cortisol, indicative to the authors that it is likely that these three metabolites (taurine, 

serotonin, sarcosine (N-methylglycine)) are strongly influenced by timing of the central SCN 

clock. Conversely, the remaining 24 rhythmic metabolites (mostly glycerophospholipids and 

sphingolipids) exhibited a significant shift in peak time between test conditions, with the 

majority experiencing a 12 h delay, i.e., inversed rhythms, and thus suggested to be strongly 

influenced by the shifted behavioural cycles (e.g., sleep/wake; feeding/fasting). This delay 

was maintained in the constant routine following cessation of the shift conditions 

demonstrating that endogenous metabolite rhythms can be induced and driven by external 



112 
 

behavioural cues which likely reflect peripheral oscillators dissociating from that of the SCN, 

as concluded by the authors. 

Similar to Skene et al [70], Kervezee et al [330] observed a change in rhythmic metabolites in 

NS, with 51/130 (39.2%), 53 (40.8%), and 32 (24.6%) metabolites having displayed rhythmicity 

at baseline, NS, and in both datasets, respectively. Of the 32 metabolites rhythmic in both 

conditions (baseline and NS), 24 (75%) exhibited a phase shift, on average of 8.8 h, matching 

the shift in sleep pattern. Therefore, these changes are deemed more strongly influenced by 

behavioural cycles as opposed to circadian control with amino acids being an enriched group 

within the 24 metabolites exhibiting a phase shift. A further seven (~22%) metabolites, from 

the subset of 32, remained aligned with the non-shifted melatonin phase (measure of SCN 

phase). Therefore, this subset of seven metabolites (Table S10 in [78]) were deemed circadian 

SCN clock regulated, or at least not regulated by the sleep/wake cycle. The 19 metabolites 

that lost rhythmicity post-shift work simulation were predominantly lipids, similar findings 

shown by Davies et al [321] and Chua et al [323] when investigating the impact of sleep 

deprivation and corroborating with the results of Skene [70]. 

The observation that behaviourally induced rhythms can be retained and persist for at least 

24 h in free-running constant routine conditions complements the findings of Davies et al 

[321] and Honma et al [65] thus shift work and atypical sleep patterns are important 

considerations for metabolomics studies prior to recruitment and sampling. 

3.2.4. Diurnal (24 h) rhythms 

Parallel to studies employing constant routine methodologies to investigate circadian 

rhythms are those which investigate diurnal rhythms, 24 h rhythms under entrained 

conditions. Three further studies, not investigating shift work or the impact of sleep, were 
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obtained from the performed literature search characterising time of day variation over >24 

h time courses. Park et al [315] identified 34 metabolites exhibiting time of day variation 

between three time classes (‘morning’, ‘afternoon’ and ‘night’) covering a time course of 24 

h. These distinct time classes were produced by averaging hourly 1H-NMR (nuclear magnetic 

resonance) spectra across all 10 participants for the 25 time points and by performing PCA 

analysis. Identification of time of day variation was performed with a bespoke two sample t-

test, with correction for multiple testing, performed to test for significant differences in 

spectral regions between the three ‘time classes’. Ang et al [316] showed time of day variation 

across 24 h in a range of metabolite classes using untargeted LC-MS (liquid chromatography 

mass spectrometry). They considered their work as an external validation of the Dallmann et 

al study [317], having replicated some of their findings despite some key differences in 

methodology (Table 3.2). In total, 34 rhythmic metabolites were identified with variation in 

abundance ranging from 49–81% (average 65%). The magnitude of this variation was similar 

to that observed by Dallmann et al, with amino acids and phospholipids being two highlighted 

rhythmic metabolite classes that displayed similar amplitudes. Gu et al [329] observed diurnal 

variation in three participants within their pilot study to perform individual-level analysis to 

better explore inter-individual variability as opposed to group-level analysis; with only Chua 

et al [320, 323] having observed individual rhythms and differences prior to this publication 

and Grant et al [328] also performing individual-level analysis and publishing in a similar 

timeframe. Gu observed diurnal rhythms in all three participants (Table 3.2, Table S2 in [78]) 

in addition to observing inter-individual differences in the acrophase of metabolite rhythms 

relative to DLMO, such differences may be masked in group-level analysis but are pertinent 

when investigating on the individual level. 
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3.2.5. Health status 

It is well established that different physiological and pathological states caused by disease can 

lead to distinct metabolic profiles. Isherwood et al [292] adds to this understanding by 

observing unique time of day variations accompanying specific phenotypes (Table S11 in [78]). 

Their study observed differences in metabolic profiles of individuals with type 2 diabetes 

mellitus (T2DM), overweight/obese (OW/OB) non-diabetic individuals, and age-matched lean 

‘healthy’ controls; the novel aspect of the study being the comparison of metabolic profiles 

between non-diabetic/diabetic individuals (age and weight matched) across multiple time 

points about a 24 h time course. In total, 50/130 (~38.5%) unique metabolites displayed 24 h 

rhythmicity of which 35, 39, and 20 were observed in lean, OW/OB and T2DM groups, 

respectively, from group-level analysis (Table S2 in [78]). Of these 50 rhythmic metabolites, 5 

(10%) were unique to OW/OB and T2DM groups and 11 (22%) were unique to non-T2DM 

groups suggesting a change in metabolite rhythms associated with the onset or continuation 

of T2DM (Table S2 in [78]). 

In a similar line of enquiry to Isherwood et al, Gehrman et al [326] investigated how diurnal 

rhythms may differ between participants confirmed to suffer with insomnia and matched 

healthy individuals (‘good sleepers’). Unique metabolite profiles were observed for both test 

groups (Table S11 in [78]) with 29 metabolites being elevated/decreased in insomnia patients 

in the morning and/or night. Of these 29 metabolites, 13 were rhythmic. In total, 11 

metabolites exhibited diurnal rhythms in both groups with a further six and seven unique 

rhythmic metabolites in healthy and insomniac participants, respectively. Phase changes 

were also noted with a phase advance (peaking earlier in the day) of acetone, proline, and a 

phase delay (peaking later in the day) of lactate, valine, isoleucine and 3-methyl-2-oxovalerate 
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for the insomniac participants. It remains unclear how many of these changes are associated 

with the underlying causes of insomnia as opposed to the symptoms, i.e., poor sleep 

quality/duration. 

Lusczek et al [331], investigated whether intensive care unit (ICU) patients have their 24 h 

rhythms disrupted relative to healthy controls by profiling “circadian” rhythms in vital signs 

and plasma metabolites by analysing 60 “circadian” metabolites based on the work by 

Dallmann et al [317] and Ang et al [316] (who observed diurnal not circadian rhythms) and 

concluded that ICU patients experience desynchrony, leading to a loss of metabolite 

rhythmicity when compared to healthy non-ICU controls. The rhythmic metabolites observed 

by Dallmann and Ang were observed in a different and specific context, and do not serve as 

adequate or reliable markers for circadian desynchrony in the context of the study by Lusczek. 

Further measures taken to assess patient “circadian” rhythms included temperature, heart 

rate and blood pressure, and plasma cortisol of which only cortisol was deemed significantly 

rhythmic for group-level analysis of the ICU group. Lusczek suggests that this is indicative of 

a lack of coherence in circadian phases and amplitudes amongst the ICU patients. However, 

an alternative suggestion is that coherence of cortisol rhythms, is indicative of a similar phase 

angle of entrainment between participants and the variable temperature and blood pressure 

rhythms result from patients’ unique circumstances with regard to their disease status 

(cardiac or respiratory), physiology/trauma, concomitant medication and demographics [344, 

345], disease state and physiology potentially leading to unique rhythmic metabolite profiles 

not necessarily related to desynchrony as established above. 
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3.2.6. Diet composition 

The previously described studies have all collected blood samples at 2–5 h intervals across a 

minimum 24 h time course to define and visualise detected metabolite rhythms over a 24 h 

period via cosinor analysis (applies the least squares method to fit a sine wave to time series 

data) or MetaCycle (runs three separate algorithms to detect biological rhythms). Some 

studies may opt to characterise time of day variation over a shorter time course (<24 h) or 

with fewer samples per 24 h cycle (n ≤ 4 samples) and thus investigate variation in a morning 

vs. evening fashion to discern ‘gradient’ metabolites (‘gradient’ referring to a significant 

relative increase/decrease in concentration/abundance of a metabolite between two time 

points) such as the work performed by Sato et al [327]. To clarify, low resolution sampling of 

n ≤ 4 samples per 24 h cycle is insufficient to characterise 24 h metabolite rhythms and so 

morning vs. evening studies are inherently limited in determining time of day variation with 

results typically limited to t-test/ANOVA analysis to determine significant changes between 

time points. These ‘gradient’ metabolites may or may not be rhythmic and a higher resolution 

(n > 4 samples per 24 h cycle) is required to discern rhythmicity. 

Sato et al [327] investigated the impact of a high-carbohydrate diet (HCD) and high-fat diet 

(HFD) of equal calorific content to observe the impact of nutritional challenge on the serum 

and skeletal muscle metabolome, whilst noting diurnal changes. Many time of day changes 

were observed as a result of the diet in the 1063 detected metabolite features (Table S12 in 

[78], Table 3.2). For the HFD and HCD diet conditions 85/50 metabolites displayed a gradient 

change at baseline only, 126/95 post-completion of diet conditions only, and 138/142 both 

before and after diet conditions, respectively. Metabolites relating to lipid metabolism were 

enriched in the HFD group regardless of time of day—perhaps unsurprisingly. Conversely, half 
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of all decreased metabolites in the evening as a result of HFD were related to amino acid 

metabolism despite equal calorific intake from protein between groups. Relative to HFD, HCD 

led to a decrease in metabolites relating to lipid metabolism, regardless of time of day. The 

authors suggested that increased serum insulin concentrations lead to suppressed lipolysis, 

explaining the observation, though the literature quoted in support of this statement 

observed this effect during high-activity (exercise) conditions. Sato et al have demonstrated 

that diet composition, with regard to calorific intake from major food groups, displays an 

interaction with time of day variation of the metabolome altering specific metabolite 

rhythms; in the context of this study lipid metabolism was most strongly impacted. 

3.2.7. Morning versus evening studies 

Kim et al [322] observed diurnal variation over 14 h in plasma (11 metabolites, 9%). The 

proportion of variance attributable to time of day in plasma was minimal vs. that attributed 

to patient ‘effects’ (age, sex, race, polycystic kidney disease ~40%) and residual variance 

(>50%). Data on sleep patterns, chronotype, work and light/dark history were not considered 

and so a proportion of this residual variance may well have a biological source, e.g., associated 

with chronotype, when considering the confidence in consistency and rigour by Kim et al of 

their employed methodology. 

Skarke et al [324] observed diurnal variation in plasma (9/166, 5.4%) between 12 h samples 

over 48 h. Notably, less rhythmicity was observed when compared to the studies discussed 

above and may potentially be the result of reduced sampling frequency (12 hourly), the small 

cohort, or the purposeful monitoring of participants in their habitual routine undergoing 

unique and varied daily cycles. Despite the introduced inter-individual variation due to this 

setting, diurnal variation is still evident, suggestive of a high potency in temporal regulation 
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of specific metabolites driven by external and internal rhythms. The reduced number of 

rhythmic metabolites from both of these studies compared to those discussed earlier aptly 

illustrates the difficulties in monitoring time of day variation and the required rigour in 

experimental design. To see beyond the noise and identify significant changes as a factor of 

time (clocks and/or circadian time), it is of importance to control environmental conditions, 

patient demographics and lifestyle. 

3.2.8. Summary of the field 

Reviewing the literature has revealed the following key findings. 

• The number of studies investigating time of day variation of the human 

metabolome, to date, is small (n = 29) with blood the most investigated sample 

type (n = 18). 

• The majority of studies are either male only (n = 11) or male majority (n = 11) 

cohorts, with female only cohorts (n = 1), female majority cohorts (n = 2) or 

balanced cohorts (n = 4) being the minority. 

• Endogenous metabolite rhythms, regulated by the circadian timing system, 

have been observed via constant routine studies in blood and saliva and 

include lipids and polar metabolites. 

• Metabolite rhythms (timing and amplitude) may be sex dependent although 

sex has not been regularly investigated with regard to differences in 24 h 

metabolite rhythms. 

• Diurnal 24 h metabolite rhythms potentially evoked by external cues, either 

environmental (e.g., light/dark cycle) or behavioural (e.g., sleep/wake; 
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feeding/fasting), have been observed in blood, urine, saliva, breath, and 

skeletal muscle. 

• Acute changes in external cues, e.g., sleep/wake, feeding/fasting, activity/rest 

cycles and shift work, result in acute alterations to metabolite rhythms (timing 

and amplitude) that can persist after cessation of the change. 

• Specific physiological phenotypes and healthy vs. diseased state are shown to 

result in unique diurnal rhythms alongside the expected metabolite profiles of 

each phenotype. 

• Lipids, in particular glycerophospholipids, and amino acids are the most 

frequently observed rhythmic metabolite classes. Lipid rhythms have shown 

the most variation between individuals with differences in phase (timing). 

• Lipid rhythms may feature class-dependent temporal separation based upon 

carbon chain length and degree of saturation. 

• A subset of metabolites are repeatedly reported as undergoing significant time 

of day variation across studies. A total of 35 putatively identified metabolites 

having been observed in at least five studies (Table S1 in [78]) out of a total of 

400 putatively identified across all studies. 

Whilst blood was the most investigated biofluid (n=18), unsurprising considering its 

popularity within metabolomics as discussed above, only 5 of these studies applied a constant 

routine protocol to investigate circadian regulation of metabolites [70, 317, 319, 320, 328], 

the gold standard in assessing circadian rhythmicity [318]. Dallmann [317] and Skene [70] 

employed at least two assays within their respective studies (GC-MS/RPC/UHPLC-MS, FIA-
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MS/UHPLC-MS) yet no study has yet to employ both a RPC and HILIC assay in an untargeted 

fashion, a common approach in untargeted metabolomics discussed previously. Furthermore, 

three of the five studies: Chua [320], Skene, and Grant [328], applied targeted assays which 

offer limited coverage of the metabolome. Finally, all of these studies were male dominated 

with Dallmann, Kasukawa [319] and Chua investigating male only cohorts whilst Skene and 

Grant had majority male cohorts (Table 3.2). Exclusion of females is often a deliberate 

decision as it removes the menstrual cycle, another biological rhythm, as a confounding 

factor. Nevertheless, there are solutions to include females within circadian studies such as 

monitoring/collecting samples from naturally cycling females at the same phase of their 

menstrual cycle e.g., the follicular phase. Alternatively, one could recruit females on oral 

contraceptives [346], however, this introduces an additional variable to consider during data 

analysis. As it becomes increasingly apparent that sexual dimorphism pervades the 

mammalian clock [347, 348], metabolism [349], and metabolic disease pathophysiology [350, 

351], we can no longer consider males as an adequate proxy for the human population within 

circadian studies.  

3.3. Investigating metabolite rhythms – the next steps 

A common outcome for many of the studies reviewed above was the identification of 

rhythmic/gradient metabolites; with a second common feature for many studies being the 

analytical platform employed. Upon observing the methods of the reviewed studies it 

becomes quickly apparent that particular assays have been collectively favoured with 

variations of LC-MS the most commonly used across 19 studies (two of which applied HILIC 

assay and 17 applied reversed and/or normal phase assays) followed by NMR (six studies), 

GC-MS (gas chromatography mass spectrometry) (six studies), FIA-MS (Flow injection analysis 
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mass spectrometry) (four studies), SESI-MS (two studies), DI-MS (direct infusion mass 

spectrometry) (one study). Each of these platforms possesses its own advantages and 

limitations with regard to what metabolites can be detected thus influencing the collected 

dataset and metabolome coverage, resulting analysis and interpretation [79]. With this in 

mind, the curated list of metabolites undergoing time of day variation is somewhat limited 

and indeed biased towards lipids and non-polar metabolites which see better retention within 

reversed phase assays. By contrast polar metabolites may be underrepresented since they 

exhibit poor retention in these assays and are better retained and detected within HILIC 

assays. Further utilisation of HILIC methodology may yield additional rhythmic metabolites 

similar to the outcomes of the study by Grant et al [328]. It is also of interest to note that 

whilst various studies used multiple analytical platforms and assays in tandem, no study has 

yet to incorporate both HILIC and reversed phase assays in parallel producing a more 

‘complete’ dataset and coverage of the metabolome. Further untargeted studies employing 

a greater diversity of UHPLC assays would benefit this growing body of work moving forward. 

Despite this potential limitation over 400 metabolites have been observed to be either 

significantly rhythmic or undergo significant time of day changes in a morning vs. evening 

fashion (Table S1 in [78]) based upon putative or definitive metabolite identification. Of these 

metabolites, 35 have been observed in at least five studies (Table S7 in[78]). This compiled 

information provides insight into metabolic pathways likely influenced by time of day 

variation with amino acids and their derivatives being amongst the most frequently observed 

rhythmic/gradient metabolites. This information provides an adequate starting point for the 

development of bespoke targeted assays to investigate such pathways, quantify observed 

rhythms in metabolite concentrations similar to Davies et al [321] and consider the biological 

significance of the rhythm, or lack thereof, under particular conditions such as shift work or 



122 
 

disease state [70, 292, 330]. Expanding upon the number of biofluids/tissues investigated to 

observe diurnal/circadian variation presents a challenge due to the need for repeated and 

regular sampling over a 24 h time course, methods used for single sample collection, such as 

a biopsy, may thus prove too invasive or impractical for repeated and regular sampling. 

However, ambulatory microdialysis sampling techniques capable of high resolution sampling 

in humans hold promise [352]. In the near future it may be more practical then to expand 

upon the base of work on the five currently investigated sample types of which serum/plasma 

have been favoured leaving saliva, urine, skeletal muscle, and breath under investigated by 

relative comparison. 

A general challenge for identifying and validating biological rhythms in -omic datasets across 

studies is the distinction between rhythmic and non-rhythmic time series. Many detection 

algorithms or combination of algorithms have been proposed. Two of these have already 

been mentioned above (i.e., cosinor and MetaCycle) but many other workflows and 

applications such as Multi-Omics Selection with Amplitude Independent Criteria (MOSAIC) 

[353], Rhythmicity Analysis Incorporating Non-parametric methods (RAIN) [276], Extended 

Circadian Harmonic Oscillator (ECHO) [275] and others [279, 354] are available. As any one 

method is open to critique, MetaCycle, for example, is already combining a number of 

different methods to determine different regulation of rhythmicity in different groups of a 

study or between studies. Venn diagram analysis (VDA) employs any one of the methods 

above, e.g., RAIN, to identify changes in rhythmic items (transcripts/metabolites) between 

test groups. Recent findings, however, highlight inter-group and even inter-study 

comparisons where VDA has overestimated differences in rhythmic items [280]. The authors 

highlight the shortcomings of VDA and propose a novel approach to circumvent these issues 

implemented in the R package compareRhythms that compares circadian parameters 
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(amplitude and phase) between the groups under comparison. This allows compareRhythms 

to discern between metabolites that have remained the ”same” (rhythmic across test 

conditions) and have undergone a “change” (still rhythmic but phase/amplitude change 

between test conditions) whilst VDA cannot. 

3.4. Chapter summary 

In summary, the primary objective of this review was to establish the sample types in which 

time of day variation of metabolite concentrations have been reported using a metabolomics 

platform, with a focus on identifying rhythmic metabolites. The extent of this time of day 

variation on the complete metabolome has also been reported to highlight the number of 

detected metabolites which have been shown to vary with time. The metabolome of blood, 

urine, saliva, breath, and skeletal muscle are influenced by diurnal and/or circadian rhythms. 

This most likely extends to other human biofluids and tissues in a similar fashion to how gene 

transcripts are rhythmic across a range of tissues in mammals [74, 355]. Changes to external 

time cues (Zeitgeber), such as the light/dark and feeding/fasting cycle, result in changes to 

these rhythms and should thus be considered potential control variables where applicable in 

metabolomic studies, e.g., enforcing a specified light/dark, sleep/wake protocol for all 

participants, or setting meal times, excluding shift workers. Furthermore, it may be pertinent 

to collect additional metadata from participants such as history of shift work, sleep/wake 

times and a person’s chronotype, complete time/calendar date and geographical location in 

which samples were taken, all of which may influence rhythmic metabolite profiles, the 

resulting analysis and biological interpretation.





CHAPTER 4 

DEVELOPMENT OF INTEGRATED DATA HANDLING & 

ANALYSIS TOOLS. 
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4.1. Introduction 

As indicated by its -omics moniker metabolomics deals with large datasets which in their raw 

form may comprise gigabytes/terabytes of data and when processed produce a data matrix 

which contains thousands if not tens of thousands of metabolite features (m/z, RT pairs) in 

an untargeted study [356]. This large volume of data cannot be analysed without software 

assistance. The number of available software tools for assisting with metabolomics raw data 

processing and data analysis is rapidly increasing and covers aspects such as: raw data file 

format conversion, raw data processing, pre-processing, quality assessment and filtering, 

metabolite annotation and identification, and metabolite databases [357]. How such tools 

assist in converting raw data to a 2D data matrix was discussed in Chapter 1. Metabolomics 

therefore relies on a range of skills from other disciplines to correctly collect, process, and 

analyse data [79, 356]. In between these software assisted stages of data analysis, datasets 

will be manually handled e.g., check data quality/inspect data, save/archive, share/distribute. 

A potential concern at this juncture is inadvertent data handling errors that may be 

introduced into the data due to the multiple stages of processing and analysis in addition to 

potential handling by multiple individuals that may comprise a metabolomics research team 

or collaboration. This concern is shared by other fields transitioning into the realm of big data 

and developing tools to assist with data handling [358]. Human errors, with regards to 

metabolomics data handling, may range from random accidental edits or deletions of 

datapoint(s)/sample(s), systematic errors by incorrect application of data 

transformations/filters to all or subsets of the data, inaccurate labelling/file names or poor 

record keeping of applied analysis parameters to name but a few. Human errors may not be 

evident until the user notices the ‘result’ of an action does not align with their expectation 

and may not realise they are the cause of the fault in the first instance [359]. This logic is 
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applied to simple tasks; however, due to the size and scope of the typical metabolomics 

dataset, errors may go unnoticed due to the lack of a preconceived expected outcomes. For 

mistakes which are eventually realised it may not occur at the point of the mistakes inception 

but rather later in the workflow; at best this mistake is fixed with little cost to time or at worst 

goes unnoticed and compromises the final conclusions. Thus, there is a concern that manual 

data handling, beyond what is strictly necessary, may negatively impact the rigour and 

reproducibility of a metabolomics study. Even when free of error, reproducibility is already a 

concern within the field of metabolomics due to analytical and unexplained biological 

variation [78]. Furthermore, differing methods of data analysis, such as pre-processing, can 

lead to divergent results and subsequent different biological interpretations [360]; thus, set 

protocols with adequate record keeping need to be in place to facilitate reproducibility in 

addition to mitigating user errors. Whilst reproducibility and experimental rigour are 

important in any metabolomics study an argument could be made that they are most 

important within an untargeted study in which we are attempting to establish a foundational 

knowledge in which future validated studies may derive from. Considine and colleagues 

makes a statement on such an issue in their review on biomarker discovery discussing how 

flawed discovery based studies inevitably lead to failure of subsequent validation studies and 

poor reproducibility [301]. 

An additional challenge to consider when applying metabolomics to chronobiology is the time 

series/repeated measures in which samples were collected from and preparing data to 

undergo rhythm analysis. To detect ~24 h rhythms in relative abundance, multiple established 

rhythm detection algorithms may be employed and their results cross referenced to classify 

individual metabolite features as rhythmic for a ~24 h period. This cross-reference approach 

is taken to circumvent disadvantages associated with any single algorithm, as reviewed here 
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[361], and has been applied numerous times within the field [65, 362-370]. Utilising even a 

single rhythm detection algorithm poses a logistical challenge with regards to data handling 

as current commonly used rhythm detection algorithms are limited to a single data frame 

being input at a time and outputting a single result file. Whilst not a significant problem to 

surmount if only 1-2 data frames (e.g., control group, test group) need to be submitted the 

situation can quickly devolve if performing individual level analysis where each participant 

would be subject to each rhythm analysis algorithm independently. Solutions to this problem 

were limited with few pre-existing rhythm detection software packages incorporating 

multiple rhythm detection methods into a single analysis prior to the start of work on this 

thesis chapter; the primary example being an R package known as Metacycle which 

incorporates three different methods [272]. Recent developments in the field have seen 

additional R packages and applications address this problem such as DiscoRhythm [270] and 

BioDare2 [371]. A further consideration is the unique formatting and input data for the 

various available algorithms which would involve sub-setting or reformatting the feature 

intensity matrices prior to processing via rhythm detection and then collating the results in 

such a way that they can be interpreted easily by a human user. This then produces a logistical 

challenge in accurate record keeping and storage of data/results in addition to incurring a 

time cost to manually format input files and collate result files. Issues associated with the 

manual handling of data, such as those described above, can be circumvented by automation. 

This automation would require custom built software scripts written within or obtainable 

through open access platforms such as R, Python or directly within an operating systems 

command line/console, as developed for in metabolomics already [357]. By utilising an open 

access platform, scripts written and published by other individuals can be leveraged and used 

to construct custom use tools. Such tools would emulate processes that would otherwise be 
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manually performed on metabolomics data, e.g., sub-setting/filtering of data or applying data 

transformations, but the tools could iterate such tasks at a far greater efficiency than a human 

user whilst minimising error. Software tools are not error free, as they are only as good as 

their developer and the user, but an important difference is errors due to poorly 

written/executed code are traceable, reproducible and thus fixable. Whilst an initial time 

investment would be required to create tools to automate a given manual process a well 

written tool is adaptable and applicable to multiple datasets, hence the active community 

developing within R and Python would benefit. As metabolomics data, regardless of the initial 

MS platform employed or untargeted/targeted approach, is typically processed into a 2D 

matrix (intensity/concentration per feature by sample), generalised tools can be constructed 

around this standardised format. Additionally, this 2D matrix can be used a source file to 

automate the required formatting steps to transform the standardised 2D matrix format into 

a compatible matrix for the rhythm analysis algorithm(s) of choice. This would allow multiple 

rhythm detection algorithms to be applied and the results compiled with minimal effort and 

time investment from the user. Automated data processing via a programming language such 

as R would also minimise manual data handling of data, ergo reducing the risk of human error. 

Furthermore, as processing and data handling parameters would be present and defined in 

code and archivable, as opposed to being performed ad hoc by a human user and relying on 

manually produced notes, reporting these accurately is easily achievable. Finally, the time 

investment required to develop data handling tools would be offset by the time saved once 

said tools are applied to future metabolomics studies and would partially alleviate one of the 

major disadvantages of untargeted studies and applying numerous rhythm analysis 

algorithms which is time consuming data analysis.  
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The purpose of this chapter is to (1) use pre-existing tools (e.g., XCMS) develop a workflow to 

assist in preprocessing of metabolomics data and assembly of a feature intensity matrix and 

(2) develop tools to assist in: data transformation (Z-scoring), data subsetting & rhythm 

analysis (group-individual level), collation and visualisation of results. 

4.2. Results & Discussion 

Figure 4.1 displays the major steps with examples for the automated workflow. Processes 

within this workflow that are now fully automated or tool assisted to alleviate the workload 

burden and facilitate reproducibility are discussed below. Each stage of the pipeline can be 

applied individually when required, if the pre-requisite data exists (e.g., produced manually) 

or applied as a single workflow where subsequent steps inherit outputted data, directories 

etc., from previous steps. Whilst not necessary to use the code, understanding the definition 

of basic coding statements illuminates their inner workings. The workflow below commonly 

applied the following statements:  

• ‘for loop’ – Iterates a process until a user defined condition has been met, e.g., find 

the highest recorded intensity value per male participant 

• ‘nested for loop’ – a for loop within a for loop, e.g., find the highest recorded intensity 

value per male participant per time point  

• ‘if statement’ – a conditional action e.g., if X < Y delete X  

• ‘else statement’ – provides an alternative conditional action should the first ‘if 

statement’ condition not be met, if X < Y delete X, else delete Y  

• Multiple ‘if else’ statements can be ‘nested’ within one another allowing for a 

hierarchy of conditions to be tested that can act to filter data whilst multiple nested 

for loops can be used to iteratively extract or transform data for examples. 
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Figure 4.1: An illustrated workflow of the R coded pipeline. The pipeline starts with the 

deconvolution of collected data, transforms and arranges the data in preparation of rhythm 

analysis before finally collating results ready to be called upon to create illustrative figures. 

Additional tools to assist in filtering out or renaming compounds acquired from annotation 

software are also applied prior to collating results. 
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1-2: Pre-processing (deconvolution) 

Pre-processing requires manual conversion of .raw vendor files to a compatible format (e.g., 

mzML) via Proteowizard and input of user defined parameters for XCMS processing. User 

defined inputs include the directory of mzML files, a directory to output results such as the 

feature intensity matrix, and labels required for data handling/organisation e.g., assay type, 

identifiers for QC and blank samples. Furthermore, the user can define parameters such as 

peak width and ppm tolerance, as described in Section 1.4.1., required by XCMS to process 

the data. The script will then run XCMS (data import, peak detection, peak alignment & RT 

correction, peak grouping(correspondence)), and export the feature intensity matrix, a record 

of the R session and the XCMSnExp set (an R object containing the outputs and history of the 

XCMS processing) which can be re-loaded into R to continue or edit the XCMS analysis. 

Dependent on the size of the dataset, running XCMS can require days to weeks of processing 

time on a standard desktop. The script here was written to provide feedback to the reader on 

progress and, if run on MacOS, can be run via parallel processing. A further quality of life 

implementation is the exporting of the XCMSnExp set object which can be re-loaded back into 

R in a matter of seconds to minutes allowing the original XCMS results to be more easily 

shared, re-visited (e.g, re-perform retention time correction, visualise spectra), or simply 

preserved as a record. 

3-4: Quality control filtering 

The quality control (QC) filtering script takes the feature intensity matrix, as outputted by 

XCMS, and filters the metabolite features based on three parameters commonly applied in 

metabolomics to improve data quality [163] (see Section 2.3.2.7.). The three parameters filter 

out metabolite features that exceed the allowable tolerances as set by the user allowing them 
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to tailor the tool to meet their needs. The parameters are defined as: 

<Missing_value_threshold_QC> assigns allowable percentage of missing values, per feature, 

across the intra-study QC samples, e.g., if 0.3, 30% missing values are tolerated or conversely 

70% of values must be present across all QC's per feature; <RSD_threshold> assigns the RSD 

(relative standard deviation or coefficient of variation) cut off, applied per feature, across the 

intra-study QC samples e.g., if 0.3, features with a measured RSD > 30% are removed; 

<Blank_cont_threshold> filters any feature whose average intensity in the biological samples 

is below the average intensity of the process blank samples as a percentage assigned by the 

user, e.g., if 0.1 this is 10% or a factor of <10x). The filters are applied iteratively such that, if 

a metabolite feature fails the first parameter it is removed without need of checking the 

second. This also allows flexibility in the future to add additional filtering parameters without 

major restructuring of the code should the metabolomics community update standard 

practices in this regard. The QC filtered matrix is outputted as a .csv file compatible with 

Microsoft Excel. Prior to writing this code, QC filtering would have been a manual process 

performed on a .csv file in software such as Microsoft Excel. This would require the use of 

Excel’s formulae and functions to calculate the above parameters per feature and manually 

delete rows failing these parameters. This process would need to be repeated independently 

for each assay on a per study basis and may even need to be re-performed if the original data 

was altered (e.g., re-processed via XCMS, outlier samples removed). The script also allows for 

specified QC samples to be excluded from the above calculations should they be identified as 

outliers, e.g., after checking data quality via PCA. The script and outputted file would then act 

as a record for what QC samples were used for filtering purposes and which, if any, were 

excluded. 
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4-5: Z-scoring – data transformation 

Calculating a Z-score requires three pieces of information: n (the intensity value of a data 

point (Feature X for participant Y at time Z)), µ (the mean value of all datapoints (n’s) for 

feature X for participant Y), σ (standard deviation across all datapoints (n’s) for feature X for 

individual Y). The following formula was then applied (n - µ / σ) to calculate the Z score. The 

function was performed with the QC filtered dataset, as each sample contains a unique 

identifier corresponding to the participant the sample was taken from the QC filtered dataset 

was then subset to create a new data matrix per individual/group. A separate data frame can 

therefore be produced for participant/group A, B, C and so on, with this process being 

automated within the workflow. 

The sub-setting of data prevents miscalculation of the mean/standard deviation and the 

subsequent Z-score by isolating the data to be transformed on a per participant basis. Once 

data was subset, average and standard deviations calculations are calculated, on a per feature 

basis, by initiating a ‘for loop’ across all features in the dataset and a nested ‘for loop’ used to 

perform the Z-score calculation per time point within a feature. The original index information 

used to subset the QC filtered matrix is applied in reverse such that the original non Z-scored 

intensity values for a participant are over written by the calculated Z-scored values. The Z-

scored matrix is outputted as a .csv file compatible with Excel. Calculation of Z-score is 

possible without this code, for example within Excel, but requires careful use of formula to 

calculate the average, SD and Z-score per feature per participant. Incorrect co-ordinates in 

any of the Excel formula would result in an incorrect Z-score which at best may affect only a 

single feature for a participant or at worst a systematic miscalculation across the entirety of 

the dataset.   
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5A/B: Data sub-setting for rhythm analysis 

To successfully perform individual level rhythm detection using algorithms such as cosinor, 

subset data matrices per participant are required. The same is true for group level analysis 

where separate matrices per group are required. This script subsets the Z-scored feature 

intensity matrix into designated groups, e.g., control vs test or male vs female, as well as per 

individual and creates separate labelled directories to store the data for each UHPLC-MS 

assay. Sub-setting requires R to be provided participant identifiers, as required for Z-scoring, 

and user defined groups provided as two vectors listing which participants belong to group1 

or group2. As sub-setting may result in the creation of hundreds of subset matrices individual 

files are saved to unique directories based upon the MS assay and labelled by participant 

identifier or group. These directories can be re-formulated by subsequent steps as they are 

written to a standardised structure. Once again this code emulates a task that could be 

performed manually, however, manually subsetting data for different subjects and for 

multiple UHPLC-MS assays would result in the generation of hundreds of datasets. This would 

be a laborious time consuming task which may facilitate errors and mislabelling of data. 

Moreover, it is a task which may need to be repeated should the data preceding this step be 

re-processed in some way or when analysing a future dataset. 

5C: Formatting for rhythm analysis 

Different rhythm detection algorithms require sample (column) headers to be formatted in 

variable ways but ultimately contain a participant identifier and a (DLMO corrected) time 

point (e.g., MaleA_time0), for group level analysis, or just a time point for individual level 

analysis. The solution developed to format sample headers was to repurpose a file mandatory 

for rhythm analysis via JTK/ARS. Hereto referred to as the ‘study design’, which is a simple 
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table (produced manually) that contains a list of all sample identifiers, the participant/group 

labels, and time relative to DLMO the sample was collected (calculated manually). This design 

file can be used as a point of reference whenever R requires the aforementioned information 

e.g., a list of all male samples or all time points at DLMO 0 h and can also contain relevant 

metadata on each file e.g., sex, BMI. Thus, new headers with the required formatting and 

sample data can be created from the original participant identifiers by referring to the study 

design file making the process automatable within the workflow.  

 6: Rhythm analysis 

An additional concern with rhythm detection algorithms is variable tolerance to missing 

values. A second filtering stage was implemented, prior to each rhythm detection algorithm 

being applied, that removes any metabolite features that possess more missing values than 

the set threshold per participant e.g., 0.5 (50%) (see Section 2.3.3.3.). It is possible that a given 

time point contains only missing values, e.g., due to a missing sample, which may cause issue 

with some of the applied rhythm detection algorithms (ARS, ECHO, RAIN, BioCycle). 

Therefore, additional checks, such as ‘if statements’, were employed to check for and correct 

issues in the data matrix prior to its submission for data analysis. Both the final data matrix 

submitted to the rhythm detection algorithm and the outputted results file are exported. This 

creates a record of what features were actually subject to the analysis and the outcomes. 

Different rhythm analysis algorithms require a variable amount of time to process data [361] 

which ranged from seconds to days for the data presented in Chapters 5-7. This script allows 

the user to click once and wait for the rhythm analysis to be completed automatically in its 

entirety as opposed to manually checking and submitting a file for analysis every few 

seconds/hours/days. 
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 7A: Collating rhythm analysis results 

The results file for a given rhythm analysis algorithm will contain a list of metabolite features, 

for that assay, and associated p-values denoting significance or lack thereof for rhythmicity 

(pre and post Benjamini-Hochberg FDR correction). Complicating matters is that, for 

individual analysis, each participant will have a separate results file specific to them per 

algorithm and metabolomics assay applied. Therefore, a system needs to be put in place that 

is capable of reading the multiple results files for an individual and counting/recording the 

significantly rhythmic metabolite features by extracting features that meet a user defined 

significance threshold (e.g., p < 0.05). For clear organisation of data a simple system of 

constructing a directory from a user designated root e.g., “C://StudyX_Results/” allowed for 

subsequent directories to be built up as required with information R was already provided 

such as the assay type e.g. “C://StudyX_Results /Lipids_pos” or the outcomes of a specific 

analysis for a given participant identifier e.g. “C://StudyX_Results 

/Lipids_pos/Rhythm_analysis/2D_cosinor/901”. This file system is not the sole method in 

which data could be organised but strikes a balance of being easily navigable by a human user 

in an OS GUI, such as Windows file explorer, as file labels are informative and tiered. As R is 

responsible for assembling the directories it is capable of recreating directory addresses when 

required and can utilise tools in R such as ‘list.files’ than can locate existing files in a directory, 

in this instance, based on the study, the assay, or even the participant. Thus, R is capable of 

iteratively (re)creating the directories for all results files, importing and reading the results 

data with a simple ‘for loop’ function. As each data file is iteratively read into R the script 

extracts the required information and stores it in a purpose built data able that summaries 

the results into a more user friendly format, automatically. Moreover, organisation of the 
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results in this manner also ensures provenance is maintained for the analysis, allowing for 

results to be easily traceable to their source files should they ever need to be revisited. 

7B: Annotation filtering 

Whilst software assisted annotation of metabolomics data is a vastly more time efficient 

process than manual assignment it can suffer from a lack of accuracy and provide annotations 

irrelevant (false positives) to the study/sample being investigated. To elaborate, the 

annotation software BEAMSpy acquires annotations through accurate mass matching to 

public databases. A given metabolite feature (m/z, retention time pair) may have multiple 

‘hits’ in such databases which could include drugs and their derivatives, specific dietary 

metabolites, or other such off-target annotations not anticipated within the sample. 

Additionally, there may be a degree of redundancy reported by the assistive software due to 

enantiomers, e.g., L-tryptophan and D-tryptophan, synonyms or the same metabolite but 

matched from different databases. Finally, the software may provide excessive precision, e.g., 

9Z-octadecenoic acid, where the position of a double bond on a fatty acid cannot be 

determined by the accurate mass measurement used to procure the MS1 level annotation, 

thus the species level annotation (FA 18:1) should be provided. The removal of false positive 

metabolite annotations cannot be simply automated as what constitutes a false positive is 

context dependent and thus typically requires user experience and insight. However, if the 

user has prior knowledge of what they would like to exclude, e.g., drugs and derivatives, then 

an exclusion list could be provided to R to pre-filter metabolites on the exclusion list from the 

annotations saving the user time and effort. As annotations are returned by BEAMSpy as a 

‘string’, with annotations separated by ‘|’ the BEAMSpy annotations, per metabolite feature, 

can be converted to a list before being compared to a user provided exclusion list. Non-
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overlapping metabolites, i.e., not on the exclusion list, can then be identified, reduced 

(duplicate entries removed), and saved to overwrite the original annotation values in the 

BEAMSpy results. A ‘for loop’ can iterate this process across all metabolite features in the 

dataset. Additionally, as the exclusion list is user provided it can be as broad or precise as the 

user requires or even adapted from publicly available databases such as DrugBank. This 

function also solves the redundancy problem of BEAMSpy reporting the same metabolite 

multiple times as it is present in multiple user selected databases to search. Public databases 

can also assist in other aspects of streamlining annotations. A public database for lipid 

annotations utilised by BEAMSpy, LIPIDMAPS, provides its database in a downloadable .csv 

format which contains all of its metabolite annotations and their species level annotation. 

This .csv database can be read into R and used as a reference table to convert the ‘overly 

precise’ annotations provided by BEAMSpy into the species level annotation. Applying the 

same principle described above a ‘for loop’ can be initiated to iteratively extract and list 

metabolite annotations, per feature and compare them to a reference list, though exact 

matches in spelling/spacing are required. In instances where there is a match between an 

annotation and the complete lipid name in the reference list R extracts the abbreviated lipid 

name from the reference list and overwrites the sourced full lipid name within the BEAMSpy 

results. Any duplications in annotations resulting from this process are removed as described 

above. Any lipids listed by their common name and not on the reference list will remain 

unchanged in the BEAMSpy results. As lipid names typically follow a standardised format it 

would be possible for R to identify a lipid and construct an abbreviated name from pre-

defined rules that lack an entry on reference lists. However, this solution is imperfect as it 

would require a complex sex of rules to identify different lipid classes and assign the correctly 
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formatted abbreviation. Whilst software assisted, this step still requires significant user input 

and judgement. 

8: Figure creation 

Graphical figures are not produced automatically following step 7 as each study may have 

different requirements and needs with regards to how data is presented, hence it is a step 

that requires informed decisions by the user. Rather, step 8 involved writing ‘templates’ 

which could take data inputs either from the results of step 7 or manually produced data files 

to then produce high quality figures with the assistance of R packages MetaboanalystR or 

ggplot2. The templates provide a consistency in style and appearance, allow for quick edits or 

reproduction of the figures and, as figures are rendered in R, can be rendered at a dpi 

matching the users needs e.g., 300+ for publication. As the templates are a few lines of code 

that are a few kilobytes in size they can easily be shared to other R users. 

A major challenge in writing the above workflow was adapting to the ever-evolving practices 

of rhythm detection. One such development has been the emphasis on favouring methods of 

differential rhythmicity analysis, e.g., DODR [279] and compareRhythms [280] , and avoiding 

once commonly employed practices such as Venn diagram analysis [280] as discussed above 

(see Section 3.3). Furthermore, over the short course of this thesis project additional R 

packages and webapps have become available which have attempted to offer multiple 

rhythm analysis functionality such as DiscoRhythm [270] which incorporates cosinor [271], 

JTK [273], ARS [274], and Lomb-Scargle [372] methods of rhythm analysis expanding on the 

initial three offered by Metacycle [272]. Further, GUI webapps such as BioDare2 have released 

which is a workflow that facilitates rhythm analysis and figure creation, similar to the 

workflow presented above, and is free to use on the condition that data submitted for analysis 
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becomes publicly available after a specified embargo period, thus the platform doubles as a 

public repository for all data submitted to the platform [371]. As raised in the introduction to 

this chapter performing rhythm analysis manually can be a tedious practice, so it is 

unsurprising that independent groups in the field are working to develop software to help 

address this problem. The issue then becomes multiple research groups working on their own 

solutions to address shared problems across the community, yet, with no centrally agreed 

best practice or methodology. A lack of community driven guidelines also extends to rhythm 

analysis software, of which there are numerous packages beyond those applied in the above 

workflow. As mentioned both in the introduction above and in Chapter 1, different rhythm 

analysis algorithms have differing advantages and disadvantages. As a result, it has become a 

common practice to apply multiple in conjunction with one another; however, no guidelines 

are present within the community to discuss best practice in this regard. This would be a less 

pressing issue if not for the broad differences in performance of the many available rhythm 

detection algorithms reported in the literature [361] and also observed during data analysis 

as part of this thesis (data not shown). It would benefit the chronobiology community to have 

an open consortium dedicated to discussion relating to standardising practices, creating 

community guidelines, and collaborating/pooling resources towards developing favoured 

platforms. Not too dissimilar to how in metabolomics there are centralised community led 

guidelines on best practice relating to quality control and assurance led by the mQACC 

consortium [373]. However, this would be no small feat within the field of chronobiology as 

it is a broad field that encompasses many disciplines from systems level biology to animal 

behaviour. The differing needs of each sub discipline and competing interests to self-promote 

in house tools over those developed by other research groups would likely hamper progress 

towards more standardised working practices in the field. 
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As the varying performance of rhythm analysis algorithms may be a concern in the community 

the workflow was designed, when collating results, to present p-values separately for each 

algorithm applied. This allows the user to assess the performance of each algorithm for their 

particular dataset, further, they could choose to only extract results from their preferred 

rhythm analysis algorithm(s) or use the cross-referenced results as performed within this 

thesis, i.e., rhythmic metabolites are defined as those with significant results (p < 0.05) post 

FDR Benjamini-Hochberg correction in at least three of the six applied rhythm detection 

algorithms.  

4.3. Chapter summary 

As metabolomics grows as a field there is a greater emphasis on its role in clinical practice, 

medicine or real time analysis which all require a high throughput. Advances in robotics have 

improved the throughput of large-scale sample preparation of blood based sample for UHPLC-

MS analysis in proteomics [374] whilst the advent of UHPLC saw reduced analysis times per 

sample [375]. When processing metabolomics data, whether part of a chronobiology dataset 

or not, there are numerous data handling tasks ranging from simple re-labelling to more 

complex calculations which may need to be re-iterated ad nauseum. Many of these instances 

can be automated by simple code written or usable by a programming novice, alleviating the 

time burden of processing the data both in the present and for future datasets. Investment 

in people and skills may help improve metabolomics throughput in the data analysis stage of 

a metabolomics study just as improving technology has greatly improved throughput at the 

data acquisition stage. Currently the workflow is operated from within R via the command 

line but could see further development into an online GUI app via R package ‘shiny’ [376, 377] 

to facilitate its ease of use for those unfamiliar with R. Development of additional features, 
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e.g., incorporating additional methods of rhythm analysis and additional graphical templates, 

would help maintain relevancy of the workflow as other similar platforms are developed.





CHAPTER 5 

INVESTIGATING METABOLITE RHYTHMS OF NON-POLAR 

METABOLITES VIA A UHPLC-MS LIPIDOMICS ASSAY APPLIED 

TO TIME SERIES PLASMA SAMPLES COLLECTED UNDER 

CONSTANT ROUTINE FROM MALES AND FEMALES – A 

DISCOVERY BASED STUDY. 
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5.1. Introduction 

Within the emerging field of chronobiology applying metabolomics platforms, investigations 

into and evidence of the daily 24 h rhythms of lipids in blood have been published frequently 

[65, 70, 292, 315-317, 320-323, 327, 329-331, 337]. However, the majority of these studies 

investigate 24 h diurnal rhythms in free living individuals and not 24 h circadian rhythms 

defined through constant routine studies. Human circadian rhythms can be identified via 

constant routine studies which is a gold-standard protocol which controls and minimises the 

influence of Zeitgeber. Specifically, ambient conditions such as light, temperature, posture, 

activity, wakefulness, and diet of participants, which otherwise may mask circadian rhythms, 

are kept constant throughout this type of study. How a constant routine protocol is designed 

and typically employed is described in detail by Duffy & Dijk [318], with further details on the 

process of entrainment and the nature of un-entrained (free-running) rhythms provided in 

[19, 378]. Human studies, such as those by [70, 317, 319, 320, 328], typically employ small 

but highly controlled study groups to minimise intra- and inter-subject variation and restrict 

confounding factors which may otherwise mask the rhythms being observed.  

The circadian rhythms observed in constant routine conditions will differ in their phase 

(timing) and amplitude between individuals, primarily as a result of their genetics, age, and 

sex [379-381]. Even if samples are taken at the same social time, e.g., 08:00 h, participants 

will likely express variation in the phase of their individual circadian rhythm; the relationship 

between the timing of an individual’s circadian rhythm and the timing of a Zeitgeber being 

referred to as the phase angle of entrainment [379-381]. Much like the hands of an actual 

clock revealing the current time of day there are (bio)markers that reveal the circadian clock’s 

phase, i.e., internal (biological) time. Widely used and validated central clock phase markers 



147 
 

are salivary/plasma melatonin, urinary 6-sulfatoxymelatonin (aMT6s) and plasma cortisol 

[382-384] and which are thought to reflect the timing of the SCN clock of an individual as 

discussed previously (see Section 1.1.2.). Biological rhythms with a period of 24 h that do 

not/are not known to meet the defining principles of circadian rhythms, as outlined in Chapter 

1 (section 1.1.1.), may be referred to as diurnal rhythms, i.e., 24 h rhythms observable under 

entrained “real-life” conditions jointly driven by exogenous factors, e.g., light/dark, 

feeding/fasting, rest/activity cycles, and the endogenous circadian timing system. 

Prior studies investigating circadian (i.e., under constant routine) lipid rhythms are sparse in 

number [70, 317, 319, 320] but have already observed circadian rhythms across a broad range 

of lipid classes such as: fatty acyls, glycerophospholipids, glycerolipids, sphingolipids and 

steroid hormones (see appendix Table C1 for a full list). These studies have predominantly 

investigated male cohorts. Only Skene et al [70] had female participants in their cohort 

(constant routine (CR) following night shift n = 7 (6 males, 1 females), CR following day shift n 

= 7 (4 males, 3 females)) but did not comment on sex as the effect of shiftwork was the 

purpose of the study and not sex differences. Additionally, Chua et al and Skene et al [70, 320] 

both performed targeted assays which purposefully limits the metabolite coverage of the 

analysis (see Section 1.2.2.2.) and in doing so may have limited the number of detected 

circadian regulated lipids. Whilst Dallmann et al [317] and Kasukawa et al [319] performed 

untargeted assays on males only, providing greater coverage of the sample (blood/saliva) 

metabolome, Dallmann only sampled at a 4 h resolution across a 40 h period whilst Kasukawa 

had a higher sampling resolution at 2 h across a 38 h time course but had a limited cohort size 

(n=6). Lower sampling resolutions or fewer replicates/smaller cohorts may negatively impact 

rhythm detection algorithms that identify circadian metabolites [361]. Other than the steroid 

hormone metabolism pathway, as reported by Kasukawa [319], no other lipid metabolite 
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pathways or processes were reported as significantly enriched within identified circadian 

metabolites. However, identified circadian metabolites detected in humans were consistent 

with those reported in rodents, as noted by Dallmann et al [317]. With reference to lipid 

metabolism in mouse models examples include: rate limiting enzymes for cholesterol and bile 

acid synthesis, adipose triacylglyceride lipase and hormone sensitive lipase (lipolysis), fatty 

acid oxidation, lipid synthesis and hydrolysis of triglycerides all being circadian regulated [385, 

386]. Metabolically active tissues such as liver, kidney, brown adipose, white adipose and 

skeletal muscle possessed a high percentage of circadian regulated genes relative to six other 

tissues in a mouse model with 16%, 13%, 8%, 4%, 4% of detected genes being circadian 

regulated, respectively [74]. Rhythmically expressed genes in turn rhythmically regulate 

various aspects of metabolism about the 24 h day. Metabolic products can act as signalling 

molecules which feed back to the central circadian system with challenges to metabolism, 

e.g., caused by an ad libitum high fat diet, perturbing circadian regulation of metabolism 

versus controls in a mouse model [14]. Interestingly, the negative consequences associated 

with a high fat diet were not observed in mice when feeding times were time restricted in a 

previous study [387], moreover, time restricted feeding is being investigated as a means of 

treatment for metabolic disease [388]. It is apparent that there is a broad and complex 

relationship between the circadian system and the tissue-specific/global lipid metabolism in 

mammals, yet this is under investigated in humans specifically.  

Females are often excluded from circadian studies as the menstrual cycle, another biological 

rhythm, is a confounding factor. Solutions to include females within circadian studies include 

sample collection from naturally cycling females at the same phase of their menstrual cycle 

e.g., the follicular phase or recruit females on oral contraceptives [346]. However, this 

introduces additional variables to consider during data analysis such as differing dose of 
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progesterone/oestrogen in available oral contraceptives or inconclusive links between 

contraceptive use and altered melatonin [389-394]. As it becomes increasingly apparent that 

sexual dimorphism pervades the mammalian clock [347, 348], metabolome [395], metabolic 

disease pathophysiology [350, 351], and potentially the circadian regulation of polar 

metabolites as observed by Grant et al [328] we can no longer consider males as an adequate 

proxy for the human population within circadian studies. There is a need for a discovery-based 

study with broad (untargeted) coverage of the metabolome at a high sampling resolution (<=2 

h) to extend our understanding of circadian, not diurnal, regulation of metabolism, in both 

male and female healthy humans. Further, we must strive to study healthy males and females 

in tandem with equally sized cohorts to investigate the degree of sexual dimorphism, if any, 

in this circadian regulation as no prior study has done this. Defining a baseline of ‘normal’ 

circadian regulation of the metabolome in humans may also be informative to alternate 

studies investigating the effects of shift work, circadian misalignment, or sexual dimorphism 

under such conditions as a point of comparison.  

Within this chapter, circadian metabolic rhythms are investigated in serum samples collected 

from both males and females every 2 hours over 32 hours under constant routine applying 

ultra high performance liquid chromatography-mass spectrometry metabolomics with a C18 

reversed phase lipidomics assay. The goals of the study were to (1) identify and report on 

significantly ‘rhythmic’ non-polar (primarily lipid) metabolites with a ~24 h period observed 

under a constant routine and so not a result of exogenous cues and (2) identify and report 

sex dependent differences, both in terms of individual rhythmic metabolites and enriched 

metabolite classes. 
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5.2. Results 

5.2.1. Data processing outcomes 

Data was collected for 16 males and 16 females at a 2 h resolution across a 32 h time course, 

utilising two different UHPLC- MS assays to provide a broad detectable coverage of non-polar 

(lipid) metabolites. However, repeated malfunctions related to the gas supply of the UHPLC-

MS system resulted in the automated shutdown of the system and premature termination of 

the autosampler sequence. As a consequence, a subset of samples were not analysed in a 

timely manner post preparation and, despite being cooled to 4oC within the autosampler unit 

coupled to the UHPLC system, exhibited signs of sample evaporation. Thus, the affected 

samples were disregarded from further analysis for both the lipidomics and HILIC assays (see 

Chapter 6) leaving only the samples from 13 males and 10 females; all of which were used for 

the individual level analysis and a subset of 10 males and all 10 females used for the group 

level analysis. Differences in age and BMI remained non-significant between males (age 22.7 

± 1.8 SD, BMI 25.3 ± 2.7 SD) and females (age 24.5 ± 3.7 SD, BMI 23.6 ± 2.2 SD) in this abridged 

cohort. 

5.2.2.  Group level rhythm analysis 

Results from the PCA displayed two distinct, though overlapped, clusters for each sex 

highlighting the inherent inter-sex variation between males and females at the metabolome 

level (Figure 5.1) as previously reported in the literature [395]. Dimorphism within this cohort 

has previously been reported with regards to melatonin and cortisol in which the peak 

concentration of plasma melatonin/cortisol is significantly higher in females compared to 

males, though acrophase (peak time) did not differ [64]. 
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Outcomes of filtering and details on the number of metabolite features subjected to rhythm 

analysis are summarised in Table 5.1. A full list of rhythmic metabolites annotated to a single 

metabolite class, across both assays for males and females are provided in the appendix 

(Table C2). A cross referencing approach was taken for the rhythm analysis such that 

metabolites were classified as rhythmic if they obtained a significant result (p < 0.05) post FDR 

correction in the majority of applied algorithms (>=3).  

  

Figure 5.1: Principal components analysis in males (n = 10, green) and females (n = 10, 

red) for the lipidomics assay in (A) positive ion mode and (B) Negative ion mode, post 

quality filtering. PCA analysis reveals inter-group variation between males (n = 10) and 

females (n = 10) across both UHPLC-MS assays, primarily across PC1. This is indicative that 

inter-group variation, i.e., related to sex, is a prominent source of variation between 

groups. Variance appears greater within the female group compared to the male group, as 

indicated by the larger 95% confidence intervals, particularly along PC2. 
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Table 5.1: Number of metabolite features (a) following XCMS raw data processing, (b) 

following quality filtering and (c) following group rhythm analysis. 
 

Assay No. of features 

yielded from raw 

data processing 

No. of features 

post quality 

filtering 

No. of features submitted to 

rhythm analysis male/female 

Lipids – POS 19,747 3,334 (16.9%) 2,614 (13.2%) / 2331 (11.8%) 

Lipids – NEG 10,370 1,851 (17.9%) 1,431 (13.8%) / 1301 (12.6%) 

Total 30,117 5,185 (17.2%) 4,045 (13.4%) / 3632 (12.1%) 

 

The inter-sex variation observed in the multivariate PCA scores plots was mirrored in the 

group level rhythm analysis. The female group presented with more rhythmic metabolites 

than males both in absolute terms (1073 vs 898, Figure 5.2A) as well as the percentage of 

rhythmic features out of those submitted for analysis (48.2% vs 37.2%, Figure 5.2A). 

Moreover, the female group presented with a larger number of rhythmic features classified 

as lipids across a range of different lipid classes (Figure 5.2C). The peak time (acrophase) of 

lipids differs between lipid class based on the below observations (Figure 5.2B), however, 

acrophase within each lipid class is similar for males and females with the greatest deviations 

between sexes observed within glycerolipids and sphingolipids. In some instances, these 

acrophase differences between rhythmic metabolite features exceeded the sampling 

resolution of 2 h.  
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Figure 5.2: Group level rhythm analysis outcomes (A) Number of rhythmic metabolite features 

by sex (males: n = 10, females n =10) (B) acrophase (peak time) by sex per lipid class (C) stacked 

bar chart displaying % of rhythmicity in annotated (lipid) metabolites by sex per lipid class, with 

accompanying table displaying absolute number of metabolite features. (B & C) Only metabolite 
features corresponding to a single lipid class, obtained at species level (as defined here [87]), were 
included. Duplicate annotation entries were handled as follows: e.g., if Feature1 and Feature2 
were both annotated as FA(4:0) and classified as rhythmic, this only counted as a single entry. 
However, if Feature1 was classified as rhythmic and Feature2 non-rhythmic it would be counted 
as an entry for both as it cannot be discerned if these example features correspond to the same 
lipid molecule or different isomers. M = Male, F = Female, FA = Fatty acyls, GL = Glycerolipids, GP 
= Glycerophospholipids, SP = Sphingolipids, ST = Sterol lipids. 
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A full list of putatively identified rhythmic metabolites observed in males and females where 

acrophase differed by >2 h between sex is provided in Table 5.2.  

 

Table 5.2: A list of putatively identified metabolite features with an acrophase difference of >2 h 

between males and females. 
 

Assay Putative annotation(s) Acrophase difference (h) 
(male relative to female) 

Lipids - positive ion mode PC(42:11) | PI(34:3) -5 
Lipids - negative ion mode Cer(40:2;O2) 5 
Lipids - positive ion mode Hex2Cer(42:1;O2) 4 
Lipids - negative ion mode PS(40:9) -3 
Lipids - positive ion mode TG(58:9) 3 
Lipids - positive ion mode LysoPS(O-18:1) | LysoPS(P-18:0) 3 
Lipids - positive ion mode Hex2Cer(44:1;O2) | Hex2Cer(42:0;O2) -3 
Lipids - positive ion mode TG(54:5) | TG(52:4)  -3 
Lipids - negative ion mode Cer(42:0;O3) -3 
Lipids - positive ion mode FA(18:3;O2) 3 
Lipids - positive ion mode FA(20:3;O2) 3 
Lipids - negative ion mode ST(19:2;O2;S) 3 
Lipids - positive ion mode TG(49:2) -3 
Lipids - positive ion mode TG(51:4) -3 
Lipids - positive ion mode TG(60:11) 2 
Lipids - positive ion mode HexCer(39:1;O2) -2 
Lipids - positive ion mode TG(51:6) 2 
Lipids - positive ion mode TG(58:11) 2 
Lipids - negative ion mode LysoPI(18:2) 2 
Lipids - positive ion mode TG(51:2) -2 
Lipids - positive ion mode LysoPG(22:6) | LysoPC(18:2) -2 

Metabolites are listed in order of descending magnitude, ignoring +/- . Acrophase is rounded to the nearest 
hour to match the resolution of the DLMO scale. Lipid annotations are given at the ‘species level’ as defined 
here [87]. Each entry, e.g., “PC(42:11) | PI(34:3)” corresponds to a single metabolite feature (m/z, RT pair). 
Cer – Ceramide, FA - Fatty acyl, PC – Glycerohosphatidylcholine, PG – Glycerophosphoglycerol, PI – 
Glycerophosphoinositol, PS – Glycerophosphoserine, ST - Sterol Lipid, TG - Triacylglyceride. 

 

The majority of metabolites, for both males and females, appear to peak at or just after DLMO 

(DLMO = 0, +2) and once again at subjective morning (DLMO +6:+10) which corresponds to a 

decline in melatonin levels and increase in cortisol (Figure 5.3). These two acrophase clusters 

bookend the approximate start and end of subjective night-time when participants would 

otherwise be permitted to sleep if not for the enforced constant routine protocol. 
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Figure 5.3: Distribution of annotated metabolite features acrophase relative to DLMO 

overlaid with the melatonin (solid line) and cortisol (dashed line) rhythms for the (A) 

male lipidomics assay, (B) female lipidomics assay. Male cohort n = 10, female cohort n 

=10. For example, 204 metabolite features peaked 8 h after DLMO for the female group. 
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The acrophase of individual annotated rhythmic metabolites from the lipidomics assay, 

organised by metabolite class, are visualised below as heatmaps for males (Figure 5.4) and 

females (Figure 5.5).  

  

Figure 5.4: Male annotated rhythmic metabolites shown as heatmaps displaying Z-scored and group 

averaged (male: n = 10) changes in relative abundance (red = high, blue = low) relative to dim light 

melatonin onset (DLMO, -6 : 24 h from left to right) and organised by metabolite class. FA = Fatty acyls 

(n = 29), GL = Glycerolipids (n = 69), GP = Glycerophospholipids (n = 121), SP = Sphingolipids (n = 36), ST 

= Sterol lipids (n = 17), Misc. = Miscellaneous metabolites not belonging to FA/GL/GP/SP/ST compound 

classes (n = 20). Note, each row corresponds to a unique metabolite feature, i.e., a unique m/z and RT; 

however, multiple features may have the same annotation e.g., Tryptophan. Only rhythmic metabolite 

features annotated to a single metabolite class are displayed. Index numbers can be cross referenced 

to Table C2 for additional details per metabolite feature. 
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Figure 5.5: Female annotated rhythmic metabolites shown as heatmaps displaying Z-scored and 

group averaged (female: n = 10) changes in relative abundance (red = high, blue = low) relative to 

dim light melatonin onset (DLMO, -6 : 24 h from left to right) and organised by metabolite class. 

FA = Fatty acyls (n = 31), GL = Glycerolipids (n = 70), GP = Glycerophospholipids (n = 161), SP = 

Sphingolipids (n = 41), ST = Sterol lipids (n = 19), Misc. = Miscellaneous metabolites not belonging to 

FA/GL/GP/SP/ST compound classes (n = 25). Note, each row corresponds to a unique metabolite 

feature, i.e., a unique m/z and RT; however, multiple features may have the same annotation e.g., 

Tryptophan. Only rhythmic metabolite features annotated to a single metabolite class are displayed. 
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Annotated rhythmic metabolites reported within this chapter which have previously been 

reported as rhythmic under constant routine are shown in Table 5.3.  

Table 5.3: A list of putatively identified rhythmic (lipid) metabolites observed in both 

our group level analysis and the group level analysis of previous studies. 
 

Metabolite annotation Observed in 
CAR(10:1) [317] 
CAR(12:0) [317] 
CAR(14:2) [70] 
CAR(8:0) [317] 
CE(19:0) [317] 
DG(36:1) [320] 

FA(10:0;O) [317] 
FA(16:1) [317] 
FA(17:1) [317] 

FA(18:2;O) [317] 
FA(20:2) [317] 
FA(20:3) [317] 

LysoPC(16:0) [320] 
LysoPC(16:1) [70] 
LysoPC(17:0) [70] 
LysoPC(18:0) [70] 
LysoPC(18:1) [70] 
LysoPC(18:2) [70] 
LysoPC(20:2) [317] 
LysoPC(20:3) [70] 
LysoPC(20:4) [70] 

PC(32:1) [70] 
PC(32:2) [320] 
PC(32:3) [70] 
PC(34:0) [320] 
PC(34:2) [70, 320] 
PC(34:3) [70] 
PC(34:4) [70] 
PC(36:0) [70] 
PC(36:4) [70] 
PC(36:5) [70] 
PC(36:6) [70] 
PC(38:4) [70] 
PC(40:2) [70] 
PC(42:2) [70] 

PC(O-34:3) [70] 
PE(34:1) [317] 
TG(48:2) [320] 
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TG(50:2) [320] 
TG(51:2) [320] 
TG(52:0) [320] 
TG(52:1) [320] 
TG(52:4) [320] 
TG(52:5) [320] 
TG(54:1) [320] 
TG(54:3) [320] 
TG(54:4) [320] 
TG(54:5) [320] 

Metabolite IDs, as listed, may correspond to the same rhythmic metabolite features e.g., TG(52:4) | 
TG(54:5) (m/z ~ 882 RT ~585) or multiple rhythmic metabolite features e.g., TG(54:5) (m/z ~919 RT ~586). 
Lipid annotations are given at the ‘species level’ as defined here [87]. CAR – Acylcarnitine, CE – 
Cholesterol ester, DG – Diacylglyceride, FA – Fatty acid, PC – Glycerohosphatidylcholine, PE – 
Glycerophosphoethanolamines, TG – Triacylglyceride. 

 

A total of 1384 non-polar metabolite features were identified as rhythmic in males and/or 

females by the independent group rhythm analysis tests. Of these 1384 metabolite features, 

differential rhythmicity analysis determined 51 metabolite features which were considered 

to have a significant difference in acrophase between sex (‘change’), 44 were considered 

significantly rhythmic in females only (‘gain’) whilst 12 were considered significantly rhythmic 

in males only (‘loss’). The remaining metabolite features were classified as not being 

significantly different between males and females (‘same’ - 1277 features). In brief, not all the 

observed differences in rhythmic metabolite features between males and females, as 

determined from the initial group level rhythm analysis, are distinct enough to be considered 

statistically significant between males and females (p < 0.05) but over 100 metabolites 

features are annotated to a single metabolite class (Table 5.4). 
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Table 5.4: A list of putatively identified rhythmic (lipid) metabolites also identified as 

differentially rhythmic between males and females. 
 

Assay Classification Annotations (single class) 
Lipids - negative 

ion mode 
‘change' – difference 
in acrophase/shape 

ST(19:2;O2;S) 

Lipids - negative 
ion mode 

‘change' – difference 
in acrophase/shape 

ST(21:2;O2;S) 

Lipids - negative 
ion mode 

‘change' – difference 
in acrophase/shape 

Cer(40:2;O2) 

Lipids - Positive 
ion mode 

‘change' – difference 
in acrophase/shape 

FA(20:5;O3) 

Lipids - Positive 
ion mode 

‘change' – difference 
in acrophase/shape 

FA(29:2) 

Lipids - Positive 
ion mode 

‘change' – difference 
in acrophase/shape 

FA(29:2) 

Lipids - Positive 
ion mode 

‘change' – difference 
in acrophase/shape 

LysoPS(O-18:0) | PC(16:0) | LysoPS(O-18:1) 

Lipids - Positive 
ion mode 

‘change' – difference 
in acrophase/shape 

(22E,24E,24bE)-1alpha,25-dihydroxy-26,27-
dimethyl-22,23,24,24a,24b,24c-hexadehydro-

24a,24b,24c-trihomovitamin D3 
Lipids - Positive 

ion mode 
‘change' – difference 
in acrophase/shape 

LysoPE(O-19:1;O) | LysoPC(16:0) | 
LysoPC(18:0) | PC(O-18:0) | LysoPE(19:0) | 

LysoPE(21:0) 
Lipids - Positive 

ion mode 
‘change' – difference 
in acrophase/shape 

LysoPC(18:1) | PC(O-18:1) 

Lipids - Positive 
ion mode 

‘change' – difference 
in acrophase/shape 

LysoPC(18:0) 

Lipids - Positive 
ion mode 

‘change' – difference 
in acrophase/shape 

LysoPC(18:0) | PC(O-18:0) | LysoPE(21:0) 

Lipids - Positive 
ion mode 

‘change' – difference 
in acrophase/shape 

LysoPI(19:1) | PA(27:2;O) 

Lipids - Positive 
ion mode 

‘change' – difference 
in acrophase/shape 

DG(36:4) 

Lipids - negative 
ion mode 

‘gain' - Rhythmic in 
females 

LysoPE(O-18:1;O) | LysoPC(15:0) | 
LysoPE(18:0) | LysoPS(O-19:0;O) | LysoPE(O-

19:1;O) | LysoPC(16:0) | LysoPE(19:0) 
Lipids - negative 

ion mode 
‘gain' - Rhythmic in 

females 
LysoPC(17:1) | LysoPE(20:1) | LysoPC(18:1) | 

PC(O-18:1) | LysoPS(21:0) 
Lipids - negative 

ion mode 
‘gain' - Rhythmic in 

females 
LysoPS(O-21:0;O) | LysoPC(18:0) | PC(O-18:0) 
| LysoPE(21:0) | LysoPC(17:0) | LysoPE(20:0) 

Lipids - negative 
ion mode 

‘gain' - Rhythmic in 
females 

LysoPS(20:2) 

Lipids - negative 
ion mode 

‘gain' - Rhythmic in 
females 

NeuAcHexCer(34:1;O2) 

Lipids - Positive 
ion mode 

‘gain' - Rhythmic in 
females 

LysoPE(O-19:1;O) | LysoPC(16:0) | 
LysoPC(18:0) | PC(O-18:0) | LysoPE(19:0) | 

LysoPE(21:0) 
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Lipids - Positive 
ion mode 

‘gain' - Rhythmic in 
females 

SM(C16:1) | CerPE (38:1;O2) | CerPE (38:2;O2) 
| CerPE(40:2;O2) | SM(35:1;O2) 

Lipids - Positive 
ion mode 

‘gain' - Rhythmic in 
females 

PA(42:4) | PC(36:4) | PE(39:4) 

Lipids - Positive 
ion mode 

‘gain' - Rhythmic in 
females 

PS(O-38:2) 

Lipids - Positive 
ion mode 

‘gain' - Rhythmic in 
females 

undecaprenyl phosphate 

Lipids - Positive 
ion mode 

‘gain' - Rhythmic in 
females 

TG(51:6) 

Lipids - Positive 
ion mode 

‘gain' - Rhythmic in 
females 

PS(42:8) | PS(41:4) | PG(O-42:5) 

Lipids - negative 
ion mode 

‘loss' - Rhythmic in 
males 

Cer(39:1;O2) | Cer(41:2;O2) 

Lipids - negative 
ion mode 

‘loss' - Rhythmic in 
males 

Cer(39:1;O2) | Cer(41:2;O2) 

Lipids - Positive 
ion mode 

‘loss' - Rhythmic in 
males 

TG(58:7) 

Lipids - Positive 
ion mode 

‘loss' - Rhythmic in 
males 

TG(54:0) | TG(58:8) | TG(60:11) | TG(60:12) 

Lipid annotations are given at the ‘species level’ as defined here [87]. Each entry, e.g., “PC(42:11) | 
PI(34:3)” corresponds to a single metabolite feature (m/z, RT pair). Cer – Ceramide, CerPE – 
Ceramide phosphoethanolamines, DG – Diacylglyceride, FA - Fatty acyl, NeuAcHexCer – N-
Acetylneuraminic acid hexosylceramide, PA - Phosphatidic acid, PC – Glycerohosphatidylcholine, PE 
– Glycerophosphoethanolamines, PI – Glycerophosphoinositol, PS – Glycerophosphoserine, SM – 
Sphingomyelin, ST - Sterol Lipid, TG – Triacylglyceride. 

 

5.2.3. Individual level analysis 

Individual level rhythm analysis revealed a high degree of inter-individual variation within and 

between sexes with the number of rhythmic metabolite features ranging from 0-478 across 

the cohort (n=23) (Figure 5.6A). It is also apparent that, as a generalisation, most females 

presented with more rhythmic features than most males to the point of statistical significance 

(p < 0.05, one-tailed T-test) (Figure 5.6B). When comparing the number of rhythmic 

metabolites features, observed per participant, to various aspects of available metadata the 

number of rhythmic features did not correlate with age, BMI, melatonin peak/amplitude/area 

under the curve (AUC), order of sample collection, progesterone/oestrogen dose (relating to 

oral contraceptive, females only) but shared a moderate and statistically significant 
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correlation with cortisol peak/AUC (p < 0.05, Spearman’s Rho 0.43 - 0.55). This trend is more 

pronounced in females compared to males though the correlation is not significant when 

either sex is viewed in isolation. Within the full cohort (n = 23) there was a statistically 

significant moderate correlation (p < 0.05, Spearman’s Rho 0.47-0.51) between peak 

melatonin and cortisol levels, and melatonin and cortisol amplitude. When males (n = 13) are 

observed in isolation the latter trend is near significant (p = 0.0518) whilst the former trend 

is significant (p < 0.05) while neither trend is significant for females (n = 10) in isolation. 
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Figure 5.6: (A) – bar chart displaying number of rhythmic metabolites per individual determined 

by individual level rhythm analysis, (B) – Box and whisker plot of individual level analysis 

outcomes. Male cohort n = 13, female cohort n =10. A metabolite was classified as rhythmic for 

a ~24 h period if it achieved a significant result post FDR correction (p < 0.05) in at least 3 of the 

5 applied rhythmic detection algorithms for individual level analysis: Cosinor, JTK, ARS, RAIN, 

BioCycle. Group means are significantly different (p < 0.05), one tailed T-test. Boxes are displayed 

with the default ggplot2 settings: The lower and upper hinges correspond to the first and third 

quartiles (the 25th and 75th percentiles), The whiskers extend from the hinge to the 

largest/smallest value no further than 1.5 * interquartile range. 
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5.3. Discussion 

The first objective of this study was to identify and report a list of circadian regulated non-

polar (lipid) metabolites (~24h period) observed under constant routine study and therefore 

not influenced by external cues (i.e., diurnal rhythms). Across two lipidomics assays (C18 

reversed phase UHPLC in positive and negative ion modes) a total of 5,185 metabolite 

features were reported after data quality filtering. For males and females respectively, 898 

and 1073 rhythmic metabolite features (~24 h period) were reported and of these 292 and 

343 rhythmic metabolites were annotated to a single metabolite class, respectively. All other 

annotated metabolites did not exhibit a ~24 h period. Whilst the number of rhythmic 

metabolites annotated may appear far less than the total number of metabolites detected 

across both UHPLC-MS assays (Appendix Table C2) this compiled list remains the largest and 

most comprehensive overview of the metabolome compared to any previously reported 

constant routine study in humans (as reviewed in Hancox et al, 2021 [78]) and contains 

metabolites not previously reported to be circadian. In addition, a further 606 and 730 

unannotated rhythmic metabolite features (m/z- retention time pairs) with a ~24 h period in 

males and females respectively were identified. As methods of metabolite annotation 

improve and metabolite databases grow these features may be annotated in the future 

expanding on the already sizeable list of rhythmic metabolites. When compared to the five 

aforementioned circadian studies [70, 317, 319, 320, 323, 328] there are 48 potential matches 

between rhythmic metabolites observed in our data and the reported studies (Table 5.3). 

However, this is an approximation as matching annotations between datasets can be difficult 

e.g., FA(20:2), can represent multiple structural isomers and in the case of Skene et al [70] 

previous datasets include results from two constant routines that proceeded either simulated 

day shift or night shift work. The corroborating 48 rhythmic metabolites mostly comprise of 
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fatty acyls, triacylglycerides and (lyso)phosphatidylcholines and were predominantly 

observed by Chua et al [320] or Skene [70]. The former, Chua, performed a targeted lipidomics 

assay for glycerophospholipids (GP) as follows: phosphatidic acids (PA), phosphatidylcholines 

(PC), phosphatidylethanolamines (PE), phosphatidylglycerols (PG), phosphatidylinositols (PI), 

phosphatidylserines (PS) in addition to sphingolipids (SP) as follows: sphingomyelins (SM), 

ceramides (Cer), glucocyl-ceramides (GluCer), ganglioside mannosides 3 (GM3), and finally 

glycerolipids (GL) inclusive of diacylglycerides (DG) and triacylglycerides (TG). The latter, 

Skene, applied the commercially available AbsoluteIDQ® p180 kit which primarily targets 

(lyso)PCs, acyl carnitines, amino acids and biogenic amines. Grant et al applied [328] applied 

a HILIC assay and so little overlap was anticipated. Dallmann et al [317] and Kasukawa et al 

[319] both performed untargeted reversed phase assays with only the former identifying 

rhythmic lipids. Despite the broad coverage of the blood lipidome offered collectively from 

the above assays, inclusive of fatty acyls, GPs, SPs, and GLs, numerous rhythmic lipids were 

observed in the untargeted assay presented within this chapter not observed in these prior 

works. Rhythmic lipids observed in this chapters results but not prior studies include 

glycerophospholipids other than (lyso)phosphatidylcholines and the exception of PE(34:1) 

observed by Dallmann, DGs with the exception of DG(36:1) the only rhythmic DG observed by 

Chua, and sphingolipids. Examples of rhythmic sterol lipids and fatty acids were also observed 

in this chapters results but neither lipid class was not included in the targeted panels of prior 

studies whilst only the latter had examples identified in prior untargeted studies. Chua’s assay 

assessed a broad range of lipid metabolites, with regards to lipid class, but circadian regulated 

metabolites were limited to PCs, TGs and a single DG as mentioned above. This is in contrast 

to the rhythm analysis presented within this chapter where rhythmic annotated metabolite 
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features were observed across a much larger range of metabolite classes (Figure 5.2) inclusive 

of glycerophospholipids other than (lyso)phosphatidylcholines, DGs, and sphingolipids.  

The source of this discrepancy between the data presented in this chapter and that presented 

by Chua [320], who employed the most comprehensive lipidomic assay of prior work, may be 

the rhythm analysis methodology employed. To elaborate, Chua employed JTK, a rhythm 

detection algorithm known for its conservative nature in identifying rhythms which greatly 

limits the number of false positive findings but equally can result in an increase in false 

negatives [396]. Thus, there is high confidence the rhythmic metabolites Chua observed are 

truly rhythmic under constant routine. However, other rhythmic metabolites potentially 

belonging to other lipid classes were possibly not identified by JTK due to its conservative 

nature. The assay applied by Skene et al [70] assay had reduced coverage of lipid classes, 

relative to both Chua’s targeted assay, but applied a less conservative method of rhythm 

detection than JTK in cosinor analysis. This resulted in Skene identifying 65 rhythmic 

metabolites over 2 constant routines (pre/post simulated shiftwork) but results relevant to 

lipids were limited to a select group of acylcarnitines, PCs, and SMs. This limits comparisons 

to the untargeted lipidomics assay presented within this thesis which provided broader 

coverage of metabolite classes. Whilst Dallmann et al [317] and Kasukawa et al [319] both 

performed untargeted assays, the design of these assays differed greatly to my own by 

employing different platforms, with Dallmann applying both LC and GC assays coupled to 

mass spectrometry and Kasukawa applying a single reversed phase LC assay on a ToF-MS. 

Further, Dallmann applied JTK to identify rhythmic metabolites whilst Kasukawa applied a 

bespoke analysis akin to cosinor analysis. Whilst the experimental designs of prior works and 

the untargeted assays presented are highly similar, the latter acts as a step forward by 

providing broader coverage of the blood lipidome than prior untargeted/targeted assays and 
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employed numerous rhythm detection methodologies to circumvent issues associated with 

any one method of analysis, e.g., the overly conservative nature of JTK. 

The second objective was to identify sex dependent differences within the cohort at both an 

individual level and a group level, with regards to rhythmic metabolites. The most surprising 

result to come out of the analysis was the extent of inter-individual variation across the cohort 

ranging from hundreds of rhythmic metabolite features in some individuals to fewer than ten 

in others. Due to the limitation of a single sample per time point individual level rhythm 

analysis is more susceptible to extreme/missing values and both biological and analytical 

variation compared to group level analysis. Furthermore, the statistical power of rhythm 

detection algorithms is reduced when analysing a single individual compared to a larger 

population. Taking this into consideration it is likely that the individuals who had fewer 

rhythmic metabolites in the individual analysis presented above are not completely devoid of 

~24 circadian rhythms but highlight challenges in detecting rhythms which are neither as 

robust nor easy to identify as the melatonin circadian rhythm, for example. Whilst it is 

possible the extent of inter-individual variation in the presented analysis is exaggerated, it is 

still present and this is not the first instance of such a finding. The aforementioned study by 

Chua et al [320] performed a constant routine protocol on 20 males, with comparable age 

and BMI to the cohort presented this chapter, with plasma samples taken at 4 h intervals 

across a 32 h time course. The study performed targeted metabolite analysis and observed 

inter-individual variation in the rhythmicity of GLs, GPs and SPs (range 13-86 rhythmic lipids 

across individuals) and acrophase differences up to 12 h. The inter-individual variation 

observed by Chua is not dissimilar in scale to that observed in the male subjects (1-138) 

presented in this chapter though more differences are observed in females (5-480).  
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In addition to this individual level variation was the group level variation in the number of 

rhythmic metabolite features (898 in males, 1073 in females) and elevated melatonin/cortisol 

amplitude in females compared to males previously reported [64]. Whilst the observed 

difference in melatonin/cortisol amplitude could be due to innate sexual dimorphism it is also 

possible that the source of this dimorphism is oral contraceptive usage, a variable exclusively 

applicable to females. All females in the cohort presented within Chapter 5/6 were using oral 

contraceptives. There is some evidence that suggests taking oral contraceptive leads to an 

increase in melatonin or cortisol [389-392]. However, oral contraceptive use is unlikely the 

only cause of elevated melatonin, as a significantly higher melatonin amplitude has been 

observed in females not on birth control relative to males [393] in addition to cohorts 

containing a mix of females both on and off hormonal contraceptives [394]. Therefore, it is 

expected this observation of increased rhythmic lipids in females is not solely caused by use 

of oral contraceptives and is an important observation discussed further below. 

A detailed and comprehensive review by Bailey and Silver [347] discusses dimorphism of the 

circadian system, such as how key components of the central circadian system possess a 

dimorphic complement of oestrogen/androgen receptors which in turn have ligands which 

are also expressed in a dimorphic manner. It has been suggested that these dimorphisms 

shape the differential response observed in behavioural rhythms, such as activity levels, with 

females once again presenting higher amplitudes [348]. This line of enquiry fits into prior 

observations of higher amplitudes in melatonin and cortisol within our cohorts females 

compared to males [64], but there is insufficient evidence from our study to confirm whether 

these dimorphisms in the clock are the source of the increased amplitudes or rhythms 

observed in females. It is interesting to note however, that when specific behavioural rhythms 

are perturbed, such as during sleep deprivation, the metabolome is differentially impacted 
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between males and females with different metabolites gaining/losing rhythmicity [65]. By 

design the constant routine protocol employed places participants in a state of prolonged 

wakefulness and so male/female differences may in part relate to sleep, or lack thereof under 

constant routine. Furthermore, lipid metabolism appears structured around subjective night-

time for our participants, when participants would normally sleep if not for the constant 

routine. Notably, GPs peaked at or just after DLMO and GLs/SPs 8 h later around subjective 

morning. Cell division is a process regulated by the circadian system with a key time gate being 

the transition between the G2/M phases which is blocked by BMAL1/CLOCK activity, key 

components of the circadian clock that accumulate throughout the day but are repressed at 

night [397, 398]. GPs are major components for cell membranes and the peak observed at 

subjective night-time may, by design, coincide with ‘peak demand’ of these metabolites for 

cell growth and division. The subjective morning peak in GLs, the predominant form of storage 

for fatty acids, is proceeded by a peak in fatty acyls. As our participants did not consume a 

large meal at this time these peaks are not due to food intake but likely lipolysis with these 

GLs released from adipose tissue to yield fatty acids required to produce other lipids and/or 

energy production. Adipose triacylglycerol lipase (ATGL) and hormone sensitive lipase (HSL) 

genes produce enzymes that hydrolyse GLs to yield fatty acids and are activated directly by 

the BMAL1:CLOCK transcriptional complex, products of core clocks genes which accumulate 

during the day time [385]. Furthermore, melatonin plays a regulatory role of adipose tissue 

metabolism mediating processes such as lipolysis [399]. As a circadian process it could be 

assumed that lipolysis is at its lowest rate ~12 h after its peak at subjective morning which we 

might expect corresponds to the peak time of lipogenesis, the reformation of GLs which 

requires fatty acids. Furthermore, a second, albeit smaller cluster of GLs peaks at 19-20 h after 

DLMO, nearly 12 h after the morning peaks. What is most likely observed here is the 
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triglyceride/free fatty acid cycle (TG/FFA), a metabolic process that cycles between lipolysis 

and lipogenesis of TGs regulating the pool of free fatty acids in circulation, which in turn can 

act as signalling molecules for other metabolic processes [400]. Elevated levels of free fatty 

acids or perturbations to the TG/FFA cycle are associated with type 2 diabetes, obesity, 

metabolic syndrome, and contributes to cancer risk [401, 402], such conditions are also 

associated with circadian misalignment as discussed in this thesis (see Chapter 1/3). Time 

restricted feeding is considered an intervention that promotes more robust circadian 

rhythms, facilities weight loss and thus relives the symptoms of metabolic syndrome [388]. 

The TG/FFA cycle may be one such pathway assisted by time restricted feeding intervention 

or perturbed by circadian misalignment which may then contribute to the treatment/onset 

of diseases such as metabolic syndrome. If the TG/FFA cycle is relevant in the manner 

described above it is important to consider how males and females may differentially respond 

to time restricted feeding intervention or be differentially affected by circadian misalignment 

with regards to this cycle, particularly as melatonin plays a regulatory role which exhibits a 

dimorphic profile and thus may contribute to the differing circadian ‘lipidomes’ or phenotypes 

observed between healthy males and females. Our differential rhythmicity analysis confirmed 

at least 107 metabolite features exhibit a significantly (p < 0.05) different rhythmic profile 

between the sexes within the healthy young cohort investigated though it remains unclear 

how the sexually dimorphic melatonin/cortisol amplitudes may contribute to this 

observation. 

Despite no definitive conclusion being provided with regards to the impact of the dimorphic 

profile or cortisol it should be considered highly relevant to lipid rhythms. Cushing’s syndrome 

is a chronic condition defined by hypercortisolism, i.e., prolonged elevated levels of cortisol 

within the blood [403, 404]. Onset of Cushing’s syndrome can mimic metabolic issues typically 
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associated with metabolic syndrome such as altered lipid metabolism, which can result in 

dyslipidaemia, as well as altered carbohydrate metabolism and insulin resistance [405, 406]. 

One such perturbation to lipid metabolism is increased adipocyte lipolysis, resulting in 

increased free fatty acids in circulation. The transcription of regulatory enzymes of lipolysis, 

such as the aforementioned ATGL and HSL, are increased by activation of adipocytes 

glucocorticoid receptors [407]. Whilst Cushing syndrome represents an extreme with regards 

to elevated glucocorticoids such as cortisol it is worth noting that females in our cohort, who 

had higher cortisol amplitude/peak (group level), also exhibited a greater number of 

circulating (rhythmic) lipid metabolite features inclusive of fatty acids and GLs suspected to 

be related to circadian regulation of lipolysis. As discussed previously the peak time of these 

fatty acid and GL rhythms predominantly corresponds to the (subjective) morning peak of 

cortisol. Unlike cases of Cushing’s syndrome our cohort do not match the characteristic 

cortisol profile expected in the condition as the cohort’s cortisol rhythm(s) still present a well-

defined nadir in both sexes, loss of which can be diagnostic of Cushing’s syndrome [404]. The 

pathology of Cushing’s syndrome is strong evidence that cortisol, and potentially alterations 

to its rhythm, are strongly linked to changes in lipid metabolism, thus, dimorphism in the 

cortisol profiles of (healthy) males and females may therefore partially explain the apparent 

difference in lipid rhythms between the two groups of our cohort.  

5.4. Chapter summary 

Within, this chapter is the largest compiled list of circadian regulated non-polar (lipid) 

metabolites to date for a single study including both males and females, the majority of which 

have not been previously reported on and have underpinned the following findings. Chua et 

al [320] hypothesised in their closing statement that individuals may possess different 
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circadian metabolic phenotypes, due to the observed differences in circadian lipid regulation, 

these phenotypes having differing susceptibility to the effects of circadian disruption and 

associated onset of disease. Inter-individual differences across the cohort for circadian 

regulation of non-polar metabolites are observable in the data presented in this thesis and 

which has not previously been reported at the metabolic level at the time of writing. This 

concept of susceptible variability to circadian misalignment may partially explain why there is 

so much conflicting data on whether females have worse health outcomes due to shiftwork 

than their male counterparts. It validates the importance of studies, such as this one, that 

explore what is ‘normal’ circadian regulation in healthy individuals across different 

phenotypes and re-affirms the importance of individual level rhythm analysis, in tandem with 

group level rhythm analysis. We also report on novel observations that at the group level 

females in our cohort present with more rhythmic lipids metabolites than males building on 

prior observations that these females also have significantly higher melatonin and cortisol 

levels, both key circadian regulated hormones. Further, we conclude that lipid metabolism, 

particularly the TG/FFA is of great interest with regards to circadian regulation of metabolism 

due to the latter being directly regulated by melatonin and regulating other metabolic 

processes and cortisol’s role in promoting lipolysis. Whilst it was already established that 

metabolism differs between males and females our data extends this observation to the 

circadian system and the timing of metabolic processes such as the differing peak times of 

GLs and fatty acids we believe associated with the TG/FFA cycle. A circadian regulated process 

that if perturbed has similar consequences to those associated with circadian misalignment.





CHAPTER 6 

INVESTIGATING METABOLITE RHYTHMS OF WATER-SOLUBLE 

METABOLITES VIA A UHPLC-MS HILIC ASSAY APPLIED TO 

TIME SERIES PLASMA SAMPLES COLLECTED UNDER 

CONSTANT ROUTINE FROM MALES AND FEMALES – A 

DISCOVERY BASED STUDY. 
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6.1. Introduction 

Much of the introduction from Chapter 5 (see Section 5.1) is applicable here with regards to 

identifying rhythmic metabolites, be they lipids (see Chapter 5) or water-soluble metabolites 

(in this chapter), and the lack of inclusion of females participants within the field. However, 

investigations into and evidence of the daily 24 h rhythms of water-soluble metabolites in 

blood have not featured as prominently as lipids with regards to human metabolite rhythms. 

Only two prior studies in this field have applied HILIC assays [324, 328], tailored to analyse 

water-soluble metabolite (see Section 1.3.1.2.), excluding the work presented (Chapter 5), 

with only the latter investigating circadian rhythms. Additional studies have observed more 

limited coverage of water-soluble metabolites, most frequently amino acids via NMR [315, 

326], commercially available targeted assays (AbsoluteIDQ p180 kit by Biocrates) [65, 70, 321, 

325] or reversed phase assays which typically favours retention of non-polar metabolites (see 

Section 1.3.1.3) [316, 317, 329-331]. Grant et al [328] is therefore the only published study to 

date which applies a metabolomics assay with the intent to observe circadian water-soluble 

metabolite rhythms and did so via both a targeted and untargeted approach with samples 

collected from a majority male cohort under constant routine. Grant reports on four 

metabolite features rhythmic in three of the four women in their cohort (n=13) concluding 

that sex based expression of metabolites are present in plasma but further research with 

larger sex balanced cohorts are required to further investigate circadian regulation of plasma 

metabolites. Due to this limitation pathway enrichment analysis was not performed 

separately for males and females to determine enriched metabolic pathways, with regards to 

circadian metabolites. However, phenylalanine and tyrosine metabolism was significantly 

enriched (p < 0.05, post FDR) for circadian metabolites for the group averaged analysis (full 

cohort, n =13) whilst the citric acid and urea cycles were significantly enriched (p < 0.05, post 
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FDR) for circadian metabolites as determined by the individual level analysis (circadian 

metabolites determined per individual). This lack of knowledge with regards to enriched 

metabolic pathways for water-soluble circadian metabolites is not just limited to humans but 

mammals as a whole. There is seemingly no literature available for a study which performs 

metabolomics specifically to measure circadian water-soluble metabolites and perform 

pathway enrichment analysis to monitor sex dependent differences. Whilst lipids perform a 

myriad of biological functions that make them an interesting point of research in terms of 

metabolomics, chronobiology and health, this should not negate the equally important role 

of water-soluble metabolites. Central carbon metabolism, glycolysis, citric acid (TCA cycle) are 

metabolic processes that form the foundations of metabolism within an organism and are 

comprised primarily of water-soluble metabolites [408]. If we wish to better understand the 

circadian regulation of metabolism in mammals/humans, investigating circadian polar 

metabolites is not just advised but rather it is necessary as failing to do so would be choosing 

to ignore core aspects of mammalian metabolism. 

Within this chapter, circadian metabolic rhythms are investigated in serum samples collected 

from both males and females every 2 hours over 32 hours under constant routine applying 

ultra high performance liquid chromatography-mass spectrometry metabolomics with a HILIC 

assay. The goals of the study were to (1) identify and report on significantly ‘rhythmic’ water-

soluble metabolites with a ~24 h period observed under a constant routine and so not a result 

of exogenous cues and (2) identify and report sex dependent differences, both in terms of 

individual rhythmic water-soluble metabolites and enriched metabolite classes. 
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6.2. Results 

6.2.1. Data processing outcomes 

As with the lipidomics dataset, HILIC data was collected for 16 males and 16 females at a 2 h 

resolution across a 32 h time course, utilising two different UHPLC- MS assays to provide a 

broad detectable coverage of water-soluble metabolites. However, as detailed in section 

5.2.1, only 10 males and 10 females are reported on for the group level rhythm analysis and 

13 males and 10 females for the individual level analysis. Differences in age and BMI remained 

non-significant between males (age 22.7 ± 1.8 SD, BMI 25.3 ± 2.7 SD) and females (age 24.5 ± 

3.7 SD, BMI 23.6 ± 2.2 SD) in this abridged cohort. 

6.2.2. Group level rhythm analysis 

Similar to the observations made in Chapter 5, results from the PCA displayed two distinct 

albeit overlapped clusters for each sex highlighting inherent inter-sex variation between 

males and females at the metabolome level (Figure 6.1) as previously reported for water-

soluble metabolites in the literature [395] and melatonin/cortisol within this cohort [64].  
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Outcomes of filtering and details on the number of metabolite features subjected to rhythm 

analysis are summarised in Table 6.1. A full list of rhythmic metabolites annotated to a single 

metabolite class, across all assays for males and females are provided in Appendix Table D2. 

A cross referencing approach was taken for the rhythm analysis such that, metabolites were 

classified as rhythmic if they obtained a significant result (p < 0.05) post FDR correction in the 

majority of applied algorithms (>=3). This method of classification maintains parity with that 

employed in Chapter 5.  

  

Figure 6.1: Principal components analysis of metabolites in males (n = 10, green) and 

females (n = 10, red) for the HILIC assay in (A) positive ion mode and (B) Negative ion 

mode, post QC filtering. PCA analysis reveals inter-group variation between males (n = 10) 

and females (n = 10) across both UHPLC-MS assays. Inter-group variation is evident, 

primarily along PC1 which displays separation of group clusters, more so within the 

negative ion mode assay.  
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The male group presented with more rhythmic metabolites than females both in absolute 

terms (179 vs 129, Figure 6.2) as well as the percentage of rhythmic features out of those 

submitted for analysis (~26.1% vs ~18.9%). For the majority of metabolite features rhythmic 

in both males and females the acrophase (peak) was equivalent, with less than 2 h difference 

between the sexes. Only a select few rhythmic metabolite features exhibited a difference in 

acrophase between males and females that exceeded the metabolomics sampling resolution 

of 2 h (n = 9).  

Table 6.1: Number of metabolite features (a) following XCMS raw data processing, (b) 

following quality filtering and (c) following group rhythm analysis. 
 

Assay No. of features 

yielded from raw 

data processing 

No. of features 

post quality 

filtering 

No. of features submitted to 

rhythm analysis male/female 

HILIC – POS 17219 1605 (9.3%) 1173 (6.8%) / 1091 (6.3%) 

HILIC - NEG 11317 902 (8.0%) 589 (5.2%) / 513 (4.5%) 

Total 28,536 2,507 (8.8%) 1,762 (6.2%) / 1604 (5.6%) 
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A full list of the putatively annotated rhythmic metabolites observed in males and females 

where acrophase differed by >2 h between sex is provided in Table 6.2.  

 

Despite the seemingly small scale of acrophase differences based on sex, when collectively 

observing the acrophase of water-soluble metabolites about the time course a striking 

distinction between males and females becomes apparent. In males most polar metabolites 

peak at or around 2-6 h after DLMO which corresponds to the middle of the subjective night, 

Table 6.2: A list of putatively identified metabolite features with an acrophase difference of >2 h 

between males and females. 

Assay Putative annotation(s) Acrophase difference (h) 
(male relative to female) 

HILIC - positive ion mode Serine -2 
HILIC - positive ion mode Isoleucylproline | Leucylproline 2 
HILIC - positive ion mode 1-Methylguanosine | (S)-malyl alpha-D-

glucosaminide 
-2 

Metabolites are listed in order of descending magnitude, ignoring +/- . Acrophase is rounded to the nearest 
hour to match the resolution of the DLMO scale.  

Figure 6.2: Group level rhythm analysis outcomes, number of rhythmic 

metabolite features by sex (males: n = 10, females n =10). 
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the time at which melatonin levels are highest and when cortisol levels begin to increase 

approaching the subjective morning. By contrast, water-soluble metabolites in females 

aggregate around two time points between 0-4 hours after DLMO and 10-14 hours after 

DLMO, thus, display a very different acrophase distribution relative to males (Figure 6.3). 

Water-soluble metabolites in females exhibit a similar, acrophase distribution to that 

observed in lipid metabolites, albeit the water-soluble metabolites tend to peak a few hours 

later when compared to lipid metabolites.   
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Figure 6.3: Acrophase distributions relative to DLMO overlaid with the melatonin (solid 

line) and cortisol (dashed line) rhythms for the (A) male HILIC assay, (B) female HILIC 

assay. Male cohort n = 10, female cohort n =10. For example, 25 metabolite features 

peaked 12 h after DLMO for the female group. 
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The acrophase of annotated individual rhythmic metabolites from the HILIC assay are 

visualised below as heatmaps for males (Figure 6.4A) and females (Figure 6.4B).  

  

Figure 6.4: Male (A, left) and female (B, right) annotated rhythmic metabolites shown as heatmaps 

displaying Z-scored and group averaged (male: n = 10, females: n = 10) changes in relative abundance (red 

= high, blue = low) relative to dim light melatonin onset (DLMO, -6 : 24 h from left to right). Male 

metabolites (n = 50), female metabolites (n = 33). Note, each row corresponds to a unique metabolite 

feature, i.e., a unique m/z and RT; however, multiple features may have the same annotation e.g., 

Tryptophan. Only rhythmic metabolite features annotated to a single metabolite class are displayed. Index 

numbers can be cross referenced to Table D2 for additional details per metabolite feature. 
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Annotated rhythmic metabolites reported within this chapter which have previously been 

reported as rhythmic under constant routine are shown in Table 6.3.  

 

A total of 257 water-soluble metabolite features were identified as rhythmic in males and/or 

females by the independent group rhythm analysis tests. Of these 257 metabolite features, 

differential rhythmicity analysis determined two metabolite features as having a statistically 

significant difference in acrophase between sex (‘change’), Eleven metabolite features were 

considered significantly rhythmic in females only (‘gain’) whilst seven metabolite features 

were considered significantly rhythmic in males only (‘loss’). The remaining metabolite 

features were classified as not being significantly different between males and females 

(‘same’ - 237 features). Of the 20 metabolite features identified as having significantly 

different rhythms between males and females, some have been successfully annotated to a 

single metabolite class (Table 6.4).  

  

Table 6.3: A list of putatively identified rhythmic water-soluble metabolites observed 

in both our group level analysis and previous studies. 
 

Metabolite annotation Observed in 
Alanine [70] 
Arginine [70] [328] 
Citrulline [70, 328] 

Glutamine [70] 
Histidine [70] 

Kynurenine [70] 
Lysine [70, 328] 

Ornithine [70, 328] 
Pantothenic acid [328] 

Tryptophan [319] 
Metabolite IDs, as listed, may correspond to multiple rhythmic metabolite features e.g., 
Glutamine (m/z ~185 & ~186 / RT 466).   
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The group rhythm analysis results (Figure 6.2) would suggest more water-soluble metabolite 

features are rhythmic in males compared to females, whilst the opposite was true when 

observing lipids (see Chapter 5). However, the former observation is not definitive as 

differential rhythmicity analysis performed on water-soluble metabolites suggests the 

majority of rhythmic metabolite feature profiles, 237 of 257, are not significantly different 

males and females whilst 11 and 7 of these features are rhythmic only in females and males, 

respectively. Pathway enrichment analysis revealed the ‘Arginine biosynthesis’ pathway as 

being significantly enriched in both males and females (Table 6.5). 

 

 

  

Table 6.4: A list of putatively identified rhythmic water-soluble metabolites also 

identified as differentially rhythmic between males and females. 
 

Assay Classification Annotations (single class) 
HILIC – Negative ion 

mode 
‘gain' - Rhythmic in 

females 
Glutaminyl-Glutamine 

HILIC – Positive ion 
mode 

‘gain' - Rhythmic in 
females 

FA(6:0;O) 

HILIC – Negative ion 
mode 

‘loss' - Rhythmic in males Arginine 

Lipid annotations are given at the ‘species level’ as defined here [87]. FA – Fatty acyl. 

Table 6.5: Pathway enrichment analysis results for rhythmic putatively identified (non-lipid) 

metabolites. ‘Hits’ refers to the number of submitted entries matched to the corresponding 
pathway. Only significant results (p < 0.05) prior to FDR correction are shown. 
 

 KEGG Pathway Metabolites in 
pathway 

‘Hits' FDR Impact 

Male Arginine biosynthesis 14 3† 0.025784 0.36548 

      

Female Arginine biosynthesis 14 3†† 0.010349 0.28934 
† Enriched metabolites in males – Arginine, Citrulline, Ornithine. 
†† Enriched metabolites in females – Citrulline, Glutamine , Ornithine. 
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6.2.3. Individual level rhythm analysis 

Individual level rhythm analysis revealed a high degree of inter-individual variation within and 

between sexes, a similar observation was made with regards to lipids (see Chapter 5), with 

the number of rhythmic metabolites ranging from 0-41 across the cohort (n=23) (Figure 6.5A) 

which is smaller than the range observed in lipids (0-478 across the cohort (n=23), see Chapter 

5). When observed as individuals males presented with more rhythmic water-soluble 

metabolites than females on average, though this difference in mean was non-significant 

(p>0.05). The number of rhythmic metabolites, observed per participant, across the full 

cohort did not correlate with age, BMI, melatonin or cortisol peak/amplitude/production, 

order of sample collection, or progesterone/oestrogen dose (relating to oral contraceptive, 

females only).  
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Figure 6.5: (A) – bar chart displaying number of rhythmic metabolites per individual 

determined by individual level rhythm analysis, (B) – Box and whisker plot of individual level 

analysis outcomes. Male cohort n = 13, female cohort n =10. A metabolite was classified as 

rhythmic for a ~24 h period if it achieved a significant result post FDR correction (p < 0.05) in at 

least 3 of the 5 applied rhythmic detection algorithms for individual level analysis: Cosinor, JTK, 

ARS, RAIN, BioCycle. Group means are significantly different (p < 0.05), one tailed T-test. Boxes 

are displayed with the default ggplot2 settings: The lower and upper hinges correspond to the 

first and third quartiles (the 25th and 75th percentiles), The whiskers extend from the hinge to 

the largest/smallest value no further than 1.5 * interquartile range. 
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6.3. Discussion 

The first objective of this study was to identify and report a list of circadian regulated water-

soluble metabolites (~24h period) observed under a constant routine study and therefore not 

influenced by external cues (i.e., diurnal rhythms). Across two HILIC UHPLC assays (HILIC in 

positive and negative ion modes) a total of 2,507 metabolite features were reported after 

data quality filtering. For males and females respectively, 179 and 129 rhythmic metabolite 

features (~24 h period) were reported and of these 50 and 33 rhythmic metabolites were 

annotated to a single metabolite class, respectively. All other metabolite features did not 

exhibit a ~24 h period. In addition, a further 129/96 rhythmic metabolite features (m/z- 

retention time pairs) with a ~24 h period in males and females, respectively, were not 

structurally annotated. The lipidomics assays introduced in Chapter 5 yielded over double the 

metabolite features (5,185) of which a greater proportion were rhythmic in males (898, 

37.2%) and females (1073, 48.2%). Prior lipidomic studies have established that the plasma 

metabolome is primarily made up of lipids, as measured by weight per unit volume [409]. 

Further, at least 588 distinct molecular lipid species have been characterised in blood [410], 

forming the foundation of curated human plasma lipid entries for public databases such as 

LIPIDMAPS. Many of these individual lipid species, e.g., TG(48:2), can have multiple 

conformations such as varying lengths of the three fatty acids further increasing the potential 

lipid diversity in human plasma. Detecting a greater number of lipid features compared to 

water-soluble metabolite features is therefore not wholly unexpected. What is of greater 

interest is why a greater proportion of the detected lipids are rhythmic versus that of the 

proportion of rhythmic water-soluble metabolites detected. Perhaps lipids regulation about 

a ~24 h cycle is vital to better fulfil their biological function vs water-soluble metabolites. Prior 

transcriptional studies have shown the liver, which regulates lipid homeostasis [411], has the 
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highest percentage of circadian regulated protein coding genes (16%, > 3000 genes) of the 

major organs supporting this notion [412]. As discussed in Chapter 5, metabolic cycles such 

as the triglyceride/free fatty acid cycle (TG/FFA) are evidenced as having circadian regulated 

enzymes. This is likely a means of temporally regulating energy storage/production to 

coincide with rest/activity, respectively. Both TGs, as well as diglycerides (DG) and fatty acids 

featured prominently within the rhythmic lipid dataset. Adipose tissue contains a diverse 

lipidome (>100 lipids) primarily comprised of TGs [413], thus, this one metabolic cycle could 

confer rhythmicity to a broad range of closely related metabolites such as TGs and 

downstream metabolites such as the resulting fatty acids yielded from lipolysis. These lipids 

would be transported to and from the liver/adipose tissue via the blood stream thus being 

detectable in plasma. To summarise this potential scenario, a single metabolic cycle (TG/FFA) 

confers rhythmicity to a broad range of closely related metabolites that are transported by 

blood and make up the majority of the blood metabolome. Therefore upon analysis, lipids 

appear vastly enriched with regards to the circadian regulated metabolite in comparison to 

water-soluble metabolites which constitute a smaller proportion of the sample metabolome 

and are sourced from a broader range of tissues/metabolic outputs. 

Whilst previous circadian studies employing metabolomics did not apply HILIC assays to 

specifically observe water-soluble metabolites, with the exception of Grant [328] discussed 

below, some circadian water-soluble metabolites have previously been reported [78]. Not all 

of these prior reported metabolites corroborate with the data presented within this chapter, 

those that do are presented in Table 6.3. Isoleucine, leucine, phenylalanine, proline, 

sarcosine, serotonin, taurine, and threonine have all been reported as rhythmic in prior 

circadian studies but were not observed as rhythmic within this chapter. For the data 

presented within this chapter: isoleucine, leucine, sarcosine, serotonin, threonine were not 
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confidently annotated, phenylalanine and taurine (in females) were annotated but non-

rhythmic (~24 h period), metabolite features annotated as proline, taurine (in males) were 

not submitted to rhythmic analysis due to excessive missing values. Notably, there is little 

overlap in the list of circadian metabolites between HILIC assays presented within this thesis 

(2507 metabolite features detected) with the only other circadian study which applied a HILIC 

assay (targeted assay – 99 metabolites, untargeted 1641 metabolite features detected) [328]. 

The HILIC assay presented found ‘arginine biosynthesis’ significantly enriched whilst Grant et 

al. found phenylalanine and tyrosine metabolism (group level analysis), and the citric acid and 

urea cycles (individual level analysis) post FDR correction in their targeted assay to be 

enriched. With only minor overlap between the results of this study and Grant’s, the compiled 

list of rhythmic water-soluble metabolites presented here contains metabolites not 

previously reported to be circadian [78] yet is similar in size to the untargeted HILIC assay 

previously performed by Grant. Whilst Grant’s study is similar to the study presented here it 

is important to note key differences in the experimental design which likely contribute to the 

lack of full corroboration between results, namely, the focus on sex dependent differences 

and different methods of rhythm analysis which can yield varying results as discussed in 

Chapter 4 and discussed in the literature [354, 361]. In their concluding remarks Grant 

suggested there were differences apparent between males and females, with regards to 

circadian regulated metabolites, but a future specifically designed study would be required 

to test this hypothesis. The data presented, corroborates with this suggestion, and sets a 

precedent, alongside the data presented in Chapter 5, that circadian regulation of metabolism 

differs between males and females which leads onto the second objective.  

The second objective was to identify sex dependent differences within the cohort at both an 

individual level and a group level, with regards to rhythmic water-soluble metabolites. Whilst 
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inter-individual variation was apparent amongst the cohort there was no significant 

difference in the mean value of the number of rhythmic metabolites in males vs females. It is 

possible that the size of the cohort, which is large in the context of human circadian studies 

but small in terms of statistical power, reduces our ability to discern male vs female 

differences when inter-individual variation is so large. In other words, individual 

characteristics external to sex and other controlled variables (age, BMI) may be a source of 

individual level variation in the number of rhythmic metabolites observed that is equal to or 

exceeds the variation caused by sex, at least in the context of water-soluble metabolites. Such 

challenges associated with individual level rhythm analysis with the lipids data in Chapter 5 

were also a point of discussion with regards to water-soluble metabolites (see Section 5.3). 

As constant routine studies require specialist facilities to perform and a demanding sampling 

protocol a study such as the one presented here is not easily upscaled and so the issue of 

larger cohort sizes is not a simple problem to address. As discussed in the introduction to 

Chapter 5 (see Section 5.1), smaller cohorts may actually be favoured to maintain more 

typically employed small but highly controlled study groups to restrict confounding factors 

which may otherwise mask the rhythms being observed, but this comes at the 

aforementioned cost of reduced statistical power due to the smaller cohort population. This 

is where non-circadian (e.g., single sampling) metabolic phenotyping studies with larger 

populations, such as a prior study by Dunn et al [395], may be beneficial to circadian research. 

Whilst such studies do not offer insight into circadian level differences they do act as a 

signpost to metabolites which differ in concentration based on a particular phenotype (e.g., 

sex) and how different phenotypes may interact (e.g., sex and blood pressure) which will be 

of interest in circadian studies. Case and point, Dunn identified creatinine, tyrosine, citric acid 

(citrate) and uric acid (urate) as expressing different serum concentrations between males 
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and females, among other water-soluble metabolites. The former two metabolites were 

identified as rhythmic within the male group whilst the latter was identified as rhythmic only 

in the female group within the data presented in this chapter. In reference to Grant’s study 

[328] the citric and uric acid cycles in addition to tyrosine metabolism were enriched 

pathways. Further, citrulline, tryptophan, lysine, threonine, among other water-soluble 

metabolites, were identified by Dunn as metabolites which exhibit varying concentrations 

dependent on an interaction between sex and blood pressure. These metabolites have 

previously been identified as being rhythmic (see Appendix A5/D1) and the former two were 

rhythmic in both our male and female cohort at the group level yet were not rhythmic across 

all individuals in our individual level analysis. Not all metabolites identified by Dunn as 

exhibiting differences in concentration dependent on sex were differentially rhythmic 

between our male and female groups, however, some were illustrating the case that non-

circadian population wide studies may benefit circadian studies by signposting metabolites of 

interest, e.g., with regards to sex, which may otherwise go unnoticed in the smaller 

populations employed in circadian studies. It is possible that complex interactions, such as 

sex and blood pressure, contribute to this inter-individual variation and even male vs female 

differences in unseen ways, particularly in this instance as no metadata is available on blood 

pressure for the cohort. As discussed in Chapter 1, metabolism and the circadian system are 

intertwined systems that regulate each other, therefore, phenotypic interactions which 

influence metabolism will influence the clock in turn and vice versa. Thus, population level 

studies may prove informative to circadian research as it may help explain why metabolites 

that exhibit daily rhythms in one seemingly healthy population but not in another, perhaps 

due to unforeseen variation caused by unexpected interactions between specific phenotypes. 
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Unfortunately, the pathway enrichment analysis results were limited within the study 

described here, with only arginine biosynthesis being enriched amongst metabolites which 

are circadian regulated. However, arginine metabolism and how arginine relates to other 

aspects of metabolism is reasonably understood [414]. Closely related metabolites to arginine 

have either previously been shown to be rhythmic (circadian/diurnal) in mammals (see 

appendix: section A Table A5 or Table S1 in [78]) or are rhythmic within the results presented 

within Chapters 5 & 6 (see appendix Table C2/D2). Such metabolites include ornithine, 

citrulline, urea, creatine, glutamate, glutamine and alpha-ketoglutarate. Thus, the circadian 

synthesis of arginine may confer rhythmicity to some of these metabolites, dependent upon 

its availability and dependent upon circadian rhythms of numerous enzyme gated reactions. 

Adjoining metabolic processes closely related to arginine such as: citrulline metabolism, urea 

(ornithine) cycle, and the citric acid (TCA) cycle may not have been enriched within the dataset 

presented in this chapter due to metabolites comprising the cycle not being detected or not 

classified as rhythmic within the cohort. However, these cycles were classified as rhythmic 

and enriched in Grant’s study. Whilst definitive biological conclusions cannot be drawn, due 

to a lack of corroboration between the work of Grant and data presented here, the above 

listed pathways should be considered of interest with regards to future circadian studies 

investigating water-soluble metabolites to ascertain the rhythmic regulation more 

confidently, if any, of these pathways. 

6.4. Chapter summary 

Whilst the data presented within this chapter did not fully corroborate with Grant’s findings, 

the only prior study investigating circadian regulation of metabolism in humans under 

constant routine, the data presented in this chapter was able to confirm their initial 
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observations of sex dependent differences in circadian regulation of polar metabolites. 

Moreover, taking the data presented in both Chapter 5 and 6 in hand, circadian regulation is 

more pervasive with regards to lipids and lipid metabolism and less so for water-soluble 

metabolites and associated pathways. As discussed across previous chapters there are a 

number of metabolic processes pertaining to lipid metabolism that are circadian regulated, 

the results presented fit this narrative yet should not undermine the need to further 

investigate water-soluble metabolites. Investigating circadian rhythms requires well designed 

sampling procedures and specialist facilities which allow for accurate measurement of 

metabolite abundance/concentration changes over time yet often can only employ small 

cohorts. Larger scale non-circadian population studies may serve as a useful guide for 

metabolites of interest, with regards to circadian studies, as they have the statistical power 

necessary to discern subtle differences between populations be it shiftwork vs non-shiftwork, 

male vs female, or interactions between biological or environmental factors. Once such 

metabolic differences between populations are identified then circadian studies can profile 

metabolic changes over the course of the day to investigate if there is a circadian component 

driving the metabolic differences between the population. Just as untargeted metabolic 

studies facilitate the production of future targeted studies, so too could single 

timepoint/paired sampling studies lay the groundwork for multiple sampling metabolic 

studies. Utilising pre-existing literature in this manner may serve to bolster the success of 

future circadian-metabolomic assays focussing on water-soluble metabolites and yield more 

informative results from pathway enrichment analysis which is currently hampered by 

restricted statistical power in identifying group level differences, identifying rhythmic 

metabolite features of interest, and successfully annotating said features. 





CHAPTER 7 

METABOLOMIC ANALYSIS OF PLASMA IN HUNTINGTON’S 

DISEASE TRANSGENIC SHEEP (OVIS ARIES) REVEALS 

PROGRESSIVE DIURNAL RHYTHM DYSREGULATION. 

 

The following chapter contains text and figures reproduced from a publication in the Journal 

of Huntington’s Disease in which I am a named author, see Spick, M., Hancox, T.P.M., 

Chowdhury, N.R., Middleton, B., Skene, D.J., Morton, A.J. (2023), “Metabolomic Analysis of 

Plasma in Huntington's Disease Transgenic Sheep (Ovis aries) Reveals Progressive Circadian 

Rhythm Dysregulation”, Journal of Huntington’s Disease, Vol 12(1), pp 31-42, doi: 

10.3233/JHD-220552 [282]. Any analysis/commentary not originally authored by myself has 

not been included in this chapter. Where text/figures have been reproduced from the 

publication then this will be clearly indicated with the above reference. My role in the 

publication was to perform the rhythm analysis and create the subsequent figures and write 

discussion points related to this analysis. I was not involved in the experimental design, 

sample collection, metabolomics analysis, cortisol/melatonin/urea assays or analyses 

unrelated to the aforementioned rhythm detection. 
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7.1. Introduction 

Neurodegenerative disorders are diseases of the nervous system characterised by the 

progressive loss of neuronal populations with a common mode of neurodegeneration being 

the aggregation of excess protein in nerve cells. Dependent on the neurodegenerative disease 

in question these protein aggregates may differ in composition and location and result in 

different cognitive or behavioural disorders which have clinical relevance in diagnosing the 

specific disorder, such as Alzheimer’s disease, Parkinson’s disease, or the focus of this study 

Huntington’s disease (HD) [415, 416]. Unlike the former two diseases the onset of HD is not 

typically associated with the onset of old age and so the disease may present in children as 

well as young and old adults but primarily it manifests in middle age [416]. The age at which 

HD onsets, if at all, is dependent on the nature of the mutation which causes the disease. HD 

is caused by an autosomal dominantly inherited mutation of the IT15 (HTT) gene which leads 

to multiple trinucleotide repeats (CAG) within the huntingtin protein (HTT) resulting in mutant 

huntingtin (mHTT) protein that contains an elongated polyglutamine repeat [416, 417]. 

Individual’s with mHTT that contains > 39 CAG repeats are highly likely to develop HD with 

the median age of onset decreasing with an increasing number of CAG repeats where juvenile 

onset of the disease may be observed in individuals with >60 CAG repeats in mHTT [418, 419]. 

In HTT the number of CAG repeats is typically < 26, with intermediate alleles with 27-35 and 

36-39 CAG repeats; the former is unlikely to result in HD but is considered genetically unstable 

and may cause HD in successive generations should the number of CAG repeats increase 

whilst the latter can result in HD that is not fully penetrant, i.e., different individuals may or 

may not develop HD symptoms [417, 420].  
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Both HTT and mHTT contain proteolytic sites for several different proteases, however, 

proteolytic cleavage of mHTT in cases of HD is enhanced leading to increased production and 

accumulation of small N-terminal fragments that contain the polyglutamine sequence (coded 

for by CAG repeats) [421]. Specifically, caspase cleavage on an aspartate residue at position 

586 (D586) favours the production of insoluble cytotoxic aggregates that greatly contribute 

to neuronal cell death and disease progression [416, 422]. The loss of wild type function of 

HTT e.g., intracellular trafficking, maintaining macrophage, and potential scaffold protein in 

addition to toxic gain of function following proteolytic cleavage define the pathogenesis of 

HD [421-423]. The aforementioned N-terminal fragments can have numerous harmful effects 

on a cell including: translocation into the nucleus where they aggregate and dysregulate 

transcription; interactions with autophagy receptors blocking their binding to and subsequent 

degradation of damaged mitochondria; impairments to cell metabolism and energy balance 

(Figure 1) [416, 417, 421, 424]. The nature of this metabolic dysfunction in HD is not fully 

characterised, yet current evidence suggests a strong link between altered metabolism and 

disease progression. Notable findings include reduced glucose consumption/glucose 

accumulation within brain tissues in HD which is hypothesised to contribute to cell damage 

by increasing osmotic stress or chemical toxicity due to excess glucose or its metabolites 

synthesised from the polyol pathway (sorbitol, fructose) [425]. Further reported 

perturbations include: glycolysis, TCA (citric acid) cycle, urea (ornithine) cycle, pyruvate 

metabolism, phosphate & purine pathways, which may represent disrupted central carbon 

metabolism and a shift to alternate methods of energy production in HD, e.g., increased 

reliance on ketone bodies produced via glyceroneogenesis [416, 425, 426]. With regards to 

purine metabolism, uric acid is considered a neuroprotective agent but its concentration in 

serum and brain tissue decreases with HD progression [416]. Finally, perturbations to 
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tryptophan metabolism, specifically the kynurenine pathway may directly contribute to 

increased neurotoxicity. Quinolinic acid, a product of the kynurenine pathway, exhibits 

elevated levels in brain tissue of HD cases at the early stages of the disease, more so for areas 

of the brain most damaged by cell death. As a neuroactive metabolite these elevated levels 

are believed to contribute to excitotoxic neuronal damage. In tandem, levels of 3-

hydroxykynurenine are increased to the point of inducing neurotoxicity specifically to striatal 

neurons. Compounding the impact of quinolinic acid are decreased levels of kynurenic acid in 

HD which acts as a neuroinhibitory metabolite thus affords some protection against 

excitotoxic agents such as quinolinic acid. Therefore, the lower levels of kynurenic acid 

observed in HD is believed to induce greater vulnerability to excitotoxic neuronal damage via 

quinolinic acid [427, 428]. It has also been hypothesised that the perturbations to the 

kynurenine pathway may promote susceptibility to glutamate induced excitotoxicity [429]. 

Simply summarised, the perturbed metabolism observed in HD appears to contribute to 

disease progression by promoting the accumulation of metabolites, e.g., those which are 

neuroactive, to the point of inducing toxicity whilst levels of protective agents such as uric 

acid or kynurenic acid are diminished. Damage to cell organelles, such as mitochondria, 

contribute to a lack of energy balance and may in part explain the lack of glucose utilisation 

and apparent shift in metabolism in an attempt to utilise alternative energy sources. The 

induced neuronal cell death manifests as numerous symptoms such as changes in behaviour 

or loss of fine motor control, moreover, HD may also cause neurodegeneration of the 

hypothalamus which houses the suprachiasmatic nucleus (SCN) the master circadian 

pacemaker (See Chapter 1) [417, 430]. Perturbations to the circadian system and sleep are 

therefore closely linked to HD pathology [430, 431]. 
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HD is considered a rare disease, despite being the most common monogenic 

neurodegenerative disease in the west affecting ~10.6-13.7 per 100,000 in ‘western’ 

populations, with lower prevalence observed in non-white ethnic groups [417, 432]. HD can 

be pre-emptively tested for in patients where there is a known family history, else, patients 

will likely only receive a diagnosis after onset of symptoms [417, 432]. As a rare disease the 

pool of potential candidates for HD clinical trials is limited which restricts the frequency and 

scope of human clinical trials generating a need for an adequate animal model [433]. Rodents 

are the most commonly employed animal model to investigate HD, but questions have been 

raised on their efficacy for studying HD due to the differences in brain size and morphology 

vs larger brained mammals such as humans and their short lifespan is counterproductive to 

study a disease which develops progressively over an extended period of time. Sheep (Ovis 

aries) have therefore been proposed as a large animal model to circumvent these issues with 

a typical life span of ten years and possessing all the brain structures (nuclei) expected of a 

large mammal [433, 434]. Added benefits of a large animal model include ease of imaging (via 

PET or MRI) and drug/gene therapy agent delivery due to the larger brain size [434]. The 

transgenic HD sheep (Ovis aries – Merino breed) model OVT73 possesses a full length mHTT 

transgene with a 73 CAG repeat sequence. Carriers of this transgene do not exhibit brain 

abnormalities characteristic of HD pathology at age five but there is evidence of perturbed 

circadian rhythms (worsening with age) which manifests as altered activity cycles. Thus, sheep 

at this age are considered pre-symptomatic based on current guidelines of assessing HD 

progression but are not devoid of changes in comparison to their wild type counterparts. Case 

and point, metabolic differences between wild type and HD sheep have been reported at age 

five from post-mortem liver/brain tissue samples [434]. This would suggest that metabolic 

disruption and small alterations in behaviour, in this model at least, precedes atrophy of brain 
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tissue characteristic of HD progression. This model therefore affords the opportunity to 

investigate metabolic disturbances, as well as the progressive perturbations to the circadian 

system associated with the disease, in pre-symptomatic HD cases providing improved insight 

into HD pathology at the earliest stages. 

The purpose of this study was to utilise the aforementioned HD sheep model (OVT73, Ovis 

aries – Merino breed) to (1) characterise differences in circadian regulated metabolism 

between control (wild type) and HD sheep (ewes) at ages of five and seven years and (2) 

ascertain metabolic pathways disrupted as a result of HD pathology at the pre-symptomatic 

stage. Time series blood samples were acquired under constant routine-esque conditions 

(darkness, fasted, restricted activity) with a sampling resolution of 1 h over 27 h. Samples 

were analysed via a commercially available targeted metabolomics assay (AbsoluteIDQ® p180 

targeted metabolomics kit (Biocrates Life Sciences AG, Innsbruck, Austria)), to acquire 

metabolite concentration values across the time course for up to ~180 metabolites. As HD is 

progressive it was hypothesised that metabolic and circadian disruption would be greater in 

the older HD aged group versus wild type counterparts (control group) of the same age. 
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7.2. Results  

7.2.1. Data processing outcomes 

Data was collected for 13 control sheep and 14 HD sheep at five years of age (2015 cohort) 

and from 15 control sheep and 16 HD sheep at seven years of age (2017 cohort). Of the control 

sheep, eight were sampled at both five and seven years of age whilst ten HD sheep were 

sampled at both five and seven years of age, all other sheep were only sampled at a single 

age. Within the 2015 and 2017 cohorts a total of 133 and 128 metabolites, respectively, were 

detected and passed QC filtering checks. Of these metabolites, only one was excluded (Met-

SO, Methionine sulfoxide) from rhythm analysis due to excessive missing values (see Methods 

2.3.3.3.). Prior work established batch effects between samples analysed from the 2015 

cohort and the 2017 cohort believed to be the result of changes made by the manufacturer 

in the applied Biocrates assays affecting the metabolomics analyses in unforeseen ways. 

Therefore, the decision was made to avoid inter-cohort comparisons (2015 vs. 2017) and rely 

on intra-cohort comparisons (control vs HD) at both ages of sheep separately [282]. 

7.2.2. Unsupervised multivariate analysis  

A full list of rhythmic metabolites, alongside metabolite amplitude/midline estimating 

statistic of rhythm, are provided in Appendix Table E1. As in Chapters 5 and 6, a cross 

reference approach was taken for the rhythm analysis such that, metabolites were classified 

as rhythmic if they obtained a significant result (p < 0.05) post FDR correction in the majority 

of applied algorithms (>=3). Metabolites classified as rhythmic were subject to differential 

rhythmicity analysis and classified as ‘same’ (no significant difference in rhythm between 

control / HD), ‘change’ (significant difference (p < 0.05) in acrophase between control / HD), 

‘gain’ (significant difference (p < 0.05) in rhythm between control / HD, only rhythmic in HD), 
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‘loss’ (significant difference (p < 0.05) in rhythm between control / HD, only rhythmic in 

control). Unsupervised analysis of the metabolome, outside of the time domain, for the 2015 

and 2017 cohorts via PCA showed little inter-group difference (control vs HD) for either cohort 

with inter-group variation exceeded by intra-group variation. 

  

Figure 7.1: Principal components analysis of all metabolites across all time points for (A) 

2015 control cohort (n = 13, red) & HD (n = 14, green) and (B) 2017 HD control cohort (n = 

14, red) & HD cohort (n = 16, green). PCA analysis displays very little inter-group variation in 

this unsupervised analysis with the majority of samples from either group clustering together 

at both time points. Other sources of inter-individual variation appear to exceed the variation 

induced by the HD transgene at the pre-symptomatic stage when observing the serum 

metabolome as a whole in an unsupervised manner. 
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7.2.3.  Group level rhythm analysis 

Investigations into the time domain, such as the group rhythm analysis better reveal inter-

group differences (Figure 7.2) where the control groups exhibit more rhythmic metabolites 

(five years of age = 41 metabolites, seven years of age = 65 metabolites) than the HD groups 

(five years of age = 36 metabolites, seven years of age = 33 metabolites) especially at seven 

years of age.  

  

Figure 7.2: Group level rhythm analysis outcomes, number of rhythmic metabolites by time 

point (2015, 2017) and group (control = white, HD = blue). Cohort size: 2015 control, n =13, 2015 
HD, n = 14, 2017 control, n = 14, 2017 HD, n = 16 
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Furthermore, such inter-group differences present as differences in acrophase between 

control and HD groups with three and five metabolites exhibiting an acrophase difference of 

>2 h in the 2015 and 2017 cohort, respectively (Table 7.1).  

 

Visualisations of individual metabolite rhythms, via heatmaps (Figure 7.3) for all rhythmic 

metabolites display highly similar rhythmic patterns between control and HD sheep within 

the 2015 cohort yet there are perturbations to rhythm shape for numerous metabolites 

between control and HD sheep for the 2017 cohort, predominantly effecting 

glycerophospholipids (GP).

Table 7.1: A list of metabolites with an acrophase difference of >2 h between control and HD 

sheep at 2015 (age five) or 2017 (age seven) time points. 
 

Cohort Metabolite IDs Acrophase difference 
(h) (control relative to 

HD) 
2015 LysoPC a C16:1 -4 
2015 LysoPC a C18:1 -3 
2015 LysoPC a C18:2 -3 
2017 Asn (Asparagine) 7 
2017 Phe (Phenylalanine) 5 
2017 Urea 5 
2017 Kynurenine 4 
2017 C18 (Octadecanoylcarnitine) 2 

Metabolites are listed by cohort then in order of descending magnitude, ignoring +/- . Acrophase is rounded 
to the nearest hour to match the resolution of the DLMO scale. Metabolite names maintain parity with 
naming conventions utilised by the applied Biocrates p180 targeted assay kit, details provided below. PC – 
Glycerohosphatidylcholine. ‘a’ or ‘aa’ – both moieties (or one in the case of lysoPCs) at the sn-1 and sn-2 
positions are fatty acyl residues bound to the glycerol backbone by ester bonds. ‘ae’ - one of the moieties, 
either in the sn-1 or sn-2 position, is a fatty alcohol residue bound by an ether bond. 
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Figure 7.3: Reproduced in its entirety from [282]. Comparison of rhythmic metabolites in 

control sheep to the same metabolites in HD sheep. Rhythmic metabolites shown as heatmaps 

displaying Z-scored and group averaged changes in metabolite concentrations (red = high, blue 

= low) relative to dim light melatonin onset (DLMO) in 5-(control group, A; HD group, B) or 7- 

(control group, C; HD group, D) year old sheep. DLMO measurements were as follows: for 5-

year-old control sheep (n = 13), DLMO= 17.6±4.5 h (A); 5-year-old HD sheep (n = 14), DLMO= 

18.8±2.6 h (B); 7-year-old control sheep (n = 14), DLMO= 19.4±0.6 h (C); 7-year-old, HD Sheep (n 

= 16); DLMO 20.7±0.7 h (D). Brackets in C, D indicate metabolites with rhythm patterns that are 

distinctively different in control and HD sheep. Arrowheads in C, D indicate the approximate 

peak times of the rhythms. 
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Differential rhythmicity analysis did not identify any metabolite rhythms deemed significantly 

different between control and HD sheep in the 2015 cohort, meaning all 55 metabolites 

classified as rhythmic in both or either group were considered to have rhythms that did not 

significantly differ. For the same analysis performed on the 2017 cohort it was revealed that 

46 metabolite rhythms did not significantly differ between control and HD cohort whilst 32 

metabolite rhythms were deemed significantly different between control and HD sheep (22 

– ‘change’, 2 – ‘gain’ , 8 – ‘loss’, Table 7.2). Metabolite rhythms classified as significantly 

‘changed’ between the 2017 control and HD group were predominantly made up of GPs and 

lysoGPs, corroborating with the visual differences in GP rhythms observed within the 

produced heatmaps (Figure 7.3). 

 

Table 7.2: A list of rhythmic metabolites also identified as differentially rhythmic between 

Control and HD sheep, 2017 (age seven) cohort. 
 

Cohort Classification Metabolite 
2017 ‘change' – difference in 

acrophase/shape 
Ala (Alanine) 

2017 ‘change' – difference in 
acrophase/shape 

Asn (Asparagine) 

2017 ‘change' – difference in 
acrophase/shape 

C18:1 (Octadecenoylcarnitine) 

2017 ‘change' – difference in 
acrophase/shape 

Kynurenine 

2017 ‘change' – difference in 
acrophase/shape 

lysoPC a C16:0 

2017 ‘change' – difference in 
acrophase/shape 

lysoPC a C16:1 

2017 ‘change' – difference in 
acrophase/shape 

lysoPC a C18:0 

2017 ‘change' – difference in 
acrophase/shape 

lysoPC a C18:1 

2017 ‘change' – difference in 
acrophase/shape 

lysoPC a C18:2 

2017 ‘change' – difference in 
acrophase/shape 

lysoPC a C20:3 

2017 ‘change' – difference in 
acrophase/shape 

lysoPC a C20:4 
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2017 ‘change' – difference in 
acrophase/shape 

PC aa C32:0 

2017 ‘change' – difference in 
acrophase/shape 

PC aa C34:4 

2017 ‘change' – difference in 
acrophase/shape 

PC aa C36:1 

2017 ‘change' – difference in 
acrophase/shape 

PC aa C36:2 

2017 ‘change' – difference in 
acrophase/shape 

PC aa C38:3 

2017 ‘change' – difference in 
acrophase/shape 

PC aa C38:4 

2017 ‘change' – difference in 
acrophase/shape 

PC aa C38:5 

2017 ‘change' – difference in 
acrophase/shape 

PC aa C38:6 

2017 ‘change' – difference in 
acrophase/shape 

PC ae C36:1 

2017 ‘change' – difference in 
acrophase/shape 

PC ae C36:4 

2017 ‘change' – difference in 
acrophase/shape 

PC ae C42:3 

2017 ‘gain' - Rhythmic in HD His (Histidine) 
2017 ‘gain' - Rhythmic in HD Thr (Threonine) 
2017 ‘loss' - Rhythmic in 

control 
alpha-AAA (alpha-Aminoadipic acid) 

2017 ‘loss' - Rhythmic in 
control 

Carnosine 

2017 ‘loss' - Rhythmic in 
control 

Cit (Citrulline) 

2017 ‘loss' - Rhythmic in 
control 

Lys (Lysine) 

2017 ‘loss' - Rhythmic in 
control 

PC aa C40:5 

2017 ‘loss' - Rhythmic in 
control 

PC ae C40:4 

2017 ‘loss' - Rhythmic in 
control 

PC ae C40:5 

2017 ‘loss' - Rhythmic in 
control 

Sarcosine 

Metabolite names maintain parity with naming conventions utilised by the applied Biocrates p180 
targeted assay kit, details provided below. PC – Glycerohosphatidylcholine. ‘a’ or ‘aa’ – both 
moieties (or one in the case of lysoPCs) at the sn-1 and sn-2 positions are fatty acyl residues bound 
to the glycerol backbone by ester bonds. ‘ae’ - one of the moieties, either in the sn-1 or sn-2 
position, is a fatty alcohol residue bound by an ether bond. 
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To ascertain when metabolites which were deemed as significantly different between the 

control and HD cohorts were peaking across the time course in relation to melatonin and 

cortisol, the following plots were produced (2015 cohort – Figure 7.4, 2017 – Figure 7.5). For 

both the 2015 and 2017 cohorts, control and HD sheep present with a robust melatonin 

rhythm with metabolites typically peaking around DLMO and approximately 12 h later 

(subjective morning) as melatonin levels begin to decline. Whilst melatonin was classified as 

significantly rhythmic across all groups, an unremarkable result due to its status as the gold 

standard circadian marker, cortisol was not classified as rhythmic for the control or HD sheep 

at either timepoint when it would be expected to follow a circadian rhythm.  
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Figure 7.4: Acrophase distributions relative to DLMO overlaid with the melatonin (solid 

line) and cortisol (dashed line) rhythms for the (A) Control sheep 2015, (B) HD sheep 

2015. Control cohort n = 13, HD cohort n =14. For example, 5 metabolites peaked 12 h 

after DLMO for the control group. 
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Figure 7.5: Acrophase distributions relative to DLMO overlaid with the melatonin (solid 

line) and cortisol (dashed line) rhythms for the (A) Control sheep 2017, (B) HD sheep 

2017. Control cohort n = 14, HD cohort n =16. For example, 10 metabolites peaked 12 h 

after DLMO for the control group. 
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7.2.4. Pathway enrichment analysis 

Pathway enrichment analysis for the 2015 cohort yielded two and three enriched pathways, 

post BH FDR correction, for the control and HD group respectively (Table 7.3). ‘Aminoacyl-

tRNA biosynthesis’ and ‘Arginine biosynthesis’ were jointly enriched across both groups whilst 

‘Valine, leucine and isoleucine biosynthesis’ was enriched only in the HD group.  

 

The 2017 cohort yielded four and three enriched pathways, post BH FDR correction, for the 

control and HD group respectively (Table 7.4). Once again ‘Aminoacyl-tRNA biosynthesis’ was 

enriched in both groups whilst ‘Valine, leucine and isoleucine biosynthesis’, ‘Arginine 

biosynthesis’ and ‘Tryptophan metabolism’ were enriched only in the control groups whilst 

‘Phenylalanine, tyrosine and tryptophan biosynthesis’ was rhythmic only in the HD group. 

 

Table 7.3: Pathway enrichment analysis results for rhythmic metabolites (non-lipid & lipid) 

in the 2015 (age five) cohort. ‘Hits’ refers to the number of submitted entries matched to 

the corresponding pathway. Only significant results (p < 0.05) post BH FDR correction are 

shown. 
 

Control - 2015 Total Hits FDR Impact 
Aminoacyl-tRNA 
biosynthesis 

48 7 4.28E-06 0 

Arginine biosynthesis 14 3 0.00847 0.30457 
   

   

HD - 2015 Total Hits FDR Impact 
Aminoacyl-tRNA 
biosynthesis 

48 9 7.43E-08 0 

Valine, leucine and 
isoleucine biosynthesis 

8 4 4.61E-05 0 

Arginine biosynthesis 14 3 0.014635 0.28934 
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7.3. Discussion  

The below discussion features excerpts, written by myself, contained in the original 

publication of which I am a co-author [282] while including edits and additions relating to new 

analysis and read literature performed by myself following the publication of the paper. 

The differences between HD and control sheep across the two age groups were primarily 

evident in the circadian rhythm analysis of the two cohorts. While in the five year old sheep 

the number of rhythmic metabolites, acrophase, and rhythm shape, were highly similar the 

same did not hold true for the seven year old sheep. This result was most clearly observed by 

the outcome of the differential rhythmicity analysis which concluded that none of the 

metabolites tested were differentially rhythmic with the 2015 aged five cohort but that 32 

metabolites were significantly differentially rhythmic in the 2017 aged seven cohort. Several 

metabolites, predominantly GPs in the HD group showed distinct alterations in normal 

Table 7.4: Pathway enrichment analysis results for rhythmic metabolites (non-lipid & lipid) 

in the 2017 (age seven) cohort. ‘Hits’ refers to the number of submitted entries matched to 

the corresponding pathway. Only significant results (p < 0.05) post BH FDR correction are 

shown. 
 

Control - 2017 Total Hits FDR Impact 
Aminoacyl-tRNA 
biosynthesis 

48 8 5.87E-06 0 

Valine, leucine and 
isoleucine biosynthesis 

8 3 0.004833 0 

Arginine biosynthesis 14 3 0.019873 0.28934 
Tryptophan 
metabolism 

41 4 0.038278 0.3695 

  
    

HD - 2017 Total Hits FDR Impact 
Aminoacyl-tRNA 
biosynthesis 

48 8 1.02E-07 0 

Phenylalanine, tyrosine 
and tryptophan 
biosynthesis 

4 2 0.018906 1 
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rhythms at DLMO+3 h, which corresponds to previous observations of disturbed evening 

behaviour in HD sheep when isolated by genotype [435]. Further, GPs have also been 

observed to follow circadian rhythms in humans in the untargeted lipidomics results 

presented (see Chapter 5). GPs almost exclusively peaked within 2 h of DLMO, indicating a 

high degree of temporal control of GPs in healthy humans. This observation in humans runs 

parallel to observations in the control sheep of either age, or the five year old HD sheep, 

where GPs tend to peak at or ~6 h prior to DLMO. Perturbations to GP rhythms observed in 

the 7 year old HD sheep are indicative of HD pathology in the ewe model, but are likely 

relevant to humans based on the parallel comparisons in healthy humans and the control 

sheep. Similar aberrations in day/night time activity have also been observed in mouse and 

pig models of HD and suspected in humans [435]. These aberrations in activity are believed 

to be linked to disruptions of the circadian system and present in other neurodegenerative 

diseases such as Parkinson’s disease, Alzheimer’s disease, and dementia [436-438]. Increased 

melatonin concentration in blood samples from HD sheep have been described previously, 

for this cohort yet acrophase did not differ relative to controls [439], despite prior evidence 

of delayed melatonin rhythms in HD discussed further below. Thus, the circadian changes 

described in the seven year old sheep here are observed despite there being no significant 

difference in melatonin ‘phase’ between control and HD sheep at either age though 

melatonin concentration was higher in HD sheep. This suggests that the observed differences 

in circadian phase described above are not directly regulated by the SCN, but rather may be 

regulated by aberrant behavioural cycles and/or timing of peripheral clocks. The liver is the 

most likely driver of this, due to its central role in lipid metabolism and lipids predominantly 

featuring a change in rhythm between control and HD sheep aged seven years. Prior work in 

HD mouse models have shown uncoupling of the liver peripheral clock with the central clock 
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(SCN) resulting in perturbed circadian rhythms of the liver and metabolic perturbations; thus, 

providing evidence that this is a possibility within the HD sheep model [440]. This concept is 

discussed in further detail below. 

In the original publication relating to the ewe cohort presented [439], cortisol secretion was 

reported as significantly lower in HD ewes, but not rams, versus controls at both age groups 

(age five vs. age seven). However, within this thesis cortisol was not deemed rhythmic thus 

no comment on acrophase differences can be made in agreement with the original 

publication. As a circadian regulated hormone a cortisol rhythm would be expected in 

controls, though may be expected to be lost in HD, as shown in a HD mouse model [441], or 

exhibit increased concentration or delayed phase as observed in human HD cases [442-444]. 

Though not all studies report a significant change in cortisol profiles in HD participants [445] 

with Kalliolia et al suggesting the conflicting observations may relate to sampling protocols 

affecting results, i.e., more frequent sampling and participant arousal during sleep resulting 

in greater cortisol secretion. Further, Kalliolia notes that depression is a common co-morbidity 

of HD in humans and 30% of patients with depression have increased cortisol secretion whilst 

their cohort was reported as not having ‘significant depression’. It is also possible that the 

conflicting results are in part caused by the multimodal regulation of cortisol, which exhibits 

both circadian and ultradian rhythms [445] and is regulated in response to stress via the 

hypothalamic–pituitary–adrenal (HPA) [446]. When phase advances are observed in cortisol 

is likely the result of perturbations to the circadian system (SCN), corroborated by 

observations of delayed circadian markers melatonin in humans with advanced HD [447]. As 

mentioned above, no such delay in melatonin was observed in the sheep model, however, a 

similar albeit non-significant delay in melatonin was observed [439] which may suggest the 

delay in melatonin/cortisol occurs at later stages in HD whilst uncoupling of peripheral clocks 
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such as the liver occur at earlier stages of HD. Whilst not observed in a single study it is 

interesting to question whether melatonin and cortisol remain phase locked in HD as they are 

in healthy individuals, as both have been observed to be delayed (phase advanced) in human 

HD cases [444, 447], or whether dysregulation of the circadian system extends to changes in 

the phase relationship between these two hormones. However, this assertion cannot be 

tested within the sheep model presented due to the aforementioned lack of a cortisol rhythm 

and no delay in melatonin phase; the former potentially masked by stress induced secretion 

of cortisol due to sampling or other factors as suggested by Kalliolia [445]. Observations with 

regards to elevated levels of cortisol in HD likely relate to independent changes inciting HPA 

hyperactivity resulting in the elevated cortisol baseline/peak observed in the human HD 

studies mentioned previously. However, data on the sheep (ewes) presented do not adhere 

to prior observations that baseline cortisol levels are elevated in HD. Being that the result is 

so atypical providing an explanation for the observation is difficult and may be why the 

original authors investigating melatonin and cortisol rhythms in the ewe cohort presented 

offered no further discussion on the matter themselves [439]. Hepatic dysfunction in HD, 

primarily observed in mouse models, have previously been reported on among other tissues. 

The most notable impacts appear to be progressive mitochondrial dysfunction, mirroring 

what occurs within neurons in HD, in addition to perturbations of the urea cycle and lactate 

metabolism with the latter perhaps related to the disruptions in central carbon metabolism 

and shift to alternate methods of energy production reported on in the Introduction (see 

Section 7.1) [448]. Evidence from our own results, coupled to the evidence compiled in the 

review by Chuang and Demontis [448] allude to dysfunction of circadian regulated 

metabolism in the liver. This could either be due to the breakdown of the SCNs innate ~24 h 

rhythm, which appears unlikely due to preservation of melatonin rhythms in all cohorts, or a 
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lack of communication between the central circadian system (SCN) and peripheral clocks such 

as the liver clock. As a peripheral clock the liver can be regulated by the SCN directly or via 

Zeitgeber such as feeding. A mouse model study observed the aforementioned aberrations in 

activity in HD mice vs wild type and were able to restore the typical daily rhythm and reverse 

metabolic abnormalities observed in the liver through scheduled feeding. Further, the study 

demonstrated, through in vitro cultures, that the liver peripheral clock still oscillates on a ~24 

h cycle in HD mice. Thus, the circadian dysregulation observed in HD is likely due to 

uncoupling, i.e., a lack of communication between the liver clock and the SCN and not from 

the breakdown of their respective ~24 h rhythms. This hepatic mitochondrial dysfunction is 

not exclusively observed in the mouse model and has been observed in pre-symptomatic 

human HD cases [449]. The liver has been raised as a point of interest in HD across multiple 

animal models and now humans, thus, it appears highly likely that the liver as a peripheral 

clock and metabolically active organ is genuinely involved in HD pathology. A possible link 

between the liver dysfunction and HD is outlined below. 

Glycerophospholipids, specifically phosphatidylcholines (PC) and lysophosphatidylcholines 

(lysoPC), are the most prominent metabolite classes displaying differences in rhythmicity 

within our data. The biological significance of these differences is not known. A potential 

metabolic process of interest, however, is the Land’s cycle, a process which regulates 

interconversions between GPs and lysoGPs through deacetylation/acetylation and occurs 

jointly within the liver and the blood stream. Interestingly, temporal activity for specific 

enzymes that regulate the Land’s cycle have been observed in vitro such as lysoPC 

acyltransferase (LPCAT) which regenerates PCs from lysoPCs in the presence of acyl-CoA 

[450]. Moreover, phospholipase A2 that is responsible for converting PCs to lysoPCs in the 

Land’s cycle has been shown to have increased activity in leukocytes in HD patients and may 
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partly explain why serum concentrations of specific PCs decrease in conjunction with HD 

progression [451, 452]. Temporal regulation is a mechanism that can separate incompatible 

metabolic processes and is potentially required to some degree for optimal regulation of the 

Land’s cycle and associated outcomes such as clearing excess lysoPCs from the blood stream 

and regenerating PCs [453]. It can be inferred from our data that there is some degree of 

temporal dysregulation in the HD sheep although its source must remain a matter for 

speculation but likely relates to uncoupling of peripheral clocks from the SCN. Further, it has 

already been shown that mHTT migrating from the brain to the liver via the bloodstream can 

affect gene expression of key enzymes for metabolic processes, e.g., by repressing 

transcription factors, [448] which likely contributes to the metabolic dysfunction alongside 

perturbed circadian regulation. Should phospholipase A2 activity be increased in HD patients, 

as previously observed, and/or temporal dysregulation of other components of the Land’s 

cycle occurs, a potential consequence may be diminished circulating PCs and excessive 

circulating lysoPCs. Circulating lysoPCs have numerous roles and effects on different cell 

types, such as promoting inflammation and inducing demyelination both of which are 

associated with HD pathophysiology [452, 454]. In support of this hypothesis all seven lysoPC 

with significantly different rhythms (‘change’) between 7 year old control and HD sheep had 

a higher midline estimating statistic of rhythm (MESOR) in HD ranging from 8.6%-24.6%. The 

MESOR, calculated as part of the applied cosinor rhythm analysis, indicates an elevated base 

level of lysoPCs in the HD group vs controls. However, the same is also true for seven of the 

10 PCs classified as ‘change’ with an increase in MESOR of 0.95-10.2% for HD compared to 

control; perhaps suggesting additional or more nuanced changes to the Lands cycle as 

outlined above. Of the aforementioned 7 lysoPCs, only three were rhythmic in the 5 year old 

cohort (lysoPC a C16:1, lysoPC a C18:1, lysoPC a C18:2), none were classified as significantly 
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different and all had a higher MESOR in the HD group vs controls (0.8-7.3%) whilst 6 of the 10 

aforementioned PCs were rhythmic in the 5 year old cohort (PC aa C38:4, PC aa C38:6, PC aa 

C40:5, PC ae C36:1, PC ae C36:4, PC ae C42:3) none were classified as significantly different 

and five had a higher MESOR in the HD group vs controls (3.7-16.0%). Moving forward, the 

Land’s cycle, and its potential temporal regulation of phospholipids, should be considered a 

metabolic pathway of interest in relation to HD progression.  

The notable outcomes of this study were not limited to lipids, with some interesting data 

yielded from differential rhythmic analysis and pathway enrichment analysis of polar 

metabolites. Tryptophan metabolism was enriched in the 2017 control cohort which, as 

mentioned in the introduction, comprises the kynurenine pathway whose products have a 

profound effect on the progression of HD. Yet this pathway was not enriched among rhythmic 

metabolites in the 2017 HD cohort, nor the 2015 HD or control cohorts. However, of the 41 

metabolites that comprise the KEGG ‘Tryptophan metabolism’ reference pathway only three 

were covered by targeted assay applied (tryptophan, serotonin, kynurenine) with melatonin 

measured separately. Thus, three of these four metabolites would have needed to be 

classified as rhythmic in any individual group, as was the case in 2017 control group, to meet 

the specified cutoff of being considered an enriched pathway. As the coverage of any specific 

metabolic pathway by the targeted assay applied is limited so too is the power of the pathway 

enrichment analysis. Not observing tryptophan metabolism enriched within the 2015 cohort 

may discourage the kynurenine pathway as a line of enquiry if not for the fact that kynurenine 

was classified as having a significantly altered rhythm between the 2017 control and HD 

cohorts. Whilst the evidence cannot be fully provided within this study, it is worth speculating 

that the reported disturbances in the kynurenine pathway within HD may be due to circadian 

disruption or loss of rhythm of metabolites that comprise the pathway. This may be due to 
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loss of rhythm of precursor metabolites, although tryptophan is such a precursor metabolite 

and was rhythmic in both HD and control groups, or loss of rhythm for enzymes bottle necking 

specific metabolite transitions potentially favouring some reactions such as the production of 

quinolinic acid whilst hampering others such as kynurenic acid. Excessive levels of the former 

and lowered levels of the latter were associated with HD progression as detailed in the 

introduction to this chapter (see Chapter 7.1). Other polar metabolites of note that lost 

rhythmicity in the 2017 HD cohort vs controls include lysine and alpha-Aminoadipic acid, both 

of which can be found in the lysine degradation pathway which, among multiple functions, 

produce precursors for the TCA (citric acid) cycle such as acetyl CoA. Within the introduction 

of this chapter (see Section 7.1) it was stated that central carbon metabolism (TCA cycle, 

glycolysis, pyruvate metabolism) are believed to be perturbed in HD. The loss of rhythm of 

lysine and alpha-Aminoadipic acid rhythms potentially contributes to these prior 

observations. It is worth noting however that the applied targeted panel did not contain the 

vast majority of metabolites that comprise these pathways, thus, the loss of lysine and alpha-

Aminoadipic acid is not necessarily representative of system level alterations in metabolism. 

Further to this limitation, histidine and threonine, were rhythmic in HD but not control sheep 

for the 2017 cohort yet this gain in rhythm is not easily explained for two metabolites which 

are not closely related. Larger targeted panels or bespoke targeted assays for pathways of 

interest, such as those named above, should be considered in any follow up studies to (1) 

confirm the findings discussed and (2) expand on the limited pathway analysis afforded by 

the applied assay within this study. If possible, greater consideration should be given in 

advance with regards to mitigating batch affects to allow for longitudinal comparisons which 

were not possible in the current study. Further, the animal model in question has an expected 

lifespan of ~10 years, sampling at nine years of age, in addition to five and seven years, would 
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likely benefit future analysis by observing cases of HD in a more advanced stage. As surmised 

in the original publication of this chapter [282] it may also benefit follow up studies to include 

a mixed sex cohort of ewes and rams to identify sex dependent differences, if any, as recent 

reviews highlight conflicting reports on how sex may affect the severity of HD phenotype or 

onset of co-morbidities such as depression [455, 456]. As discussed in previous chapters, 

notably Chapter 1 and the discussion of Chapter 5, the mammalian circadian system and 

metabolism exhibit sexual dimorphism with sex also influencing brain development [456]. As 

circadian regulation of metabolism appears highly relevant to HD progression any factors 

which affect either system, such as sex, should be considered an avenue of further 

investigation. 

7.4. Chapter summary 

Taken as a whole the results suggest that the acrophase of the metabolite rhythms do not 

appear to shift by a large margin, as so few metabolites exhibited >2 h changes in acrophase 

in control vs HD comparisons. However, the rhythms do appear perturbed as visually 

illustrated in the heatmaps and inferred from the differential rhythmicity analysis which 

identified 22 metabolites as 'change' between 2017 control and HD sheep. The sheep at both 

age ranges are considered pre-symptomatic and is likely why these changes are so subtle and 

may in part explain why unsupervised analysis ignoring the time domain (e.g., PCA) offers 

limited insight into the apparent changes that have occurred between control and HD sheep 

at seven years of age. They do not exhibit large fold changes in metabolite concentrations nor 

complete ablation of circadian rhythms, at least not yet, but rather smaller alterations in the 

rhythm shape and in some instances acrophase. Such results would likely have been 

overlooked if only applying more standardised statistical analyses typically employed for 
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single time point sampling. This study therefore acts as an excellent example of 

interdisciplinary research that embodies the spirit of this entire thesis. By combining the 

power of metabolomics platforms with the bespoke sampling and time series analytics of 

circadian biologists new evidence has come to light with regards to HD progression. 
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Thesis Summary 

The primary focus of the PhD research presented in this thesis has been on the detection and 

measurement of metabolite rhythms under the prevailing theme of circadian regulation of 

metabolism and how this regulation relates to various phenotypes such as health, disease, 

and sex. To fulfil this overarching theme original research was performed in the form of: a 

literature review on the emergent field of metabolomics applied in human circadian studies; 

application of untargeted UHPLC-MS metabolomics assays (lipidomics/HILIC) and a bespoke 

rhythm analysis workflow to characterise metabolite rhythms in a young healthy population 

in addition to identifying sex dependent differences; application of a targeted assay (Biocrates 

AbsoluteIDQ P180) to characterise metabolite rhythms in a sheep model of Huntington’s 

disease at different ages. 

The literature review, detailed in Chapter 3, was the first review to collate results and provide 

commentary for all studies applying metabolomics to investigate time of day variation 

(diurnal/circadian rhythms) of metabolites in humans. The review highlighted gaps in the 

literature detailed within this thesis, such as minimal application of HILIC assays and a lack of 

female representation in cohorts for this research area; in addition, it also highlighted 

metabolites that were consistently reported to be rhythmic across a broad range of 

experimental designs (Table A5). Identifying robustly rhythmic metabolites is of value to the 

field due to a growing need to accurately estimate internal biological time (circadian phase) 

within an individual for the purposes of chronotherapy. Chronotherapy is a broad term 

describing treatments designed to modulate the circadian system to treat or minimise the 

symptoms of circadian related health issues e.g., light therapy [466]. Additionally, it also refers 

to the timing of treatments such as drug/chemotherapy relative to an individual’s circadian 
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phase that maximises treatment efficacy whilst minimising toxicity; such practices may also 

be described under the terms chronopharmacology and chronochemotherapy [466-468]. 

Thus, utilising chronotherapy as one facet of personalised medicine is dependent on our 

ability to accurately measure the circadian phase of an individual to facilitate optimal timing 

of treatment or modulation of circadian phase. As discussed within this thesis the current gold 

standard phase marker is melatonin to determine DLMO, which is reliant on multiple samples 

taken over a time course under dim light conditions. This methodology is considered 

suboptimal in a clinical setting [469]; yet, despite this suboptimal method and in the absence 

of a better phase marker DLMO is still recommended as a diagnostic tool for circadian rhythm 

sleep disorders [470]. Thus, single time point prediction of an individual’s phase is considered 

a major stepping stone towards the application of chronotherapy in a real word setting. As 

detailed by Wittenbrink et al [469], the main benefits of single sampling are a reduction of 

(invasive) sample collection coupled to minimised time and cost of processing such samples 

resulting in a more efficient and therefore optimised method for clinical practice versus DLMO 

measurements. However, the challenge in single time point sampling is identifying and 

profiling robust phase markers (e.g., metabolites, transcripts) that are rhythmic (~24 h period) 

across a broad range of individuals. Further, phase markers would ideally differ in phase to 

one another but otherwise remain phase locked and exhibit similar phase, amplitude, and 

MESOR across individuals [319, 469, 472]. Rhythmic profiles of the phase markers acquired 

across a time series, from which acrophase, amplitude and MESOR could be measured, can 

be used as a point of reference to construct a molecular timetable [319, 471], or implemented 

into a machine learning algorithm as a training set [278, 469, 472, 473], with the intent of 

predicting biological time from minimal/single ‘test’ samples by either method. Robust phase 

markers would therefore need to be observable across a range of phenotypes (age, sex, 
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ethnicity, health/disease status) and under a range of environmental conditions (entrained – 

real world, constant routine). Therefore, the aforementioned results from the review and 

metabolites listed Table A5 are relevant in this regard. Furthermore, the results from Chapters 

5/6 included group level rhythm analysis between male and female groups to determine sex 

dependent differences alongside individual level rhythm analysis. Subsequently, the outputs 

of this thesis are well placed to comment on rhythmic metabolites which are observed across 

multiple studies, similar between sexes, and observable across individuals, in turn highlighting 

candidate phase marker metabolites. 

As shown and partially discussed in Chapters 5/6 metabolites from Table A5 such as ornithine, 

citrulline, tryptophan, LysoPC(16:0), LysoPC(17:0), PC(34:2), ST(21:2;O2;S) (potentially 

pregnenolone sulphate), ST(21:4;O5) (potentially cortisone) were annotated in the 

metabolomics data presented and were rhythmic in both male and female groups. There are 

more examples of rhythmic metabolite features in male and female groups which may 

correspond to the list in Table A5 (e.g., LysoPC(18:1), LysoPC(18:2), PC(32:1)) but such 

features have multiple annotations reducing the confidence in their identification and once 

again highlighting the challenges of metabolite annotation. The metabolites proline, leucine, 

and isoleucine are some of the most frequently reported rhythmic metabolites but were not 

successfully annotated and observed in Chapters 5/6, however the dipeptides 

isoleucylproline/leucylproline (annotated in tandem) were rhythmic in male and female 

groups. The aforementioned metabolites also exhibit a highly similar acrophase between 

male and female groups. Tryptophan, ornithine, citrulline, LysoPC(16:0), LysoPC(17:0), 

PC(34:2), isoleucylproline/leucylproline, ST(21:2;O2;S), ST(21:4;O5) all exhibited an 

acrophase difference between males and females ranging from 0.1 – 2 h, as determined by 

cosinor analysis. Therefore, the predicted acrophase difference for these metabolites was less 
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than the sampling resolution applied for the metabolomics analysis performed (2 h) indicative 

of the highly similar phase for these metabolites between male and female groups. However, 

the results do contain some discrepancies. One of two metabolite features annotated as 

ST(21:2;O2;S) was classified as having a ‘change’ in profile and possessed an acrophase 

difference between male and female groups; contrary to the cosinor acrophase estimation 

indicating the second metabolite feature annotated as ST(21:2;O2;S) exhibited no phase 

difference between groups. It is possible both features refer to different metabolites that are 

structural isomers, which could explain the difference in observations, but a more precise 

annotation cannot be obtained. Similar discrepancies are observed at the individual level 

where multiple metabolite features with the same annotation exhibit varying degrees of 

rhythmicity across the cohort. Within the individual level analysis ST(21:4;O5) was considered 

rhythmic in 17 of the 23 participants, ST(21:2;O2;S) rhythmic in 11 participants, 

isoleucylproline/leucylproline rhythmic in six participants, and tryptophan  rhythmic in four 

participants. Prior to FDR correction tryptophan was rhythmic in 16 participants, followed by 

ornithine (pre-FDR) rhythmic in ten participants, PC(34:2) (pre-FDR) rhythmic in seven 

participants, and citrulline (pre-FDR) rhythmic in five participants. However, there were 

additional metabolite features annotated as ST(21:2;O2;S), isoleucylproline/leucylproline, 

tryptophan, ornithine, PC(34:2), and citrulline which presented as rhythmic in fewer 

individuals than the values detailed above. The most frequently observed rhythmic 

metabolites reported in Chapter 3 and observed in Chapters 5/6 exhibited some of the 

desirable characteristics of phase markers. The metabolites discussed in the previous 

paragraph, at the group level, possess similar acrophase between similarly aged healthy males 

and females. Furthermore, several of these metabolites are observed as rhythmic at the 

individual level, to varying degrees, despite the limitations and challenges of individual level 
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rhythm analysis discussed earlier in the thesis. Finally, these metabolites have been reported 

as rhythmic across multiple studies which include constant routine (circadian) and entrained 

(diurnal) studies, thus, we may expect their rhythms are robust across a range of 

environmental/behavioural factors (e.g., light/dark, sleep/wake). The metabolites listed in 

Table A5, such as the examples discussed above, are therefore ideal candidate phase markers 

pending further validation. Some of which, namely tryptophan, leucine, and cortisone, have 

already been used prior to assemble a molecular timetable [319].  

Chapter 5 discussed some of the variability between males and females with regards to the 

magnitude and phase of rhythmic lipids, however, GPs almost exclusively peaked within 2 h 

after DLMO, coinciding with melatonin’s peak, whilst SPs almost exclusively peaked in the 

subjective morning between 6-10 h after DLMO though acrophase for SPs tended to be later 

in the female group than the male group. Whilst not limited to a brief window GLs were 

partitioned into peaking in the subjective morning (4-10 h post DLMO) or evening (4-6 h prior 

to DLMO). These three lipid classes (GP, SP, GL) display strong temporal regulation, under 

constant routine at the group level, so should be considered metabolite classes of interest for 

candidate phase markers. Particularly if future studies can demonstrate that this strong 

temporal regulation of the different classes is observable under entrained (diurnal) 

conditions. A previous study partially corroborates the above observations and reported on 

GLs peaking both in the morning and the afternoon, though the same study could not discern 

a general time of day in which GPs peaked and observed SPs peaking predominately in the 

afternoon [320]. Despite this promise at the group level there is some difficulty observing 

such metabolites on the individual level; within this thesis no GP/SP/GL was rhythmic, post 

FDR, in more than five/two/five participants, respectively. Moreover, in many cases rhythmic 

metabolite features are only annotated confidently to the lipid class and not a single lipid 
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species. Whilst prior work has shown some lipids to be rhythmic and share a similar phase 

across individuals, such as TG(48:0), others present high variability or are even in antiphase 

between individuals such as SM(18:1/24:1) [320]. Despite these difficulties lipids may still 

prove a valuable source of phase markers beyond the frequently reported rhythms in non-

lipid metabolites such as amino acids. Furthermore, a selection of lipids observed as rhythmic 

in this study have previously been observed in prior works as listed in Table 5.3. Thus, lipids 

remain a promising point of interest for the field due to their strong temporal regulation 

which illustrates their potential to act as metabolite phase markers and the role of circadian 

regulation with regards to lipid metabolism. 

Future work should focus on validating the results of the untargeted assays presented, more 

specifically, via the application of (semi)-targeted assays focussing on one or more of the 

aforementioned lipid classes of interest. Such assays would provide quantitative information 

in the form of metabolite concentration over the time course and facilitate more accurate 

annotation. This in turn would produce more accurate rhythmic lipid profiles which may then 

be tested for use as phase markers, creating a preliminary catalogue of phase marker 

metabolites. Validation of the phase markers should include observing lipid rhythms under 

diurnal conditions to observe the degree in which the strong temporal regulation of lipid 

rhythms, initially observed under constant routine, persists under entrained conditions. 

Alternatively, focussing on lipid classes of interest such as GLs and FAs, that comprise the 

TG/FFA cycle, would yield further insight into metabolic pathways that appear strongly 

regulated by the circadian system. It would be of interest to see how such pathways, rhythmic 

in healthy participants under constant routine, behave under diurnal conditions or within shift 

workers. For example, should the TG/FFA cycle be perturbed within shift workers it would 

provide evidence for how lipid metabolism is perturbed due to shiftwork and develop our 
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understanding of the metabolic disruption shift work can cause. Chapter 7 is one such 

example of how a (semi)-targeted assay, with its quantitative data and known metabolite 

identities, greatly benefits the interpretation of rhythm analysis data and expands our 

understanding of metabolic changes in a health versus disease study design. 

The combination of a large mammal model (OVT73), targeted metabolomics and the bespoke 

rhythm analysis workflow, developed in Chapter 4 and applied to data presented in Chapters 

5-7, allowed for novel insight into the circadian regulation of the metabolome in pre-

symptomatic HD vs controls. Most striking about these results was the lack of significant 

differences in metabolite rhythms between controls and HD sheep at age five, according to 

differential rhythmicity analysis, yet the stark difference in metabolite rhythms observed in 

the cohort at age seven. Chapter 7 therefore illustrates the subtle changes to the circadian 

metabolome in pre-symptomatic HD with the progression of age and acts as an excellent 

example of the advantages of time series sampling vs single sampling. Furthermore, it was 

hypothesised how the observed perturbations to lysoPCs and PCs may relate to the Land’s 

cycle and how dysregulation of this cycle could result in increased regulation of lysoPCS. 

Differentially rhythmic lysoPCs all exhibited a higher MESOR in HD vs control groups at age 

seven, supporting this statement, moreover, elevated levels of circulating lysoPCs are 

associated with promoting inflammation and inducing demyelination both of which are 

associated with HD pathophysiology. Thus, Chapter 7 has established how circadian regulated 

metabolites differ between HD and healthy controls, in a large mammal model, and identified 

a metabolic pathway of interest that may be involved with HD pathology. Whilst the study 

benefited from quantitative data acquired from the applied targeted assay, its coverage was 

limited to a theoretical maximum of ~180 metabolites. Future metabolomics work on the 

OVT73 model may benefit from broader targeted assays to identify other metabolite classes 
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of interest with regards to HD pathology or bespoke targeted assays focussing on 

phospholipids, a lipid class of interest based on the data presented in Chapter 7. 

To conclude, this thesis has collated prior knowledge in the research area of circadian 

regulated metabolism and acted on that foundational knowledge base having: (1) performed 

the broadest untargeted metabolomic assays on the largest balanced mix sex cohort sampled 

under constant routine to date; in turn compiling the largest dataset of annotated circadian 

regulated metabolites; (2) characterised sex dependent differences in circadian metabolite 

rhythms in healthy humans which had not previously been performed; (3) proposed 

metabolite phase markers and demonstrated that some frequently observed rhythmic 

metabolites have similar acrophase between males and females and are observable at the 

individual level; (4) expanded our understanding of how circadian regulated metabolism is 

affected by onset of HD in a sheep model; (5) developed an R workflow to facilitate more 

efficient data handling and analysis of time series metabolomics data. 
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APPENDIX 

Appendix Section A – Summary tables for metabolomic studies investigating time of day 

variation reproduced from [78]. 
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Table A1: A brief summary of study design, cohort details and results with regard to observed time of day variation of metabolites for relevant studies analysing urine. 

Author(s) Assay/Platform Time Course Details 
Study 

Setting/Conditions 
Cohort Details 

Rhythmic/Gradient 

Metabolites/Features 

Observed 

Rhythmic/Gradient Classes 

Primarily Observed 

Jerjes et al (2006) [457] 
Targeted 
GC-MS 

Diurnal variation (24 h–3 h 
intervals between samples) 

 

N = 20 
10 males 

Age 32 ± 5.4 
BMI 23.5 ± 2 

9 
Androgens 

Cortisol metabolites 

Walsh et al (2006) [458] 
Untargeted 

1H NMR 
Diurnal variation 

am vs. pm 
‘Outpatient’ 

Standardised meals 

N = 60 
30 males 

Age 19–69 
1  

Slupsky et al (2007) [459] 
Targeted 
1H NMR 

Diurnal variation 
am vs. pm 

‘Outpatient’ 

N = 30 
23 females 

Age 24.7 ± 2.7 
BMI 22.7 ± 0.97 

6  

Kim et al (2014) [322] 

Untargeted 
LC—TOF MS 

(Reversed 
Phase) 

Diurnal variation 
Sampling 1, 3, 7, 9, 11, 14 h 

post-wake, first sample 
fasted. 

‘Inpatient’ 
Standardised meals 

and mealtimes 

N = 26 
14 males 

Age 33 ± 10.9 
BMI 24.3 ± 3.3 

135 (46%) 
Glycerophospholipids 

LysoPCs 
Phosphatidylinositol 

Giskeødegård et al 
(2015) [460] 

Untargeted 
1H NMR 

Diurnal variation (48 h) 
Samples at 2–4 h intervals 
when awake, 8 h overnight 

‘Inpatient’ 
Standardised meals 

and mealtimes. 
Controlled 

light/dark cycle and 
activity/posture 

N = 15 
All male 

Age 23.7 ± 5.4 

5 (15.6%)—sleep/wake 
cycle 

7 (22%) during 24 h 
wakefulness 

During sleep deprivation 
8 increased, 8 decreased 

Amino acids 
Fatty acids 

Papantoniou et al (2015) 
[461] 

Targeted 
GC-MS 

Diurnal variation (24 h) 
‘Outpatient’ 

Day vs. night shift 
workers 

N = 117 
63 males 

Age 22–64 
BMI 22.6–30.6 

5 (31.3%) significantly 
different in 

premenopausal day vs. 
night workers 

Progestagens 
Androgens 

Footnotes: Footnotes: Age and BMI are quoted in standard units, years and kg/m2 , respectively. Where available, mean age/BMI ± 1 SD given. Significant changes in 

metabolites identified in studies performing am vs. pm (two-time point) comparison(s), should be considered as gradient changes ergo ‘gradient metabolite’, Significant 

changes in metabolites identified in studies over a >24 h time course with n ≥ 5 samples should be considered as rhythmic changes ergo ‘rhythmic metabolite’, rhythmicity 

being detected by cosinor analysis and/or MetaCycle. Rhythmic/gradient features are denoted as such, otherwise the table refers to rhythmic/gradient metabolites. 



270 
 

Rhythmic/gradient classes primarily observed are not an exhaustive list of all metabolite classes observed within a study but a summary of the most rhythmic classes, if any, 

for that particular study, as denoted by the author or inferred from provided data. Abbreviations: GC-MS—gas chromatography mass spectrometry; LC-MS—liquid 

chromatography mass spectrometry; LysoPC—lysophosphatidylcholine; NMR—nuclear magnetic resonance; TOF MS—time of flight mass spectrometry. 
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Table A2: A brief summary of study design, cohort details and results with regard to observed time of day variation of metabolites for relevant studies analysing saliva. 

Authors Assay/Platform Time course details 

Study 

setting/conditi

ons 

Cohort details 

Rhythmic/gradient 

metabolites/features 

observed 

Rhythmic/gradient 

classes primarily 

observed 

Walsh et al (2006) [458] 
Untargeted 

1H NMR 
Diurnal variation 

am vs. pm 

‘Outpatient’ 
Standardised 

meals 

N = 60 
30 males 

30 females 
Age 19–69 

1 
No gradient 

metabolite classes 
identified 

Dallmann et al (2012) 
[317] 

Untargeted 
GC-MS 
LC-MS 

(Reversed 
Phase) 

Circadian variation 
(constant routine 40 h, 4 

h intervals between 
samples) 

‘Inpatient’ 
Standard 
constant 
routine 

parameters 
(see Duffy and 

Dijk, 2002) 

N = 10 (split into 2 
equal groups within 
which samples were 
pooled for each 4 h 

interval) 
All male 

Age 57.8 ± 1.0 & 61.0 ± 
0.6 

BMI 26.6 ± 0.6 & 25.1 ± 
0.5 

29 (15%) Amino acids 

Dame et al (2015) [216] 
Untargeted 

1H NMR 

Diurnal variation 
sampling at prebreakfast 
vs. 2 h post-breakfast vs. 

2 h post-lunch 

 

N = 16 
8 males & females 

Age (24–42) 
(only N = 2 took part in 
observation of diurnal 

variation) 

8 (10.5%) Amino acids 

Skarke et al (2017) [324] 
Targeted 

LC-MS/MS 
(HILIC) 

Diurnal variation 
am vs. pm (48 h, 5 

samples 12 h apart) 
‘Outpatient’ 

N = 6 
All male 

Age 32.3 ± 3.6 
BMI 25.2 ± 3.4 

14 (5.6%) Amino acids 

Footnotes: See Table A1. Abbreviations: GC-MS—gas chromatography mass spectrometry; HILIC—hydrophilic interaction chromatography; LC-MS—liquid chromatography 

mass spectrometry; MS/MS—tandem mass spectrometry; NMR—nuclear magnetic resonance.  
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Table A3: A brief summary of study design, cohort details and results with regard to observed time of day variation of metabolites for relevant studies analysing breath. 

Authors Assay/Platform Time Course Details 
Study 

Setting/Conditions 
Cohort Details 

Rhythmic/Gradient 

Metabolites/Features 

Observed 

Rhythmic/Gradient Classes Primarily 

Observed 

Sinues et al (2012) 
[462]  

Untargeted 
SESI-MS 

Diurnal variation (4 
time periods) 
8:00−11:00, 

11:00−13:00, 
13:00−15:00, 
15:00−18:00 

‘Outpatient’ 
 

N = 12 
7 males 

5 females 

Diurnal changes observed 
but number of rhythmic 

features not reported 
No metabolites structurally identified 

Sinues et al (2014) 
[463] 

Untargeted 
SESI-MS 

Diurnal variation (24 h, 
1 h intervals, 5–7 

repeats per sample) 

‘Inpatient’ 
Controlled laboratory 

conditions: hourly 
isocaloric meals, 

constant wakefulness, 
consistent light 

conditions 

N = 3 
2 males 
1 female 

Age 33–38 

40 (36%) of features 
(49% in N = 1) 

No metabolites structurally identified 

Wilkinson et al 
(2019) [464] 

Untargeted GC-MS 

Diurnal variation (24 
h—4 time points: 

16:00, 22:00, 04:00, 
10:00) 

Standardised meals and 
feeding schedule. 

Maintained habitual 
bedtime 

Healthy 
N = 10 

7 males 
3 females 

Age 27.5–49.3 
BMI 23.4–30.5 

Asthma 
N = 9 

7 males 
Age 26.0–49.5 
BMI 22.3–27.2 

Combined dataset 
5/102 (4.9%) metabolites 

Asthma 3/102 (~2.9%) 
metabolites, 1 of which is 

unique to this group in 
addition to rhythmicity of 

exhaled nitric oxide fraction 
Healthy 2/102 (~2%) 

metabolites rhythmic and 
unique to this group 

Volatile organic compounds 

Footnotes: See Table A1. Abbreviations: GC-MS—gas chromatography mass spectrometry; SESI-MS – secondary electrospray ionisation. 
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Table A4: A brief summary of study design, cohort details and results with regard to observed time of day variation of metabolites for relevant studies analysing 

skeletal muscle. 

Footnotes: See Table A1. Abbreviations: Cer—ceramide; CL—cardiolipin; DG—diglyceride; GC-MS—gas chromatography mass spectrometry; GlcCer—

glucosylceramide; HRMS—high resolution mass spectrometry; LC-MS—liquid chromatography mass spectrometry; MS/MS—tandem mass spectrometry; PC—

phosphatidylcholine; Pe—phosphatidylethanolamine; PI—phosphatidylinositol; PS—phosphatidylserine;; SM—sphingomyelin; TG—triglyceride; U(H)PLC—ultra 

high performance liquid chromatography.

Authors Performed Assay Time Course Details Study 

Setting/Conditions 

Cohort 

Details 

Rhythmic/Gradient 

Metabolites/Features 

Observed 

Rhythmic/Gradient 

Classes Primarily 

Observed 

Loizides-Mangold et al (2017) 
[363] 

Targeted 
(Lipidomics) 

LC-MS 

Diurnal variation (24 h–4 h 
intervals between samples) 

‘Inpatient’ 
Controlled 

sleep/wake, 
light/dark cycle, 

temperature. 
Isocaloric meals 

N = 10, 9 
males 

Age 29.9 ± 
9.8 

BMI 24.1 ± 
2.7 

106 of 1058 
metabolites (10%) 

TGs, PCs, PEs 
PIs, PSs, CLs 

Cers, GlcCers, SMs 

Sato et al (2018) [327] Untargeted 
UHPLC-MS/MS 

GC-MS 

Diurnal variation 
am vs. pm 

‘Outpatient’ 
Standardised 

meals and 
mealtimes 

N = 8, All 
male 

Age 30–45 
BMI 27–32.5 

163 & 19 of 625 
features (26% & 3%) 
as a result of time of 

day & diet, 
respectively 

Amino acids 
Fatty acyls 

Glycerolipids 
Glycerophospholipids 

Sphingolipids 
Carbohydrates 

Xenobiotics 
Held et al (2020) [465] Semi-targeted 

Lipidomics UPLC/HRMS 
(reversed & normal 

phase) 

Diurnal variation (24 h—5 h 
intervals between samples) 

‘Inpatient’ 
Controlled 

sleep/wake, 
light/dark cycle. 

Standardised 
meals and 
mealtimes 

N = 12, All 
male 

Age 22.2 ± 
2.3 

BMI 22.4 ± 
2.0 

126 of 971 (13%) Glycerophospholipids 
TGs 

Sphingolipids 
DGs 

Sterol Lipids 
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Table A5: Putatively identified metabolites, observed in five or more human metabolomics 
time course studies, that underwent significant time of day variation (rhythmic/gradient 
metabolites) in ranked order. 

Footnotes: Common names have been assigned to act for synonyms reported in the 
literature; see Table S1 for further details. Putative identifications are ordered based on the 
frequency in which they are reported within the literature, with metabolites only listed here 
if observed in n ≥ 5 studies; InChlKeys are provided where applicable. Abbreviations: PC—
phosphatidylcholine; LysoPC—lysophosphatidylcholine; LysoPE—
lysophosphatidylethanolamine; SM—sphingomyelin. 

Rank 
Putative Identification of 

Rhythmic/Gradient Metabolites 
InChIKey 

Number of Studies 

Significant Changes were 

Observed in 

1 Proline ONIBWKKTOPOVIA-BYPYZUCNSA-N 11 

2 Leucine ROHFNLRQFUQHCH-YFKPBYRVSA-N 10 

3 PC(32:0) - 10 

4 Phenylalanine COLNVLDHVKWLRT-QMMMGPOBSA-N 9 

5 Ornithine  9 

6 Tyrosine OUYCCCASQSFEME-QMMMGPOBSA-N 9 

7 Glutamic acid WHUUTDBJXJRKMK-VKHMYHEASA-N 8 

8 Isoleucine AGPKZVBTJJNPAG-WHFBIAKZSA-N 8 

9 LysoPC(18:2) and/or LysoPE (18:2)  - 8 

10 PC(34:3) - 8 

11 Citrulline RHGKLRLOHDJJDR-BYPYZUCNSA-N 7 

12 Taurine XOAAWQZATWQOTB-UHFFFAOYSA-N 7 

13 Tryptophan QIVBCDIJIAJPQS-VIFPVBQESA-N 7 

14 Valine KZSNJWFQEVHDMF-BYPYZUCNSA-N 7 

15 LysoPC(18:1) - 6 

16 LysoPC(16:0) - 6 

17 Aminoadipic acid OYIFNHCXNCRBQI-BYPYZUCNSA-N 6 

18 Citric acid KRKNYBCHXYNGOX-UHFFFAOYSA-N 6 

19 Cortisone MFYSYFVPBJMHGN-ZPOLXVRWSA-N 6 

20 Creatinine DDRJAANPRJIHGJ-UHFFFAOYSA-N 6 

21 Glycine DHMQDGOQFOQNFH-UHFFFAOYSA-N 6 

22 Kynurenine YGPSJZOEDVAXAB-UHFFFAOYSA-N 6 

23 PC(36:2) - 6 

24 Alanine QNAYBMKLOCPYGJ-REOHCLBHSA-N 5 

25 Cortisol JYGXADMDTFJGBT-VWUMJDOOSA-N 5 

26 Lysine KDXKERNSBIXSRK-YFKPBYRVSA-N 5 

27 LysoPC(17:0) - 5 

28 PC(34:1) - 5 

29 PC(34:2) - 5 

30 PC(32:1) - 5 

31 Pregnenolone sulfate DIJBBUIOWGGQOP-OZIWPBGVSA-N 5 

32 Sarcosine FSYKKLYZXJSNPZ-UHFFFAOYSA-N 5 

33 SM(20:2) - 5 

34 Threonine AYFVYJQAPQTCCC-GBXIJSLDSA-N 5 

35 Trimethylamine N-oxide (TMAO) UYPYRKYUKCHHIB-UHFFFAOYSA-N 5 
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Appendix B: Below is a link to code written as part of the workflow described in Chapter 4, 

presented as R markdown files divided into specific sub functions, e.g., Z-scoring, and hosted 

on github.com. Access to the private repository is provided via gitfront.io. Documents in the 

.docx format will require downloading to be read. 

https://gitfront.io/r/user-5413020/UbuiEekxtnBn/PhD-thesis/ 
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Appendix C: Tables summarising annotated rhythmic lipid metabolites characterised in the 

current thesis and where these data corroborate with prior published studies. 
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Table C1: List of rhythmic metabolites, as reported, by prior circadian/metabolomics studies primarily investigating non-polar metabolites. Lists acquired from 
[78] 

Dallmann et al (2012) 
[317] 

Kasukawa et al (2012)  
[319] 

Chua et al (2013) 
[446] 

Skene et al (2018) - CR post 
day shift [70] 

Skene et al (2018) - CR post 
night shift [70] 

10-heptadecenoate (17:1n7) Cortisone TG 48:3 C18:1 C18:1 

13-HODE + 9-HODE Urocortisone-3-glucronide TG 48:2 LysoPC a C18:1 LysoPC a C18:1 

1-
eicosadienoylglycerophospho

choline 

Pregnanolone sulfate-like 
metabolite 

TG 48:1 LysoPC a C18:2 LysoPC a C18:2 

1-oleoylglycerol (1-
monoolein) 

(allo)Urocortisol-3-glucronide TG 48:0 LysoPC a C26:0 LysoPC a C26:0 

1-
palmitoylglycerophosphoinosi

tol 

 
TG 50:4 PC aa C30:0 PC aa C30:0 

21-hydroxypregnenolone 
disulfate 

 
TG 50:3 PC aa C32:0 PC aa C32:0 

2-
linoleoylglycerophosphoetha

nolamine 

 
TG 50:2 PC aa C32:1 PC aa C32:1 

2-
oleoylglycerophosphoethanol

amine 

 
TG 51:2 PC aa C32:3 PC aa C32:3 

3-hydroxydecanoate 
 

TG 52:6 PC aa C34:4 PC aa C34:4 

5alpha-androstan-
3alpha,17beta-diol disulfate 

 
TG 52:5 PC aa C36:0 PC aa C36:0 

arachidonate (20:4n6) 
 

TG 52:4 PC aa C36:5 PC aa C36:5 

cis-4-decenoyl carnitine 
 

TG 52:3 PC aa C36:6 PC aa C36:6 

cortisol 
 

TG 52:2 PC aa C40:2 PC aa C40:2 

cortisone 
 

TG 52:1 PC aa C42:2 PC aa C42:2 

dihomo-linoleate (20:2n6) 
 

TG 52:0 PC ae C30:0 PC ae C30:0 
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dihomo-linolenate (20:3n3 or 
n6) 

 
TG 53:3 PC ae C34:0 PC ae C34:0 

docosadienoate (22:2n6) 
 

TG 53:2 PC ae C34:3 PC ae C34:3 

docosahexaenoate (DHA; 
22:6n3) 

 
TG 54:6 SM C18:0 SM C18:0 

docosapentaenoate (n3 DPA; 
22:5n3) 

 
TG 54:5 SM C18:1 SM C18:1 

docosapentaenoate (n6 DPA; 
22:5n6) 

 
TG 54:4 SM C20:2 SM C20:2 

eicosapentaenoate (EPA; 
20:5n3) 

 
TG 54:3 LysoPC a C16:1 C14:2 

laurylcarnitine 
 

TG 54:2 LysoPC a C17:0 C2 

linoleate (18:2n6) 
 

TG 54:1 LysoPC a C18:0 C3-DC (C4-OH) 

linolenate [alpha or gamma; 
(18:3n3 or 6)] 

 
TG 56:3 LysoPC a C20:3 C5-DC (C6-OH) 

nonadecanoate (19:0) 
 

TG 60:0 LysoPC a C20:4 C9 

octanoylcarnitine 
 

DAG 34:1 LysoPC a C26:1 PC aa C34:1 

palmitate (16:0) 
 

DAG 36:3 LysoPC a C28:0 PC aa C34:2 

palmitoleate (16:1n7) 
 

DAG 36:2 PC aa C24:0 PC aa C34:3 

pregn steroid monosulfate 
 

DAG 36:1 PC ae C34:2 PC aa C36:2 

pregnen-diol disulfate 
 

PC 32:2 PC ae C36:0 PC aa C36:4 

pregnenolone sulfate 
 

PC O-34:3 PC ae C38:2 PC aa C38:4 

alpha-hydroxyisocaproate 
 

PC O-34:2 LysoPC 16:0 PC aa C40:5 

glycerol 2-phosphate 
 

PC O-34:1 
 

PC ae C34:1   
PC O-36:3 

 
PC ae C36:4  

 
  

PC ae C36:5     
PC ae C44:3 

Footnotes: Metabolite names listed under Skene et al maintain parity with naming conventions utilised by the applied Biocrates p180 targeted assay kit, as follows. ‘a’ or ‘aa’ – 
both moieties (or one in the case of lysoPCs) at the sn-1 and sn-2 positions are fatty acyl residues bound to the glycerol backbone by ester bonds. ‘ae’ - one of the moieties, either 
in the sn-1 or sn-2 position, is a fatty alcohol residue bound by an ether bond. A lone capital C followed by integer(s) e.g., C2 or C18:1 corresponds to acyl carnitines of the 
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designated carbon length. A capital C proceeding another lipid, e.g., SM C20:2 corresponds to the carbon length of the designated lipid in this instance a sphingomyelin. 
Abbreviations: DG – diacylglycerol, PC - phosphatidylcholine, SM - sphingomyelin, TG – triacylglycerol. 
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Appendix Table C2: A full list of rhythmic metabolites, putatively annotated to a single metabolite class, across both lipidomics 

assays for males (n = 10) and females (n = 10). 

Assay Sex m/z RT Putative annotation Heatmap 
index 

Acro-
phase 

MSI 
level 

Lipidomics (+) M 152.022223 35 Creatinine (1) 23 3 

Lipidomics (+) M 188.0708345 35 Tryptophan (2) 12 3 

Lipidomics (+) M 205.0966035 35 Tryptophan (4) 12 3 

Lipidomics (+) M 218.9452946 593 Orotic acid (5) 14 3 

Lipidomics (+) M 224.9453266 585 4-Hydroxy-2-oxoglutarate (6) 17 3 

Lipidomics (+) M 229.1547825 34 Isoleucylproline | Leucylproline (7) 14 3 

Lipidomics (+) M 251.1368002 35 Isoleucylproline | Leucylproline (9) 14 3 

Lipidomics (+) M 310.2009858 39 CAR(10:3) (13) 19 2 

Lipidomics (+) M 311.2047156 39 CAR(10:3) (14) 18 3 

Lipidomics (+) M 312.21739 41 CAR(10:2) (15) 19 2 

Lipidomics (+) M 313.219907 41 CAR(10:3) | CAR(10:2) (16) 19 3 

Lipidomics (+) M 328.2488151 48 FA(18:3;O2) (17) 15 3 

Lipidomics (+) M 333.2474263 40 WE(17:2;O3) | CAR(10:1;O) | CAR(8:1) | 
CAR(8:0) (19) 24 

3 

Lipidomics (+) M 336.217383 40 CAR(10:3) (21) 17 3 

Lipidomics (+) M 356.28082 65 FA(20:3;O2) (22) 15 3 

Lipidomics (+) M 357.283655 65 FA(20:3;O2) (23) 15 3 

Lipidomics (+) M 413.1376837 39 FA(20:5;O3) (26) 24 3 

Lipidomics (+) M 431.3528144 411 ST(28:2;O3) | ST(28:3;O3) | Various 
Vitamin D2/D3 derivatives (28) 19 

3 

Lipidomics (+) M 432.3561146 411 ST(28:2;O3) | ST(28:3;O3) | Various 
Vitamin D2/D3 derivatives (29) 19 

3 

Lipidomics (+) M 440.2783271 64 LysoPC(12:0) (30) 21 2 

Lipidomics (+) M 453.3345445 411 ST(28:2;O3) | Various 
Vitamin D3 derivatives (32) 19 

3 

Lipidomics (+) M 456.3322197 53 CAR(18:2;O2) (33) 20 3 

Lipidomics (+) M 465.3945736 561 ST(27:0;O4) | Various 
Vitamin D3 derivatives (35) 17 

3 

Lipidomics (+) M 480.3444051 187 LysoPC(P-16:0) | LysoPC(O-16:1) (36) 9 2 

Lipidomics (+) M 491.4104867 561 Various 
Vitamin D3 derivatives (37) 17 

3 

Lipidomics (+) M 494.3223212 107 LysoPC(16:1) (38) 10 2 

Lipidomics (+) M 497.3423858 141 FA(29:2) (39) 10 3 

Lipidomics (+) M 498.3468163 141 FA(29:2) (40) 10 3 

Lipidomics (+) M 502.3278539 187 LysoPC(P-16:0) | LysoPC(O-16:1) (42) 9 3 

Lipidomics (+) M 504.3053358 121 LysoPC(15:0) (43) 10 2 

Lipidomics (+) M 510.3554099 200 LysoPC(17:0) (44) 10 2 

Lipidomics (+) M 510.3560246 189 LysoPC(17:0) (45) 10 2 

Lipidomics (+) M 512.3340815 48 LysoPS(O-18:0) | PC(16:0) | LysoPS(O-18:1) (47) 15 3 

Lipidomics (+) M 513.338597 107 LysoPS(O-18:1) | LysoPS(O-18:0) (48) 13 3 

Lipidomics (+) M 514.3420036 48 LysoPS(O-18:1) | LysoPS(O-18:0) (49) 14 3 

Lipidomics (+) M 514.3413237 107 LysoPS(O-18:1) | LysoPS(O-18:0) (50) 14 3 

Lipidomics (+) M 516.3060071 107 LysoPC(18:4) | LysoPC(16:1) | LysoPE(19:1) (51) 10 3 

Lipidomics (+) M 517.4257899 563 Various (53) 17 3 
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Vitamin D3 derivatives 

Lipidomics (+) M 518.3202602 142 LysoPC(16:0) (54) 10 2 

Lipidomics (+) M 519.3243239 157 (22E,24E,24bE)-1alpha,25-dihydroxy-26,27-
dimethyl-22,23,24,24a,24b,24c-

hexadehydro-24a,24b,24c-trihomovitamin 
D3 (55) 10 

3 

Lipidomics (+) M 519.3254418 141 LysoPE(O-19:1;O) | LysoPC(16:0) | 
LysoPC(18:0) | PC(O-18:0) | LysoPE(19:0) | 

LysoPE(21:0) (56) 10 

3 

Lipidomics (+) M 528.309279 126 LysoPE(22:6) | LysoPE(22:5) (59) 8 3 

Lipidomics (+) M 534.2952679 157 LysoPG(20:4) | LysoPE(O-19:1;O) | 
LysoPC(16:0) | LysoPE(19:0) (60) 9 

3 

Lipidomics (+) M 536.3726423 217 LysoPC(19:1) (61) 9 2 

Lipidomics (+) M 542.3227164 88 LysoPC(20:5) (67) 9 2 

Lipidomics (+) M 544.3362521 174 LysoPC(18:1) | PC(O-18:1) (70) 9 3 

Lipidomics (+) M 545.3401958 174 LysoPC(18:1) | PC(O-18:1) (71) 9 3 

Lipidomics (+) M 546.3517852 243 LysoPC(18:0) (73) 10 2 

Lipidomics (+) M 546.3524255 227 LysoPC(18:0) (74) 10 2 

Lipidomics (+) M 547.3557087 243 LysoPC(18:0) | PC(O-18:0) | LysoPE(21:0) (75) 10 3 

Lipidomics (+) M 547.356496 227 LysoPC(18:0) | PC(O-18:0) | LysoPE(21:0) (76) 10 3 

Lipidomics (+) M 551.5024448 600 DG(O-32:2) (77) 14 3 

Lipidomics (+) M 551.5030262 591 DG(O-32:2) (78) 13 3 

Lipidomics (+) M 552.5076118 600 DG(O-32:2) (79) 13 3 

Lipidomics (+) M 558.2947071 121 LysoPG(22:6) | LysoPC(18:2) (80) 6 3 

Lipidomics (+) M 560.3110168 174 LysoPC(18:1) | PC(O-18:1) (82) 9 3 

Lipidomics (+) M 561.4881707 588 FAHFA(36:5;O) | FAHFA(34:4;O) (83) 14 3 

Lipidomics (+) M 562.3274768 243 LysoPG(22:4) | LysoPC(18:0) | PC(O-18:0) | 
LysoPE(21:0) (84) 10 

3 

Lipidomics (+) M 563.5042472 596 FAHFA(34:2;O) | FAHFA(38:4;O) (85) 14 3 

Lipidomics (+) M 564.3067741 88 LysoPC(20:5) (86) 9 3 

Lipidomics (+) M 564.5076075 596 FAHFA(38:4;O) (87) 14 3 

Lipidomics (+) M 565.3103184 88 LysoPC(20:5) (88) 8 3 

Lipidomics (+) M 565.5195543 604 FAHFA(38:4;O) | FAHFA(36:2;O) (89) 13 3 

Lipidomics (+) M 566.3215997 116 LysoPC(20:4) (90) 9 3 

Lipidomics (+) M 567.3239769 116 LysoPC(20:4) (91) 9 3 

Lipidomics (+) M 568.3376742 108 LysoPC(22:6) | LysoPC(20:3) (92) 7 3 

Lipidomics (+) M 568.3374031 143 LysoPC(20:3) (93) 9 3 

Lipidomics (+) M 570.3544513 125 LysoPC(22:5) | LysoPC(22:6) | LysoPC(20:2) 
| PC(O-20:2) (94) 9 

3 

Lipidomics (+) M 571.3593858 125 LysoPC(22:6) | LysoPC(22:5) (95) 9 3 

Lipidomics (+) M 572.3690877 256 LysoPC(20:1) | PC(O-20:1) (96) 6 3 

Lipidomics (+) M 577.5197662 600 DG(O-36:4) | DG(O-32:2) (97) 14 3 

Lipidomics (+) M 578.5219613 600 DG(O-36:4) | DG(O-32:2) (98) 15 3 

Lipidomics (+) M 580.2921562 141 Protoporphyrin | Protoporphyrin IX (99) 10 3 

Lipidomics (+) M 580.4343927 372 LysoPC(22:0) (100) 3 2 

Lipidomics (+) M 585.2724003 253 Biliverdin-IX-beta | Bilirubin (102) 10 3 

Lipidomics (+) M 587.5035744 589 FAHFA(36:5;O) | FAHFA(34:1;O) | 
FAHFA(36:2;O) (103) 14 

3 
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Lipidomics (+) M 590.3214035 108 LysoPC(22:6) (104) 8 2 

Lipidomics (+) M 591.3257807 108 LysoPC(22:6) (105) 8 3 

Lipidomics (+) M 591.4967621 510 DG(32:0) | DG(34:3) | DG(34:4) (106) 16 3 

Lipidomics (+) M 591.5346124 604 FAHFA(36:2;O) | FAHFA(38:4;O) (107) 13 3 

Lipidomics (+) M 592.3376722 125 LysoPC(22:5) (108) 9 3 

Lipidomics (+) M 595.4720712 567 PA(O-29:0) (109) 19 3 

Lipidomics (+) M 603.5336682 601 DG(O-36:4) (111) 15 3 

Lipidomics (+) M 604.5374738 601 DG(O-36:4) (112) 16 3 

Lipidomics (+) M 607.2525738 253 Bilirubin (113) 8 3 

Lipidomics (+) M 608.4653866 414 LysoPC(24:0) (114) 2 2 

Lipidomics (+) M 614.3406181 243 LysoPI(19:1) | PA(27:2;O) (115) 10 3 

Lipidomics (+) M 614.3406266 227 LysoPI(19:1) | PA(27:2;O) (116) 10 3 

Lipidomics (+) M 615.3435086 243 LysoPI(19:1) | PA(27:2;O) (117) 10 3 

Lipidomics (+) M 631.5825631 526 Cer(39:1;O2) (119) 5 3 

Lipidomics (+) M 634.5404813 482 DG(36:4) (120) 17 2 

Lipidomics (+) M 634.4902434 511 PA(O-32:1) (121) 15 3 

Lipidomics (+) M 639.6493499 546 Cer(41:0;O2) (122) 15 3 

Lipidomics (+) M 645.5435963 528 DG(38:4) | DG(36:1) | DG(38:5) (123) 15 3 

Lipidomics (+) M 646.5486125 527 DG(38:5) | DG(38:4) | DG(36:1) (124) 16 3 

Lipidomics (+) M 654.6415718 533 Cer(41:0;O3) | Cer(41:1;O3) (125) 15 3 

Lipidomics (+) M 671.5713134 591 16:1 Stigmasterol ester | 16:2 Sitosterol 
ester | CE(18:2) | zymosteryl oleate (127) 3 

3 

Lipidomics (+) M 676.6214521 533 Cer(41:0;O3) (129) 16 3 

Lipidomics (+) M 682.3265786 243 PA(31:4) (130) 10 3 

Lipidomics (+) M 683.3327021 243 PA(31:4) (131) 10 3 

Lipidomics (+) M 687.6350407 553 Cer(43:1;O2) (133) 9 3 

Lipidomics (+) M 699.5942009 546 DG(42:5) | DG(42:6) (136) 17 3 

Lipidomics (+) M 710.6271986 547 TG(38:0) | TG(40:1) | TG(42:2) (140) 16 3 

Lipidomics (+) M 711.6396081 547 TG(41:0) (142) 16 3 

Lipidomics (+) M 713.5695738 535 TG(40:2) (143) 16 3 

Lipidomics (+) M 714.5734454 535 TG(40:2) (145) 16 3 

Lipidomics (+) M 715.5853898 547 TG(40:1) | TG(38:0) | TG(42:2) (146) 16 3 

Lipidomics (+) M 716.521921 465 PC(31:2) (147) 17 2 

Lipidomics (+) M 718.5935661 470 TG(40:0) (150) 6 3 

Lipidomics (+) M 731.5393606 441 PC(32:3) | PE(35:3) | PC(32:2) | PE(35:2) | 
PA(37:3) (151) 0 

3 

Lipidomics (+) M 742.6098496 549 TG(44:5) (154) 16 3 

Lipidomics (+) M 750.6622374 555 TG(43:2) (157) 15 3 

Lipidomics (+) M 752.5101101 441 IPC(32:1;O2) (158) 0 3 

Lipidomics (+) M 752.5233437 441 PC(34:5) (159) 0 2 

Lipidomics (+) M 754.5351966 437 PC(34:4) | PE(37:4) | PC(30:1) | PC(32:1) | 
PE(33:1) | PE(35:1) | PE-NMe(34:1) (161) 2 

3 

Lipidomics (+) M 758.5659219 447 PC(34:3) | PE(37:3) | PC(34:2) | PE(37:2) | 
PE-NMe(36:2) (162) 20 

3 

Lipidomics (+) M 762.660623 550 TG(44:3) (163) 16 2 

Lipidomics (+) M 765.677805 561 SM(40:0;O2) (165) 15 3 

Lipidomics (+) M 768.7044158 581 Dextrothyroxine | Thyroxine (167) 16 3 
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Lipidomics (+) M 769.5922484 477 PC(P-36:4) | PC(O-36:5) | PA(O-40:1) | 
PC(O-34:1) | PE(O-37:1) | PC(P-36:3) | 

PC(O-36:4) (168) 9 

3 

Lipidomics (+) M 770.6509135 561 HexCer(39:2;O2) | HexCer(39:1;O2) (171) 15 3 

Lipidomics (+) M 771.6574466 571 HexCer(39:1;O2) (172) 15 3 

Lipidomics (+) M 772.6627237 571 HexCer(39:1;O2) (173) 14 3 

Lipidomics (+) M 774.5602597 437 PG(O-35:0) (175) 0 3 

Lipidomics (+) M 778.6915261 567 TG(43:1) | TG(45:2) (178) 15 3 

Lipidomics (+) M 779.696004 567 TG(45:2) | TG(43:1) (180) 15 3 

Lipidomics (+) M 780.5513923 428 PC(34:2) (181) 20 2 

Lipidomics (+) M 783.5707374 448 HexCer(36:1;O4) (183) 20 3 

Lipidomics (+) M 783.6468342 568 TG(45:2) (184) 13 3 

Lipidomics (+) M 789.5574649 473 PG(37:3) | PC(P-36:4) | PC(O-36:5) | PA(O-
42:5) (187) 4 

3 

Lipidomics (+) M 790.6888465 563 SM(42:0;O2) | SM(40:0;O2) (188) 16 3 

Lipidomics (+) M 791.6920938 563 SM(40:0;O2) | SM(42:0;O2) (190) 16 3 

Lipidomics (+) M 794.2834319 108 UDP-3-(3R-hydroxy-tetradecanoyl)-alphaD-
glucosamine | UDP-3-O-(3-

hydroxytetradecanoyl)-D-glucosamine (191) 9 

3 

Lipidomics (+) M 794.7173395 582 Dextrothyroxine | Thyroxine (193) 16 3 

Lipidomics (+) M 795.7221523 582 TG(44:0) | TG(46:1) (195) 15 3 

Lipidomics (+) M 796.6565844 563 TG(48:6) (198) 16 3 

Lipidomics (+) M 797.5835229 471 PC(37:4) | PE(40:4) | PA(41:1) | PC(35:1) | 
PE(38:1) | PC(37:5) | PE(40:5) | PA(42:5) (199) 11 

3 

Lipidomics (+) M 798.6669997 572 PG(dO-40:10;1) (200) 17 3 

Lipidomics (+) M 799.673023 581 Dextrothyroxine | Thyroxine (201) 17 3 

Lipidomics (+) M 802.533416 429 PC(36:5) | PE(39:5) (203) 20 3 

Lipidomics (+) M 805.7113679 568 TG(45:2) (205) 16 3 

Lipidomics (+) M 808.7372872 586 TG(45:0) | TG(47:1) (206) 13 3 

Lipidomics (+) M 809.7400418 586 TG(47:1) (207) 14 3 

Lipidomics (+) M 817.7090409 564 SM(40:0;O2) (210) 17 3 

Lipidomics (+) M 818.7126417 562 SM(39:1;O2) | SM(41:1;O2) (211) 17 3 

Lipidomics (+) M 821.7322998 582 Dextrothyroxine | Thyroxine (213) 15 3 

Lipidomics (+) M 826.6868003 572 PG(dO-40:10;1) (215) 16 3 

Lipidomics (+) M 834.5984529 462 PC(40:6) | PE(43:6) | PC(38:3) | PE(41:3) | 
PA(44:3) | PC(40:7) (216) 6 

3 

Lipidomics (+) M 836.5356551 439 PC(42:11) | PI(34:3) | PI(34:2) (218) 0 3 

Lipidomics (+) M 836.7830367 595 TG(50:0) (219) 13 3 

Lipidomics (+) M 837.7810071 595 TG(50:0) (220) 15 3 

Lipidomics (+) M 839.7066391 588 TG(49:2) (222) 13 3 

Lipidomics (+) M 839.6584443 573 PC(O-39:1) | PE(O-42:1) (223) 16 3 

Lipidomics (+) M 840.7112174 588 TG(49:2) (224) 13 3 

Lipidomics (+) M 840.635669 498 IPC(38:0;O2) (225) 8 3 

Lipidomics (+) M 842.7316638 596 TG(51:4) (228) 12 3 

Lipidomics (+) M 842.669415 582 TG(48:2) (229) 17 3 

Lipidomics (+) M 849.7894588 592 TG(51:0) | TG(51:1) (233) 14 3 

Lipidomics (+) M 856.7473191 584 TG(54:5) | TG(52:4) | TG(52:5) (236) 14 3 
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Lipidomics (+) M 859.674865 563 TG(51:6) (237) 19 3 

Lipidomics (+) M 865.7188722 578 HexCer(44:0;O2) (242) 14 3 

Lipidomics (+) M 882.6971047 588 PC(43:4) (251) 14 3 

Lipidomics (+) M 884.7138497 597 TG(51:2) (253) 13 3 

Lipidomics (+) M 885.6772841 567 Coenzyme Q10 (254) 5 3 

Lipidomics (+) M 885.7880085 608 TG(52:0) | TG(54:3) | TG(54:4) (256) 13 3 

Lipidomics (+) M 885.7283836 605 TG(51:1) (257) 13 3 

Lipidomics (+) M 887.7860929 589 FA(55:1;O3) (260) 17 3 

Lipidomics (+) M 888.7081828 571 PS(O-42:1) (261) 19 3 

Lipidomics (+) M 888.6447637 557 PC(42:7) | PC(44:8) (262) 20 3 

Lipidomics (+) M 889.6551062 513 PC(44:7) (264) 4 3 

Lipidomics (+) M 890.6530102 513 PC(44:7) (265) 5 3 

Lipidomics (+) M 896.5374777 452 PI(39:7) (266) 4 3 

Lipidomics (+) M 899.7551982 575 PC(O-44:3) (267) 17 3 

Lipidomics (+) M 913.7256439 579 TG(57:10) | TG(59:11) | TG(55:7) | TG(57:8) (270) 5 3 

Lipidomics (+) M 914.6637518 557 PC(44:8) (273) 19 3 

Lipidomics (+) M 914.7291254 579 TG(59:11) | TG(57:10) | TG(55:7) | TG(57:8) (274) 4 3 

Lipidomics (+) M 920.8610144 609 TG(56:1) (277) 14 3 

Lipidomics (+) M 923.8107287 612 TG(57:6) | TG(57:5) (279) 14 3 

Lipidomics (+) M 935.7292709 597 Hex2Cer(39:0;O2) (280) 14 3 

Lipidomics (+) M 936.7343937 597 Hex2Cer(39:0;O2) (281) 14 3 

Lipidomics (+) M 937.6613304 555 PC(O-44:3) (282) 3 3 

Lipidomics (+) M 939.7404342 580 TG(57:10) | TG(59:11) | TG(55:7) | TG(57:8) (283) 4 3 

Lipidomics (+) M 944.7475222 568 TG(54:1) (284) 2 3 

Lipidomics (+) M 946.7895749 577 TG(58:9) (286) 4 3 

Lipidomics (+) M 948.7047651 559 TG(58:11) (288) 3 3 

Lipidomics (+) M 948.9049793 626 TG(58:0) (290) 13 3 

Lipidomics (+) M 951.8176653 590 TG(58:7) (292) 6 3 

Lipidomics (+) M 952.7701474 609 Hex2Cer(42:0;O2) (293) 15 3 

Lipidomics (+) M 952.8210718 589 TG(58:7) (294) 8 3 

Lipidomics (+) M 953.7548565 587 TG(60:11) | TG(58:8) | TG(60:12) | TG(54:0) (295) 5 3 

Lipidomics (+) M 954.7564496 587 TG(60:12) | TG(58:8) | TG(60:11) | TG(54:0) (296) 3 3 

Lipidomics (+) M 961.7422926 597 Hex2Cer(39:0;O2) (299) 14 3 

Lipidomics (+) M 962.7471466 597 Hex2Cer(39:0;O2) (300) 14 3 

Lipidomics (+) M 963.6810375 559 TG(58:11) (301) 3 3 

Lipidomics (+) M 964.6844691 559 TG(58:11) (302) 3 3 

Lipidomics (+) M 965.6991552 569 TG(58:10) (304) 4 3 

Lipidomics (+) M 965.9274274 630 TG(58:0) (305) 16 3 

Lipidomics (+) M 966.701618 569 TG(58:10) (306) 4 3 

Lipidomics (+) M 970.7861099 573 TG(60:11) | TG(59:7) (309) 4 3 

Lipidomics (+) M 970.8797999 611 TG(59:4) | TG(58:0) (310) 15 3 

Lipidomics (+) M 971.7901273 573 TG(60:11) (312) 4 3 

Lipidomics (+) M 972.9049736 619 TG(60:2) | TG(62:3) (314) 15 3 

Lipidomics (+) M 974.7486769 595 Galalpha1-4Galbeta-Cer(d42:2) | 
Hex2Cer(42:2;O2) | Manbeta1-4Glcbeta-

Cer(d42:2) (315) 1 

3 



285 
 

 

Lipidomics (+) M 975.7378346 573 TG(60:11) (316) 4 3 

Lipidomics (+) M 975.7619131 602 Galalpha1-4Galbeta-Cer(d42:1) | 
Hex2Cer(42:1;O2) | Manbeta1-4Glcbeta-

Cer(d42:1) (318) 5 

3 

Lipidomics (+) M 976.740635 573 TG(60:11) | TG(62:12) (319) 4 3 

Lipidomics (+) M 978.7817485 609 Galalpha1-4Galbeta-Cer(d44:1) | 
Hex2Cer(44:1;O2) | Manbeta1-4Glcbeta-

Cer(d44:1) | Hex2Cer(42:0;O2) (324) 14 

3 

Lipidomics (+) M 982.8973186 610 ACer(62:1;O2) (325) 15 3 

Lipidomics (+) M 983.8009481 597 TG(60:7) (326) 5 3 

Lipidomics (+) M 996.8437197 627 TG(59:2) (329) 15 3 

Lipidomics (+) M 1000.926916 626 TG(61:3) (331) 16 3 

Lipidomics (+) M 1004.798593 609 Galalpha1-4Galbeta-Cer(d44:1) | 
Hex2Cer(44:1;O2) | Manbeta1-4Glcbeta-

Cer(d44:1) | Hex2Cer(42:0;O2) (332) 17 

3 

Lipidomics (+) M 1004.870628 620 TG(61:4) | TG(63:7) (333) 15 3 

Lipidomics (+) M 1048.900544 541 ACer(66:4;O3) (335) 6 3 

Lipidomics (+) M 1113.744897 608 Dodecaprenyl phosphate-galacturonic acid (336) 15 3 

Lipidomics (+) M 1114.75282 608 Dodecaprenyl phosphate-galacturonic acid (337) 15 3 

Lipidomics (-) M 159.1030079 44 WE(8:0;O) | FA(8:0;O) (338) 20 3 

Lipidomics (-) M 185.1186816 50 FA(10:1;O) | WE(10:1;O) (341) 21 3 

Lipidomics (-) M 187.1343016 57 FA(10:0;O) | WE(10:0;O) (342) 20 3 

Lipidomics (-) M 199.0980259 38 FA(8:2) | WE(8:2) | FA(10:2;O2) (343) 17 3 

Lipidomics (-) M 204.0669446 37 Indole-3-acetaldehyde | Indolelactic acid (344) 18 3 

Lipidomics (-) M 229.1450713 43 WE(10:1) | FA(10:1) | FA(12:1;O2) (345) 20 3 

Lipidomics (-) M 309.2081372 72 WE(16:3) | FA(16:3) | FA(17:3) | WE(17:3) (348) 22 3 

Lipidomics (-) M 311.223695 88 FA(18:2;O2) | WE(16:2) | FA(16:2) | 
WE(17:2) | FA(17:2) (349) 20 

3 

Lipidomics (-) M 312.2271541 89 FA(18:2;O2) | WE(16:2) | FA(16:2) | 
WE(17:2) | FA(17:2) (350) 20 

3 

Lipidomics (-) M 367.1594453 37 ST(19:2;O2;S) (351) 23 3 

Lipidomics (-) M 368.1627926 37 ST(19:2;O2;S) (352) 0 3 

Lipidomics (-) M 369.1577337 37 ST(19:2;O2;S) (354) 22 3 

Lipidomics (-) M 395.1638181 38 ST(21:4;O5) (356) 21 3 

Lipidomics (-) M 395.1910812 40 ST(21:2;O2;S) (357) 22 3 

Lipidomics (-) M 455.2489152 43 ST(24:1;O3;S) (360) 0 3 

Lipidomics (-) M 465.2506008 40 ST(19:1;O2;GlcA) (362) 21 3 

Lipidomics (-) M 480.3108607 142 LPE(18:0) (364) 10 2 

Lipidomics (-) M 482.3169797 237 LPE(O-18:1;O) | LPC(15:0) | LPE(18:0) (366) 10 3 

Lipidomics (-) M 511.2920012 39 ST(27:2;O9) (372) 22 3 

Lipidomics (-) M 520.2665622 151 LPS(18:2) | LPE(18:3) (373) 9 3 

Lipidomics (-) M 528.2645025 36 Glycochenodeoxycholate-3-sulfate (375) 17 3 

Lipidomics (-) M 528.310183 114 LPE(22:4) (376) 10 3 

Lipidomics (-) M 548.2975588 237 LPS(20:2) | LPE(20:3) (380) 10 3 

Lipidomics (-) M 549.3017695 237 LPE(20:3) | LPS(20:2) (381) 10 3 

Lipidomics (-) M 586.3160069 87 LPE(22:5) | LPC(20:5) (389) 9 3 
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Lipidomics (-) M 587.3200117 87 LPE(22:5) | LPC(20:5) (390) 9 3 

Lipidomics (-) M 589.334992 114 LPE(22:4) | LPC(20:4) (392) 9 3 

Lipidomics (-) M 590.3470248 142 LPC(19:3) | LPC(20:3) (393) 9 3 

Lipidomics (-) M 591.3501493 142 LPC(19:3) | LPC(20:3) (394) 9 3 

Lipidomics (-) M 595.29032 85 LPI(18:2) (395) 17 3 

Lipidomics (-) M 596.2939081 86 LPI(18:2) (396) 17 3 

Lipidomics (-) M 598.3096994 118 LPI(18:1) (397) 18 3 

Lipidomics (-) M 608.3194147 142 LPS(20:2) (398) 10 3 

Lipidomics (-) M 612.3315455 106 LPE(24:6) | LPC(22:6) (401) 8 3 

Lipidomics (-) M 613.3348342 106 LPE(24:6) | LPC(22:6) (402) 8 3 

Lipidomics (-) M 614.3475108 123 LPC(22:5) (403) 9 3 

Lipidomics (-) M 634.3351938 173 LPC(20:4;O2) (408) 9 3 

Lipidomics (-) M 635.3382854 173 LPC(20:4;O2) (409) 9 3 

Lipidomics (-) M 650.6103454 529 Cer(40:1;O) | Cer(42:2;O) | Cer(41:1;O3) | 
Cer(43:2;O3) (412) 15 

3 

Lipidomics (-) M 654.561975 519 Cer(40:2;O2) (413) 1 3 

Lipidomics (-) M 668.577572 526 Cer(39:1;O2) | Cer(41:2;O2) (414) 2 3 

Lipidomics (-) M 669.5795262 526 Cer(41:2;O2) | Cer(39:1;O2) (415) 3 3 

Lipidomics (-) M 670.5910592 540 Cer(41:1;O2) (416) 8 3 

Lipidomics (-) M 678.60473 526 Cer(39:1;O2) | Cer(41:2;O2) (417) 4 3 

Lipidomics (-) M 695.5952311 527 Cer(41:2;O2) (419) 3 3 

Lipidomics (-) M 701.5346361 498 PC(O-31:2) | PE(O-34:2) | 
PnE(16:0/18:1(9Z)) (420) 3 

3 

Lipidomics (-) M 702.6167983 539 Cer(42:0;O3) (421) 15 3 

Lipidomics (-) M 712.4950317 448 PC(31:3) | PE(34:3) (422) 17 3 

Lipidomics (-) M 716.5261433 486 PC(31:1) | PE(34:1) (423) 17 3 

Lipidomics (-) M 717.5276759 486 PC(31:1) | PE(34:1) (424) 17 3 

Lipidomics (-) M 723.6692992 559 Cer(45:1;O4) | Cer(44:1;O2) | Cer(43:1;O2) (425) 9 3 

Lipidomics (-) M 726.5436846 501 PC(O-33:3) | PE(O-36:3) (426) 3 3 

Lipidomics (-) M 740.5241183 469 PC(33:3) | PE(36:3) (429) 17 3 

Lipidomics (-) M 741.5280562 469 PC(33:3) | PE(36:3) (430) 17 3 

Lipidomics (-) M 760.5615136 456 HexCer(34:1;O3) (432) 5 3 

Lipidomics (-) M 762.5089121 453 PC(35:6) | PE(38:6) | PE(O-38:7;O) (433) 14 3 

Lipidomics (-) M 763.5114195 453 PC(35:6) | PE(38:6) | PE(O-38:7;O) | PG(O-
33:2) | PG(O-32:2) (434) 14 

3 

Lipidomics (-) M 775.5444661 488 PA(O-40:3) (436) 6 3 

Lipidomics (-) M 782.4962406 467 PC(31:4) | PC(33:5) | PC(35:6) | PE(34:4) | 
PE(36:5) | PE(38:6) | PE(O-38:7;O) | 

PC(34:6) | PE(37:6) | PC(30:4) | PC(32:5) | 
PE(33:4) | PE(35:5) | PC(36:6;O2) | PS(34:3) 

| PS(36:4) | PS(38:5) (437) 18 

3 

Lipidomics (-) M 784.5114879 486 PS(36:3) (438) 16 2 

Lipidomics (-) M 785.5158205 486 PS(36:3) | PC(32:4) | PE(35:4) | PC(33:4) | 
PE(36:4) | PE(O-36:5;O) (439) 16 

3 

Lipidomics (-) M 800.5422587 456 PC(34:3) | PE(37:3) | PC(33:3) | PE(36:3) | 
PS(37:2) (440) 21 

3 

Lipidomics (-) M 801.5448248 456 PS(37:2) | PC(33:3) | PE(36:3) | PC(34:3) | 
PE(37:3) (441) 20 

3 
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Lipidomics (-) M 801.5570608 456 PA(O-42:4) (442) 20 3 

Lipidomics (-) M 807.5004667 462 PS(38:6) | PE(37:7) | PE(38:7) (443) 16 3 

Lipidomics (-) M 808.5138956 469 PS(36:4) | PC(36:6;O2) | PS(38:5) | PC(32:5) 
| PE(35:5) | PC(34:6) | PE(37:6) | PC(33:5) | 

PC(35:6) | PE(36:5) | PE(38:6) | PE(O-
38:7;O) (444) 17 

3 

Lipidomics (-) M 810.529297 489 PC(35:5) | PE(38:5) | PE(O-38:6;O) | 
PC(36:5;O2) | PS(38:4) | PC(34:5) | PE(37:5) (445) 15 

3 

Lipidomics (-) M 831.4994839 453 PS(40:8) | PE(40:9) (448) 14 3 

Lipidomics (-) M 843.5870027 492 16:2-Glc-Stigmasterol | 16:3-Glc-Sitosterol | 
18:3-Glc-cholesterol (449) 8 

3 

Lipidomics (-) M 869.5335457 456 PG(44:10) | PI(O-35:2) (451) 19 3 

Lipidomics (-) M 874.4839871 462 PS(40:9) (452) 14 3 

Lipidomics (-) M 875.4854308 462 PS(40:9) (453) 14 3 

Lipidomics (-) M 899.5749121 499 PI(O-37:1) (454) 18 3 

Lipidomics (-) M 908.6234287 454 IPC(40:1;O2) (455) 8 3 

Lipidomics (-) M 996.2549515 114 (S)-Hydroxydecanoyl-CoA (456) 9 3 

Lipidomics (-) M 1171.636267 156 PIM2(35:2) (458) 10 3 

Lipidomics (+) F 188.0708345 35 Tryptophan (2) 11 3 

Lipidomics (+) F 205.0966035 35 Tryptophan (4) 12 3 

Lipidomics (+) F 218.9452946 593 Orotic acid (5) 16 3 

Lipidomics (+) F 229.1547825 34 Isoleucylproline | Leucylproline (7) 14 3 

Lipidomics (+) F 232.1545045 35 FA(11:2;O2) | CAR(4:1) | CAR(4:0) (8) 13 3 

Lipidomics (+) F 251.1368002 35 Isoleucylproline | Leucylproline (9) 14 3 

Lipidomics (+) F 282.119738 33 1-Methyladenosine | N6-Methyladenosine (10) 23 3 

Lipidomics (+) F 299.136019 253 Phenethylamine glucuronide (11) 10 3 

Lipidomics (+) F 310.2009858 39 CAR(10:3) (13) 18 2 

Lipidomics (+) F 311.2047156 39 CAR(10:3) (14) 20 3 

Lipidomics (+) F 312.21739 41 CAR(10:2) (15) 19 2 

Lipidomics (+) F 313.219907 41 CAR(10:3) | CAR(10:2) (16) 20 3 

Lipidomics (+) F 328.2488151 48 FA(18:3;O2) (17) 13 3 

Lipidomics (+) F 332.2437513 40 WE(17:2;O3) | CAR(10:1;O) | CAR(8:1) | 
CAR(8:0) (18) 2 

3 

Lipidomics (+) F 335.2201673 58 FA(18:2;O2) | FA(20:5;O2) | FA(20:6;O2) (20) 19 3 

Lipidomics (+) F 336.217383 40 CAR(10:3) (21) 19 3 

Lipidomics (+) F 356.28082 65 FA(20:3;O2) (22) 12 3 

Lipidomics (+) F 369.3526712 591 3-Deoxyvitamin D3 (24) 6 3 

Lipidomics (+) F 386.3786851 591 3-Deoxyvitamin D3 (25) 2 3 

Lipidomics (+) F 413.1376837 39 FA(20:5;O3) (26) 22 3 

Lipidomics (+) F 431.3528144 411 ST(28:2;O3) | ST(28:3;O3) | Various 
Vitamin D2/D3 derivatives (28) 20 

3 

Lipidomics (+) F 440.2783271 64 LysoPC(12:0) (30) 20 2 

Lipidomics (+) F 456.3322197 53 CAR(18:2;O2) (33) 20 3 

Lipidomics (+) F 480.3444051 187 LysoPC(P-16:0) | LysoPC(O-16:1) (36) 9 2 

Lipidomics (+) F 494.3223212 107 LysoPC(16:1) (38) 10 2 

Lipidomics (+) F 497.3423858 141 FA(29:2) (39) 9 3 
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Lipidomics (+) F 498.3468163 141 FA(29:2) (40) 9 3 

Lipidomics (+) F 499.349263 141 FA(29:2) (41) 10 3 

Lipidomics (+) F 502.3278539 187 LysoPC(P-16:0) | LysoPC(O-16:1) (42) 9 3 

Lipidomics (+) F 504.3053358 121 LysoPC(15:0) (43) 9 2 

Lipidomics (+) F 510.3554099 200 LysoPC(17:0) (44) 9 2 

Lipidomics (+) F 510.3560246 189 LysoPC(17:0) (45) 10 2 

Lipidomics (+) F 510.3563909 172 LysoPC(17:0) (46) 10 2 

Lipidomics (+) F 512.3340815 48 LysoPS(O-18:0) | PC(16:0) | LysoPS(O-18:1) (47) 14 3 

Lipidomics (+) F 513.338597 107 LysoPS(O-18:1) | LysoPS(O-18:0) (48) 11 3 

Lipidomics (+) F 514.3420036 48 LysoPS(O-18:1) | LysoPS(O-18:0) (49) 13 3 

Lipidomics (+) F 514.3413237 107 LysoPS(O-18:1) | LysoPS(O-18:0) (50) 10 3 

Lipidomics (+) F 516.3060071 107 LysoPC(18:4) | LysoPC(16:1) | LysoPE(19:1) (51) 9 3 

Lipidomics (+) F 517.310513 107 LysoPC(18:4) (52) 9 3 

Lipidomics (+) F 518.3202602 142 LysoPC(16:0) (54) 10 2 

Lipidomics (+) F 519.3243239 157 (22E,24E,24bE)-1alpha,25-dihydroxy-26,27-
dimethyl-22,23,24,24a,24b,24c-

hexadehydro-24a,24b,24c-trihomovitamin 
D3 (55) 9 

3 

Lipidomics (+) F 519.3254418 141 LysoPE(O-19:1;O) | LysoPC(16:0) | 
LysoPC(18:0) | PC(O-18:0) | LysoPE(19:0) | 

LysoPE(21:0) (56) 9 

3 

Lipidomics (+) F 520.3361966 110 LysoPE(O-19:0;O) (57) 8 3 

Lipidomics (+) F 521.3420014 110 LysoPE(O-19:0;O) (58) 8 3 

Lipidomics (+) F 534.2952679 157 LysoPG(20:4) | LysoPE(O-19:1;O) | 
LysoPC(16:0) | LysoPE(19:0) (60) 9 

3 

Lipidomics (+) F 536.3726423 217 LysoPC(19:1) (61) 9 2 

Lipidomics (+) F 536.29661 157 LysoPG(18:0) | LysoPI(O-16:1) (62) 10 3 

Lipidomics (+) F 538.351979 54 PC(18:0) (63) 13 2 

Lipidomics (+) F 540.3662341 63 LysoPS(O-20:0) | PC(18:0) | LysoPS(O-20:1) (64) 14 3 

Lipidomics (+) F 541.3709337 63 LysoPS(O-20:1) | LysoPS(O-20:0) (65) 14 3 

Lipidomics (+) F 542.3199875 121 LysoPC(18:2) (66) 8 3 

Lipidomics (+) F 542.3217051 110 LysoPC(18:2) (68) 8 3 

Lipidomics (+) F 543.3239468 121 LysoPC(18:2) (69) 8 3 

Lipidomics (+) F 544.3362521 174 LysoPC(18:1) | PC(O-18:1) (70) 8 3 

Lipidomics (+) F 545.3401958 174 LysoPC(18:1) | PC(O-18:1) (71) 9 3 

Lipidomics (+) F 546.350698 143 LysoPE(O-19:1;O) | LysoPC(16:0) | 
LysoPC(18:0) | PC(O-18:0) | LysoPE(19:0) | 

LysoPE(21:0) (72) 9 

3 

Lipidomics (+) F 546.3517852 243 LysoPC(18:0) (73) 10 2 

Lipidomics (+) F 546.3524255 227 LysoPC(18:0) (74) 10 2 

Lipidomics (+) F 547.3557087 243 LysoPC(18:0) | PC(O-18:0) | LysoPE(21:0) (75) 10 3 

Lipidomics (+) F 547.356496 227 LysoPC(18:0) | PC(O-18:0) | LysoPE(21:0) (76) 10 3 

Lipidomics (+) F 551.5024448 600 DG(O-32:2) (77) 14 3 

Lipidomics (+) F 551.5030262 591 DG(O-32:2) (78) 13 3 

Lipidomics (+) F 552.5076118 600 DG(O-32:2) (79) 14 3 

Lipidomics (+) F 558.2947071 121 LysoPG(22:6) | LysoPC(18:2) (80) 8 3 

Lipidomics (+) F 559.2991754 121 LysoPG(22:6) | LysoPC(18:2) | LysoPG(20:2) (81) 8 3 
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Lipidomics (+) F 560.3110168 174 LysoPC(18:1) | PC(O-18:1) (82) 8 3 

Lipidomics (+) F 561.4881707 588 FAHFA(36:5;O) | FAHFA(34:4;O) (83) 14 3 

Lipidomics (+) F 562.3274768 243 LysoPG(22:4) | LysoPC(18:0) | PC(O-18:0) | 
LysoPE(21:0) (84) 10 

3 

Lipidomics (+) F 563.5042472 596 FAHFA(34:2;O) | FAHFA(38:4;O) (85) 14 3 

Lipidomics (+) F 564.3067741 88 LysoPC(20:5) (86) 8 3 

Lipidomics (+) F 564.5076075 596 FAHFA(38:4;O) (87) 15 3 

Lipidomics (+) F 565.5195543 604 FAHFA(38:4;O) | FAHFA(36:2;O) (89) 12 3 

Lipidomics (+) F 566.3215997 116 LysoPC(20:4) (90) 9 3 

Lipidomics (+) F 567.3239769 116 LysoPC(20:4) (91) 8 3 

Lipidomics (+) F 568.3376742 108 LysoPC(22:6) | LysoPC(20:3) (92) 8 3 

Lipidomics (+) F 570.3544513 125 LysoPC(22:5) | LysoPC(22:6) | LysoPC(20:2) 
| PC(O-20:2) (94) 8 

3 

Lipidomics (+) F 571.3593858 125 LysoPC(22:6) | LysoPC(22:5) (95) 8 3 

Lipidomics (+) F 572.3690877 256 LysoPC(20:1) | PC(O-20:1) (96) 8 3 

Lipidomics (+) F 577.5197662 600 DG(O-36:4) | DG(O-32:2) (97) 16 3 

Lipidomics (+) F 578.5219613 600 DG(O-36:4) | DG(O-32:2) (98) 15 3 

Lipidomics (+) F 580.2921562 141 Protoporphyrin | Protoporphyrin IX (99) 10 3 

Lipidomics (+) F 584.2941201 107 LysoPI(17:2) | LysoPG(22:4) (101) 10 3 

Lipidomics (+) F 585.2724003 253 Biliverdin-IX-beta | Bilirubin (102) 9 3 

Lipidomics (+) F 587.5035744 589 FAHFA(36:5;O) | FAHFA(34:1;O) | 
FAHFA(36:2;O) (103) 16 

3 

Lipidomics (+) F 590.3214035 108 LysoPC(22:6) (104) 8 2 

Lipidomics (+) F 591.3257807 108 LysoPC(22:6) (105) 8 3 

Lipidomics (+) F 591.4967621 510 DG(32:0) | DG(34:3) | DG(34:4) (106) 15 3 

Lipidomics (+) F 591.5346124 604 FAHFA(36:2;O) | FAHFA(38:4;O) (107) 14 3 

Lipidomics (+) F 600.2801348 122 Biliverdin-IX-beta (110) 7 3 

Lipidomics (+) F 603.5336682 601 DG(O-36:4) (111) 17 3 

Lipidomics (+) F 604.5374738 601 DG(O-36:4) (112) 16 3 

Lipidomics (+) F 607.2525738 253 Bilirubin (113) 10 3 

Lipidomics (+) F 614.3406181 243 LysoPI(19:1) | PA(27:2;O) (115) 10 3 

Lipidomics (+) F 615.3435086 243 LysoPI(19:1) | PA(27:2;O) (117) 10 3 

Lipidomics (+) F 634.5404813 482 DG(36:4) (120) 16 2 

Lipidomics (+) F 639.6493499 546 Cer(41:0;O2) (122) 16 3 

Lipidomics (+) F 646.5486125 527 DG(38:5) | DG(38:4) | DG(36:1) (124) 16 3 

Lipidomics (+) F 671.5713134 591 16:1 Stigmasterol ester | 16:2 Sitosterol 
ester | CE(18:2) | zymosteryl oleate (127) 3 

3 

Lipidomics (+) F 672.5750772 591 16:1 Stigmasterol ester | 16:2 Sitosterol 
ester | CE(18:2) | zymosteryl oleate (128) 4 

3 

Lipidomics (+) F 676.6214521 533 Cer(41:0;O3) (129) 17 3 

Lipidomics (+) F 682.3265786 243 PA(31:4) (130) 9 3 

Lipidomics (+) F 683.3327021 243 PA(31:4) (131) 10 3 

Lipidomics (+) F 686.5547495 561 HexCer(33:2;O2) (132) 3 3 

Lipidomics (+) F 687.6350407 553 Cer(43:1;O2) (133) 9 3 

Lipidomics (+) F 699.5942009 546 DG(42:5) | DG(42:6) (136) 16 3 

Lipidomics (+) F 700.6574514 560 Cer(44:1;O2) (137) 6 3 

Lipidomics (+) F 710.6271986 547 TG(38:0) | TG(40:1) | TG(42:2) (140) 18 3 



290 
 

Lipidomics (+) F 711.630084 548 TG(42:2) | TG(40:1) (141) 18 3 

Lipidomics (+) F 711.6396081 547 TG(41:0) (142) 18 3 

Lipidomics (+) F 713.5695738 535 TG(40:2) (143) 17 3 

Lipidomics (+) F 714.5064128 448 PC(29:0) (144) 18 2 

Lipidomics (+) F 715.5853898 547 TG(40:1) | TG(38:0) | TG(42:2) (146) 17 3 

Lipidomics (+) F 717.6005762 559 TG(42:3) (148) 17 3 

Lipidomics (+) F 718.6093851 559 TG(42:3) (149) 18 3 

Lipidomics (+) F 731.5393606 441 PC(32:3) | PE(35:3) | PC(32:2) | PE(35:2) | 
PA(37:3) (151) 23 

3 

Lipidomics (+) F 735.5469575 579 CE(22:6) | HexCer(35:2;O2) (152) 5 3 

Lipidomics (+) F 741.5992456 549 TG(40:1) | TG(42:2) (153) 18 3 

Lipidomics (+) F 742.6098496 549 TG(44:5) (154) 17 3 

Lipidomics (+) F 744.617329 560 EPC(40:2;O2) (155) 18 3 

Lipidomics (+) F 745.6252176 560 SM C16:1 | EPC(38:1;O2) | EPC(38:2;O2) | 
EPC(40:2;O2) | SM(35:1;O2) (156) 18 

3 

Lipidomics (+) F 752.5101101 441 IPC(32:1;O2) (158) 23 3 

Lipidomics (+) F 752.5233437 441 PC(34:5) (159) 22 2 

Lipidomics (+) F 753.5225776 441 PC(34:6) | PE(37:6) | PA(38:2) | PC(32:2) | 
PE(35:2) | PA(39:6) | PC(34:5) | PE(37:5) (160) 23 

3 

Lipidomics (+) F 754.5351966 437 PC(34:4) | PE(37:4) | PC(30:1) | PC(32:1) | 
PE(33:1) | PE(35:1) | PE-NMe(34:1) (161) 1 

3 

Lipidomics (+) F 758.5659219 447 PC(34:3) | PE(37:3) | PC(34:2) | PE(37:2) | 
PE-NMe(36:2) (162) 20 

3 

Lipidomics (+) F 762.660623 550 TG(44:3) (163) 17 2 

Lipidomics (+) F 764.6735048 561 SM(40:0;O2) (164) 17 3 

Lipidomics (+) F 765.677805 561 SM(40:0;O2) (165) 17 3 

Lipidomics (+) F 766.5358658 463 PA(39:2) | PE(O-36:4) | PC(33:2) | PE(36:2) 
| LBPA(34:2) | PG(34:2) | PC(35:5) | 
PE(38:5) | PE(O-38:6;O) | PC(35:6) | 

PE(38:6) | PE(O-38:7;O) | PA(40:6) | PE(O-
38:7) (166) 16 

3 

Lipidomics (+) F 768.7044158 581 Dextrothyroxine | Thyroxine (167) 18 3 

Lipidomics (+) F 769.7081859 581 Dextrothyroxine | Thyroxine (169) 17 3 

Lipidomics (+) F 770.7122461 581 Dextrothyroxine | Thyroxine (170) 17 3 

Lipidomics (+) F 770.6509135 561 HexCer(39:2;O2) | HexCer(39:1;O2) (171) 17 3 

Lipidomics (+) F 771.6574466 571 HexCer(39:1;O2) (172) 17 3 

Lipidomics (+) F 772.6627237 571 HexCer(39:1;O2) (173) 17 3 

Lipidomics (+) F 773.652937 571 HexCer(39:1;O2) (174) 17 3 

Lipidomics (+) F 778.5339269 448 PC(34:3) (177) 20 2 

Lipidomics (+) F 779.539408 447 PC(34:3) | PE(37:3) | PA(40:3) (179) 21 3 

Lipidomics (+) F 780.5513923 428 PC(34:2) (181) 19 2 

Lipidomics (+) F 782.5665405 448 PC(36:4) | PE(39:4) (182) 20 3 

Lipidomics (+) F 783.5707374 448 HexCer(36:1;O4) (183) 20 3 

Lipidomics (+) F 783.6468342 568 TG(45:2) (184) 15 3 

Lipidomics (+) F 785.5766824 448 PC(34:0) | PE(37:0) | PE-NMe(36:0) | 
PC(35:4) | PE(38:4) | PE(O-38:5;O) (185) 20 

3 

Lipidomics (+) F 787.1916728 253 Glucuronosyletoposide (186) 10 3 

Lipidomics (+) F 790.6888465 563 SM(42:0;O2) | SM(40:0;O2) (188) 17 3 
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Lipidomics (+) F 791.6920938 563 SM(40:0;O2) | SM(42:0;O2) (190) 17 3 

Lipidomics (+) F 794.5085721 447 PC(34:3) (192) 21 2 

Lipidomics (+) F 794.7173395 582 Dextrothyroxine | Thyroxine (193) 16 3 

Lipidomics (+) F 795.5129335 447 PG(38:7) | PC(34:3) | PE(37:3) | PC(O-33:1) 
| PE(O-36:1) (194) 21 

3 

Lipidomics (+) F 795.7221523 582 TG(44:0) | TG(46:1) (195) 17 3 

Lipidomics (+) F 796.7241915 582 Dextrothyroxine | Thyroxine (196) 16 3 

Lipidomics (+) F 796.5845163 471 PC(35:1) (197) 9 2 

Lipidomics (+) F 796.6565844 563 TG(48:6) (198) 17 3 

Lipidomics (+) F 798.6669997 572 PG(dO-40:10;1) (200) 19 3 

Lipidomics (+) F 799.6699669 572 HexCer(39:1;O2) (202) 16 3 

Lipidomics (+) F 802.533416 429 PC(36:5) | PE(39:5) (203) 20 3 

Lipidomics (+) F 805.5510184 448 PA(42:4) | PC(36:4) | PE(39:4) (204) 18 3 

Lipidomics (+) F 808.7372872 586 TG(45:0) | TG(47:1) (206) 14 3 

Lipidomics (+) F 809.7400418 586 TG(47:1) (207) 14 3 

Lipidomics (+) F 810.7514567 595 TG(47:0) (208) 11 3 

Lipidomics (+) F 815.7485355 612 FA(51:1;O3) (209) 5 3 

Lipidomics (+) F 817.7090409 564 SM(40:0;O2) (210) 18 3 

Lipidomics (+) F 818.7126417 562 SM(39:1;O2) | SM(41:1;O2) (211) 17 3 

Lipidomics (+) F 819.6261538 553 PS(O-38:2) (212) 18 3 

Lipidomics (+) F 821.7322998 582 Dextrothyroxine | Thyroxine (213) 16 3 

Lipidomics (+) F 826.6924807 582 TG(49:6) | TG(48:2) (214) 16 3 

Lipidomics (+) F 835.5313607 439 PI(34:2) | PI(34:3) | PA(41:1) (217) 5 3 

Lipidomics (+) F 836.5356551 439 PC(42:11) | PI(34:3) | PI(34:2) (218) 5 3 

Lipidomics (+) F 836.7830367 595 TG(50:0) (219) 15 3 

Lipidomics (+) F 837.7810071 595 TG(50:0) (220) 14 3 

Lipidomics (+) F 838.7847438 604 TG(49:0) (221) 10 3 

Lipidomics (+) F 839.6584443 573 PC(O-39:1) | PE(O-42:1) (223) 17 3 

Lipidomics (+) F 840.7112174 588 TG(49:2) (224) 15 3 

Lipidomics (+) F 840.6577682 573 PC(O-39:1) | PE(O-42:1) (226) 17 3 

Lipidomics (+) F 841.6659843 582 TG(48:2) (227) 16 3 

Lipidomics (+) F 842.7316638 596 TG(51:4) (228) 15 3 

Lipidomics (+) F 842.669415 582 TG(48:2) (229) 17 3 

Lipidomics (+) F 843.6718187 527 PC(40:2) | PE(43:2) (230) 0 3 

Lipidomics (+) F 847.6728759 565 undecaprenyl phosphate (231) 17 3 

Lipidomics (+) F 849.7894588 592 TG(51:0) | TG(51:1) (233) 13 3 

Lipidomics (+) F 854.7226908 591 TG(51:6) | TG(50:2) (234) 13 3 

Lipidomics (+) F 856.7346607 599 TG(50:1) | TG(51:5) (235) 12 3 

Lipidomics (+) F 856.7473191 584 TG(54:5) | TG(52:4) | TG(52:5) (236) 17 3 

Lipidomics (+) F 859.674865 563 TG(51:6) (237) 17 3 

Lipidomics (+) F 860.6805553 563 TG(51:6) (238) 18 3 

Lipidomics (+) F 861.6256415 556 PC(42:7) | PC(44:8) | PGS (239) 17 3 

Lipidomics (+) F 863.7045463 580 HexCer(44:1;O2) | Cer(51:1;O4) (240) 16 3 

Lipidomics (+) F 863.6683756 565 TG(51:6) (241) 16 3 

Lipidomics (+) F 865.6621672 574 PS(40:0) (243) 13 3 

Lipidomics (+) F 866.6683847 574 HexCer(42:1;O4) (244) 14 3 
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Lipidomics (+) F 872.5297769 448 PI(36:6) | PI(35:2) (246) 20 3 

Lipidomics (+) F 877.5693755 490 PS(42:8) | PS(41:4) | PG(O-42:5) (247) 22 3 

Lipidomics (+) F 879.4952595 439 PI(36:5) (248) 4 3 

Lipidomics (+) F 879.5755811 441 PC(44:12) (249) 0 3 

Lipidomics (+) F 880.5906993 461 PI(36:2) (250) 5 3 

Lipidomics (+) F 882.6971047 588 PC(43:4) (251) 15 3 

Lipidomics (+) F 883.711353 597 TG(51:2) (252) 13 3 

Lipidomics (+) F 884.7138497 597 TG(51:2) (253) 15 3 

Lipidomics (+) F 885.6772841 567 Coenzyme Q10 (254) 6 3 

Lipidomics (+) F 885.71894 596 PC(43:2) (255) 15 3 

Lipidomics (+) F 887.5599026 478 PI(36:1) (258) 4 3 

Lipidomics (+) F 887.7483762 566 TG(51:0) | TG(53:1) (259) 17 3 

Lipidomics (+) F 888.7081828 571 PS(O-42:1) (261) 17 3 

Lipidomics (+) F 889.6584988 567 PC(42:6) | PC(44:7) | PGS (263) 17 3 

Lipidomics (+) F 889.6551062 513 PC(44:7) (264) 3 3 

Lipidomics (+) F 910.550393 457 Glc-GP(38:4) | PI(38:4) (268) 8 3 

Lipidomics (+) F 912.7118187 570 TG(57:11) | TG(59:12) (269) 2 3 

Lipidomics (+) F 913.7256439 579 TG(57:10) | TG(59:11) | TG(55:7) | TG(57:8) (270) 3 3 

Lipidomics (+) F 913.6586548 558 PC(44:8) (271) 19 3 

Lipidomics (+) F 914.5073434 447 SHexCer(38:1;O3) (272) 22 3 

Lipidomics (+) F 914.6637518 557 PC(44:8) (273) 19 3 

Lipidomics (+) F 914.7291254 579 TG(59:11) | TG(57:10) | TG(55:7) | TG(57:8) (274) 4 3 

Lipidomics (+) F 915.5100362 446 (3-sulfo)Galbeta-Cer(d38:1/(2OH)) (275) 21 3 

Lipidomics (+) F 917.1489658 253 Isophthalyl-CoA (276) 10 3 

Lipidomics (+) F 921.7495172 557 22:0-Glc-Sitosterol (278) 16 3 

Lipidomics (+) F 935.7292709 597 Hex2Cer(39:0;O2) (280) 15 3 

Lipidomics (+) F 936.7343937 597 Hex2Cer(39:0;O2) (281) 15 3 

Lipidomics (+) F 939.7404342 580 TG(57:10) | TG(59:11) | TG(55:7) | TG(57:8) (283) 3 3 

Lipidomics (+) F 945.9122271 627 ACer(63:3;O3) (285) 5 3 

Lipidomics (+) F 946.7895749 577 TG(58:9) (286) 1 3 

Lipidomics (+) F 947.7285642 594 Galalpha1-4Galbeta-Cer(d40:1) | 
Hex2Cer(40:1;O2) | Manbeta1-4Glcbeta-

Cer(d40:1) (287) 3 

3 

Lipidomics (+) F 948.7337796 594 Galalpha1-4Galbeta-Cer(d40:1) | 
Hex2Cer(40:1;O2) | Manbeta1-4Glcbeta-

Cer(d40:1) (289) 4 

3 

Lipidomics (+) F 950.8152394 589 TG(58:7) | TG(60:8) (291) 3 3 

Lipidomics (+) F 954.7564496 587 TG(60:12) | TG(58:8) | TG(60:11) | TG(54:0) (296) 5 3 

Lipidomics (+) F 961.7422926 597 Hex2Cer(39:0;O2) (299) 16 3 

Lipidomics (+) F 962.7471466 597 Hex2Cer(39:0;O2) (300) 16 3 

Lipidomics (+) F 963.6810375 559 TG(58:11) (301) 1 3 

Lipidomics (+) F 964.6844691 559 TG(58:11) (302) 1 3 

Lipidomics (+) F 964.9291197 630 TG(58:0) (303) 15 3 

Lipidomics (+) F 965.6991552 569 TG(58:10) (304) 4 3 

Lipidomics (+) F 966.701618 569 TG(58:10) (306) 3 3 

Lipidomics (+) F 967.7153756 578 TG(58:9) (307) 5 3 

Lipidomics (+) F 968.7167702 578 TG(58:9) (308) 5 3 
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Lipidomics (+) F 970.7861099 573 TG(60:11) | TG(59:7) (309) 4 3 

Lipidomics (+) F 971.7308854 586 IPC(44:0;O4) (311) 19 3 

Lipidomics (+) F 971.7901273 573 TG(60:11) (312) 3 3 

Lipidomics (+) F 971.9242049 628 ACer(63:3;O3) (313) 4 3 

Lipidomics (+) F 975.7378346 573 TG(60:11) (316) 2 3 

Lipidomics (+) F 975.8307786 613 TG(59:4) (317) 15 3 

Lipidomics (+) F 975.7619131 602 Galalpha1-4Galbeta-Cer(d42:1) | 
Hex2Cer(42:1;O2) | Manbeta1-4Glcbeta-

Cer(d42:1) (318) 0 

3 

Lipidomics (+) F 976.740635 573 TG(60:11) | TG(62:12) (319) 4 3 

Lipidomics (+) F 976.832231 590 TG(58:7) | TG(60:8) (320) 4 3 

Lipidomics (+) F 977.8535303 620 TG(59:3) | TG(61:4) | TG(63:7) (321) 16 3 

Lipidomics (+) F 977.8316427 590 TG(60:8) (322) 4 3 

Lipidomics (+) F 977.775532 608 Galalpha1-4Galbeta-Cer(d44:1) | 
Hex2Cer(44:1;O2) | Manbeta1-4Glcbeta-

Cer(d44:1) | Hex2Cer(42:0;O2) (323) 18 

3 

Lipidomics (+) F 978.7817485 609 Galalpha1-4Galbeta-Cer(d44:1) | 
Hex2Cer(44:1;O2) | Manbeta1-4Glcbeta-

Cer(d44:1) | Hex2Cer(42:0;O2) (324) 17 

3 

Lipidomics (+) F 982.8973186 610 ACer(62:1;O2) (325) 16 3 

Lipidomics (+) F 984.9108039 617 TG(61:3) (327) 16 3 

Lipidomics (+) F 991.8656765 623 TG(60:3) | TG(62:4) (328) 17 3 

Lipidomics (+) F 999.7632277 597 IPC(46:0;O4) (330) 4 3 

Lipidomics (+) F 1004.798593 609 Galalpha1-4Galbeta-Cer(d44:1) | 
Hex2Cer(44:1;O2) | Manbeta1-4Glcbeta-

Cer(d44:1) | Hex2Cer(42:0;O2) (332) 17 

3 

Lipidomics (+) F 1007.835996 623 TG(60:3) (334) 17 3 

Lipidomics (+) F 1113.744897 608 Dodecaprenyl phosphate-galacturonic acid (336) 16 3 

Lipidomics (+) F 1114.75282 608 Dodecaprenyl phosphate-galacturonic acid (337) 16 3 

Lipidomics (-) F 167.0211565 33 Uric acid (339) 16 3 

Lipidomics (-) F 183.0163458 38 5-Hydroxyisourate (340) 14 3 

Lipidomics (-) F 185.1186816 50 FA(10:1;O) | WE(10:1;O) (341) 20 3 

Lipidomics (-) F 199.0980259 38 FA(8:2) | WE(8:2) | FA(10:2;O2) (343) 16 3 

Lipidomics (-) F 204.0669446 37 Indole-3-acetaldehyde | Indolelactic acid (344) 17 3 

Lipidomics (-) F 229.1450713 43 WE(10:1) | FA(10:1) | FA(12:1;O2) (345) 19 3 

Lipidomics (-) F 241.1452911 45 WE(11:2) | FA(11:2) | WE(12:2) | FA(12:2) | 
FA(13:2;O2) (346) 19 

3 

Lipidomics (-) F 285.2078635 73 WE(14:1) | FA(14:1) | WE(15:1) | FA(15:1) | 
FA(16:1;O2) (347) 20 

3 

Lipidomics (-) F 309.2081372 72 WE(16:3) | FA(16:3) | FA(17:3) | WE(17:3) (348) 20 3 

Lipidomics (-) F 311.223695 88 FA(18:2;O2) | WE(16:2) | FA(16:2) | 
WE(17:2) | FA(17:2) (349) 20 

3 

Lipidomics (-) F 312.2271541 89 FA(18:2;O2) | WE(16:2) | FA(16:2) | 
WE(17:2) | FA(17:2) (350) 19 

3 

Lipidomics (-) F 367.1594453 37 ST(19:2;O2;S) (351) 22 3 

Lipidomics (-) F 368.1627926 37 ST(19:2;O2;S) (352) 22 3 

Lipidomics (-) F 369.1752467 39 ST(19:1;O2;S) (353) 21 3 
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Lipidomics (-) F 369.1577337 37 ST(19:2;O2;S) (354) 22 3 

Lipidomics (-) F 370.1782943 39 ST(19:1;O2;S) (355) 20 3 

Lipidomics (-) F 395.1638181 38 ST(21:4;O5) (356) 21 3 

Lipidomics (-) F 395.1910812 40 ST(21:2;O2;S) (357) 20 3 

Lipidomics (-) F 396.167425 38 ST(21:4;O5) (358) 20 3 

Lipidomics (-) F 405.1926107 38 ST(21:4;O5) (359) 21 3 

Lipidomics (-) F 464.3161463 267 LPC(O-15:1) | LPE(O-18:1) (361) 10 3 

Lipidomics (-) F 480.3098476 237 LPE(O-18:1;O) | LPC(15:0) | LPE(18:0) (363) 9 3 

Lipidomics (-) F 480.3110859 156 LPE(O-18:1;O) | LPC(15:0) | LPE(18:0) (365) 9 3 

Lipidomics (-) F 482.3169797 237 LPE(O-18:1;O) | LPC(15:0) | LPE(18:0) (366) 9 3 

Lipidomics (-) F 502.2956222 137 LPE(20:3) (367) 8 3 

Lipidomics (-) F 504.3118477 120 LPC(17:2) | LPE(20:2) (368) 7 3 

Lipidomics (-) F 505.3143411 120 LPC(17:2) | LPE(20:2) (369) 8 3 

Lipidomics (-) F 506.3257461 173 LPE(20:1) (370) 8 2 

Lipidomics (-) F 508.3415088 245 LPE(20:0) (371) 9 2 

Lipidomics (-) F 520.2665622 151 LPS(18:2) | LPE(18:3) (373) 9 3 

Lipidomics (-) F 524.2789742 102 LPE(22:6) (374) 8 3 

Lipidomics (-) F 528.310183 114 LPE(22:4) (376) 8 3 

Lipidomics (-) F 530.3043189 156 LPE(O-19:1;O) | LPC(16:0) | LPE(19:0) (377) 9 3 

Lipidomics (-) F 540.3303627 142 LPE(O-18:1;O) | LPC(15:0) | LPE(18:0) | 
LPS(O-19:0;O) | LPE(O-19:1;O) | LPC(16:0) | 

LPE(19:0) (378) 9 

3 

Lipidomics (-) F 541.3351862 142 LPE(O-18:1;O) | LPC(15:0) | LPE(18:0) | 
LPE(O-19:1;O) | LPC(16:0) | LPE(19:0) | 

LPS(O-19:0;O) (379) 9 

3 

Lipidomics (-) F 548.2975588 237 LPS(20:2) | LPE(20:3) (380) 9 3 

Lipidomics (-) F 549.3017695 237 LPE(20:3) | LPS(20:2) (381) 10 3 

Lipidomics (-) F 554.3468956 202 LPE(O-19:1;O) | LPC(16:0) | LPE(19:0) | 
LPC(17:0) | LPE(20:0) | LPS(O-20:0;O) (382) 9 

3 

Lipidomics (-) F 556.3264039 48 LPS(O-18:0) (383) 13 3 

Lipidomics (-) F 564.3295671 120 LPC(17:2) | LPE(20:2) | LPC(18:2) (384) 7 3 

Lipidomics (-) F 566.3470727 156 LPC(17:1) | LPE(20:1) | LPC(18:1) | PC(O-
18:1) | LPS(21:0) (385) 8 

3 

Lipidomics (-) F 566.3465904 173 LPC(17:1) | LPE(20:1) | LPC(18:1) | PC(O-
18:1) | LPS(21:0) (386) 8 

3 

Lipidomics (-) F 568.2664405 110 LPS(22:6) (387) 8 3 

Lipidomics (-) F 568.359419 245 LPS(O-21:0;O) | LPC(18:0) | PC(O-18:0) | 
LPE(21:0) | LPC(17:0) | LPE(20:0) (388) 9 

3 

Lipidomics (-) F 586.3160069 87 LPE(22:5) | LPC(20:5) (389) 8 3 

Lipidomics (-) F 587.3200117 87 LPE(22:5) | LPC(20:5) (390) 8 3 

Lipidomics (-) F 588.3303137 114 LPE(22:4) | LPC(20:4) (391) 8 3 

Lipidomics (-) F 589.334992 114 LPE(22:4) | LPC(20:4) (392) 8 3 

Lipidomics (-) F 590.3470248 142 LPC(19:3) | LPC(20:3) (393) 8 3 

Lipidomics (-) F 591.3501493 142 LPC(19:3) | LPC(20:3) (394) 8 3 

Lipidomics (-) F 596.2939081 86 LPI(18:2) (396) 14 3 

Lipidomics (-) F 608.3194147 142 LPS(20:2) (398) 9 3 

Lipidomics (-) F 608.318052 156 LPS(20:2) (399) 9 3 
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Lipidomics (-) F 609.3228819 156 LPS(20:2) (400) 9 3 

Lipidomics (-) F 612.3315455 106 LPE(24:6) | LPC(22:6) (401) 8 3 

Lipidomics (-) F 613.3348342 106 LPE(24:6) | LPC(22:6) (402) 8 3 

Lipidomics (-) F 621.3058524 99 LPI(20:3) (404) 14 3 

Lipidomics (-) F 632.3188398 120 LPS(22:4) (405) 7 3 

Lipidomics (-) F 632.3190369 109 LPS(22:4) (406) 7 3 

Lipidomics (-) F 633.3228812 120 LPS(22:4) | PE(25:4;O3) (407) 7 3 

Lipidomics (-) F 634.3351938 173 LPC(20:4;O2) (408) 8 3 

Lipidomics (-) F 635.3382854 173 LPC(20:4;O2) (409) 8 3 

Lipidomics (-) F 636.3498522 245 LPS(22:2) (410) 10 3 

Lipidomics (-) F 637.3533996 245 LPS(22:2) (411) 9 3 

Lipidomics (-) F 654.561975 519 Cer(40:2;O2) (413) 20 3 

Lipidomics (-) F 702.6167983 539 Cer(42:0;O3) (421) 18 3 

Lipidomics (-) F 712.4950317 448 PC(31:3) | PE(34:3) (422) 18 3 

Lipidomics (-) F 716.5261433 486 PC(31:1) | PE(34:1) (423) 16 3 

Lipidomics (-) F 717.5276759 486 PC(31:1) | PE(34:1) (424) 16 3 

Lipidomics (-) F 727.5468722 501 PC(O-33:3) | PE(O-36:3) (427) 5 3 

Lipidomics (-) F 728.5633631 516 PC(O-33:2) | PE(O-36:2) (428) 4 3 

Lipidomics (-) F 740.5241183 469 PC(33:3) | PE(36:3) (429) 17 3 

Lipidomics (-) F 741.5280562 469 PC(33:3) | PE(36:3) (430) 18 3 

Lipidomics (-) F 744.5557051 506 PE(36:1) (431) 16 2 

Lipidomics (-) F 760.5615136 456 HexCer(34:1;O3) (432) 6 3 

Lipidomics (-) F 763.5114195 453 PC(35:6) | PE(38:6) | PE(O-38:7;O) | PG(O-
33:2) | PG(O-32:2) (434) 14 

3 

Lipidomics (-) F 765.5281565 463 PG(O-33:1) | PG(O-32:1) | EPC(38:2;O3) (435) 17 3 

Lipidomics (-) F 782.4962406 467 PC(31:4) | PC(33:5) | PC(35:6) | PE(34:4) | 
PE(36:5) | PE(38:6) | PE(O-38:7;O) | 

PC(34:6) | PE(37:6) | PC(30:4) | PC(32:5) | 
PE(33:4) | PE(35:5) | PC(36:6;O2) | PS(34:3) 

| PS(36:4) | PS(38:5) (437) 16 

3 

Lipidomics (-) F 784.5114879 486 PS(36:3) (438) 16 2 

Lipidomics (-) F 785.5158205 486 PS(36:3) | PC(32:4) | PE(35:4) | PC(33:4) | 
PE(36:4) | PE(O-36:5;O) (439) 16 

3 

Lipidomics (-) F 801.5448248 456 PS(37:2) | PC(33:3) | PE(36:3) | PC(34:3) | 
PE(37:3) (441) 20 

3 

Lipidomics (-) F 801.5570608 456 PA(O-42:4) (442) 21 3 

Lipidomics (-) F 815.547397 467 PG(O-36:4) (446) 8 3 

Lipidomics (-) F 829.5757855 480 PS(39:2) | PC(36:3) | PE(39:3) | PC(35:3) | 
PE(38:3) (447) 23 

3 

Lipidomics (-) F 831.4994839 453 PS(40:8) | PE(40:9) (448) 14 3 

Lipidomics (-) F 860.6103602 454 Galalpha1-4Galbeta-Cer(d34:1) | 
Hex2Cer(34:1;O2) | Manbeta1-4Glcbeta-

Cer(d34:1) (450) 7 

3 

Lipidomics (-) F 874.4839871 462 PS(40:9) (452) 17 3 

Lipidomics (-) F 1035.658782 156 NeuAcHexCer(34:1;O2) (457) 9 3 

Lipidomics (-) F 1171.636267 156 PIM2(35:2) (458) 9 3 
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Footnotes: (+) / (-) indicate positive and negative ion modes respectively, M – Males, F – females, m/z – mass to charge ratio, RT – retention 
time. The ‘Heatmap index’ can be used to cross reference metabolites within this table to Figure 6.4, acrophase estimated via cosinor analysis 
as performed as part of the group level rhythm analysis. Lipid abbreviations: CAR – Acylcarnitine, Cer – Ceramide, CL – Cardiolipin, DG – 
Diacylglyceride, FA – Fatty acyl, FA(X:X) – Fatty acid, GL – Glycerolipid, GluCer – Glucocyl-ceramide, GM3 – Ganglioside mannoside 3, Hex2cer 
– Dihexosylceramide, NeuAcHexCer – N-Acetylneuraminic acid hexosylceramide, PA – Phosphatidic acid, PC – Phosphatidylcholine, PE – 
Phosphatidylethanolamine, PG – Phosphatidylglycerol, PI – Phosphatidylinositol, PS – Phosphatidylserine, SM – Sphingomyelin, SP – 
Sphingolipid, ST – Sterol lipid, TG – Triacylglyceride. 
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Appendix D Tables summarising annotated rhythmic water-soluble metabolites characterised 

in the current thesis and where these data corroborate with prior published studies. 

 

  

Table D1: List of rhythmic metabolites, as reported, by prior 

circadian/metabolomics studies primarily investigating polar metabolites.  
Lists acquired from [78] 

Grant et al (2018) 

2-Methylcitric acid 

Citrulline 

Fumaric acid 

L-Arginine 

L-Leucine 

L-Lysine 

L-Methionine 

L-Threonine 

L-Valine 

Sucrose-6-phosphate 

4-Hydroxyphenylpyruvic acid 

Citric acid 

D-Glucuronic acid 

L-Homoserine 

L-Asparagine 

L-Isoleucine 

L-Tyrosine 

Ornithine 

dUMP 

Glycyl-glycine 

5-Hydroxylysine 

Inosinic acid 

Glucose 6-phosphate 

Isocitric acid 

L-Phenylalanine 

L-Tryptophan 

Pantothenic acid 

Cysteic acid 
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Appendix Table D2: A full list of rhythmic metabolites, putatively annotated to a single metabolite class, across both HILIC 

assays for males (n = 10) and females (n = 10). 

Assay Sex m/z RT Putative annotation Heatmap 
index 

Acro-
phase 

MSI 
level 

HILIC (+) M 103.0542 354 FAL(9:7) (460) 11 3 

HILIC (+) M 106.0498 469 Serine (461) 17 2 

HILIC (+) M 118.0648 344 Indole (462) 11 3 

HILIC (+) M 123.0416 425 FA(5:1) | WE(5:1) (463) 14 3 

HILIC (+) M 131.0491 354 Cinnamic acid (464) 12 3 

HILIC (+) M 133.0971 479 Ornithine (465) 11 2 

HILIC (+) M 136.0756 352 FOH(8:6) (467) 16 3 

HILIC (+) M 138.0546 415 Trigonelline (468) 13 2 

HILIC (+) M 144.0808 344 Indole (470) 12 3 

HILIC (+) M 149.0597 354 Cinnamic acid (471) 11 3 

HILIC (+) M 155.0795 479 Ornithine (473) 11 2 

HILIC (+) M 157.076 344 3-Indoleacetonitrile (474) 12 3 

HILIC (+) M 163.0865 352 Norcotinine (475) 16 3 

HILIC (+) M 166.0723 122 7-Methylguanine | N2-Methylguanine (476) 14 3 

HILIC (+) M 166.0723 309 7-Methylguanine | N2-Methylguanine (477) 1 3 

HILIC (+) M 166.0531 481 Methionine sulfoxide (478) 13 3 

HILIC (+) M 170.0599 344 Taurocyamine (480) 12 3 

HILIC (+) M 175.1435 542 NA(8:1;O) (481) 14 3 

HILIC (+) M 182.0561 179 5-Methylthio-D-ribose | 2,3-Dihydroxy-5-
methylthio-4-pentenoic acid (482) 12 

3 

HILIC (+) M 190.1185 468 Homocitrulline (484) 15 3 

HILIC (+) M 227.0789 344 Tryptophan (486) 11 2 

HILIC (+) M 228.0742 468 Homocitrulline (487) 14 2 

HILIC (+) M 229.1182 500 Porphobilinogen | 3-Methoxytyrosine (488) 13 3 

HILIC (+) M 229.1546 468 Isoleucylproline | Leucylproline (489) 15 2 

HILIC (+) M 230.157 468 Isoleucylproline | Leucylproline (490) 15 3 

HILIC (+) M 244.0561 344 Tryptophan (494) 12 2 

HILIC (+) M 246.1082 351 Cytidine (495) 12 2 

HILIC (+) M 254.0801 479 2-amino-8-oxo-9,10-epoxy-decanoic acid | 
CAR(3:1) (496) 11 

3 

HILIC (+) M 262.1284 464 CAR(4:1;O2) | CAR(4:2;O2) (497) 14 2 

HILIC (+) M 283.0744 344 FOH(14:5;O) | FA(14:4) (499) 11 3 

HILIC (+) M 298.1146 309 1-Methylguanosine | (S)-malyl alpha-D-
glucosaminide (503) 1 

3 

HILIC (+) M 311.1238 460 gamma-Glutamyltyrosine (505) 15 3 

HILIC (+) M 346.1547 344 Succinylcholine (506) 12 3 

HILIC (+) M 432.3869 26 CAR(17:0) (510) 2 3 

HILIC (+) M 449.309 315 (6R)-vitamin D3 6,19-sulfur dioxide adduct | 
(6S)-vitamin D3 6,19-sulfur dioxide adduct | 
1alpha,25-dihydroxy-24a-homo-22-thia-20-
epivitamin D3 | 1alpha,25-dihydroxy-24a-

homo-22-thiavitamin D3 (512) 20 

3 

HILIC (+) M 463.1058 344 farnesyl triphosphate (513) 12 3 
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HILIC (+) M 468.3444 308 LPC(O-15:0) (514) 8 2 

HILIC (+) M 494.3601 293 LPC(P-17:0) (516) 10 2 

HILIC (-) M 130.0622 447 Beta-Guanidinopropionic acid | Creatine (526) 9 3 

HILIC (-) M 173.1043 572 Arginine (529) 12 2 

HILIC (-) M 174.0882 491 Citrulline (530) 10 2 

HILIC (-) M 180.0668 407 Tyrosine (531) 14 2 

HILIC (-) M 185.1183 53 FA(10:1;O) | WE(10:1;O) | FOH(10:2;O2) | 
FA(10:1;O) | FOH(9:2) | FOH(8:2) | 2-

Octenal (532) 20 

3 

HILIC (-) M 188.1041 479 Homocitrulline (533) 14 3 

HILIC (-) M 188.0209 447 NA(5:3;O3) (534) 7 3 

HILIC (-) M 190.0511 75 2-Oxoindole-3-acetate | 5-
Hydroxyindoleacetic acid (535) 16 

3 

HILIC (-) M 262.1047 513 N-Acetyl-L-citrulline (536) 15 3 

HILIC (-) M 411.1848 26 17-Hydroxypregnenolone sulfate (542) 22 2 

HILIC (-) M 451.2608 262 (24R,25S)-25,26-epoxy-1alpha,24-
dihydroxy-27-norvitamin D3 | (24S,25R)-

25,26-epoxy-1alpha,24-dihydroxy-27-
norvitamin D3 | 1alpha,25-Dihydroxy-16-

ene-19-nor-24-oxovitamin D3 (543) 23 

3 

HILIC (-) M 487.3277 268 Glyceryl lactooleate (544) 19 3 

HILIC (+) F 106.0498 469 Serine (461) 19 2 

HILIC (+) F 133.0971 479 Ornithine (465) 11 2 

HILIC (+) F 135.1016 539 FA(6:0;O) (466) 20 3 

HILIC (+) F 144.1018 464 Proline betaine (469) 13 2 

HILIC (+) F 157.076 344 3-Indoleacetonitrile (474) 11 3 

HILIC (+) F 166.0723 309 7-Methylguanine | N2-Methylguanine (477) 3 3 

HILIC (+) F 170.0599 344 Taurocyamine (480) 11 3 

HILIC (+) F 182.0561 179 5-Methylthio-D-ribose | 2,3-Dihydroxy-5-
methylthio-4-pentenoic acid (482) 13 

3 

HILIC (+) F 186.0356 466 Glutamine (483) 22 2 

HILIC (+) F 229.1546 468 Isoleucylproline | Leucylproline (489) 14 2 

HILIC (+) F 230.157 468 Isoleucylproline | Leucylproline (490) 13 3 

HILIC (+) F 243.0949 426 Pantothenic acid (493) 9 3 

HILIC (+) F 254.0801 479 2-amino-8-oxo-9,10-epoxy-decanoic acid | 
CAR(3:1) (496) 10 

3 

HILIC (+) F 277.0381 471 Isoferulic acid 3-sulfate | Dihydroferulic 
acid 4-O-sulfate (498) 15 

3 

HILIC (+) F 298.1008 529 N-gamma-Glutamylglutamine | N2-gamma-
Glutamylglutamine (502) 0 

2 

HILIC (+) F 298.1146 309 1-Methylguanosine | (S)-malyl alpha-D-
glucosaminide (503) 3 

3 

HILIC (+) F 309.1655 570 1-[(5-Amino-5-carboxypentyl)amino]-1-
deoxyfructose (504) 10 

3 

HILIC (+) F 373.1155 537 Feruloylquinic acid (507) 22 3 

HILIC (+) F 407.0024 478 Vanillic acid 4-O-glucuronide (508) 7 3 

HILIC (+) F 468.3444 308 LPC(O-15:0) (514) 9 2 

HILIC (+) F 484.3667 307 LPC(P-18:0) | LPC(O-18:1) | LPC(O-18:0) (515) 8 3 
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HILIC (+) F 498.3442 303 ST(27:2;O7) (517) 9 3 

HILIC (+) F 527.3785 301 ST(29:2;O7) (520) 9 3 

HILIC (+) F 536.3698 299 PC(O-19:1) (521) 9 2 

HILIC (+) F 560.3354 308 PC(20:4) | LPC(20:4;O) (523) 12 3 

HILIC (+) F 607.2508 96 Bilirubin (525) 9 2 

HILIC (-) F 174.0882 491 Citrulline (530) 9 2 

HILIC (-) F 185.1183 53 FA(10:1;O) | WE(10:1;O) | FOH(10:2;O2) | 
FA(10:1;O) | FOH(9:2) | FOH(8:2) | 2-

Octenal (532) 19 

3 

HILIC (-) F 262.1047 513 N-Acetyl-L-citrulline (536) 14 3 

HILIC (-) F 273.1205 519 Gln-Gln (538) 1 2 

HILIC (-) F 274.1046 538 L-Glutamyl-L-glutamine (539) 0 2 

HILIC (-) F 295.228 29 FA(18:2;O) (540) 21 2 

HILIC (-) F 411.1848 26 17-Hydroxypregnenolone sulfate (542) 21 2 

Footnotes: (+) / (-) indicate + and - ion modes respectively, M – Ms, F – females, m/z – mass to charge ratio, RT – retention time. The ‘Heatmap 
index’ can be used to cross reference metabolites within this table to Figure 5.4 and Figure 5.5, acrophase estimated via cosinor analysis as 
performed as part of the group level rhythm analysis. Lipid abbreviations: CAR – Acylcarnitine, Cer – Ceramide, CL – Cardiolipin, DG – 
Diacylglyceride, FA – Fatty acyl, FA(X:X) – Fatty acid, GL – Glycerolipid, GluCer – Glucocyl-ceramide, GM3 – Ganglioside mannoside 3, Hex2cer 
– Dihexosylceramide, NeuAcHexCer – N-Acetylneuraminic acid hexosylceramide, PA – Phosphatidic acid, PC – Phosphatidylcholine, PE – 
Phosphatidylethanolamine, PG – Phosphatidylglycerol, PI – Phosphatidylinositol, PS – Phosphatidylserine, SM – Sphingomyelin, SP – 
Sphingolipid, ST – Sterol lipid, TG – Triacylglyceride. 
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Appendix E  

Table E1: List of all rhythmic metabolites by age and group alongside amplitude and MESOR of 

fitted rhythms as determined by cosinor analysis. 

COHORT Group Metabolite Amplitude (µM)† MESOR (µM)† 

2015 Control Alanine 13.45 124.41 
2015 Control Arginine 3.94 102.51 
2015 Control Asparagine 1.46 25.23 
2015 Control Citrulline 8.81 149.57 
2015 Control Isoleucine 7.44 69.34 
2015 Control Kynurenine 0.18 1.58 
2015 Control Lysine 9.89 130.46 
2015 Control Serine 21.48 153.78 
2015 Control Tryptophan 5.45 37.31 
2015 Control Tyrosine 1.82 39.18 
2015 Control Carnitine 7.69 51.28 
2015 Control Hexadecanoylcarnitine 0.01 0.09 
2015 Control Hydroxyhexadecanoylcarnitine 0.00 0.03 
2015 Control Octadecanoylcarnitine 0.02 0.15 
2015 Control Octadecenoylcarnitine 0.01 0.08 
2015 Control Acetylcarnitine 5.55 27.54 
2015 Control Propionylcarnitine 0.04 0.32 
2015 Control Hydroxybutyrylcarnitine 0.01 0.05 
2015 Control lysoPC a C16:1 0.05 1.03 
2015 Control lysoPC a C18:1 1.23 20.03 
2015 Control lysoPC a C18:2 0.58 10.00 
2015 Control Melatonin ††28.24 ††30.22 
2015 Control PC aa C32:3 0.01 0.21 
2015 Control PC aa C34:1 2.20 66.68 
2015 Control PC aa C36:4 0.64 19.49 
2015 Control PC aa C38:0 0.05 0.93 
2015 Control PC aa C38:4 1.43 39.09 
2015 Control PC aa C38:6 0.88 19.60 
2015 Control PC aa C40:5 1.44 28.93 
2015 Control PC aa C40:6 1.50 41.22 
2015 Control PC ae C34:3 0.13 1.71 
2015 Control PC ae C36:1 0.63 13.31 
2015 Control PC ae C36:4 0.08 1.31 
2015 Control PC ae C38:3 0.09 1.57 
2015 Control PC ae C40:1 0.03 0.36 
2015 Control PC ae C40:6 0.05 2.61 
2015 Control PC ae C42:3 0.01 0.18 
2015 Control SM (OH) C16:1 0.32 10.96 
2015 Control SM (OH) C22:1 0.84 25.43 
2015 Control SM C16:1 0.26 7.53 
2015 Control SM C18:0 0.38 10.78 
2015 Control SM C18:1 0.19 5.87 



302 
 

2015 Control Urea 286.35 5907.18    

  

2015 HD Alanine 12.16 139.76 
2015 HD Asparagine 1.03 25.70 
2015 HD Citrulline 4.22 134.67 
2015 HD Isoleucine 9.48 74.35 
2015 HD Leucine 18.89 121.78 
2015 HD Lysine 10.04 140.85 
2015 HD Ornithine 4.28 52.69 
2015 HD Serine 20.93 152.51 
2015 HD Threonine 6.48 200.26 
2015 HD Tryptophan 5.70 42.26 
2015 HD Tyrosine 2.08 44.33 
2015 HD Valine 13.36 161.41 
2015 HD alpha-Aminoadipic acid 0.68 6.53 
2015 HD Carnitine 8.71 54.73 
2015 HD Hexadecanoylcarnitine 0.01 0.10 
2015 HD Hydroxyhexadecanoylcarnitine 0.00 0.03 
2015 HD Octadecanoylcarnitine 0.01 0.15 
2015 HD Octadecenoylcarnitine 0.01 0.08 
2015 HD Acetylcarnitine 5.23 26.89 
2015 HD Propionylcarnitine 0.03 0.31 
2015 HD Hydroxybutyrylcarnitine 0.01 0.05 
2015 HD Valerylcarnitine 0.02 0.24 
2015 HD Carnosine 1.20 15.02 
2015 HD Kynurenine 0.20 1.64 
2015 HD lysoPC a C16:1 0.06 1.05 
2015 HD lysoPC a C18:1 1.06 21.60 
2015 HD lysoPC a C18:2 0.30 10.08 
2015 HD Melatonin ††40.37 ††40.69 
2015 HD PC aa C34:2 2.49 65.83 
2015 HD PC aa C36:3 1.05 24.45 
2015 HD PC aa C36:4 1.21 21.84 
2015 HD PC aa C36:5 0.36 6.32 
2015 HD PC aa C38:4 2.46 40.76 
2015 HD PC aa C38:5 2.14 38.36 
2015 HD PC aa C38:6 1.86 19.60 
2015 HD PC aa C40:6 2.84 38.48 
2015 HD PC ae C38:0 0.03 0.75 
2015 HD Urea 430.49 5725.84    

  

2017 Control Alanine 13.06 144.73 
2017 Control Asparagine 0.69 25.60 
2017 Control Citrulline 1.70 93.93 
2017 Control Isoleucine 8.26 83.08 
2017 Control Leucine 14.21 165.95 
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2017 Control Lysine 9.61 129.95 
2017 Control Ornithine 5.03 44.83 
2017 Control Phenylalanine 1.72 59.06 
2017 Control Serine 6.61 92.63 
2017 Control Tryptophan 3.95 38.36 
2017 Control Valine 14.62 189.06 
2017 Control alpha-Aminoadipic acid 0.80 6.88 
2017 Control Carnitine 3.80 42.34 
2017 Control Hexadecanoylcarnitine 0.01 0.15 
2017 Control Hydroxyhexadecanoylcarnitine 0.00 0.04 
2017 Control Octadecanoylcarnitine 0.01 0.21 
2017 Control Octadecenoylcarnitine 0.01 0.14 
2017 Control Acetylcarnitine 2.04 34.47 
2017 Control Propionylcarnitine 0.02 0.32 
2017 Control Hydroxybutyrylcarnitine 0.01 0.07 
2017 Control Valerylcarnitine 0.02 0.33 
2017 Control Carnosine 1.15 17.83 
2017 Control Kynurenine 0.05 1.80 
2017 Control lysoPC a C16:0 1.41 19.01 
2017 Control lysoPC a C16:1 0.06 0.79 
2017 Control lysoPC a C17:0 0.11 1.43 
2017 Control lysoPC a C18:0 1.31 15.10 
2017 Control lysoPC a C18:1 1.98 17.19 
2017 Control lysoPC a C18:2 0.94 8.15 
2017 Control lysoPC a C20:3 0.06 0.43 
2017 Control lysoPC a C20:4 0.33 2.95 
2017 Control Melatonin ††55.62 ††60.78 
2017 Control PC aa C32:0 0.16 4.85 
2017 Control PC aa C34:1 3.08 88.05 
2017 Control PC aa C34:2 7.68 122.08 
2017 Control PC aa C34:3 0.30 6.82 
2017 Control PC aa C36:1 2.44 48.08 
2017 Control PC aa C36:2 5.96 111.45 
2017 Control PC aa C36:3 1.47 23.08 
2017 Control PC aa C36:4 1.52 24.67 
2017 Control PC aa C36:5 0.20 4.88 
2017 Control PC aa C38:0 0.02 0.70 
2017 Control PC aa C38:3 0.35 6.61 
2017 Control PC aa C38:4 2.43 47.21 
2017 Control PC aa C38:5 2.04 30.57 
2017 Control PC aa C38:6 1.33 16.72 
2017 Control PC aa C40:5 1.67 26.65 
2017 Control PC aa C40:6 2.52 36.06 
2017 Control PC ae C34:0 0.06 1.43 
2017 Control PC ae C34:1 0.20 5.17 
2017 Control PC ae C34:2 0.23 5.12 
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2017 Control PC ae C34:3 0.09 1.71 
2017 Control PC ae C36:2 0.29 6.51 
2017 Control PC ae C36:3 0.10 2.65 
2017 Control PC ae C38:0 0.02 0.57 
2017 Control PC ae C38:4 0.10 2.55 
2017 Control PC ae C40:1 0.02 0.30 
2017 Control PC ae C40:4 0.03 0.67 
2017 Control PC ae C40:5 0.08 1.87 
2017 Control PC ae C40:6 0.09 2.03 
2017 Control PC ae C42:2 0.00 0.09 
2017 Control PC ae C42:3 0.01 0.12 
2017 Control Sarcosine 0.05 4.10 
2017 Control Symmetric dimethylarginine 0.10 1.89 
2017 Control Serotonin 0.63 6.97 
2017 Control Taurine 1.23 27.52 
2017 Control Urea 230.49 6151.01    

  

2017 HD Alanine 12.81 152.94 
2017 HD Asparagine 0.58 26.28 
2017 HD Histidine 1.12 72.64 
2017 HD Isoleucine 6.54 82.18 
2017 HD Phenylalanine 1.22 56.96 
2017 HD Serine 8.84 100.83 
2017 HD Threonine 2.65 170.33 
2017 HD Tryptophan 4.35 40.41 
2017 HD Tyrosine 1.11 46.92 
2017 HD Carnitine 5.55 44.11 
2017 HD Hexadecanoylcarnitine 0.01 0.12 
2017 HD Hydroxyhexadecanoylcarnitine 0.00 0.03 
2017 HD Octadecanoylcarnitine 0.01 0.17 
2017 HD Acetylcarnitine 2.06 30.51 
2017 HD Propionylcarnitine 0.02 0.31 
2017 HD Hydroxybutyrylcarnitine 0.01 0.08 
2017 HD Valerylcarnitine 0.01 0.31 
2017 HD Hydroxyvalerylcarnitine 0.00 0.06 
2017 HD Kynurenine 0.13 1.96 
2017 HD lysoPC a C18:1 0.86 21.65 
2017 HD lysoPC a C18:2 0.35 9.99 
2017 HD Melatonin ††64.98 ††88.95 
2017 HD PC aa C28:1 0.01 0.37 
2017 HD PC aa C34:4 0.01 0.26 
2017 HD PC aa C36:3 0.77 22.43 
2017 HD PC ae C30:2 0.00 0.06 
2017 HD PC ae C34:2 0.29 5.14 
2017 HD PC ae C34:3 0.12 1.79 
2017 HD PC ae C36:0 0.03 1.09 
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2017 HD PC ae C36:1 0.24 7.55 
2017 HD PC ae C36:3 0.15 2.67 
2017 HD PC ae C36:4 0.07 1.61 
2017 HD PC ae C38:3 0.04 0.94 
2017 HD PC ae C42:3 0.01 0.13 
2017 HD Urea 451.58 7254.42 

Metabolite names maintain parity with naming conventions utilised by the applied Biocrates p180 targeted 
assay kit, details provided below. PC – glycerohosphatidylcholine. ‘a’ or ‘aa’ – both moieties (or one in the 
case of lysoPCs) at the sn-1 and sn-2 positions are fatty acyl residues bound to the glycerol backbone by 
ester bonds. ‘ae’ - one of the moieties, either in the sn-1 or sn-2 position, is a fatty alcohol residue bound by 
an ether bond.  
† Calculated via cosinor analysis on non Z-scored (concentration - µM) data  
†† Melatonin is measured on a picomolar scale 
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