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ABSTRACT 

The age of -omics has set a precedent for precision medicine, yet one of the most prevalent 

challenges is multi-omics data integration, with no platform yet that can efficiently integrate 

clinical and multi-omic data. This thesis uses several integrative data strategies to 

deconvolute complex multisystemic disease states, utilising clinical, cytokine profiling, 

metagenomic and metabonomic data to gain greater depth and understanding. High-

throughput metabolic profiling methods have been employed for in-depth systemic analysis 

of SARS-CoV-2 infection, Primary Biliary Cholangitis and paediatric burn injury. 

Correlation analysis and derived clustering methods were utilised for data integration, 

following multivariate analyses and reveal disease state specific signatures. Similarly, 

different biofluids (plasma, urine, faeces) contributed specific complementary information. 

Several systemic biomarkers were identified for each disease, each with hallmarks of organ 

dysfunction. This work highlights the value of data integration in heavily confounded data 

and disease.  
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CHAPTER ONE: INTRODUCTION 
 
1.1 Aims and Objectives 

 

The aim of this thesis is to investigate complex immune-mediated metabolic signatures in 

multisystemic diseases, using a variety of analytical metabolic profiling techniques and to 

develop a framework for integration of immune metabolic signatures with clinical datasets. 

Key objectives are: 

- To identify disease specific signatures using nuclear magnetic spectroscopy (NMR) 

and ultra-high performance liquid chromatography mass spectrometry (UHPLC-MS). 

- To identify specific immuno-metabolic signatures through the integration of cytokine 

data with spectroscopic data. 

- To develop generic strategies for stratifying and integrating multimodal data to gain 

a systems overview of complex diseases. 

 

1.2 Metabolism and Metabonomics 

 

Metabolism can be widely defined as the sum of biochemical processes in living organisms 

that produce or consume energy [1] and pervades every aspect of biology. Metabolites are 

the end products of cellular regulatory processes and are considered to be the terminal 

response of biological systems to changes in genetic or environmental factors. Over 11, 000 

reactions and 18, 000 metabolites are now annotated in KEGG (Kyoto Encyclopedia of Genes 

and Genomes) [2] as of May 2021, with annotation ongoing. Core metabolism can be 

reduced to pathways involving an abundance of nutrients such as carbohydrates, fatty acids 
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and amino acids, essential components for global homeostasis and macromolecular 

synthesis in humans [3].  

 

The 3 primary classes of pathways involved in core metabolism are as follows: 

• Anabolism: synthesis of simple molecules or polymerisation to form more complex 

macromolecules  

• Catabolism: degradation of molecules to release energy  

• Waste disposal: eliminate toxic waste produced by other classes [3]. 

 

The identification of regulatory mechanisms that link cell signalling to the orchestration of 

metabolic pathways or enable cells to sense energy changes, could be key in understanding 

the underlying mechanism to a multitude of diseases. Identifying disease-related 

metabolites, patterns and biomarkers is critical not only for improving clinical diagnoses but 

also for gaining a better understanding of metabolic pathological processes, which in turn 

can drive the development of personalised medicine, and the development of therapeutics 

with greater efficacy for specific populations [4].  Metabolites rarely function in isolation 

and operate in pathways that bridge the relationship between genotypes and phenotypes, 

influenced by the combined power of the genomes and phenome. The metabolic 

consequence of a single disease is not restricted to the one or two metabolites but generally 

the effects of the disease spread functionally throughout an organism, and thus 

comprehensive, global profiling is an invaluable tool.  

 

The suffix of “omics”, when applied to a molecular term implies a comprehensive screening 

of a set of molecules. Over the last 3 decades, development of other omics beyond 
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genomics have taken place, with technologies capable of interrogating transcripts, proteins 

and metabolites. Metabonomics is defined as “the quantitative measurement of the 

dynamic multiparametric metabolic response of living systems to pathophysiological stimuli 

or genetic modification” [1]. A particular strength of metabonomics is the ability to 

elucidate population differences due to genetics, disease and environmental changes, 

including nutrition [1]. Metabonomics typically utilises spectroscopic technologies such as 

nuclear magnetic resonance (NMR) spectroscopy and mass spectrometry (MS); MS is 

typically coupled to a molecular separation technique such as gas chromatography (GC-MS) 

[6], liquid chromatography (LC-MS) [7] and ultra-high performance liquid chromatography 

(UHPLC-MS) to generate molecular profiles for a variety of biofluids and tissues, including 

blood, urine, faeces, and whole tissue extracts [8]. It has become an increasingly popular 

tool in drug development and molecular medicine due to the capacity to profile phenotypes 

and address environmental changes on pathophysiology [5]. The complexity of the data as 

with other ‘omics’ necessitates computational modelling to accommodate the complexity of 

the informatic dense spectra. Thus, advancements in technology resolution and 

bioinformatics have further facilitated this growth. To probe changes in gut microbiome 

composition, metagenomics is used, with 16 ribosomal RNA (16S rRNA) gene sequencing 

being frequently employed in combination with spectrometry methods for a comprehensive 

screen [9].  

 

This thesis uses a combination of NMR, UHPLC-MS, 16s rRNA sequencing and cytokine 

profiling techniques to interrogate the metabolic profiles of three diseases, each with 

unique hypermetabolic signatures: namely SARS-CoV-2 infection, Primary Biliary Cholangitis 

and acute burn injury in children.  
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1.3 Nuclear Magnetic Resonance (NMR) Spectroscopy 

 

Nuclear Magnetic Resonance (NMR) remains a key analytical technology in metabolic 

profiling for several key attributes. NMR is automatable, non-destructive, nonbiased, can be 

used in a quantitative or qualitative mode, and can be used in a capacity that requires little 

or no chromatographic separation, or chemical derivatization. Additionally, NMR is capable 

of detecting compounds less amenable to LC-MS, such as sugars, organic acids, alcohols, 

polyols and highly polar compounds [10]. These features make NMR spectroscopy an ideal 

technology for high-throughput, large scale epidemiological studies.  

 

NMR is a phenomenon in which nuclei exhibit a property of spin when subjected to a strong 

continuous magnetic field and behave like bar magnets on exposure to radiofrequency 

pulses, the nuclei can shift energy levels and produce a measurable signal that is 

characteristic of the magnetic field at the nucleus [11]. Solution-state NMR spectroscopy is a 

powerful and efficient tool for metabolic profiling, with the ability to generate information-

dense spectra that have been proven to be effective in metabolism studies and medical 

research [1]. 1H NMR spectroscopy is generally utilised for biological samples, in which 

almost all molecules contain protons and thus will be the technique focused on in this 

thesis, to provide access to metabolite information. Properties that can aid structural 

elucidation of molecules include chemical shift, integration (quantification), peak 

multiplicity and relaxation [11]. Aside from inorganic ions, all small molecules that contain 

hydrogen atoms, can be measured due to the high sensitivity of abundant 1H nuclei.  
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1.3.1 1H NMR Chemical Shift 

 

Briefly, every chemically distinct hydrogen nucleus in each metabolite in a biological sample, 

will exhibit an NMR signal with a characteristic resonance frequency; measured as a 

chemical shift relative to a standard compound, measured in parts per million (ppm) [12]. 

This characteristic signal occurs as a result of each proton which, although exposed to the 

same external magnetic field, differs slightly in that the local chemical and electronic 

environment wherein surrounding electrons will shield the proton to a small extent.  

 

When analysing urine in metabonomic studies, it is common practise to add a reference 

material such as 3-(trimethylsilyl)-2,2ʹ,3,3ʹ-tetradeuteropropionic acid (usually abbreviated 

to TSP) or deuterated forms of 4,4-dimethyl-4-silapentane-1-sulfonic acid (DSS) to define as 

0 ppm such that spectra can be aligned and interpreted. The chemical shift of an NMR signal 

from a hydrogen nucleus in a. metabolite is independent of the applied field strength and is 

highly reproducible for that those specific nuclei. Biofluids such as a serum or plasma from 

blood, are typically referenced to an anomer of glucose at ! 5.23, as some components of 

serum or plasma may bind to TSP or DSS [13]. However, this signal is highly sensitive to 

temperature, and thus care must be taken to ensure that homogenous conditions. Solvent 

induced chemical shift variation can be useful analytically, to distinguish signals that may be 

otherwise overlapped [14]. 

 

Chemical shift variation is typically observed to a certain degree and is normal for values to 

be within !0.03 between samples [8]. Chemical shifts in in NMR spectroscopy are highly 

sensitive to structural and environmental change. Sensitivity to pH change can be used for 
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metabolite identification, particularly for those with ionisable functional groups, for 

example citrate [15].  

 

Different pulse sequences serve the purpose of different resolutions to best exploit 

accessing different molecular information and experiments are generally run sequentially. In 

addition to standard 1D (one-dimensional) NMR, 2D (two-dimensional) NMR spectroscopy 

can be used to assess spin patterns to aid metabolite identification and structural 

assignments. 2D experiments commonly acquired alongside standard 1D NMR acquisition 

include J-resolved spectroscopy (JRES), correlation spectroscopy (COSY), and total 

correlation spectroscopy (TOCSY). To summarise: 

• 1D Standard NMR spectra which use the first increment of the Nuclear Overhauser 

Effect (NOE) to achieve saturation of the water resonance, contain signals of both 

high molecular weight molecules such as lipids and metabolites and low molecular 

weight [16]. 

• Carr-Purcell-Meiboom-Gill (CPMG) spectra attenuate signals from small molecules by 

via T2 filtering (transverse relaxation). T2 filters exploit short relaxation times to 

reduce contribution from macromolecules with the broad signals such as those from 

larger molecules like lipids [17]. 

• 2D J-resolved (JRES)spectra separate signals into two different spectral dimensions 

wherein the second dimension contains information on the J coupling or peak 

multiplicity and structure. Proton-decoupled 1D spectrum can observed from the 

skyline projection from the chemical shift dimension, enabling metabolite 

identifications and quantifications. From the J-coupling dimension, J-coupling 

information provides information that aids metabolite identification as J-couplings 
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are non-reactive to physiological factors such as temperature or pH compared to 

chemical shifts.  JRES spectra provide insight into spin-spin coupling patterns, 

providing information on which protons in a molecule may be closely linked together 

in terms of chemical structure and bonds [18]. 

• 1H-1H Correlation Spectroscopy (COSY) shows the correlation between coupled 

hydrogens in the 1H spectrum. The 1D 1H spectrum can be plotted along both 2D 

axes. COSY is used to confirm metabolites and to identify protons that are adjacent 

to each other in a molecule [19]. 

• Total Correlation Spectroscopy (TOCSY) generates correlations between all protons 

within a spin system, yielding information on bond correlations through spin-spin 

coupling. TOCSY provides complementary information to the COSY since it can 

detect protons that are several bonds distant (typically 5 or 6) from each other [20]. 

 

Development and establishment of NMR techniques such as the Bruker In-Vitro Diagnostics 

research (IVDr) methods have enabled accurate quantification of lipoproteins and small 

molecules in blood [42]. The IVDr system integrates advanced hardware, software, 

automation and standard operating procedures (SOPs) to acquire this screen. These 

methods have been reported to be highly reproducible, with appropriate accuracy for 

clinical and regulatory settings [42].  

 

1.3.1 Spin-spin coupling in 1H NMR spectra 

 

Spin-spin coupling (or J-coupling) is a phenomenon that is a result of magnetic interaction 

between nuclei, resulting in NMR resonances to be split into components with characteristic 
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relative intensities and scales [21]. Spin-spin coupling aids spectral interpretation and 

metabolite identification. Frequency separation results in the separation of peaks into a 

second dimension that would otherwise overlap, and also facilitates identification through 

the ratio of frequency separation to the coupling constant [11].  

 

 1.3.2 Advantages and Limitations of NMR 

 

The advantages and limitations of NMR are usually attributed to one fundamental factor: its 

non-selective and broad analytical spectrum. Table 1.1 briefly summaries the advantages 

and limitations of the technology. Whereas high reproducibility is the main advantage of 

NMR spectroscopy, the sensitivity is intrinsically low compared to other techniques such as 

mass spectrometry (MS). Sensitivity however can be improved with a larger number of 

scans, resulting in longer data acquisition times, and higher magnetic field strength. NMR 

can be enhanced by hyper polarisation, a method whereby signals can be enhanced several 

thousand times over the normal concentration [22]. Due to the non-selective nature of 

NMR, there is often a large overlap between multiple metabolites, which poses a significant 

metabolite identification challenge. However, this also enables relatively fast simultaneous 

measurement of all measurable metabolites using NMR spectroscopy, where all metabolites 

at a detectable concentration level can be attained in a single observation [23].  

 

NMR is a non-destructive technique, and thus several analyses can be carried out on the 

same sample. This is ideal for epidemiological studies, for which large sample volumes are 

difficult to acquire due to cost, time and logistic limitations such as availability of freezer 

storage. It is also ideal for paediatric samples, due to difficulty to attain large volumes of 
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plasma and urine given their weight and size [24]. Studies investigating the impact of freeze 

thaw cycles on NMR analysis suggest that there is minimal change in metabolite 

concentrations and lipoprotein measurements in urine, and minor changes to serum 

metabolites and lipoprotein composition over 5 freeze-thaw cycles [25]. This is useful in the 

analysis of longitudinal studies which may have been collected over a series of decades and 

thus samples may have been subjected to different handling and temperature changes.  

 

Standard 1D NMR data acquisition is relatively quick, with typically an experimental time of 

12 minutes for spectral acquisition from a single sample analysed with 32 scans on a 

600MHz spectrometer, generating 3 spectra, standard 1D spectra, a spin echo spectrum 

attenuating low molecular weight components and a diffusion edited spectrum attenuating 

macromolecular components. 

 

Enhancement of technology such as the development of cryoprobes has vastly improved 

signal to noise detection, the resolution improved up to four-fold [20]. Cryogenic probes 

function by cooling of the detector coil and amplifier to 20K, reducing thermal noise, and 

enabling a clearer resolution of nuclei with naturally low abundance. At thermal equilibrium, 

two states required for energy transition and subsequently signal detection are extremely 

close together and thus requires very little energy for the nuclei to be promoted from one 

state to another just by normal thermal conditions [26]. 
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Table 1.1: Summary of NMR advantages and limitations 

Advantages Limitations 

Quick and easy sample preparation Non-selective and so requires convolution 
to overcome peak overlap 

Robust against freeze thaw cycles for 
metabolite composition and lipoprotein 
quantification 

Metabolites in serum have minor 
alterations in freeze thaw cycles 

Comprehensive and untargeted in one 
measurement 

Untargeted which results in some 
metabolites detected ambiguously  

Bruker IVDr Lipoprotein Subclass Analysis 
(B.I. LISA) methods enable comprehensive 
quantification of 112 lipoproteins, in 
addition to 20 small molecules 

Variance in urinary excretion volumes and 
subsequent variations in metabolite 
concentrations remains a significant 
unresolved issue 

Inherently quantitative: signal intensity is 
directly proportional to the number of 
nuclei 

Complete assignments may be difficult 
due to the complexity of signals and 
overlap. 

Minimal sample preparation Sensitive to changes in pH, osmolality or 
complexation with metal ions resulting in 
variability in peak chemical shift 

 

 

1.4 Targeted Liquid Chromatography Mass Spectrometry Assays 

 

Both NMR and mass spectrometry (MS) are complementary to one another. In order to 

provide the broadest and most comprehensive coverage for metabolic profiling, employing 

both techniques is the optimal strategy but may be constrained by financial or sample 

volume limitations. The application of MS is broadly expanding due to the speed, sensitivity 

and wide dynamic range of this technology which often utilises a separation method for 

enhanced dispersion and detection. Liquid chromatography MS (LC-MS) has become the 

dominating mass spectrometry technique in metabonomics, with a broad coverage of 

detection for metabolites. For many assays no sample derivatisation is required as samples 

are not required to be volatilised due to the mobile phase changing from gas to liquid.  
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Ultra-high-performance liquid chromatography MS (UHPLC-MS) employs the use of sub-2 

μm or 2.6–2.8 μm (fused-core) stationary phase particles at the chromatography column, 

with the ability to withstand high solvent flow rates and high pressures ranging between 

6000–19 000 psi, reducing broadness of peaks typically encountered using standard particle 

sizes, thereby yielding shorter analytical run times and increasing peak capacity. The type of 

mass analyser coupled to the separation technique can further increase sensitivity.  

 

Quadrupole time-of-flight (QToF) mass spectrometers employ a hybrid technique that 

combines time-of-flight mass analysers with a quadrupole technology. The third quadrupole 

is replaced with a time-of-flight tube where mass separation occurs with lighter mass ions 

exhibiting a shorter time-of-flight and heavier mass ions exhibiting a longer time-of-flight.  

This enables the comprehensive identification and quantification of compounds with exact 

mass. Triple quadrupole (TQ) mass analysers facilitate the accurate measurement of 

concentrations of target compounds that are present at very low levels in complex samples. 

The improved ionization, and reduce peak overlap, leads to easier structural determination 

and confirmation of candidate biomarkers [27].  

 

Targeted metabonomics has broad applications for the screening of specific pathways and 

their biological interpretation and provides a concise analytical window for disease 

screening. This provides a useful tool for rapid screening of metabolites with either relative 

or absolute metabolite quantification. In comparison to NMR assignments, targeted UHPLC-

MS assays utilise standards for calibration and the identification of compounds in biofluids 

[28]. Whilst some targeted metabolic profiling kits can quantify up to 800 metabolites [29], 
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it is difficult to obtain all required chemical standards for metabolites of interest and thus 

the coverage of targeted metabolic profiling is often limited [30]. 

 

1.5 Computational Methods in Metabolic Profiling 

 

The primary objective of multivariate analysis in metabonomics is to employ pattern 

recognition algorithms, for reduction and deconvolution of the multidimensional metabolic 

data. Unsupervised and supervised statistical methods are employed for data reduction and 

biological interpretation of complex multidimensional data. This in turn enables further 

discrimination between groups, highlighting significant variables and features that may 

attribute to a group or an individual.  

 

1.5.1. Principal Components Analysis 

 

Principal components analysis (PCA) forms the initial step in multivariable analysis, assessing 

the variable space and, in doing so, reducing the dimensionality, in order to facilitate the 

detection of patterns of parameters or variables (in this instance spectral signals or data 

points) [31]. PCA predicts an approximation of a given data matrix X, as a product of two 

smaller matrices T and P, which capture the most prominent features of X. For a spectral 

dataframe, this is perceived as matrix X, with N samples and K variables (spectral points), 

translating as N points in a K dimensional space. The dimensional space (K) can be reduced 

to a subspace defined by a small number of principal components (PC). For each PC, two 

sets of vectors are calculated, score (T) and loadings (P). Scores capture inter-sample 

variation and thus are useful for assessing outliers and trends in the data. Loadings capture 
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inter-variable variation, and thus are useful for assessing the influence of variables on the 

distribution of the scores and the relationship between variables.  

 

The number of PCs fitted in the model to attributed to the percentage of variance or 

goodness of fit (R2X) of the model and the predicted variation or goodness of prediction 

(Q2X) using a leave one out seven-fold cross-validation procedure. This method of validation 

is useful in assessing the robustness of the model and to useful for assess whether or not 

the model has been overfitted, which can be a risk when the dataset contains few samples 

and many variables.  

 

1.5.2. Partial Least Squares and Partial Least Squares-Discriminant Analysis  

 

Partial Least Squares (PLS) is a regression method which combines and generalises PCA and 

multiple linear regression, and aims to describe relationships between a descriptor matrix 

Figure 1.1: Schematic of how variance is calculated. Principal components analysis (PCA) specifies a new 
coordinate system in which every point is assigned an (x,y) value.  Figure credited to: Zhang Z, Castelló A. 
Principal components analysis in clinical studies. Annals of translational medicine. 2017 Sep;5(17). 
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(X) and corresponding response matrix (Y) [32]. PLS then deconvolutes the predictor matrix 

by sequentially extracting orthogonal components and subsequently summarises the model 

through computing scores and loadings for both spaces. PLS maximises the covariance 

between the X scores and Y scores for each component, by calculating the contribution of 

each X-variable to each Y component.  Partial least squares-discriminant analysis (PLS-DA) 

extends from PLS, and primarily focuses on discriminating classes based on the X variables. 

PLS-DA model is fitted between a descriptor matrix (X) and the predicted response (Y), 

defining a class or dummy variable, with the discrimination plane seeking separation of 

variables based on the class.  

 

1.5.3 Orthogonal Partial Least Squares-Discriminant Analysis (OPLS-DA) 

 

Orthogonal Partial Least Squares (OPLS) combines orthogonal signal correction with PLS 

which removes systematic variation that is correlated to the biological class of interest from 

the data. OPLS maximises the covariance between X variables from Y response matrix, 

removing the X variation that has zero correlation to Y, or to simply state removes X 

variation that is orthogonal to Y. This in turn reduces the number of variables in the OPLS 

model, subsequently reducing the complexity of the model and enhancing biological 

interpretation. Orthogonal Partial Least Squares-Discriminant Analysis (OPLS-DA) includes a 

dummy-Y variable (a variable or class discriminator), and predicts two modelled variations, 

the Y predictive and the Y-orthogonal component. The regression coefficients can be ‘back-

scaled’ to retrieve the correlation and covariance in the loadings, which can display directly 

the discrimination between the groups and subsequently identify “biomarkers”. The 

regression coefficients are relative to the covariance between X and Y if the data are mean-
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centred. However, if the data are scaled to unit-variance, regression coefficients are relative 

to the correlation. The variable importance in projection (VIP) index is a normalised average 

of the variables with the highest influence on the model, measured by the contribution of 

each predictor to the construction of the components, and thus is useful when interrogating 

the results from OPLS-DA [33].  

 

1.5.4 Statistical Total Correlation Spectroscopy (STOCSY) 

 

Statistical Total Correlation Spectroscopy (STOCSY) computes a correlation matrix (C) 

between intensities of all datapoints in a spectral dataset and can be obtained according to 

the following formula:  

whereby the autoscaled experimental matrices of n × v1 and n × v2, respectively; n is the 

number of spectra (one for each sample) and v1 and v2 are the number of variables in the 

spectra for each matrix. C is therefore a matrix of v1 × v2, wherein each value is a correlation 

coefficient between two variables of the matrices X1 and X2[20]. As the signal intensities 

from a molecule will always be measured with the same ratio, given the same experimental 

conditions, then it is thought that theoretically the relative intensities will have absolute 

correlation (correlation coefficient r=1). Given the complexity of biofluids, r will always be 

inferior to 1, due to spectral noise and observed peak overlap. The signal intensity is used to 

represent covariance and is presented with spectral graphical representation for ease of 

interpretation and assignment of metabolites, but additionally aids structural elucidation 
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[20].  OPLS-DA is often used in conjunction with STOCSY, for metabolite identification, 

facilitating direct identification of discriminant metabolites.  

 

1.6 Multimodal data in complex systems diseases  

 

The development of precision medicine strategies via systems medicine techniques is a 

multi-disciplinary endeavour involves quantification, integration, analyses and 

interpretation of a combination of clinical and non-clinical data. This endeavour is essential 

to gain a deeper understanding of mechanisms and physiological changes that drive disease 

development. Substantial developments in computational deconvolution and integration of 

large, high throughput datasets utilise pattern recognition strategies to integrate different 

windows of resolution in the data in the search for patterns related to biological processes 

or for disease stratification [34].  

 

Studies have shown the prerequisite ability for integrative data strategies and the 

application to high-throughput data to show invaluable insight into disease trajectories. 

Using unsupervised techniques, one study by Argelaguet et al., presented a framework for 

agnostic integration of heterogenous data, and presented the benefits of such work by 

identifying several major drivers of disease variation [35].  

 

The window of analysis provided by different datasets such as cytokine and microbiome 

data, can be essential in the understanding of different disease groups. For disease group 

stratification, employing the use of methods such as correlation analysis can help identify 

biomarker signatures [36].  
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1.6.1 Correlation analysis  

 

Correlation analysis is a group of techniques to investigate potential two-way (normally 

linear) associations between two continuous variables, resulting in positive, neutral or 

negative correlation [37]. Correlation is calculated by measuring the correlation coefficient, 

which represents the strength of the potential linear association between the variables of 

interest. A coefficient of 0 indicates no correlation, whereas a coefficient of -1 or +1 

indicates a near perfect negative or positive linear correlation respectively. Both scenarios 

can inform on the order within a molecular system If the coefficient is a positive number, 

this implies that both variables vary in phase (synchronically) or increase simultaneously, 

whereas a negative coefficient, implies that the variables are inversely related (vary in anti-

phase), with one value increasing and the other decreasing [38]. 

 

Two types of correlation co-efficient are frequently employed: Pearson’s product moment 

correlation coefficient and Spearman’s rank correlation coefficient, with other techniques 

employed for multiple variable correlation.  

 

Pearson's product moment correlation coefficient is represented as ϱ for a population 

parameter and as r for a sample of that population. Pearson’s correlation is employed when 

Gaussian (or normal) distribution is present for both variables of interest.  This coefficient is 

affected by the presence of extreme values in an otherwise normal distribution, which may 

result in the exaggeration or inhibition of the true correlation strength, and thus is not an 

adequate method when either or both variables are not normally distributed. For 
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correlation between variables x and y, the formula for calculating the sample Pearson's 

correlation coefficient is denoted as: 

 where xi and yi are the values of x and y for the “ith” individual [28]. 

 

Spearman's rank correlation coefficient is denoted as ϱs as a population parameter and as rs 

for sample statistics. Spearman’s correlation is employed in the absence of a Gaussian 

distribution, and where a population or variable skew exists [37]. For correlation between 

variables x and y, the formula for calculating the sample Spearman's correlation coefficient 

is denoted by: 

whereby di stands for the difference in ranks of the “ith” element and n is equal to the 

number of data points of the two variables. 

 

1.6.2 Hierarchical Clustering 

 

Correlation analysis is often paired with hierarchical clustering analysis (HCA), a method 

used to investigate related structures within a given dataset [38]. This allows grouping of 

features and is a useful tool when biologically interpreting large datasets.  Two clusters that 
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are close together are considered to be agglomerated by a single metric, thus signifying a 

close relationship.  Methods such as hierarchical edge clustering (HEC) extrapolate from the 

original hierarchical clustering method, and present pair-wise associations or dissociations 

between two variables. Edge bundles are effective in presenting linkages in a network and 

projects onto the map of controls [39]. This method is beneficial in the integration of multi-

modal datasets given the deviation between variables.  

 

1.6.3 Cytokine multiplex assays 

 

Cytokines are small, secreted proteins, encompassing interleukins, chemokines, interferons, 

and tumour necrosis factors. Cytokines behave as signalling molecules to aid cellular 

communication, and to stimulate the relocation of cells to sites of trauma, infection and 

inflammation. They are released in a multitude of pathways, including paracrine, autocrine 

and endocrine, and implicated in a number of disease processes and immune system 

disorders [320]. The evaluation of cytokines in disease populations, can be crucial in the 

understanding of downstream causal effects, mediated by immune changes, and can be 

integrated with other profiling data to establish what changes occur in a pro-inflammatory 

and anti-inflammatory disease state. 

 

Technological advancements moving beyond traditional techniques for cytokine profiling as 

a measure of immune response, now enable comprehensive screening of multiple cytokines 

at one time. Flow cytometric multiplex arrays, also known as bead-based multiplex assays, 

employ the use of bead sets that are unique under flow cytometry. Each bead set is coated 

with a specific antibody, and corresponding fluorescence detection antibodies bind to the 



   
 

   
 

32  

 

specific capture antibody complex on the bead set, thus enabling sequential and 

comprehensive profiling in one experimental process [40]. However, despite the 

effectiveness of the assay, some discrepancies have been noted in the analysis of serum and 

plasma due to sample preparation dissimilarities and the level of accuracy required for 

preparation for reproducibility. Despite this, the assay is emerging as a gold standard for 

inflammatory cytokine profiling. 

 

1.6.4 16S Ribosomal Ribonucleic Acid (16s rRNA) Sequencing 

 

The influence of the gut microbiome on health and disease is emerging as a key factor in a 

host of diseases, ranging from obesity, inflammatory bowel disease and hepatocellular 

carcinoma [41, 42].  It is well acknowledged that the bacterial composition of the human 

microbiome is perturbed throughout an individual’s lifespan, in response to different 

environmental factors and conditions. Whilst some bacteria behave synergistically within 

humans, aiding with functions such as the digestion of complex molecules, some bacteria 

when overwhelmingly present, can be disease causing [321]. Deconvoluting the microbiome 

composition is not only of clinical importance but will further knowledge on how bacteria 

interact with the human host.  

 

16s ribosome ribonucleic acid (16S rRNA) sequencing refers to the 16S RNA component of 

the 30S subunit of a prokaryote ribosome. Through exploiting this technology, this enables 

evaluation of the 16S gene at a taxonomic resolution at species and strain level. PCR-

amplified 16S sequences are classically clustered based on similarity to generate a 

taxonomical unit. In this thesis, a newer method of classification is adopted, called Amplicon 
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Sequence Variants (ASVs) [43]. ASV workflows partition the reads on the basis of error 

capturing models, to counter and correct sequencing errors, in addition to considering 

abundance and sequence similarity [44].  Through this approach ASV annotation is able to 

detect minute biological sequence variations and counteracts the effect of any technical 

errors. However, it should be considered that some genuine biological variations can be 

classified as technical errors. Due to the sensitivity of the profiling method, it is worthwhile 

to interrogate the data with additional microbiome information containing data, such as 

metabolites detected from urine and blood.   
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CHAPTER TWO: METHODS 
 

 

For the purpose of this thesis, three different metabonomics studies were conducted, each 

with a series of different data integrations. Each study provides a unique metabolic profiling 

screening, enhanced with integration to composites of other biological processes (i.e 

cytokine profiling or microbiome profiling). Briefly discussed are the studies used in this 

thesis. Methods will be described in more detail for each study in the corresponding 

chapter. Table 2.1 shows a comparison of all datasets used from each study. 

 

Table 2.1: Side-by-side comparison of all datasets available from each study 

 

 

 

 

Western Australia COVID-
19 Study 

UK- Primary Biliary 
Cholangitis Nested Cohort 

Study 

Paediatric Burns Study 

Untargeted 1H NMR 

(1D, 2D, DIRE) 

Quantified 112 lipoproteins 
Quantified Small Molecules 

Untargeted 1H NMR 
(1D, 2D) 

 

Untargeted 1H NMR 
(1D, 2D, DIRE) 

Quantified 112 lipoproteins 
Quantified Small Molecules 

Targeted UHPLC-MS Amino 
acid assay 

 Targeted UHPLC-MS Amino 
acid assay 

Targeted UHPLC-MS 
Tryptophan pathway assay 

 Targeted UHPLC-MS 
Tryptophan pathway assay 

 Targeted UHPLC-MS Bile 
acid assay 

 

 16s rRNA sequencing  
Clinical Biochemistry and 

Pathology 
Clinical Biochemistry and 

Pathology 
 

Cytokine profiling assay  Cytokine profiling assay 
  Mass Cytometry 
  Vaccine titre testing 
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2.1.1 Western Australian COVID-19 Study 

 

The Western Australia (WA) COVID-19 metabonomics study aims to utilise metabonomics for 

the comprehensive profiling of pathological signatures of COVID-19. Further information on 

the pathogenesis and aetiology is provided in chapter three, section one.  A brief schematic 

of the analyses conducted is shown in figure 2.1.   

 

Analysis was carried out in collaboration with the Australian National Phenome Centre. 

Briefly, plasma samples were collected from 17 adults who presented COVID-19 disease like 

symptoms and subsequently tested positive for SARS-CoV-2 infection from upper and/lower 

respiratory tract swabs by RT-PCR and 25 healthy controls recruited from the population who 

had not exhibited any COVID-19 disease symptoms and were serologically tested negative 

Figure 2.1: Outline of analytical techniques used for the Western Australia COVID-19 study 
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with respect to IgG antibodies as a part of this research study.  All samples used in the study 

were collected from single time-point collections, with the exception for one patient who 

tested positive for SARS-CoV-2 and provided three samples during their hospital stay.  

Serological testing for SARS-CoV-2 antibodies were performed by the PathWest testing 

laboratories, Western Australia using a commercial point-of-care SARS-CoV-2 IgA/IgG specific 

test. The study was coordinated at Fiona Stanley Hospital within the Western Australian South 

Metropolitan Health Service catchment as part of the International Severe Acute Respiratory 

and Emerging Infection Consortium (ISARIC)/ World Health Organisation (WHO) pandemic 

trail framework (SMHS Research Governance Office PRN:3976 and Murdoch University Ethics 

no. 2020/052). Healthy controls were enrolled as volunteers, provided study details and 

written consent was obtained prior to data collection in accordance with the ethical 

governance (Murdoch University Ethics no. 2020/053). 

 

2.1.2: UK-Primary Biliary Cholangitis Nested Cohort Study  

 

The UK-Primary Biliary Cholangitis (UK-PBC) Nested Cohort study aims to use metabolic 

profiling via untargeted NMR and targeted UHPLC-MS bile acid profiling. Analysis was 

carried out in collaboration with Dr. Alexandros Pechliavanis, Imperial College London. 

Further information on the pathogenesis and aetiology is provided in chapter four, section 

one. Figure 2.2 is a brief schematic of the analyses covered in this thesis for the UK-PBC 

nested cohort study. 
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The UK-PBC Nested Cohort was recruited from 18 different research centres located across 

the United Kingdom, with a final sampling number of >600 patients. Recruited PBC patients 

were assigned to cohorts on the basis of specific criteria (Table 2.2), with the primary 

definer being the use of UDCA for treatment (Cohort A), and PBC patients who were 

treatment-naïve, i.e., those who were not on UDCA (Cohort B). The primary objective of this 

study was to investigate changes in metabolic profiles based on UDCA treatment and 

response, and to investigate changes between PBC and a normal state of health.  For this 

thesis only urine samples were analysed. Age and sex-matched healthy controls recruited 

via the NIHR Bioresource, with samples collected from participants at a research centre 

using standardised methods. Sample collection and processing was concentrated in each of 

these centres, using standardised protocols and methods to ensure consistent sample 

collection and handling.  

Figure 2.2: Outline of analytical techniques used for the UK-PBC Nested Cohort study. 
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Informed consent was obtained from all participating patients and patients deemed 

unsuitable for the criteria of the study were excluded and informed (REC reference 

14/NW/1146). Clinical research nurses collected comprehensive medical records and 

validated questionnaires characterising symptoms were collected, in addition to socio-

geographical and alcohol consumption data.  

 

Table 2.2: UK-PBC study cohort outline and criteria 

 
 

2.1.3 Paediatric Burns Study 

 

The Paediatric Burns Study aims to utilise metabolic profiling to investigate immune driven 

changes in children with prior burn injury, with prior investigations determining a 

diminished immune response to childhood vaccination. Further information on the 

pathogenesis and aetiology is provided in chapter five, section one. Figure 2.3 is a brief 

schematic of all analysis, showing the pipeline and methods used.  

 

Cohort Criteria 
A Patients with diagnosed PBC, incipient PBC 

or PBC/Autoimmune Hepatitis who ARE 
receiving treatment with UDCA 

B Patients with diagnosed PBC, incipient PBC 
or PBC/Autoimmune Hepatitis who ARE 
NOT receiving treatment with UDCA 
(treatment naïve) 

C Patients with liver diseases other than PBC 
E Healthy age and sex matched controls 

from NIHR Bioresource 
F Healthy best friend &/or same sex sibling 

controls 
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Briefly, Paediatric burn patients were recruited for the WA Paediatric Burns Biobank pilot 

study from 2 separate hospital sites; 3 years post-burn injury, aged 0-4 at the time of 

original injury presentation. Age and sex matched healthy controls were recruited from a 

pool of participants. All samples were collected and obtained following informed consent of 

a parent or guardian and collection was conducted with ethical approval from the Child and 

Adolescent Health Service WA (2015219EP;1111EP;768EP).  All patients had no prior pre-

existing illness and were not receiving treatment or medical interventions of any kind.   

 

Methodological details unique to each study will be discussed in further detail in the 

corresponding chapter. 

 

Figure 2.3: Outline of analytical techniques used for the Paediatric Burns study. 
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CHAPTER THREE: INTEGRATIVE MODELLING OF CLINICAL 
AND METABOLIC PHENOMIC DATA - A SYSTEMS APPROACH 

TO CHARACTERISING SARS-CoV-2 INFECTION 
 

 
The aim of this work is to characterise and identify metabolic signatures in SARS-CoV-2 

positive patients compared to healthy controls, in order to understand the underlying 

molecular mechanisms driving the disease. This work also aims to identify potential 

pathological signatures of SARS-CoV-2 associated with inflammation. 
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3.1 Introduction: 
 

3.1.1 Disease pathogenesis  

 

In the last two decades, novel coronavirus infections have emerged as a severe global threat 

to public health. SARS (Severe Acute Respiratory Syndrome) novel coronavirus (SARS-CoV) 

was first detected and identified in March 2003, spreading initially from the Guangdong 

Province, China, reaching to 29 countries with 8422 cases and 916 deaths [54]. MERS (Middle 

East Respiratory Syndrome) novel coronavirus (MERS-CoV) first emerged in July 2012, initially 

detected in Saudi Arabia, reaching 27 countries with 2494 cases and 858 deaths since [55]. 

The current coronavirus disease 2019 (COVID-19) pandemic resulting from the novel SARS 

coronavirus 2 (SARS-CoV-2) was first detected in December 2019 in Wuhan, China, with the 

COVID-19 outbreak declared a pandemic by the World Health Organisation (WHO) in March 

2020. As of May 2021, more than 200 countries have reported cases, with nearly 157 million 

cases and over 3 million deaths reported globally [56]. The quickly evolving pandemic now 

poses a severe challenge to healthcare systems worldwide, with medical infrastructures 

straining under the increased health crisis [57].  

 

Coronaviruses are highly complex viruses that can cause respiratory, digestive and nervous 

system diseases in humans and many other animal species. The virus consists of an 

enveloped, positive sense single-stranded RNA genome, capable of infecting humans and 

other animal species [57]. Coronaviruses possess a distinct morphology as spherical virions 

with a central capsule; the name being derived from the unique crown-like surface 

projections [58]. Coronaviruses have been defined to four separate genera; alpha, beta, 

gamma and delta, all of which have zoonotic origins, with the viral genome of SARS-CoV-2 
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mapping with 96% similarity to bat-related coronaviruses [59]. The enveloped viral genome 

of SARS-CoV-2 contains four structural proteins; of which the receptor binding protein (RBD) 

in the spike protein binds to the Angiotensin Converting Enzyme 2 (ACE2) receptor on the 

surface of the host cell, which is initially expressed in the airway epithelial cells and vascular 

endothelial cells [60]. This subsequently mediates a fusion between the virion and the cell 

membranes in the host cell as shown in figure 3.1[60]. The active replication and release of 

the virus causes the host cell to undergo pyroptosis (highly inflammatory form of lytic 

apoptosis) and release damage-associated molecular patterns such as adenosine 

triphosphate (ATP), nucleic acids and ASC oligomers [61].  SARS- CoV-2 virus belongs to the 

beta-coronavirus genus; the subtype considered the most threatening to human health, with 

the ability to cause significant morbidity and mortality [62].  

Figure 3.1: Viral binding and replication process. The virus attaches to a host target cell receptor initially 
expressed in airway epithelial and vascular endothelial cells. Reproduced from Cevik M, Kuppalli K, Kindrachuk 
J, Peiris M. Virology, transmission, and pathogenesis of SARS-CoV-2. BMJ. 2020 Oct 23;371. 
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3.1.2 Disease transmission  

 

SARS-CoV-2 has a wide range of transmission routes, such as short-distance droplet 

transmission and contact transmission, in addition to being transmitted through aerosols in 

enclosed spaces and urine, and mother to child transmission may also exist through the 

placental barrier or through breastmilk [63, 64]. In addition, experimental studies have 

indicated the ability of SARS-CoV-2 to survive in stool, with transgenic mice expressing the 

human ACE2 receptor, found to be infected and exhibit pathological changes, suggesting that 

the faecal-oral transmission may be a viable transmission mode [65]. Evidence of person-to-

person transmission of SARS-CoV-2 has resulted in extensive protective measures such as 

utilising personal protective equipment (PPE) and national lockdowns being implemented 

globally in order to control the COVID-19 outbreak [66].  

Figure 3.2: The antibody response to SARS-COV-2 and disease severity. Reproduced from Cevik M, Kuppalli K, 
Kindrachuk J, Peiris M. Virology, transmission, and pathogenesis of SARS-CoV-2. BMJ. 2020 Oct 23;371. 
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Whilst SARS-CoV-2 is more transmissible than SARS-CoV or MERS-CoV with an average R0 rate 

(rate of infection reproduction) of 1.8 – 3.6, the disease is less fatal, with a lower mortality 

rate for SARS-CoV-2 than for SARS-CoV[67]. Studies investigating the mortality rate of SARS, 

found that between 23-32% of all patients would develop severe disease and death was a 

likely outcome for over 25% [68]. A more mild-moderate disease response is seen with a 

reduction in antibody titres, however with an enduring elevated antibody response, disease 

severity increases (figure 2) [69]. Epidemiological studies have revealed that of more than 

70,000 cases of COVID-19, 80.9% of patients presented mild or moderate illness [70]. SARS-

CoV-2 disease is usually mild, unless combined with other comorbidities or other pre-existing 

diseases, with approximately 11% of cases requiring acute medical attention, and the rest 

requiring more intensive treatment [71].  

 

The pathophysiology of SARS-CoV-2 infection strongly resembles that of other coronavirus 

infections; inducing an aggressive inflammatory response, a “cytokine storm”, that can result 

in extensive lung damage and scarring [72]. Disease severity in patients is not only a 

consequence of the viral infection, load and variant but is also dependent on host response. 

Therefore, the health status and age of a patient play a key role in disease progression [73]. 

COVID-19 has a higher fatality rate in men (2.8%) in comparison with women (1.7%); which 

may be attributed to the fact that ACE2 is located on the X chromosome, suggesting that there 

may be some alleles that present resistance to COVID-19 [74]. Conversely, this could also be 

attributed to the sex hormones having different immunoregulatory functions, which in turn 

could influence immunoprotection or disease severity [75].  
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3.1.3 Symptoms and Diagnosis 

 

The non-specific and diverse nature of COVID-19 symptoms have made public awareness and 

testing very difficult, resulting in rapid and widespread infections dispersed across more than 

200 countries [71]. COVID-19 symptoms are quite diverse in presentation ranging from “flu-

like” symptoms such as mild sore throat and fatigue, to fever and anosmia in the majority of 

cases, with some people presenting as asymptomatic. The presentation of symptoms of 

COVID-19 infection appear after an approximate incubation period of 4.9-7 days [76]. In cases 

resulting in mortality, the period of onset of COVID-19 symptoms to death typically ranged 

from 6-41 days [77]. This period was found to be largely dependent on the age and pre-

existing conditions of the patient, if any and the overall general health of the individual [78].  

 

There are typically three key clinical stages in the disease trajectory for SARS-CoV-2; stage 1, 

an asymptomatic incubation period with or without detectable virus; stage II, a non-severe 

symptomatic period in the presence of the virus; and stage III, a severe respiratory 

symptomatic stage with a high viral load and severe immune dysregulation [79]. It is 

estimated that within 5-6 days after symptom onset, the SARS-CoV-2 viral load peaks; much 

earlier compared to the 10 days after symptom onset viral load peak seen with SARS-CoV 

[80]. In cases of severe COVID-19, progression to acute respiratory distress syndrome (ARDS) 

is reached after 8-9 days following symptom onset [81]. ARDS is characterised by breathing 

difficulty and low blood oxygen concentrations, rendering patients vulnerable to secondary 

infections [28]. ARDS is the primary cause for death in COVID-19 cases; in many cases 

respiratory failure is directly responsible for death [82]. The immune system releases a vast 

and prolonged level of cytokines, in response to the viral infection and/or further secondary 
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infections, the excessive release of which can evolve to a cytokine storm (hypercytokinemia) 

[83]. This uncontrolled inflammatory response can elicit multi-organ damage leading to organ 

failure; in particular the cardiac, hepatic and renal systems; with high mortality in patients 

who progressed to renal failure [84].  

 

Recent studies have suggested that COVID-19 disease can also predispose and trigger a type 

of new-onset diabetes and liver dysfunction [85,86] in some patients; with as high as 77% of 

SARS-CoV-2 positive patients reported to have abnormal liver function tests in the acute 

phase, notwithstanding the level of respiratory disease severity [87].  Further pathologies 

reported to be associated with COVID-19 disease include pulmonary embolism, neurological 

inflammation and encephalitis, renal damage, gastrointestinal disorders, heart disease and 

stroke events complicating clinical presentations and diagnosis [88-94]. The findings suggest 

that COVID-19 is a complex systemic as well as an acute respiratory disease with unknown 

long-term repercussions. 

 

Currently, rapid diagnostic tests for SARS-CoV-2 exposure are carried out via qPCR and 

immunoassay methods, to detect IgA, IgG and IgM following seroconversion, which remains 

the international gold standard. However, given the half-life of cytokines, the sampling 

window for virus detection is relatively small, in addition to the fact that not all SARS-CoV-2 

positive patients seroconvert leading to growing concerns regarding testing accuracy and the 

potential for a high false negative reporting rate [95]. SARS-CoV-2 rapid tests currently use 

real-time reverse transcriptase-polymerase chain reaction (rRT-PCR) for the qualitative 

detection of SARS-CoV-2 from nasopharyngeal swabs to confirm clinical diagnosis [96]. They 

detect genetic components of the virus, the RNA, but this is only possible if the virus is present 
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at a detectable level whilst an individual is actively infected, and if the virus is not a 

substantially different variant to the known test variants. Genetic diversity and rapid 

evolution of the SARS-CoV-2 virus have been widely observed [97]. Whilst there has been 

some progress in the development of other diagnostic tests, given the multi-dimensional and 

patient variability, this has proven challenging.  

 

3.1.4 Immune dysregulation  

 

Interestingly, it has been found that not all people exposed to SARS-CoV-2 will be infected 

and not all develop severe respiratory illness [98]. The status of a person’s immune system 

plays a key role in the response and outcome of the disease trajectory [99]. It has been 

clinically observed that SARS-CoV-2 infections are typically immunologically two phased. 

During the incubation and non-severe stages, a specific adaptive immune response is required 

for virus clearance, in order to halt disease progression to severe stages [100]. For the 

development of an endogenous, protective immune response at incubation and non-severe 

stages, the individual must be of good health and with a genetic background that elicits 

specific antiviral immunity [101]. In the circumstance of a compromised immune response, 

the virus will rapidly propagate, and extensive tissue damage will occur in affected tissues; 

with studies finding that the virus a particular has affinity for organs that have high ACE2 

expression, such as the intestine and kidney [102]. Cellular damage in turn, induces an innate 

inflammation in the lungs that is mediated by pro-inflammatory macrophages and 

granulocytes [103].  
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Following the binding of the virion to the host cell induction of a highly lytic apoptosis state 

within the host cell, occurs with release of damage associated molecular patterns (DAMPS), 

such as ATP, nucleic acids and ASC oligomers (inflammasomes); these signals are recognised 

by neighbouring epithelial cells, endothelial cells and alveolar macrophages that trigger the 

start of the cytokine cascade. The resulting production of pro-inflammatory cytokines and 

chemokines (IL-6, IP-10, macrophage inflammatory protein 1α (MIP1α), MIP1β, and MCP1) 

attracts monocytes, macrophages and T cells, to the site of infection, with T cells additionally 

producing IFNγ, the amalgamation of which further promotes a state of inflammation. In a 

defective immune response, this may lead to further accumulation of immune cells in the 

lungs; thereby promoting the production of pro-inflammatory cytokines in the sub-locale, 

resulting in lung damage. The effects of the cytokine storm subsequently target other organs, 

resulting in multiple organ damage. Organ damage is further exacerbated by non-neutralising 

antibodies produced by B cells; through antibody-dependent enhancement [104]. 

 

Genetic differences are a key contributor to the variable immune response seen between 

individuals, with extensive immune profiling studies of COVID-19 patients revealing a highly 

heterogenous immune response. Current comparison of immune profiling studies is 

complicated by the different cohort compositions and sizes, and importantly, dissimilar 

clinical phenotypes and parameters used for investigation. Studies have suggested that in the 

most severe cases of COVID-19, with patients eventually developing severe respiratory 

failure, patients present one of two immune phenotypes [104]. In approximately 75% of 

patients, immune dysregulation is characterised by a substantial decrease of HLA-class II 

molecules on CD14+ monocytes in the absence of elevated ferritin. This mechanism is 

triggered by monocyte hyperactivation, excessive IL-6 production and profound 
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lymphopenia, without an increase in IL-1β levels [105]. In the second observed phenotype, 

the immune dysfunction is associated with macrophage activation syndrome (MAS), 

associated with elevated ferritin, comparatively less reduction of HLA class II molecules on 

monocytes and triggered by IL-1β [105].  

 

The ensuing cytokine storm and subsequent disease severity are the direct consequence of 

the immune dysregulation.  

 

3.1.5 Global pandemic and international health crisis 

 

There is currently no proven treatment or cure for SARS-CoV-2 infection and disease; 

although several studies have found that some therapeutics, such as the steroid 

dexamethasone and anti-viral Remdesivir [106-108], have been found to reduce mortality 

and recovery times in some severe cases. Several vaccines have been developed (eg, Pfizer, 

Moderna, Astrazeneca, Novavax), using different strategies such as mRNA, whole virus and 

protein subunit [109]. SARS-CoV-2 variants have been detected globally, some with higher 

infection rates such as the B.1.1.7 variant, which additionally has been found to have a higher 

rate of morbidity and mortality [110]. Further variants, such 501Y.V2, have been found to 

have substantial changes in the RNA genome, leaving targeted vaccines for variants with a 

diminished protective response. Different variants have been found to be associated with 

different viral loads, suggesting differential rates of transmission [111]. Despite the successful 

development of several vaccines (Astrazenica, Pfizer, Moderna, Novavax) and nationwide 

rollout across several countries, some variant resistance has already been found to these 

vaccines, suggesting impaired efficacy.  
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Whilst several countries have controlled the first wave of the infection well, several countries 

are facing their third or fourth wave of infection. Incomplete and inadequate testing and 

ineffective quarantine measures for travel, have resulted in several outbreaks in countries 

that had previously controlled the virus well [112]. Due to the presentation and differential 

viral load of the virus, diagnosis and tracking is very difficult. In order to prevent complete 

exhaustion of medical facilities, diagnosis and disease severity prediction of COVID-19 are 

crucial.  Improved and quicker management would improve both short- and long-term health 

outcomes and reduce the international financial burden on the healthcare system. SARS-CoV-

2/COVID-19 metabolic literature is still relatively sparse although recent reports indicate that 

new onset-diabetes and liver injury [113, 114] are common but previously overlooked side-

effects of SARS-CoV infection and these abnormalities would be expected to yield highly 

characteristic metabolic signatures. This may indicate a prospective burden on health 

systems, with a cohort of patients suffering from the long-term effects of SARS-CoV-2 disease. 

A recent report, published from the data in this thesis, indicates that multiple metabolic and 

proteomic disruptive signatures are caused by the disease [114]. 

 

3.1.6 SARS-CoV-2 Metabolic profiling studies to date 

 

To date, there have been very few comprehensive metabolic profiling studies on COVID-19, 

with the majority of research focusing on genomic technologies and seeking to establish a 

link between the human genome and susceptibility to the virus. Due to the global pandemic 

and uncertainty regarding laboratory standards on treatment of blood samples from COVID-
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19 patients for certain analyses, the research output is convoluted due to experimental 

inconsistencies.  

Table 3.1: Summary of exemplar COVID-19 metabolic profiling studies 

Technique & 
Biofluid, Species 

Number of 
participants 

Biomarkers Reference 

NMR and targeted 
UPLC-MS, Plasma, 
human  

17 patients, 
25 control 

Α-1-Acid, Glycoprotein, 
Kynurenine/Tryptophan Ratio, 
Glutamine/Glutamate Ratio, Fischer's 
Ratio 

Kimhofer 

et al., 2020 

[114] 

NMR, Plasma, Human 30 patients, 
30 control 

3-hydroxybutyrate, Mannose, 
Pyruvate, Glycoproteins, Isoleucine, 
Leucine, Phenylalanine, Creatinine, 
Glucose, Valine, Lactate, Tyrosine, 
Formate, Acetate, Histidine, 
Glutamine, Alanine, Citrate, 
Creatinine, VLDLs, Free Cholesterols, 
APOA1, APO B100 

Meoni et 

al., 2021 

[115] 

NMR, Plasma, Human 263 patients, 
280 control 

Acetoacetic Acid, 3-Hydroxybutyric 
Acid, Acetone, 2-Hydroxybutyric Acid, 
Methionine, Isoleucine, Histidine, 
Lysine, Glutamine, Tyrosine, 
Phenylalanine, Phospholipids, 
Triglycerides 

Bruzzone 

et al., 2020 

[116] 

UPLC-MS, Serum, 
Human 

46 patients, 
53 control 

Mannose, Serotonin, Sphingosine, 1-
(1-Enyl-Palmitoyl)-2-Arachidonyl-GPC, 
Kynurenine, Choline, Arachidonate, 
Glutamate, Arginine, N-(I-
Arginino)Succinate, Citrulline, 
Ornithine, Glutamine, 2-Oxoglutarate, 
N-Acetyl-L-Glutamate, Urea, 
Fumarate, Argininate, Asymmetric 
Dimethylarginine, Symmetric 
Dimethylarginine, Homoarginine, N-
Acetylarginine 

Shen et al., 

2020  

[117] 

LC-MS, Serum, 
Human 

33 patients, 
16 control 

Creatine, Creatinine, Polyamine, 
Circulating Amino Acids 

Thomas et 

al., 2020 

[118] 

LC-MS/MS, Serum, 
Human 

120 patients 
(mild and 
severe) 

Cytosine, Kynurenine, Nicotinuric 
Acid, Hydroxybutyrylcarnitine, 
Hexenoylcarnitine, Hydroxyoctanoyl 

Roberts et 

al., 2020 

[119] 

UHPLC-MS-MS, 
Serum, Human 

37 patients, 
17 control 

Arginine, Kynurenine, Tyrptophan, 
Carnitine, Glycocholic aicds, 
Taurocholic acid, Thiamine, 2-
Aminoacetanoic Acid 

Xiao et al., 

2021 

[120] 
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3.2 Materials and Methods 

3.2.1 Patient enrolment and sample collection  

 

Plasma samples were collected from 17 adults who presented COVID-19 disease symptoms 

and subsequently tested positive for SARS-CoV-2 infection from upper and/lower respiratory 

tract swabs by RT-PCR and 25 healthy controls recruited from the population who had not 

exhibited any COVID-19 disease symptoms and were serologically tested negative with 

respect to IgA/IgG antibodies as a part of this research study. SARS-CoV-2 patients had a wide 

range of comorbidities (Table 3.2) and symptoms (Figure 3.3) were recorded at the time of 

sampling in this small cohort. All samples used in the study were collected from single time-

point collections, with the exception for one patient who tested positive for SARS-CoV-2 and 

provided three samples during their hospital stay.  

 

Serological testing for SARS-CoV-2 antibodies were performed by the PathWest testing 

laboratories, Western Australia on 10µL of plasma samples using a commercial point-of-care 

SARS-CoV-2 IgA/IgG specific test. The study and associated metadata was coordinated at 

Fiona Stanley Hospital within the Western Australian South Metropolitan Health Service 

catchment as part of the International Severe Acute Respiratory and Emerging Infection 

Consortium (ISARIC)/ World Health Organisation (WHO) pandemic trail framework (SMHS 

Research Governance Office PRN:3976 and Murdoch University Ethics no. 2020/052). Healthy 

controls were enrolled as volunteers, provided study details and written consent was 

obtained prior to data collection in accordance with the ethical governance (Murdoch 

University Ethics no. 2020/053).  
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Table 3.2: WA SARS-CoV-2 Study Cohort demographics 

 
  SARS-CoV-2 (n=17) Healthy Controls (n=25) 

Sex - M 11 (68.75%) 17 [70.5%] 

Age (SD) 69.4 [±10.5] 48.8 [± 15.3] 

BMI (SD) 32.9 [±9.0] 25.9 [± 2.8] 

Diabetic 3 (12.5%) 0 

Hypertension 9 [47%] 4 (16%) 

Asthma 3 [17.6%]  0 

COPD 1 [5.9%] 0 

Arthritis 4 [23.6%] 0 

Glaucoma 2 [11.8%] 0 

Dyslipidaemia 1 [5.9%] 1 (4%) 

Chronic Renal Disease 1 [5.9%] 0 

Chronic Heart Disease 4 [23.5%] 0 

 
Figure 3.3: Symptoms presented during peak infection for SARS-CoV-2 positive patients. 
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3.2.2 Sample analysis: 1H NMR Spectroscopy of blood plasma and lipoprotein quantification 

 

1H NMR spectroscopy of plasma was completed according to a previously published method 

[68], briefly described as follows: Blood samples were centrifuged at 13,000g for 10 min at 

4°C. The plasma supernatant was mixed with 75 mM pH 7.4 sodium phosphate, buffer in 1:1 

ratio, and 600 µL were transferred into a Bruker SampleJetTM 5mm NMR tube. For quality 

control, a pooled study sample of 50 µL supernatant from all individual study samples was 

made and transferred into a 5 mm SampleJetTM NMR tube using the prior method. 

 

NMR analysis was performed on a 600 MHz Bruker Avance III HD spectrometer, with a BBI 

probe and fitted with an automated Bruker SampleJetTM robot cooling system set to 5°C. NMR 

analytical calibration was run prior to the experimental run using the protocol described by 

Dona et al., [45]. Experiments were completed according to the Bruker in vitro Diagnostics 

research (IVDr) methods [46]. For each sample, three experiments were run in tandem with 

a total analysis time of 12.5 minutes; 1H 1D experiment with solvent pre-saturation [47] (32 

scans, 98304 data points, spectral width of 18028.85 Hz), a 1D Carr-Purcell-Meiboom-Gill 

(CPMG) spin-echo experiment (32 scans, 73728 data points, spectral width of 12019.23Hz) 

and lastly a diffusion edited relaxation (DIRE) experiment (2 scans with 40 t1 increments). All 

acquired data were processed in automation using Bruker TopspinTM 3.6.2, and ICONTM NMR 

for phasing, baseline correction and TSP calibration (δ=0). 

 

112 lipoprotein fractions were quantified for each sample, using the Bruker IVDr Lipoprotein 

Subclass Analysis (B.I.-LISA TM) method [46].  This is completed by mathematically 

interrogating and quantifying the -CH2 (1.25 ppm) and -CH3 (0.8 ppm) peaks of the 1D 
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spectrum after normalization to the Bruker QuantRef TM manager within TopspinTM using a 

PLS-2 regression model. The various lipoprotein subclasses included different fractions of 

intermediate-density lipoprotein (IDL, density 1.006–1.019 kg/L), very low-density lipoprotein 

(VLDL, 0.950–1.006 kg/L), low-density lipoprotein (LDL, density 1.09–1.63 kg/L), and high-

density lipoprotein (HDL, density 1.063–1.210 kg/L). The LDL sub-fraction was systematized 

into six density classes (LDL-1 1.019–1.031 kg/L, LDL-2 1.031–1.034 kg/L, LDL-3 1.034–1.037 

kg/L, LDL-4 1.037–1.040 kg/L, LDL-5 1.040–1.044 kg/L, LDL-6 1.044–1.063 kg/L), and the HDL 

sub-fractions into four density classes (HDL-1 1.063–1.100 kg/L, HDL-2 1.100–1.125 kg/L, HDL-

3 1.125–1.175 kg/L, and HDL-4 1.175–1.210 kg/L).  The 1-acid glycoprotein N-acetyl-

glucosamino (N-acetyl) signal integrals were calculated as Glyc A (2.06ppm) and Glyc B (2.10 

ppm), as determined from the DIRE spectra. 

 

3.2.3 Amino Acid/Biogenic Amine Quantification 

 

 
 LC-MS analysis was performed using a Waters Acquity UPLC® (Waters Corp., Milford, MA, 

USA) coupled to a Waters Xevo TQ-S MS (Waters Corp., Wilmslow, UK). Peak integration and 

calculation of resultant quantification data were performed using the TargetLynx package in 

MassLynx v4.2 (Waters Corp., Milford, MA, USA). Calibration curves were linearly fitted with 

a weighting factor of 1/x2. 

 

Fully quantitative analysis for 35 amino acids were performed based on a UPLC-triple 

quadrupole MS method following derivatisation [51]. Unlabelled amino acid standards and 

ammonium formate were purchased from Sigma-Aldrich (MO, USA). Stable isotope labelled 

internal standard non-canonical and canonical amino acid mixes were purchased from 
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Cambridge Isotope Laboratories (MA, USA). Water, acetonitrile, methanol and isopropanol 

(Optima grade) were purchased from Thermo Fisher Scientific. Calibrators and quality 

controls were prepared from a stock solution of physiological amino acids (acids, basics and 

neutrals) at 500 uM. Asparagine and glutamine were prepared freshly at 0.5 mM due to 

instability. For calibration, a working stock solution of all amino acids was prepared at 400 uM 

in water and separately diluted to 200, 100, 40, 20, 10, 4, 2 and 1 uM and for quality controls, 

at 300, 75, 15 and 3 uM.  

 

The stable isotope labelled (SIL) internal standard solution (12.5 uM in water) was prepared 

from stocks and was added to each sample. Methanol was then added to effect protein 

precipitation. Following centrifugation, the extract supernatant was taken for a derivatization 

step with AccQTagTM reagent (Waters Corp., Milford, MA, US). Finally, samples were then 

diluted 1:50 with LC-MS grade water for analysis LC-MS analysis.   

 

Amino acid analysis was performed using a Waters Acquity I-class UHPLC system (Waters 

Corp., Milford, MA, USA) coupled to a Waters TQ-XS triple quadrupole mass analyser 

operating with positive electrospray ionisation (ESI) and selected reaction monitoring (SRM) 

(Waters Corp., Wilmslow, UK). Chromatographic separation was completed using an Acquity 

UPLC HSS T3 1.8 um 2.1 x 150 mm column (Waters, Milford, MA, USA). Eluent A contained 2 

mM ammonium formate in water and eluent B comprised of 2 mM ammonium formate 

acetonitrile/water 95/5 (v/v). Flow rate was set at 0.6 mL/min and column temperature were 

maintained at 45°C. The autosampler compartment was then cooled to 4°C and using the full-

loop injection mode, a 2 uL injection volume was performed.  

 



   
 

   
 

57  

3.2.4 Quantification of Tryptophan pathway metabolites 

 

 LC-MS analysis was performed using a Waters Acquity UPLC® (Waters Corp., Milford, MA, 

USA) coupled to a Waters Xevo TQ-S MS (Waters Corp., Wilmslow, UK). Peak integration and 

calculation of resultant quantification data were performed using the TargetLynx package in 

MassLynx v4.2 (Waters Corp., Milford, MA, USA). Calibration curves were linearly fitted with 

a weighting factor of 1/x2. 

 

The quantification of tryptophan and 14 products of its metabolic pathway was performed as 

previously reported [52]. Briefly, tryptophan metabolites were quantified from 50 mL of 

plasma. Sample extraction was performed on a Biomek i5 sample automation system. SIL 

internal standards (20 mL) were added to all samples prior to protein precipitation via the 

addition of 250 mL of methanol containing 2 mM ammonium formate. Following mixing, 

samples were then transferred to a Phenomenex PHREETM phospholipid removal solid phase 

extraction plate (Phenomenex, NSW, Aus). PHREE plates were then washed with an additional 

150 mL of methanol containing 2 mM ammonium formate. Eluent collection plates were 

dried using a SpeedVac vacuum concentrator (Thermo Fisher, Massachusetts, USA). Dried 

extracts were re-suspended in 100 mL of water with 0.1% formic acid prior to LC-MS analysis. 

 
 

3.2.5: Cytokine Luminex Multiplex Assay 

 

To quantify and assess the immune response, xMAP cytokine assays were carried out when 

sample volume was sufficient (n = 17 SARS-CoV-2 positive samples and n = 25 healthy) in 96-

well polystyrene microplates using a MagPix detection system (Luminex, USA). A total of 34 



   
 

   
 

58  

cytokines and chemokines were quantified using a multiplexed Human ProcartaPlex Panel 

1A (Life Technologies, USA) according to manufacturer’s instructions.  

 

Briefly, capture bead mixes were incubated overnight with 25 μL of serum sample at 4 °C 

and then washed out with wash buffer. Samples and standards were then incubated with 

detection antibodies for 30 min at room temperature, followed by three washes with the 

wash buffer; all washes were performed using a Bio-Plex Pro Wash station (Bio-Rad 

Laboratories). Streptavidin-PE was added, and the plate incubated for 30 min at room 

temperature (20 °C). Plates were then washed again before the reading buffer was added. 

All buffers and reagents were supplied with the Luminex detection kit (Life Technologies, 

USA). The plate was incubated for further 5 min at room temperature before analysis. All 

incubation steps were carried out using an orbital shaker at 500× rpm. Data were analyzed 

using Luminex xPonent software. A total of 14 cytokines were deemed to have sufficient 

detection and coverage and were selected to be used for downstream analysis.  

 

3.2.6: Data Processing and Statistical Analysis of NMR data 

 

Following spectral preprocessing and normalisation in R, using the “Metabomate v0.5” 

package, NMR data was exported into SIMCA 14.0.1 (Umetrics, Umea, Sweden) for 

multivariate analysis. Initial Principal Component Analysis (PCA) was carried out to identify 

extreme outliers and inspect sample variability. Supervised orthogonal partial least square 

discriminant analysis (OPLS-DA) [121] was performed to investigate and discriminate 

metabolites between groups. Statistical significance and robustness of OPLS-DA models 

were then validated by permutation testing of the Y matrix for 1000 permutations. 
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Permutation testing comprises of the repeated randomisation of class labels in the dataset, 

with classified models then recalculated using this new permutated dataset. Permutation 

testing evaluates the null hypothesis; if the null hypothesis is accepted, then no difference 

will be found in the quality-of-fit value between the original model dataset and the 

permutated set, and the given classification model is significant. The obtained p-values were 

adjusted using Benjamini-Hochberg (BH) correction [48] with a false discovery rate (FDR) 

threshold of 0.05.  

 

Spearman’s correlation was carried to interrogate the relationship between each dataset, 

hierarchically clustered and mapped using ggplot2 and corrplot visualisations. Ratios of 

significance for biological interpretation were tested for significance using Mann Whitney U 

testing, corrected for multiple testing (Benjimini-Hochberg, pvalue<0.01). 

 

3.2.7: Data Processing and Statistical Analysis of quantified biogenic amine and 

tryptophan pathway metabolites 

 

Peak integration and calculation of resultant quantification data were performed using the 

TargetLynx package in MassLynx v4.2 (Waters Corp., Milford, MA, USA). Once data were 

scaled to account for 1:1 dilution of sample with water and converted to appropriate scales 

across both assays, data were then modelling using principal components analysis (PCA) 

(Simca V.15.0., Umetrics, Sweden) to investigate variation. Scores plots were used to 

examine the relationship between healthy controls and SARS-CoV-2 positive patients. To 

further interrogate the relationship and differences between healthy controls and SARS-

CoV-2 patients, orthogonal partial least-squares discriminant analysis (OPLS-DA). To test the 
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the robustness of the model Subsequent statistical analysis was conducted using R; with 

“ggplot2” used to visualise log-transformed metabolite concentrations. Statistical 

significance of individual metabolites was evaluated using Wilcoxon Rank Sum testing, 

corrected for multiple testing (Benjamini-Hochberg, pvalue<0.01).   

 

Spearman’s correlation was carried to interrogate the relationship between each dataset, 

hierarchically clustered and mapped using ggplot2 visualisations. Ratios of significance for 

biological interpretation were tested for significance using Mann Whitney U testing, 

corrected for multiple testing (Benjimini-Hochberg, pvalue<0.01). Metaboanalyst (V5.0) was 

used to perform metabolite set enrichment analysis (MSEA), data were mean centred, 

against a reference metabolome extracted from SMPDB (Small Molecule Pathway Database, 

www.smpdb.ca) comprising of 99 metabolite sets based on normal human metabolic 

pathways, and a minimum threshold of 3 hit was applied. Differential enrichment was 

ranked based on p-values (Fisher’s exact test). Hierarchical edge clustering was applied to 

calculated spearmans correlation of significant MS quantified metabolites and cytokines, 

using the R package, “edgebundleR”, to investigate the link between significant metabolites 

and cytokines.  



   
 

   
 

61  

3.3 Results 
 

3.3.1: Clinical pathology results 

 

Analysis of preliminary results from clinical metadata collected during SARS-CoV-2 infection, 

revealed a pathological signature far deviated from the upper limit of normal ULN) for a 

significant proportion of measures (Figure 3.4).  Deviation of biochemistry results from the 

ULN is shown for the majority of parameters, suggesting a vast systemic response.  During 

the peak of SARS-CoV-2 positivity is D-Dimer, Procalcitonin, White Cell Count, Lymphocytes, 

Monocytes, Eosinophils and Basophils were found to be depleted. Measures found with less 

marked elevation or within normal limits include Bilirubin, Potassium, Blood Urea Nitrogen, 

Mean Cell Haemoglobin, and Neutrophils. All other parameters presented as elevated 

including C reactive protein, Total Protein, Albumin, Globulin, Alanine Aminotransferase 

(ALT), Alkaline Phosphatase (ALP), and Gamma Glutamyl Transferase (GGT).  

 

3.3.2 NMR data analysis and SARS-CoV-2 signatures 

 

PCA scores plots from acquired spectra (1D (figure 3.10A), CPMG (figure 3.13A), and DIRE 

(figure 3.14A) show similar results with distinct separation of healthy and SARS-CoV-2 

positive patients, and some overlap in the component space.  Exemplar spectra from all 3 

spin acquisitions of SARS-CoV-2 positive patients and healthy control analysis are shown and 

with metabolite annotation in figures 3.5– 3.9, showing markedly different spectra 

comparing SARS-CoV-2 patients to healthy controls.  
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Figure 3.4: Blood biochemistry results from peak of SARS-CoV-2 infection, log scaled with 

upper limit of normal (ULN) denoted by red asterisk (*) 
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Figure 3.5: Standard 1D NMR spectra aliphatic (!	0.5-4.5): Exemplar spectra from 2 SARS-CoV-2 positive patients compared to a healthy control.  
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Figure 3.6: Standard 1D NMR spectra aromatic region (!	5.5-9.5): Exemplar spectra from 2 SARS-CoV-2 positive patients compared to healthy 
control. 
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Figure 3.7: CPMG NMR spectra aliphatic region (!	0.5-4.5):  Exemplar spectra from 2 SARS-CoV-2 patients compared to a healthy control. 
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Figure 3.8: CPMG NMR spectra aromatic region (!	5.5-9.5): Exemplar spectra from 2 SARS-CoV-2 patients compared a healthy control. The 
CPMG pulse sequence suppresses the larger molecular components such as lipoproteins and increases the visibility of low molecular weight 
molecular and the more mobile lipoprotein fractions. 
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 Figure 3.9: DIRE NMR spectra aliphatic region (!	0.5-4.5 and aromatic regions (!	5.5-9.5): Exemplar spectra from SARS-CoV-2 positive patients 

compared to healthy controls.
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Figure 3.10: PCA and OPLS-DA of standard 1D NMR spectra between SARS-CoV-2 patients 
and healthy controls. A) PCA scores plot of SARS-CoV-2 positive (+) patients and healthy 
control profiles R2X 0.677, Q2Y 0.428). B) OPLS-DA scores plot of SARS-CoV-2 positive (+) 
patients and healthy controls (R2X 0.348, R2Y 0.856, Q2Y 0.742). C) Loadings from OPLS-DA 
modelling, highlighting the metabolites with the most influence in the model. Colour is 
equivalent to the absolute value of the correlation loading.  
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Figure 3.11: PCA and OPLS-DA modelling on 1D standard NMR spectra based on sex differences 
between SARS-CoV-2 patients and healthy controls. A) PCA scores plot of SARS-CoV-2 positive (+) 
patients and healthy control profiles based on sex classification (R2X 0.655, Q2Y 0.398). B) OPLS-DA scores 
plot of SARS-CoV-2 positive (+) patients and healthy controls based on sex differences (R2X 0.245, R2Y 
0.562, Q2 0.0184) with missing data variables removed. C) Loadings from OPLS-DA modelling, highlighting 
the metabolites with the most influence in the model. Colour is equivalent to the absolute value of the 
correlation loading. 
 



   
 

   
 

70  

Figure 3.12: PCA and OPLS-DA modelling on 1D standard NMR based on BMI differences in 
SARS-CoV-2 patients. A) PCA scores plot of SARS-CoV-2 positive (+) patients BMI 
classification (2 = <30, 4= >30, restricted thresholds due to sample size) (R2X 0.418, Q2Y 
0.142). B) OPLS-DA scores plot of SARS-CoV-2 positive (+) patients based on BMI 
classification (2 = <30, 4= >30, restricted thresholds due to sample size) (R2X 0.381, R2Y 
0.864, Q2 0.0763). Samples with missing data variables were removed from analysis. C) 
Loadings from OPLS-DA modelling, highlighting the metabolites with the most influence in 
the model. Colour is equivalent to the absolute value of the correlation loading.  
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Figure 3.13: PCA and OPLS-DA of CPMG NMR spectra. A) PCA scores plot of SARS-CoV-2 
positive (+) patients and healthy control profiles (R2X 0.429, Q2Y 0.206). B) OPLS-DA scores 
plot of SARS-CoV-2 positive (+) patients and healthy control profiles (R2X 0.284, R2Y 0.959, 
Q2 0.724). C) Loadings from OPLS-DA modelling, highlighting the metabolites with the most 
influence in the model. Colour is equivalent to the absolute value of the correlation loading. 
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Figure 3.14: PCA and OPLS-DA of DIRE NMR spectra between SARS-CoV-2 patients and 
healthy controls. A) PCA scores plot of SARS-CoV-2 positive (+) patients and healthy control 
profiles R2X 0.339, Q2Y 0.077). B) OPLS-DA scores plot of SARS-CoV-2 positive (+) patients 
and healthy controls (R2X 0.122, R2Y 0.975, Q2 0.682). C) Loadings from OPLS-DA modelling, 
highlighting the metabolites with the most influence in the model. Colour is equivalent to 
the absolute value of the correlation loading.  
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Figure 3.15: PCA and OPLS-DA modelling of DIRE NMR spectra based on sex differences 
between SARS-CoV-2 patients and healthy controls. A) PCA scores plot of SARS-CoV-2 
positive (+) patients and healthy control profiles based on sex classification (R2X 0.339, Q2Y 
0.077). B) OPLS-DA scores plot of SARS-CoV-2 positive (+) patients and healthy controls 
based on sex differences (R2X 0.235, R2Y 0.562, Q2 0.0014) with missing data variables 
removed. C) Loadings from OPLS-DA modelling, highlighting the metabolites with   
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Figure 3.16: PCA and OPLS-DA modelling on DIRE NMR spectra based on BMI differences 
in SARS-CoV-2 patients A) PCA scores plot of SARS-CoV-2 positive (+) patients BMI 
classification (2 = <30, 4= >30, restricted thresholds due to sample size) (R2X 0.322, Q2Y -
0.007). B) OPLS-DA scores plot of SARS-CoV-2 positive (+) patients based on BMI 
classification (2 = <30, 4= >30, restricted thresholds due to sample size) (R2X 0.522, R2Y 1, Q2 
0.0763). Samples with missing data variables were removed from analysis. C) Loadings from 
OPLS-DA modelling, highlighting the metabolites with the most influence in the model. 
Colour is equivalent to the absolute value of the correlation loading.  
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Clear separation between SARS-CoV-2 patients and healthy controls is shown in the 

principal components score plot for the model based on standard 1D NMR spectra (R2X 

0.677, Q2Y 0.428), with 2 healthy controls clustering with the SARS-CoV-2 patients. The 

standard 1D NMR spectra (figure 3.5 and 3.6) present the strongest PCA modelling in terms 

of clustering (figure 3.10A, R2X 0.677, Q2Y 0.428), which indicates that both high molecular 

weight and small molecules are important components of the infection signature as  CPMG 

involved in signal suppression of the larger molecular weight compounds (figure 3.1 and 3.2) 

(Figure 3.13A, R2X 0.429, Q2Y 0.206) and DIRE attenuates the larger molecules such as 

glycoproteins (figure 3.9) (figure 3.14A, R2X 0.339, Q2Y 0.077).  

 

Clustering is observed with standard 1D NMR spectra in OPLS-DA modelling (figure 3.10B) 

(R2X 0.348, R2Y 0.856, Q2Y 0.742). Group discrimination is seen with CPMG (figure 3.13B) 

(R2X 0.284, R2Y 0.959, Q2 0.724) and DIRE (figure 3.14B) (R2X 0.122, R2Y 0.975, Q2Y 0.682) 

spectra. Standard 1D spectra OPLS-DA models show two distinct clusters, with healthy 

controls to the left and SARS-CoV-2 patients to the right, but with one healthy control 

grouping with the SARS-CoV-2 positive group. This healthy control was later found to be 

positive for IgG antibodies using a SARS-CoV-2 antibody detection kit. Permutation testing 

of the model (1000 permutations) illustrated a robust model. The most highly discriminating 

metabolites from the model coefficients are highlighted in the loadings plot (figure 3.10C), 

and includes elevated lactate, GlycA and glucose, and reduced valine, SpC and other mobile 

lipids: elements also highlighted in loadings from CPMG spectra modelling (figure 3.13C). 

DIRE spectra also gave good discrimination in OPLS-DA modelling, despite the lack of 

spectral complexity, and captured the contribution (figure 3.14C) of GlycA and GlycB found 

to be significantly increased in SARS-CoV-2 patients, and supramolecular phospholipid 
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composite (SpC) signals [75], found to be significantly lower in SARS-CoV-2 patients (pvalue 

<0.05).  

 

3.3.3 Sex differences and Body Mass Index in relation to SARS-CoV-2 pathology 

 

To investigate the impact of sex differences on the models, PCA and OPLS-DA modelling was 

conducted on standard 1D and DIRE spectra, using sex as a discriminator rather than 

infection. Clustering of sexes was seen within groups in PCA (figure 3.11A), with clear 

grouping of males and females. OPLS-DA modelling (figure 3.11B) (R2X 0.245, R2Y 0.562, Q2Y 

0.0184) shows sex-differentiated clusters with some clusters of SARS-CoV-2 patients in the 

upper quartiles. However, although sex differences were apparent in the scores plot, the 

model was far weaker than those generated for infection status.  

 

The most discriminatory metabolites between the two sexes were driven by higher levels of 

lipoprotein species (VLDL1, VLDL2), lactate, GlycA, and glucose and decreased LDL1, LDL2 

and choline species in women compared to men (figure 3.11C).  Similar PCA patterns were 

also observed in DIRE spectra (figure 3.15A), but with weaker models when using OPLS-DA 

(R2X 0.235, R2Y 0.562, Q2 0.0014). Again however, it is clear that SARS-CoV-2 infection exerts 

a far stronger influence in the inherent clustering in the PCA scores plot, indicating sex is not 

a substantial confound in DIRE analysis, with the metabolic consequences of infection 

dominating the data. 

 

The influence of Body Mass Index (BMI) on models was also investigated due to the known 

association between obesity and SARS-CoV-2 morbidity, but no pattern was detected in  



   
 

   
 

77  

healthy controls due to low numbers. In SARS-COV-2, a BMI of >30 was differentiated from 

normal weight. PCA modelling (figure 3.12A, R2X 0.418, Q2Y 0.142) identified a weak 

metabolic signature for BMI when modelling standard 1D spectra, and similarly weak 

models were found for DIRE spectra (figure 3.16A, R2X 0.322, Q2Y -0.007) OPLS-DA models 

due to low numbers (figure 3.12B and 3.16B). The loadings from these models showed that 

BMI was not a confounding variable in the modelling of SARS-CoV-2 infection, due to the 

similarity of loadings to the OPLS-DA that discriminates SARS-CoV-2 and healthy. 
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Figure 3.17: PCA and OPLS-DA of quantified lipoprotein subfractions. A) PCA scores plot of 
SARS-CoV-2 positive (+) patients and healthy control profiles (R2Y 0.987, Q2Y 0.95). B) PCA 
loadings plot of SARS-CoV-2 positive (+) patients and healthy control profiles. C) Scores plot 
of OPLS-DA model, presenting the most significant metabolites influencing the model 
clustering (R2Y 0.422, Q2Y 0.885). D) Loadings plot of OPLS-DA model, presenting the most 
significant metabolites influencing the model clustering and discrimination between SARS-
CoV-2 and healthy controls.
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Figure 3.18: OPLS-DA Variable importance of Projection (VIP): Arbitrary threshold of 1 applied, showing the most discriminant metabolites in 
the OPLS-DA model. Underlined in red are the lipoprotein parameters the most model substantial and underlined in blue are the lipoprotein 
parameters with decreasing model influence.
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3.3.4 Lipoprotein quantification and analysis  

 

The Bruker IVDr quantification methods were applied to the NMR data as according to the 

standard settings. PCA scores plot (figure 3.17A, R
2
X 0.987, Q

2
Y 0.95) shows a clear 

clustering of healthy controls and SARS-CoV-2 patients with a certain degree of overlap, 

more so than standard 1D spectral acquisition, which would be expected due to the reduced 

resolution and reduced number of acquired datapoints in these spectral data.  

 

OPLS-DA modelling of lipoprotein subfractions (figure 3.17B, R
2
X 0.422, Q

2
Y 0.885) showed 

clear separation of healthy controls and SARS-CoV-2 patients with the exception of single 

healthy control which sits within the SARS-CoV-2 cluster. Upon further investigation of this 

individual, they were found to have pre-existing type 2 diabetes and a BMI of 37.4. The OPLS-

DA loadings plot (figure 3.17D) indicates a model strongly influenced by higher concentrations 

of several LDL subfractions in the healthy control group: LDL cholesterols (LDCH), LDL 

phospholipids (LDPL), LDL-free cholesterols. (LDFC), LDL apolipoprotein B, HDL cholesterol 

(HDCH) and phospholipids (HDPL). In comparison, in SARS-CoV-2 patients, a higher 

concentration of VLDL and LDL cholesterols and triglycerides were observed. The Variable 

Importance of Projection (VIP) plot highlights several fractions of HDLs and the SpC:GlycB 

ratio as the most significant components of the OPLS-DA model (figure 3.18). 

 

3.3.5 Lipoprotein and Glycoprotein integration 
 

Modelling of DIRE spectra revealed a significant signature for SARS-CoV-2 infection. The key 

metabolites contributing to this model were N-acetylglycoprotein A and B and a further peak 
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at !	3.2-3.3, identified as linoleoyl-phosphatidylcholine, collectively termed the SPC signal 

[127]. Lysophosphatidylcholines are known to bind to a-1-acid glycoproteins, a significant 

contributor to the GlycA signal and thus is expected to have the same diffusion properties. 

Statistical correlations were carried out to investigate the significance of GlycA, GlycB and SpC 

on lipoprotein quantification, values were correlated, and signatures were assessed in healthy 

controls and compared to SARS-CoV-2 patients. 

 

 Based on correlations, another component of the SPC signal is likely to be from contribution 

from LDL, HDLs and phospholipids in the HDL lipoprotein fraction (figure 3.19A and 3.19B). 

The triglyceride signals highlighted in both DIRE OPLS-DA loadings (figure 3.14C and 3.16C), 

has been suggested to be an indicator of BMI, rather than infection status. Overall a strong 

correlation signature distinguishes SARS-CoV-2 infection from healthy controls, and is heavily 

influenced by the total SP, total plasma, and total HDL apolipoprotein A1 and A2 levels. This 

is in part due to the fact that a substantial proportion of plasma apolipoproteins are carried 

on HDLs, which is reduced SARS-CoV-2 infection. It is noteworthy that there is a strong 

correlation between total SpC and HDL3 and HDL4 and weaker correlation observed between 

SpC and HDL1 and HDL2 fractions (phospholipids and cholesterols), as they are decreased in 

SARS-CoV-2 infection. This suggests a significant proportion of the total SpC is present in the 

HDL3 and HDL4 fractions. Weaker positive correlation is also observed between SpC and LDL3, 

LDL4, LDL5 and LDL6 comparatively in SARS-CoV-2 patients. Interestingly, stronger positive 

correlations are seen between smaller LDL subfractions such as particle number and 

phospholipids in healthy controls, which could be in relation to depleted SpC in SARS-CoV-2 

infection. 
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Figure 3.19: Quantified lipoprotein subclass correlation analysis against quantified 

glycoprotein A, glycoprotein B and supramolecular compound concentrations in A) healthy 

controls and B) SARS-CoV-2 positive patients 
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Figure 3.20: Cytokine quantification from plasma. 14 cytokine measurements from healthy 

controls and SARS-CoV-2 patients, deemed with sufficient coverage and detection from the 

cytokine assay. 7 of 14 were statistically significant (pvalue >0.05).   

pvalue=0.002 pvalue=0.01 pvalue=0.003 pvalue=0.003 

pvalue=0.014 pvalue=0.014 pvalue=0.054 
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Figure 3.21: Hierarchically clustered immuno-metabolic spearman’s correlation mapping 

between cytokine and chemokine measurements and quantified glycoprotein A, glycoprotein 

B and supramolecular compound concentrations in A) healthy controls and B) SARS-CoV-2 

positive patients.   Only correlation values with a p-value significance of >0.05 are shown, and 

blank squares indicate a non-significant result. Hierarchically clustered according to results 

from SARS-CoV-2 results and order applied to healthy controls for direct motif comparison.
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Figure 3.22: Correlation mapping of quantified lipoproteins against hierarchically clustered 

cytokines in SARS-CoV-2 patients. Ordering of lipoproteins is according to size of lipoprotein 

and then the size of the subfraction. Clustering is shown as 4 main branches. A) Subfractions 

Glucose – HDPL. B) Subfractions V1TG- H4A2. Only correlation values with a p-value 

significance of >0.05 are shown, and blank squares indicate a non-significant result. 
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3.3.6: Circulating cytokines and NMR metabolites 

 

From the panel of 42 cytokines, 14 were considered to have sufficient limit of detections. Of 

the 14 cytokines, 7 were found to be significant (pvalue<0.05)(figure 3.20). MIP1-Beta, MCP-

1, IP10, SDF1 alpha, IL1RA, RANTES and IFNγ were found to be significantly elevated in SAR-

CoV-2 infection. This response was as expected due to known inflammatory response 

associated with SARS-CoV-2 pathology, and the ensuing “cytokine storm”. However, it is of 

note that the majority of the patients in the cohort were mildly affected. When comparing 

correlation of cytokines to the detected SpC and GlycA and GlycB components (figure 3.21), 

weaker correlations are generally seen in healthy controls, which would be expected given 

the inactivated immune state of healthy controls, confirmed by the negative correlation of 

GlycA (an inflammatory marker) across the majority of cytokine measures. SpC shows strong 

correlation to IL-1RA, IL17A, IL-10:IL-6 and IL-10:IP-10 in SARS-CoV-2 infections. Generally, 

proinflammatory cytokines such as IL6, IFNγ were seen to anti-correlate with SpC in SARS-

CoV-2 patients. 

 

To assess the association between cytokines and lipoproteins correlation analysis was used. 

Figure 3.,22 presents the impact higher levels of HDL. and total apolipoprotein subfractions 

in healthy controls as well as the impact of elevated triglycerides, particularly LDL triglycerides 

and the ABA1 ratio in SARS-CoV-2 infection. Four primary clusters of cytokine-lipoprotein 

correlations were observed. C1 consists of MIP-1B, SDF-1a, IL-1a and IL-22, associated with 

reduced levels of LDL particles and increased VLDL particles. MIP-1B was the most significant 

discriminatory cytokine between healthy and SARS-CoV-2 infection, reflecting innate cell 

immune cell inflammation and is consistent with monocyte and macrophage activation.  
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Cluster C2 comprised of IL-17 and IL-10, and weaker ratios, generally showed weaker 

correlation to lipoproteins. IL-8 and MCP-1 in cluster 3a, was found to be weakly 

anticorrelated with the majority of lipoproteins, but not LDL1 and LDL2 subfractions. In 

cluster 3c, IP-10 and RANTES present the strongest correlation of all the cytokine, with the 

lipoprotein panel showing correlation with L1 and L2 LDL subfractions and anti-correlated 

with HDL, VLDL, and L6 LDL parameters. GlycA, a marker of systemic inflammation, was seen 

to be directly correlated to RANTES. 

 

In cluster C3, RANTES and IP-10 are associated with inflammatory and cytotoxic T cell 

responses, crucial components of the innate immune system, and their correlation with 

GlycA suggests that the increase in these circulating cytokines is a reflection of broader 

systemic immune response.   

 

Cluster 4b shows IL-7 and IL-1RA, which are significantly elevated in SARS-CoV-2 patients 

and TNF-α. TNF-α and IL-1RA would suggest good prognosis with reduced inflammation and 

increased removal of the infected cells. However, the counterintuitive function of these. 

cytokines are insufficient to counter the level of inflammatory cytokines released in 

response to the virus. IL-1RA is strongly positively correlated with HDL and VLDL lipoprotein 

particles. HDL is generally seen as an anti-inflammatory lipoprotein with protective effects 

against oxidized lipids [122] and has been shown to negatively regulate T cell activation, 

thus the correlation of HDL with IL-1RA supports the hypothesis that IL-1RA reduces the 

inflammatory cascade.  
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Figure 3.23: Significant plasma metabolites and metabolite ratios between SARS-CoV-2 (+) patients and healthy controls from UHPLC-MS 

biogenic amine and tryptophan assays. 13 out of 41 metabolites were found to be statistically significant between SARS-CoV-2 patients and 

healthy controls, and a further 6 metabolite ratios were found to be significant (Mann-Whitney, p<0.05). 
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Figure 3.24: PCA and OPLS-DA of quantified biogenic amine and tryptophan pathway 
metabolites. A) PCA scores plot of SARS-CoV-2 positive (+) patients and healthy control 
profiles. B) Loadings plot of PCA model (R2X 0.541, Q2Y 0.239), presenting the most significant 
metabolites influencing the model clustering. C) OPLS-DA scores plot of SARS-CoV-2 positive 
(+) patients and healthy control profiles (R2X 0.471, R2Y 0.889, Q2Y 0.753) D) Loadings plot of 
OPLS-DA model based on class (SARS-CoV-2 positive or healthy control), presenting the most 
significant metabolites influencing the model clustering.  
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Figure 3.25: OPLS-DA Variable importance of Projection (VIP) plot of all quantified biogenic amine and tryptophan metabolites (figure 3.24C). 
Arbitrary threshold of 1 applied, showing the most discriminant metabolites in the OPLS-DA model.  



   
 

   
 

91  

 
3.3.7 Biogenic amines and tryptophan pathway metabolites in SARS-CoV-2 infection 

 

Targeted UHPLC-MS assays were used to investigate the metabolic response of two distinct 

metabolic pathways (amino acids and tryptophan catabolism) in SARS-CoV-2 infection. 14 of 

42 quantified metabolites from the profiling were found to be significant between SARS-

CoV-2 patients and healthy controls (figure 3.23) (pvalue <0.05). Quinolinic acid, glutamic 

acid, nicotinic acid, aspartic acid, neopterin, kynurenine, phenylalanine, 3-

hydroxykynurenine and taurine were all found to be significantly elevated in SARS-CoV-2 

infection. Histidine, tryptophan, indole-3-acetic acid, and citrulline were found to be 

significantly depleted in SARS-CoV-2 infection. Fischer’s ratio, a marker of liver function, was 

calculated as a ratio of branched chain amino acids (valine, leucine and isoleucine) against 

aromatic amino acids (tryptophan and phenylalanine) and the glutamine/glutamic acid ratio 

was found to be significantly (pvalue<0.05) depleted in SARS-CoV-2 infection (figure 3.23). 

The quinolinic/kynurenic acid ration, 3-hydroxykynrenine/kynurenic acid ratio, 

kynurenine/tryptophan ratio and phenylalanine ratio were all found to be significantly 

increased in SARS-CoV-2 patients (pvalue <0.05).  

 

PCA analysis (figure 3.24A) (R2X 0.541, Q2Y 0.239) shows grouping of SARS-CoV-2 patients, 

with some overlay with healthy controls. OPLS-DA (figure 3.24C) shows similar patterns but 

highlights the single healthy control with elevated IgG antibodies, also seen in figure 3.10A, 

who clusters with the SARS-CoV-2 patients. 3 patients are strong outliers from the SARS-

CoV-2 cohort and were found to be severe cases with higher concentrations of neopterin 

and quinolinic acid. Loadings from PCA and OPLS-DA modelling (R2X 0.471, R2Y 0.889, Q2Y 
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0.753) present the most significant metabolites in the corresponding model. Figure 3.24B 

and 3.24D both emphasize increased levels of neopterin, quinolinic acid, glutamic acid, 

kynurenine and taurine in SARS-CoV-2 patients, whereas lower levels of tryptophan and 

histidine are responsible for the differential clustering of groups, also further highlighted in 

the variable importance of project plot (figure 3.25).  
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Figure 3.26: OPLS-DA models and respective loadings plot all quantified biogenic amine and tryptophan 

metabolites discriminating healthy controls and SARS based on sex and BMI differences, but coloured 

according to infection status.  A) OPLS-DA scores plot of SARS-CoV-2 positive (+) patients and healthy control 
profiles based on sex classification (R2X 0.332, R2Y 0.473 Q2Y 0.24). B) Loadings plot of OPLS-DA model based 
on sex differences, presenting the most significant metabolites influencing the model clustering. C) OPLS-DA 
scores plot of SARS-CoV-2 positive (+) patients and healthy control profiles based on BMI classification (2= 
18.5-24.9, 3= 25.2-29.9, 4= >30) (R2X 0.443, R2Y 0.424 Q2Y 0.126). BMI was not available for all patients and 
those datapoints were removed from modelling.D)Loadings plot of OPLS-DA model based on BMI differences, 
presenting the most significant metabolites influencing the model clustering. 
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Figure 3.27: OPLS-DA model based on sex differences- Variable importance of Projection (VIP) of all quantified biogenic amine and tryptophan 
metabolites (figure 21A). Arbitrary threshold of 1 applied, showing the most discriminant metabolites in the OPLS-DA model. 
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Figure 3.28: OPLS-DA model based on body mass index (BMI) - Variable importance of Projection (VIP) of all quantified biogenic amine and 
tryptophan metabolites (figure 21C). Arbitrary threshold of 1 applied, showing the most discriminant metabolites in the OPLS-DA model. 
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Metabolite SARS-CoV-2 Positive Sex 
differences 

Body Mass 
Index 

1-methylhistidine ↑ 
 

✓ ✓ 
3-methylhistidine ↓ 

   

4-hydroxyproline ↑ 
 

✓ 
 

Alanine ↑ 
   

alpha-aminobutyricAcid ↑ 
  

✓ 
AminoadipicAcid ↑ 

  
✓ 

Arginine ↓ ✓ ✓ 
 

Asparagine ↓ 
   

AsparticAcid ↑ 
 

✓ 
 

Citrulline ↓ ✓ ✓ ✓ 
Ethanolamine ↑ 

 

✓ ✓ 
GlutamicAcid ↑ ✓ ✓ ✓ 
Glutamine ↑ ✓ 

 
✓ 

Glycine ↑ 
   

Histidine ↓ ✓ ✓ ✓ 
Isoleucine ↓ 

 

✓ ✓ 
Leucine ↑ 

 

✓ 
 

Lysine ↑ 
 

✓ 
 

Methionine ↓ 
 

✓ 
 

Ornithine ↑ 
   

Phenylalanine ↑ ✓  ✓ ✓ 
Proline ↑ 

   

Sarcosine ↑ 
 

✓ 
 

Serine ↓ 
   

Taurine ↑ ✓  
 

✓ 
Threonine ↑ ✓  ✓ 

 

Tyrosine ↓ 
 

✓ 
 

Valine ↓ 
 

✓ 
 

Tryptophan ↓ ✓  ✓ ✓ 
3-hydroxykynurenine ↑ ✓  

 
✓ 

3-hydroxyanthranilic acid ↓ 
 

✓ 
 

Kynurenic acid ↑ 
 

✓ ✓ 
Nicotinamide riboside ↑ 

  
✓ 

Quinolinic acid ↑ ✓  
 

✓ 
Nicotinic acid ↑ ✓   

 
✓ 

Picolinic acid ↓ 
 

✓ 
 

Xanthurenic acid ↓ 
 

✓ 
 

Kynurenine ↑ ✓  
  

Indole-3-acetic acid ↓ 
   

Serotonin ↓ 
  

✓ 
5-hydroxyindole acetic acid ↑ 

   

Nicotinamide adenine dinucleotide ↓ 
   

Neopterin  ↑ ✓   
 

✓ 

Table 3.3: Comparisons between variable importance loadings from OPLS-DA models of biogenic 
amines and tryptophan pathway metabolites. Each column refers to a specific OPLS-DA model and 
whether the metabolite is specific in the VIP analysis. SARS-CoV-2 positive column also notes if the 
metabolite is elevated in the disease cohort in comparison to healthy controls. Arbitrary threshold 
of 1 applied to VIP analysis.  
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3.3.8 Influence of sex differences and BMI on biogenic amines and tryptophan pathway 

metabolite modelling 

 

To investigate the influence of sex and BMI on statistical modelling, OPLS-DA was 

conducted. OPLS-DA (figure 3.26A) scores plot of SARS-CoV-2 positive (+) patients and 

healthy control profiles based on sex classification, demonstrates strong clustering of sexes 

within groups (R2X 0.332, R2Y 0.473 Q2Y 0.24). Loadings plot (figure 3.26B) of OPLS-DA 

model based on sex differences, presenting the most significant metabolites influencing the 

model clustering highlighting higher levels of xanthurenic acid, methionine, 3-

hydroanthranillic acid, picolinic acid and men and higher levels of phenylalanine, glutamic 

acid and aspartic acid in women. VIP plot (figure 3.27) states the most substantial 

metabolite driving the separation between groups is xanthurenic acid, methionine and 

picolinic acid. OPLS-DA modelling (figure 3.26C) of SARS-CoV-2 positive (+) patients and 

healthy control profiles based on BMI classification (2= 18.5-24.9, 3= 25.2-29.9, 4= >30) (R2X 

0.443, R2Y 0.424 Q2Y 0.126), presenting grouping of BMIs. Due to generally higher BMIs in 

SARS-CoV-2 infection, poor clustering according to BMI within groups is observed. The most 

substantial contributors to this model (figure 3.26D and figure 3.28) are quinolinic acid, 

kynurenic acid, 3-hydroxykynurenine and picolinic acid, all higher in the group 3 and 4 

categories.  

 

Table 3.3 shows a comparison of all 3 OPLS-DA and the most substantial contributors to the 

OPLS-DA models. Briefly, sex differences are generally more influenced by metabolites 

involved in muscle catabolism and branched chain amino acids, whereas BMI is more greatly 

influenced by metabolites involved in inflammatory pathways.   
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Figure 3.29: Hierarchically clustered Spearman’s correlation of biogenic amines and 
tryptophan pathway metabolites against measured cytokines. Correlation analysis of 
healthy controls (A) and SARS-CoV-2 positive (B) patients shown separated for direct motif 
comparison of metabolic signatures. Only correlation values with a p-value significance of 
>0.05 are shown, and blank squares indicate a non-significant result. 

A B HEALTHY CONTROL 
 

SARS-CoV-2 POSITIVE 



   
 

 99 

Figure 3.30:  Hierarchical edge clustering of significant metabolites (pvalue >0.05) and array 
of cytokines. Red lines states positive correlation between cytokine and metabolite, whereas 
blue line states negative correlation. Hierarchical maps for healthy controls (A-C) and SARS-
CoV-2 patients (D-F).    
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3.3.9 Correlation of cytokines and biogenic amines and tryptophan pathway metabolites 

 

To evaluate the relationship between cytokines and these two distinct metabolic pathways, 

correlation analysis was conducted. Figure 3.29 shows two distinct correlation maps 

between healthy controls and SARS-CoV-2 patients. Eotaxin appears to correlate inversely 

with metabolites in comparison to MIP1-alpha and IL1RA in SARS-CoV-2 patients (figure 

24B). Eotaxin is strongly anticorrelated methionine, taurine, ethanolamine and a significant 

number of tryptophan pathway metabolites. The same tryptophan pathway metabolites are 

found to be strongly positively correlated with MIP-1 alpha, IL1RA and RANTES. Strong 

anticorrelation is observed between IL8, IL7 and IFNgamma with a host of amino acids from 

cluster 3, 4 and 5 along the y axis (figure 3.29B). Interestingly kynurenine and 3-

hydroxyanthranillic acid are strongly positively correlated with IP10, MCP1, RANTES, IL18, 

and IL8 in SARS-CoV-2 infection. It is noteworthy that a more sporadic and generally weaker 

correlation map is observed in healthy controls (figure 3.29A). 

 

To assess directionality of the association between cytokines and significant metabolites 

(pvalue <0.05) between healthy controls and SARS-CoV-2 patients, hierarchical edge 

clustering maps (figure 3.30) were produced, specifically focusing on IL7, IL18 and IFNγ as 

the cytokines with the highest correlation with the reduced set of significant metabolites, 

and motifs were compared. IL7 in healthy controls (figure 3.30A) was significantly clustered 

with metabolites tryptophan (depleted in SARS-CoV-2 infection) and phenylalanine 

(elevated in SARS-CoV-2 infection), and cytokines IP10 and SDF1 alpha. In SARS-CoV-2 

infection (figure 3.30D), IL7 correlates with kynurenine, phenylalanine, neopterin, in 

addition to an array of proinflammatory cytokines such as MCP1 and IP10. IL-18 in healthy 
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controls (figure 3.30B) correlates with metabolites tryptophan, phenylalanine, xanthurenic 

acid, citrulline and threonine and cytokine MIP1 beta. In SARS-CoV-2 infection (figure 3.30E) 

IL18 correlates with the kynurenine:tryptophan ratio, kynurenine, xanthurenic acid, and 

neopterin, in addition to the same array of cytokines in figure 3.30D. Pro-inflammatory IFNγ 

in healthy controls (figure 3.30C) correlates with kynurenine, citrulline and cytokines IL8, 

IL17A and TNFalpha. In comparison, in SARS-CoV-2 patients (figure 3.30F), IFNγ correlates 

with metabolites kynurenine and the kynurenine:tryptophan ratio, in addition to the same 

array of pro-inflammatory cytokines seen in figures 3.30D and 3.30E, showing a strong pro-

inflammatory component in the SARS-CoV-2 signature in comparison to the normal immune 

state of healthy controls.  
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Figure 3.31: Metabolite set enrichment analysis (MSEA) and network analysis. A) Associated 
pathways and networks associated with the abundance of metabolites in SARS-CoV-2 patients 
compared to healthy controls. B) Connections between each pathway network and 
associations related to MSEA of metabolite abundance and proportional significance between 
SARS-CoV-2 patients and healthy controls. 

A 

B 
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3.3.10 Metabolite set enrichment analysis 

 

Metabolite set enrichment analysis (figure 3.31A) was carried out of the full metabolite set 

to assess the relationship between metabolite concentration, differences between groups 

and pathway mapping. The most significant pathways associated with differences in SARS-

CoV-2 infection and healthy controls are methylhistidine and histidine metabolism, 

associated with significantly depleted histidine and Fischer’s ratio in SARS-CoV-2 infection, 

phenylalanine and tyrosine metabolism, associated with a significantly increased 

concentration of phenylalanine and phenylalanine to tyrosine ration. Figure 3.31B visualises 

the mapping and importance of each pathway within the metabolite set enrichment, with 

many liver metabolism associated pathways strongly correlated.  
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3.4 Discussion 
 

3.4.1 Impact of SARS-CoV-2 infection on clinical pathology markers 

 

The clinical course and severity of SARS-CoV-2 infection can be classified by specific 

biochemical alterations. Findings from previous studies in community acquired pneumonia 

(CAP) and chronic obstructive pulmonary disease, have suggested that D-dimer is elevated in 

more severe cases in these lung diseases [123]. For those with severe disease phenotypes, 

predictors of mortality have been found to be elevated blood urea nitrogen, C-reactive 

protein (CRP), blood creatinine [124], all elevated parameters we see within this cohort 

(figure 3.4). Elevations in D-dimer and liver function tests (albumin, bilirubin, AST, ALT, ALP) 

in SARS-CoV-2 infection have also been reported to be associated with poorer outcomes, but 

within this hospitalised cohort, D-dimer and liver function tests are within the upper limit of 

normal (ULN) or depleted (figure 3.4) suggesting a milder disease phenotype. During initial 

inflammatory stages, IL-6 induces the liver to produce a significant number of acute phase 

proteins, including CRP, serum amyloid A (SAA), fibrinogen, haptoglobin, and a1-antitrypsin 

[125]. The results from biochemical testing in figure 3.4, suggests a heterogenous cohort, with 

some pathology signatures more consistent with mild disease, as opposed to severe disease 

[126].   

 

3.4.2 SARS-CoV-2 patient plasma NMR metabolic signatures 

 

Statistical modelling of 1D (figure 3.10), and CPMG (figure 3.13) spectral NMR data indicated 

that the SARS-CoV-2 virus elicited the detection of a specific signature for SARS-CoV-2 
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patients in comparison to healthy counterparts. Similar patterns from PCA score plots of 

standard 1D, CPMG and DIRE spectral data were observed, and presented two clear group 

clusters, with some overlap of SARS-CoV-2 patients with healthy controls. Following OPLS-DA 

modelling, one healthy control repeatedly clustered with SARS-CoV-2 patients and was found 

to be positive for SARS-CoV-2 antibodies, supporting the robustness of the modelling. 

 

OPLS-DA modelling of CPMG spectra data revealed a key discriminatory metabolite to drive 

differences between SARS-CoV-2 patients healthy controls were attributed to a-1-N-actyl 

glycoprotein signals, glycoprotein A (GlycA) and glycoprotein B (GlycB) found to be 

significantly elevated,  and another signal termed the Supramolecular Phospholipid 

Composite (SpC) found to be depleted in the inflammatory response in SARS-CoV-2 infection 

reported by Lodge et al [127], which results in the increased sensitivity of GlycA:GlycB and 

SpC components in relation to the disease signature. GlycA is a composite signal of N-acetyl 

signals from 5 proteins: a-1-acid-glycoprotein, a-1-antichymotrypsin, a-1- antitrypsin, 

haptoglobin and transferrin. The a-1-acid-glycoprotein is the strongest component of the 

GlycA signal, and weighs with the highest correlation, although inter-individual differences 

have been reported with regards to the weighting of each individual protein in the signal 

[128]. Several biological functions have attributed to the a-1-acid glycoprotein, such as 

immune-modulation via a macrophage-release inhibitory factor that prevents IL1 activation 

of thymocyte and lymphocyte proliferation [129, 130] and inhibition of platelet aggregation 

[131]. Acute phase inflammation has been associated with 2-5-fold increases in plasma GlycA 

signals [132], and GlycB has been found to increase in inflammatory conditions such as 

diabetes and obesity [133]. GlycA and GlycB have been found to correlated with CRP plasma 
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levels; the primary clinical biomarker for inflammation and have been suggested to be more 

accurate measures of inflammation [133]. 

 

 In addition to elevated GlycA and GlycB, higher concentrations of alanine, lactate, and 

pyruvate were detected in SARS-CoV-2 patients in comparison to healthy controls (figures 3.3 

and 3.11C). The lactate:pyruvate ratio was found to be significantly increased in SARS-CoV-2 

infection compared to healthy controls (pvalue <0.0001), and has been found to be an 

indicator of impaired mitochondrial function, specifically respiration as it is indirectly 

associated with the NADH:NAD+ redox state in the cytoplasm. Plasma glycoproteins are 

primarily synthesized and released systemically in the liver, where they are glycosylated and 

assist with the solubilization of hydrophobic compounds in blood [134]. N-acetyl signals from 

glycosylated amino sugar residues such as a-1-N-actyl glycoprotein have been reported to be 

elevated in the acute phase of inflammatory diseases such as obesity, diabetes, 

cardiovascular disease and systemic autoimmune disease [128, 135-137,].  

 

3.4.3 Application of DIRE pulse sequences to investigate SARS-CoV-2 infection 

 

An amended DIRE (DIffusion and Relaxation Editing) pulse sequence [127] was applied to 

investigate SARS-CoV-2 infection due to the ability of the sequence to distinguish signals from 

molecules with slow translational diffusion but with increased segmental motion. These 

molecules include plasma glycoproteins and molecules within lipoprotein subfractions. 

Distinct NMR signatures were detected between SARS-CoV-2 patients and healthy controls, 

with elevated GlycA and GlycB, and decreased intensity of a cluster of choline head group 

signals (termed SpC, and identity confirmed by hetero- and homonuclear NMR experiments) 
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in SARS-CoV-2 infection.  OPLS-DA modelling of SARS-CoV-2 patients and healthy controls 

(figure 3.13B) presents a very strong model (R2X 0.122, R2Y 0.975, Q2 0.682), with two clearly 

defined groups, with the loadings (figure 3.13C) presenting the most discriminatory 

metabolites to be two triglyceride peaks, GlycA, GlycB, SpC and branched chain sugars 

associated with glycoproteins to be highly correlated within the model projection.  

 

DIRE spectra give a clear and significant signature for SARS-CoV-2 infection, the major 

components of this signature are elevated GlycA and GlycB and depleted SpC signal in SARS-

CoV-2 infection compared to healthy controls. The depleted SpC signal comes partially from 

a molecule with the same diffusion constant as GlycA and GlycB, identified as linoleoyl-

phosphatidylcholine [127]. Lysophosphatidylcholines, in blood, are known to bind to and be 

carried by a-1-acid glycoprotein, the primary contributor to the GlycA signal, and thus have 

the same molecular diffusion properties and would be detected at the same signal. Another 

component of the SpC is viably an HDL-phospholipid, based on the correlations between SpC 

and the array of lipoproteins, with strong correlation found between HDL-phospholipids and 

SPC in both healthy controls and SARS-CoV-2 patients (figure 3.19). Figure 3.19 further 

presents the correlations between SpC and GlycA and SpC and GlycB against lipoproteins, 

with results suggesting that these components originate from different contributions from 

the LDL and HDL glycoprotein bound phospholipids in each signal, which is significantly 

reduced in SARS-CoV-2 infection. Weaker correlations are observed with HDL1 

(phospholipids) and HDL2 (cholesterols) as these subfractions are depleted in SARS-CoV-2 

infection (figure 3.19B), and thus suggests that a significant proportion of the SpC signal is 

present in HDL3 and HDL4. Correlation is observed between SpC and LDLs, but again this is 

weaker than the correlations between SpC and HDLs. From these results, we can infer that 
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SpC markers are from HDL3 and HDL4. Strong correlation of SpC and proinflammatory 

cytokines IL1RA, IL17A and IL10 ratios (figure 3.22) suggests a strong immune component in 

SARS-CoV-2 infection. Overexpression or under-expression of IL1RA has been found to have 

a significant effect on lipoprotein metabolism, affecting cholesterol metabolism [139], an 

effect we see in SARS-CoV-2 patients. As a-1-acid glycoprotein is significantly elevated in 

SARS-CoV-2 infection due to inflammation, this makes GlycA, GlyB and SpC signals very 

sensitive to the presence of the disease.  

 

3.4.4 Obesity and sex differences in SARS-CoV infection 

 

The role of obesity in SARS-CoV-2 infection has highlighted the global obesity endemic, 

representing an unprecedented risk factor, with obese patients twice as likely to suffer from 

severe SARS-CoV-2 disease than healthy weight counterparts [140]. A very weak model was 

produced when modelling obesity between SARS-CoV-2 patients and healthy controls, 

primarily due to the limited sample number. In this instance, to investigate the role of obesity 

in SARS-CoV-2 infection, obesity was modelled within the group, looking at two groups with 

BMI <30 and BMI >30(figures 3.12 and 3.16). Loadings from OPLS-DA modelling of standard 

1D (figure 3.12) spectra of these groups, presented the most discriminatory metabolites to 

be elevated valine, lactate, GlycA, choline species, glucose and formate. Discriminatory 

modelling of DIRE spectra (figure 3.16) further reiterates these findings, reducing these 

components down, highlighting elevated triglycerides, GlycA and GlycB, SpC and sugar chains 

associated with glycoproteins. Both models suggest that obesity presents an elevated SARS-

CoV-2 infection metabolically, with key SARS-CoV-2 sentinel metabolites to be further 

elevated in patients with a BMI >30. Several studies have implicated triglycerides with SARS-
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CoV-2 infection [141,142], with high correlation to diabetes, severe disease and poorer 

outcomes. Additionally, studies have indicated that obesity may play a role in prolonged viral 

shedding in infected patients, subsequently increasing disease transmission in the population 

[143]. Obesity is thought to contribute to viral propagation through the upregulation of ACE2 

receptor and thus promoting entry of the SARS-CoV-2 virion into an amalgamation of cell 

types such as bronchial epithelial cells [143]. The metabolic signature found within these 

patients, presents obesity to be a severe metabolic implication, with a heightened SARS-CoV-

2 response. 

 

A sex-related difference in SARS-CoV-2 infection has been noted since the start of the 

pandemic, with higher degrees of mortality and severity found in men [144].  OPLS-DA 

analysis presents a significant albeit weak model (figure 3.11B) from standard 1D NMR 

spectra, with a clear clustering of males and females, but notably, a specific cluster of SARS-

CoV-2 infected males in the upper quadrant, with separation driven by higher levels of VLDL1, 

LDL1, VLDL2, and LDL2 lipoproteins in women, and higher glucose in men. Altered lipid 

profiles have been documented with SARS-CoV-2 infection, with lower proportions of HDL 

cholesterols found in men(pvalue<0.004) with poorer outcomes and severe disease 

phenotypes. Weaker modelling found from DIRE spectra (figure 3.15B) in this instance but 

defines increased lipoproteins in females. Again, the infection exerts a clear influence in the 

PCA plot indicating that sex is not a significant confounder in the analysis. 
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3.4.5 Lipoprotein changes in SARS-CoV-2 disease 

 

OPLS-DA modelling of lipoprotein subfractions (R2=0.906, Q2, 0.885) (figure 3.17C) shows 

clear separation of healthy controls and SARS-CoV-2 patients with the exception of single 

healthy control which sits in the SARS-CoV-2 cluster. The model itself shows less 

discrimination in comparison to resolution of 1D NMR spectra (figure 3.10B), which can be 

attributed to the reduced number of variables. Nonetheless, a high degree of model 

robustness was found with an area under of the curve of 1. The most discriminant lipoprotein 

subfractions driving the OPLS-DA model separation were higher concentrations of VLDL 

cholesterols and phospholipids in SARS-CoV-2 patients, in addition to LDL triglycerides and its 

subfractions.   

 

The signature detected using lipoprotein analysis suggests a deep systemic metabolic 

aberration, with similar patterns attributed to the SARS-CoV-2 group also found in relation to 

type 1 diabetes [145]. One study demonstrated that type 1 diabetes was associated with a 

high concentration of total cholesterol, LDL triglycerides, VLDL subfractions, LDL and HDL 

subfractions [146]. An increased risk of cardiovascular disease in diabetics has also been 

reported to be associated with higher concentrations of LDL subfractions (LDL5 and LDL6) 

[147]. Furthermore, clinical observations have found that small and medium LDLs are 

cardiovascular risk predictor in type 1 diabetes; with LDL particle concentrations associated 

with vascular wall thickening [148]. A characteristic of type 1 diabetes and cardiovascular 

disease is increased liver fat content [149]. A strong correlation between liver fat content and 

higher VLDL concentrations was found in this study in SARS-CoV-2 disease, consistent with 

metabolic markers of liver dysfunction such as elevated tyrosine, phenylalanine, 
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glutamine:glutamate ratio and the Fischer’s ratio [150].  It is noteworthy that abnormalities 

in cardiac structure and function have been noted in COVID-19 patients, up to 3 months post-

diagnosis and recovery [151]. Aberrations in lipoprotein profiles, specifically elevations in LDL 

triglycerides, have been found to be associated with vascular artery calcification and 

thickening [152]. Similar lipoprotein elevations are seen in the SARS-CoV-2 signature (figure 

3.22), with the model also influenced by elevations in LDL, LDL5 and LDL6 cholesterol and 

phospholipid apolipoprotein B.  

 

3.4.6 Cytokine Storm in relation to lipoprotein metabolic profile 

 

To investigate the association between inflammatory profiles and lipoprotein changes, a 

panel of 14 cytokines, found to be above the limit of detect, was correlated with lipoprotein 

subfractions. Figure 3.22 shows strong correlation between lipoprotein subfractions and 

hierarchically clustered cytokines, which presented 4 distinct cytokine clusters. Cluster 1 (C1) 

presents MIP-1B, SDFa, IL-1a and IL-11, correlating with depleted LDL particles and depleted 

VLDL particles. MIP-1B was found to significantly elevated in SARS-CoV-2 infection (figure 

3.20) in comparison to healthy controls (pvalue <0.01). C1 cytokines are likely a 

representation of inflammation driven by innate immune cells; consistent monocyte and 

macrophage activation. Cluster 2 (C2) comprises of IL-19 and IL-10 and ratios of IL-10 to IL-6 

and IP-10; generally weaker correlation with lipoproteins were observed. Cluster 3a (C3a), IL-

8 and MCP-1 were weakly anticorrelated with the majority of lipoproteins, but strongly 

positively correlated with LDL1 and LDL2, cholesterol and triglyceride subfractions. This 

finding corroborates with the correlation from C1, with this cluster also reflecting 

inflammation mediated innate immunity, implicating a core function by activated neutrophils 
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and monocytes/macrophages. IP-10 and RANTES (cluster 3c, C3c) shows the strongest 

correlation with the lipoprotein panel, (correlated with L1–L4 LDL subfractions and 

anticorrelated with HDL, VLDL, and L6 LDL parameters). Both cytokines are significantly 

elevated in SARS-CoV-2 infection (pvalue<0.01). RANTES is also strongly correlated with 

GlycA, a marker for systemic inflammation, and has been suggested to be a more robust 

marker of inflammation than CRP or IL-6[152]. Previous studies have found that amplified 

levels of circulating pro-inflammatory cytokines, such as Interferon γ and IL-6, and 

chemokines MCP1 and IP-10 are associated with pulmonary inflammation and respiratory 

distress in the aetiology of SARS-CoV-2[153].   

 

The functional capacity of RANTES and IP-10 in mediating inflammation and cytotoxic T cell 

response for viral load clearance, and their correlation to GlycA suggests that an elevation in 

these cytokines is a reflection of disease severity [153). Studies have further shown in the 

pathogenesis of SARS-CoV-2, inflammatory markers, such as IL-6, did not change significantly, 

but some like IP-10, decreased in patients who entered remission, but remained elevated in 

poor patient outcomes [154]. Cluster 4b (C4b) consists of IL-7 and IL-1RA, both significantly 

elevated in SARS-CoV-2 patients and TNF-α. TNF-α and IL-1RA are both anti-inflammatory and 

increase elimination of the infected cells [155]. However, given the substantial “cytokine 

storm” that ensues following SARS-CoV-2 infection, concentrations of TNF-α and IL-1RA may 

be insufficient to alleviate and counteract the level of proinflammatory cytokines released in 

response to the virus. IL-1RA is found to be strongly correlated with HDL and VLDL lipoprotein 

particles; HDL has been proposed to be an anti-inflammatory lipoprotein with protective 

effects against oxidized lipids [ and has been found to reduce T cell activation [156], and thus 
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the correlation of HDL with IL-1RA supports the implication that IL-1RA reduces the 

inflammatory cascade. 

 

3.4.7 Biogenic amines and tryptophan metabolism in relation to SARS-CoV-2 infection 

 

Aberrations in lipid metabolism and alterations in amine concentrations have been reported 

in response to SARS-CoV-2 infection, with similar reports from SARS-1 and MERS outbreaks, 

with further reports of a sustained chronic change [154]. 13 out. of 43 quantified metabolites 

were found to be significant when comparing SARS-CoV-2 infected patients to healthy 

controls (figure 3.23). Discriminatory analysis using OPLS-DA (figure 3.24C), presents two 

clear clusters, driven by depleted histidine and tryptophan and elevated neopterin, quinolinic 

acid, glutamic acid, kynurenine and taurine (figure 3.25) in SARS-CoV-2 patients. This 

signature is consistent with reports of inflammation seen with cardiovascular disease and 

diabetes [158]. Quinolinic acid has been suggested to act as an agonist for glutamate 

receptors and neuronal stimulation; however, upregulation of this mechanism is thought to 

lead to neuronal damage indirectly through neurotoxicity [159). Additionally, quinolinic acid 

and kynurenic acid are thought to regulate glutamic acid function, with elevated quinolinic 

acid resulting in glutamic acid release in cells [160]. A significant glutamic acid release may be 

responsible for the significantly lower glutamine/glutamic acid ratio seen in SARS-CoV-2 

infection. Glutamic acid and glutamine play pivotal roles in the homeostasis in immune cell 

function, including T-cells and astrocytes within the central nervous system (CNS) [161] where 

it acts as an immunomodulator, upregulating glutamate surface receptors [162]. The 

glutamine/glutamic ratio is considered an important diagnostic marker, with glutamine 

consumption rates increased by immune cells when placed under catabolic conditions such 
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as sepsis [163]. A crucial finding with this data is the depletion of tryptophan, and the clinical 

implication and association with depression, a key long-COVID symptom found in nearly 1 in 

5 SARS-CoV-2 recovery cases [152], suggesting this finding may be associated with long term 

implications.  

 

Sex differences in the amino acid and tryptophan pathway metabolites were also modelled 

to determine if there was any sex bias, but a very weak model was produced, with no clear 

clustering of disease and healthy within the sex clusters. The key metabolites influencing the 

OPLS-DA. were depleted xanthurenic acid, methionine, picolinic acid and citrulline in SARS-

CoV-2 infection (figure 3.26A), suggesting that the SARS-CoV-2 infection model in figure 3.23C 

is not influenced by sex. BMI was also assessed to investigate the influence on the model. 

Clear clustering of BMI groups was observed, with most SARS-CoV-2 patients seen in the 

higher BMI groups. The model was driven by elevated glutamic acid, 3-hydroxykynurenine, 

quinolinic acid and nicotinic acid (figure 3.26C) in SARS-CoV-2 infection. These markers 

suggest an enhanced inflammatory signature for SARS-CoV-2 patients with elevated BMIs, 

consistent with findings from standard 1D NMR spectra BMI modelling.  

 

3.4.8 Immuno-metabolic signatures of biogenic amines and tryptophan pathway 

metabolites in SARS-CoV-2 infection 

 

To investigate the inflammatory metabolic signature further, cytokines were correlated with 

quantified metabolites, with hierarchical clustering presenting 5 clusters with the metabolites 

(figure 3.29). The first cluster of cytokines (C1) shows very weak correlation of SDF1 alpha and 

MIP1-beta, which only strongly positively correlate to neopterin, 3-methylhistidine and 
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indole-3-acetic acid, and negatively correlate to arginine. MIP1-beta is a chemoattractant, 

significantly elevated in SARS-CoV-2 infection, and has been found to be implicated in the 

neuroinflammatory pathway [161] and thus the results from this correlation analysis suggest 

an underlying systemic metabolic response response. The second cluster of cytokines (C2) 

includes IP10, MCP1, RANTES, IL8 and IL18. Interestingly these inflammatory cytokines. 

associated with cytotoxic T cell activation, are strongly positively correlated with kynurenine, 

kynurenine/tryptophan ratio and 3-hydroxyanthranillic acid, and thus suggests these 

cytokines are a reflection of the severity of respiratory disease. In cluster 3 (C3), TNF-a is 

strongly negatively correlated with the majority of tryptophan pathway metabolites 

suggesting downregulation of TNF-a, and thus suggesting an inhibition of its anti-

inflammatory functionality.  

 

In cluster 4 (C4), Interferon gamma (IFNg) shows strong negative correlation to a battery of 

amino acids and specifically branched chain amino acids. Branched chain amino acids, valine, 

leucine and isoleucine are essential amino acids and involved in several neurological 

processes but also in immune modulation, modulating the production IFNg [164]. This 

correlation suggests a complex interaction between metabolites and immune modulation, 

further exemplified by the hierarchical clustering maps (figure 3.30C and 3.30F), presenting 

IFNg as highly associated with a several pro-inflammatory cytokines and also kynurenine. The 

most enriched pathway highlighted from metabolite set enrichment analysis (MSEA) is 

methylhistidine metabolism, driven by the significantly depleted histidine plasma 

concentrations in SARS-CoV-2 infection (figure 3.31A). A significantly depleted Fischer’s ratio 

in SARS-COV-2 infection further implicates the aberrations in liver function, compared to 

normal. Histidine has been found to augment the suppression of hepatic glucose produce via 
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central insulin action [165]. Glucose intolerance in type 2 diabetes is related to enhanced 

hepatic glucose production via gluconeogenesis. Insulin supresses hepatic gluconeogenic 

gene expression through neuro insulin receptors and through direct interaction with hepatic 

insulin receptors [166]. In the absence of sufficient histidine, Kimura et al suggest that there 

is a significant dysregulation in insulin function, resulting in elevated hepatic glucose 

production.  

 

In the final cluster of cytokines (C5), IL1RA, MIP1-alpha show strong correlations, correlating 

antagonistically Eotaxin. Strong positive correlation is seen between IL1RA and MIP1-a with 

the majority of tryptophan pathway metabolites, whereas strong negative correlation is 

observed with Eotaxin for the same group. MIP1-alpha has previously been found to be 

implicated with the tryptophan pathway, with picolinic acid identified to be involved in 

macrophage activation and modulates the expression of chemokines in macrophages [167]. 

Interestingly, Eotaxin has been found to be increased in neurodegenerative disorders [168] 

and is also found to be increased in SARS-CoV-2 infection, with the strong correlation with 

tryptophan metabolites suggesting an underlying immune-metabolic mechanism.  

 

These findings suggest that the metabolic signature found in biogenic amine and tryptophan 

pathway metabolites, is a complex multiorgan mosaic disease, and further presents the 

complexity of the disease. 
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3.5 Conclusions 
 
 
The findings from this study suggest that there is a complex, multi-organ response to SARS-

CoV-2 infection, and although primarily a respiratory disease, it has been found to have 

profound systemic metabolic effects, with signatures similar to diabetes and cardiovascular 

disease. Results from the DIRE spectra provide a novel orthogonal approach to diagnostics for 

SARS-CoV-2 infection, and possibly post-active infection as well.  Whilst the cytokine storm 

that is characteristic of severe SARS-CoV-2 infection is attributed to an uncontrolled over-

production of soluble markers of inflammation, it is difficult to capture the peak of this storm 

in more mild disease given the short half-life of cytokines and thus more time-points would 

be imperative for future studies. Further profiling of systemic changes longitudinally would 

prove to be advantageous for the prediction of future risk factors.  
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CHAPTER FOUR: UK- PRIMARY BILIARY CHOLANGITIS (UK-
PBC) NESTED COHORT STUDY 

 

The aim of this work was to apply metabolic profiling methods to comprehensively 

investigate the molecular mechanism driving Primary Biliary Cholangitis (PBC), and also to 

profile differences between treatment responders and non-responders. Furthermore, the 

aim of this project is to integrate multi-omic data for in depth disease screening and 

classification.  
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4.1 INTRODUCTION 
 
 
4.1.1: Introduction 
 
 

Primary Biliary Cholangitis (PBC, formerly known as Primary Biliary Cirrhosis) is a chronic 

autoimmune cholestatic liver disease, characterised by progressive bile duct damage as a 

result of decreased bile flow due to impaired secretion by hepatocytes or through bile flow 

obstruction. The pathogenesis of PBC, is defined as a prototypical autoimmune disease, with 

the presentation of anti-mitochondrial antibodies, resulting in inflammation localized to 

small intrahepatic bile ductules. The prolonged inflammation and accumulation of 

inflammatory infiltrates results in the progressive destruction of cholangioctyes, causing a 

spectrum of cholangitis and biliary cirrhosis. Typically, PBC manifests with a slow 

progression rate, with incrementally increasing cholestasis and gradual development of liver 

fibrosis, cumulatively resulting in cirrhosis, hypertension and liver failure [169].   

 

The presentation and onset of PBC in patients greatly varies, given the multifactorial nature 

of the aetiology and complicated pathogenesis, which has yet to be fully elucidated. 

Evidence has suggested that a crucial factor is the complex interplay between genetic 

susceptibility and environmental factors, resulting in a mosaic of disease pathogenesis 

[170]. 

 

Detection and diagnosis of PBC is often made in later stages of the disease process, based 

on broad presentation of symptoms; biliary damage, pruritus and fatigue, whilst liver 

biochemistry may remain normal during the earlier stages of disease progression. High 
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morbidity and mortality remain a major issue with the disease, with approximately 10% of 

all liver transplants in North America and Europe attributed to PBC [171]. PBC not only has a 

markedly negative impact on patient quality of life, but also has a high economic impact 

with the cost of PBC hospitalisations in the US estimated to be $69-115 million annually 

[172]. Hepatocellular carcinomas are amongst the most common malignancies of the liver, 

with between approximately 70-90% of all cases diagnosed against a background of chronic 

liver disease and cirrhosis [173]. The increased incidence and frequency of hepatocellular 

carcinoma, in PBC patients is well documented, with PBC patients up to 16% more likely to 

develop hepatocellular carcinomas. In addition, hepatocellular carcinomas are amongst the 

main causes of death in patients with chronic liver cirrhosis globally. In light of the 

significant risk of hepatocellular carcinoma development in PBC, PBC patients are often 

considered for earlier transplantation, increasing the global economic and healthcare 

burden of this disease [174]. Several studies have indicated an increased risk of extrahepatic 

malignancies such as stomach or pancreatic cancer, in comparison to hepatocellular 

carcinomas, but with no association to the stage of liver disease [175].  

 

4.1.2: Diagnosis, Ursodeoxycholic Acid and Treatment 

 

The biochemical diagnostic criterion for PBC specifies recurring elevated alkaline 

phosphatase (ALP), and gamma-glutamyl transferase (GGT), decreased serum albumin and 

elevated bilirubin. Elevated levels of Bilirubin have long been defined as a significant 

prognostic marker for clinical outcomes in PBC, however the change in bilirubin levels is 

often unremarkable in the early stages of the disease, thus making it unviable as a criterion 

for early intervention [176]. ALP is used as a measure for patient response to 
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ursodeoxycholic acid (UDCA), the frontline choice of treatment for PBC; in the absence of 

cirrhosis, Serum ALP concentrations correlate with the severity of inflammation and 

reduction in intrahepatic bile ducts [187]. Patients with lower levels of ALP have been found 

to have stronger positive outcomes and are less likely to develop progressive liver disease 

[177]. 

 

The gold standard for treatment remains life-long drug therapy with ursodeoxycholic acid 

(UDCA) in combination with further drug therapy to treat the amalgamation of symptoms 

that present with the disease and the progression of liver disease. UDCA is predominantly 

hydrophilic, dihydroxy bile acid, and is present in humans in a concentration of 

approximately 3% of the total bile acid pool [175]. This small proportion of endogenous 

UDCA in human biliary bile acids (3α,7β-dihydroxy5β-cholan-24-oic acid) is considered to be 

attributed to the gut microbiome epimerization of the 7-hydroxyl group of 

chenodeoxycholic acid (CDCA), a bile acid synthesized directly from cholesterol [175]. Whilst 

the full mechanism of metabolism of UDCA is yet to be elucidated, what is understood is 

that UDCA is predominantly metabolised to its glycine conjugated and taurine conjugated 

forms [175]. Obeticholic acid (OCA) is a recently approved drug for use in PBC treatment, 

used either in combination with UDCA in adults who have shown inadequate responses to 

UCDA, or as a singular therapy in patients intolerant of UCDA [179].  

 

Both UDCA and OCA can be synthesized and administered therapeutically and have 

complementary mechanisms of action. OCA is a farnesoid X receptor (FXR) agonist, acting to 

decrease bile acid secretion, which subsequently reduces accumulation of toxic bile acids 

that lead to cholestatic biliary damage. Simultaneously, OCA also increases bile acid 
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secretion by increasing expression of secretogogues such as VIP receptor-1, inducing further 

choleretic effects such as increased bile acid flow, a mechanism that UDCA also shares, 

increasing bile acid clearance in the liver and decreasing inflammation through FXR 

regulation and limiting pro-inflammatory responses to damage-associated molecular pumps 

(DAMPs)[180].  

 

 Failure to respond adequately to UDCA is associated with increased risk of mortality due to 

inevitable progression to end-stage liver disease, finally requiring liver transplantation. The 

therapeutic response to UDCA is typically measured in terms of liver biochemistry but 

several classifications such as the ‘Paris’ or ‘Toronto’ definitions exist, each outlaying 

different biochemical stratifications, but here we specifically focus on the Paris definition 

which is more widely used in the UK. The Paris I definition of UDCA response, is based on 

the following criteria: total bilirubin ≤17μmol/L, aspartate transaminase (AST) <2 times the 

upper limit of normal (ULN) and alkaline phosphatase (ALP) <3×ULN after 12 months of 

treatment with UDCA [181].   

 

UDCA is a choleretic and hydrophilic endogenous secondary bile acid, with multiple effects, 

but is primarily used to replace some of the more toxic bile acids, leading to reduced 

indirect choleretic damage. UDCA induces the secretion of bile acids from hepatocytes, 

thereby reducing further hepatocyte damage and apoptosis, and the likelihood of 

subsequent inflammation and fibrosis [182]. In addition, the UDCA activates the AE2 

transporter pathway; the stimulation of AE2 expression by glucocorticoid receptors 

stimulates biliary bicarbonate secretion and in turn reduces bile toxicity. This results in the 

enrichment and expansion of bile acid availability and increasing the life cycle of bile acids. 



   
 

 123 

The immunomodulatory impact of UDCA has also been observed, assumed to be attributed 

to the UDCA-induced activation of the glucocorticoid receptor [182].  

 

Responsiveness to UDCA is an important prognostic marker in Primary Biliary Cholangitis, 

with UDCA responsive patients found to have improved health outcomes comparable to the 

general population. However, predicting patient response to UDCA is limited. Studies have 

found insufficient response to UDCA in 30% of North American and European PBC patients, 

which incrementally rises to 32-44.7% in Chinese patients [183]. Despite UDCA response 

being a marker for patient outcomes, very little is defined or well established regarding the 

mechanism of action of the secondary bile acid and variable patient response. Further 

investigations are required to fully elucidate the mechanism of response in order to 

optimise treatment [182]. An argument for inconsistent UDCA response, is that it is the 

manifestation of materially different bile acid pools in individuals, alternatively variable 

modification of UDCA itself by the gut microbiome during entero-hepatic recirculation has 

been proposed as a mechanism [184].  

 

Bile acid sequestrants such as cholestrymine and colestipol are often prescribed to treat a 

common yet highly problematic complication of PBC, pruritus, that is estimated to affect 60-

70% of patients. Bile acid sequestrants typically act as bile acid-binding resins, highly 

positively charged molecules that bind to the negatively charged bile acids in the intestine 

and inhibit lipid solubilizing activity and consequently block cholesterol absorption [185]. In 

addition, bile acid sequestrants inhibit the reabsorption of bile acids and thus increases bile 

acid synthesis, the mechanism of which in turn sequesters cholesterol synthesis in the liver, 

contributing to a reduction in global serum cholesterol levels [185]. However, bile acid 



   
 

 124 

sequestrants have been found to have limited effectiveness and tolerability in practice. The 

pathogenesis of pruritus in PBC is still not well understood, and whilst several putative 

pruritogens have been proposed, treatment remains limited and ineffective with often 

hepatotoxic side effects in their own right, and liver transplant may be indicated even in the 

absence of advanced liver failure [182]. The heavy burden of cholestatic pruritus for PBC 

patients, indicates a pressing need to investigate potential pruritogens to improve 

treatment and quality of life.  

 

4.1.3: Biochemistry of Primary Biliary Cholangitis 
 

Consistently elevated levels of serum alkaline phosphatase (ALP) are typically detected in 

PBC patients. In addition, treatment response and failure of UDCA is universally defined by 

ALP levels as a key prognostic variable, identifying those with greatest risk of disease 

progression with detected ALP levels 1.67x the upper limit of normal as currently defined by 

the Paris II definition [181]. Characteristics of biliary damage include the loss of bile ducts, 

elevated bilirubin levels, progression of fibrosis, and ultimately can lead to portal 

hypertension and end-stage liver disease [182]. The origin of ALP elevation in hepatobiliary 

disease has yet to be fully elucidated but it is currently believed that the rise in serum ALP is 

a result of increased de novo synthesis in the liver followed by release into systemic 

circulation [183]. This is further aggravated by the accumulation of retained bile acids, which 

in turn induce the production of ALP, and promote leakage into circulation [184].  

 

Another significant clinical marker of liver disease and PBC is the aspartate transaminase 

(AST) to alanine aminotransferase (ALT) ratio, an increase in which has been indicated as a 
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predictor of cirrhosis [185]. Currently, the mechanism of action is associated with the 

elevation in this ratio, but it has been suggested that sinusoidal clearance of AST decreases 

in cirrhotic patients, resulting in an accumulation of AST and the high AST/ALT ratio in PBC 

patients is the result of reduced hepatocyte accumulation [186]. 

 

Increased biliary constituents in serum are detected in PBC patients. Bilirubin levels are a 

crucial marker of liver function and prognostic factor for disease progression in liver disease, 

with poor prognosis defined as 2 x the upper limit of normal (<1000U/L) (Paris II definition) 

after 1 year of UDCA treatment [181]. Elevated levels of bilirubin correlate with hepatic 

disease severity, although higher concentrations are atypical of early-stage PBC. However, 

significant inter-patient variation in bilirubin levels in PBC has been reported [182]. In PBC, 

serum bilirubin elevation is predominantly its conjugated form, suggesting that the normal 

hepatocytic activity of glycosylating enzymes is preserved to produce conjugated bilirubin. 

Accumulation and elevation of conjugated bilirubin may occur as a result of obstructed bile 

flow, compromised bile duct integrity or reduced bile production due to malfunctioning 

activity of bile efflux transporters [183]. In advanced PBC, haemolysis is the result of excess 

bile acids, which in turn, may further contribute to elevation of serum bilirubin levels. As 

strong detergents, bile acids can solubilize the cytoplasm membranes of erythrocytes and 

other blood cells causing them to haemolyse, resulting in an amalgamation of 

haematological complications in end-stage PBC [183]. 
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4.1.4: Disease Pathogenesis, Autoimmunity and Genetic Susceptibility 

 

The aetiology of PBC remains to be fully elucidated. Autoimmunity in PBC is characterised 

through the presentation and loss of tolerance to a cascade of ubiquitous mitochondrial 

autoantigens, the E2 subunits of the oxo-dehydrogenase pathway of oxidative 

phosphorylation [170]. There are four autoreactive mitochondrial antigens targeted by anti-

mitochondrial antibodies in PBC: the pyruvate dehydrogenase E2 complex (PDC-E2), E3-

binding protein(E3-BP), ketoglutaric acid dehydrogenase E2 complex (OGDC-E2) and 

branched-chain 2-oxo-acid dehydrogenase E2 complex (BCKD-E2). Amongst the four 

autoantigens, there is substantial homology, all participating in oxidative phosphorylation 

and sharing lipoic acid moieties [187]. Most commonly antibodies react to PDC-E2, either 

singularly in some patients or in addition to other target antigens. PBC is suggested to be 

the only disease in which autoreactive T cells and B cells responding to PDC-E2 are detected. 

In response to autoreactive T and B cells, evidence suggests that apoptosis is the most 

important mechanism driving biliary epithelial cell loss. Furthermore, defective clearance of 

apoptotic bodies released from damaged biliary epithelial cells has been proposed as 

another source of autoantigens and further autoimmunity [188]. Biliary epithelial cell stress 

responses include necrosis, apoptosis, senescence and autophagy. Biliary epithelial cell 

survival from stress is associated with the production of DAMPs, chemokines, cytokines and 

growth factors [188]. This interplay promotes the de-differentiation of healthy biliary 

epithelial cells, which lose E- cadherin but increase mesenchymal antigens (S100A4, 

fibronectin, vimentin and α-smooth muscle actin (α-SMA). A positive association between 

p21- expressing and S100A4-expressing biliary epithelial cell during T-cell-led portal tract 

inflammation (AD10) has been found, suggesting complementary processes. Investigations 
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in individual differences in the nature or degree of the biliary epithelial cell response to 

stress could prove to improve understanding UDCA non-response and reveal potential 

therapeutic targets [188].  

 

The manifestation of this subtype of antimitochondrial autoantigen, has been found to be 

associated with bile duct damage, which results in the development of lymphatic 

cholangitis, progressing to biliary fibrosis [188]. Thyroid hormone metabolism is an 

important factor in maintaining normal hepatic function and bilirubin metabolism. A 

significant proportion of PBC patients present with thyroid hormone imbalances and this is 

frequently associated with an elevation of alanine aminotransferase and alkaline 

phosphatase in hyperthyroidism and aspartate aminotransferases in hypothyroidism [189].  

 

Genetic variation is one of the key components in disease susceptibility. Genome Wide 

Association Studies (GWAS) identified a strong association between PBC and NF-κB14 in the 

liver. Murine studies found that when deficient in this gene, PBC-like fibrosis developed with 

a strong ductular reaction (AD17) [190]. The final stages of the complex biliary epithelial cell 

biology of PBC, may therefore be accelerated fibrosis, with the implication that non-

response to UDCA may reflect the severity of fibrosis progression. Familial studies showed 

the prevalence of PBC to be 0.72% in first-degree relatives and 1.2% in offspring of PBC 

patients. The highest risk observed in daughters of affected females, with a point mutation 

relative risk for this subset, reaching 87% in some studies [190]. A large study recorded that 

20% of sisters, 15% of mothers and 10% of daughters of PBC patients tested positive for 

anti-mitochondrial antibodies, presenting with or without symptoms [191]. Whilst the 
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presence of anti-microbial antibodies does not always result in a PBC diagnosis, the 

existence indicates a predisposition, particularly in the event of familial history [191].  

 

Studies have revealed that having a first-degree relative, a history of urinary tract infections, 

smoking history and use of hormone replacement therapies are associated with the risk of 

developing the disease. In addition, other autoimmune diseases are found in approximately 

30% of patients [191]. A history of cholestasis or pruritus during pregnancy associated with 

PBC implies a crucial hormonal and gender link, that suggests early disease may be present 

for decades prior to presentation with abnormal liver biochemistry and symptoms [191] 

The genetic basis of PBC is also implied by the much higher disease concordance rates in 

monozygotic twins than in dizygotic twins [171], and the prevalence of PBC being 100 times 

higher in some aboriginal populations [192]. PBC patients and their families, typically 

present with other autoimmune diseases, such as celiac disease, thyroid disease and 

Sjogren’s disease, indicating a shared genetic predisposition [171]. However, in comparison 

to other autoimmune diseases, there is little association between PBC and the presence of 

any particular major-histocompatibility complex alleles [171]. A clear gender imbalance is 

characteristic with PBC; with the ratio of women to men affected as high as 10 to 1, but with 

the same disease manifestation in both sexes. Recent studies have suggested that a reason 

for this could be the higher incidence of X chromosome monosomy in lymphoid cells [190].  

 

4.1.5: Epidemiology  

 

In the UK, approximately 15,000 people are affected by the rare disease, but globally 1 in 

1000 women over the age of 40 years are living with the consequences of progressive 
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chronic biliary inflammation, which has a significant impact on quality of life [170]. Onset is 

typically observed after 40 years of age, but incidence has been recorded in individuals as 

young as 15 years, although rare. 

 

 Investigations in the geo-epidemiology of PBC has revealed crucial associations that 

underpin the pathophysiology of PBC, in particular the impact of several environmental 

conditions that may increase disease risk and susceptibility, such as high levels of cadmium 

in soil. A higher incidence of PBC has been recorded in previously industrialised regions in 

the UK. A notable study in 1980 by Triger et al. reported the initial connection between PBC 

and environmental factors. PBC prevalence was found to be approximately ten-fold higher 

in a community receiving water from a particular reservoir in comparison to the general 

population [193]. Exposure to cadmium is believed to be another potential contributing 

factor in these regions, with severe structural liver damage and increased IgA deposits 

found in patients with high levels of chronic exposure [194].  

 

Some xenobiotic associations have been found between household chemicals and PBC, such 

as acetone nail polish remover usage and increased disease incidence [194]. Studies have 

also found an increased incidence of PBC near superfund “rubbish-tip” sites identified in a 

large-scale epidemiological study in Newcastle, England [197]. The exposure to unidentified 

environmental agents could prove to be key in understanding the geospatial clustering of 

the disease and the underlying environmental links. 
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4.1.6: UK-PBC Nested Cohort Study 

 

The UK-PBC Nested Cohort Study is a nationwide consortium project. This work utilises 

samples obtained as part of an MRC-funded initiative, aimed to develop a unique multi-

modal research platform to study the mechanism of UDCA non-response and PBC disease 

stratification, with an objective of developing a framework for optimal patient treatment. 

The broad hypotheses of the study are that UDCA response is associated with a distinct 

molecular and cellular phenotype and that the associations may highlight potential 

biomarkers for patient stratification or identify molecular pathways relevant to therapeutic 

targets. 

 

The UK-PBC initiative began in 2007 as an effort to establish a large patient cohort for high-

throughput genetic studies. The study has since gone to establish comprehensive large scale 

genomic, transcriptomic, proteomic and metabonomic studies of PBC. Participants were 

recruited via the UK-PBC consortium, a research network consisting of 150 NHS trustees 

across England, with patients identified by local research nurses funded through the 

National Institute for Health Research (NIHR) Comprehensive Research Network (CRN). 

Comprehensive medical records and validated questionnaires characterising symptoms 

were collected and blood was provided by participants for DNA extraction.  

 

As part of the cohort, matched urine, serum and stool samples were collected at designated 

research centres, collected for 470 PBC patients and 101 control participants recruited 

through the NIHR bioresource, that were age and sex matched. Of the 470 PBC patients, 406 

were on UDCA therapy, 276 were defined as UDCA responders based on an ALP threshold of 



   
 

 131 

1.67 X Upper limit of Normal (ULN). A multiplatform strategy of analysis utilising both NMR 

spectroscopy and UPLC-MS was used to generate metabolic phenotypes for patients.  

 

4.1.7: Metabolic Profiling and Primary Biliary Cholangitis  

 

Metabonomics is a comparatively new technology in the omics hemisphere but has proven 

to be a powerful and unique tool in the definition of global metabolic profiling for disease 

and health. The combination of statistical tools and different spectroscopy technologies 

facilitates the detection of different fields of analytes and metabolites, as well as the 

detection of xenobiotic compounds [196]. Metabolic profiling has been successfully used in 

defining signatures in liver diseases such as hepatocellular carcinoma [197].   

 

 In the current study, NMR spectroscopy was used for global metabolic profiling and semi-

targeted UPLC-MS was used for bile acid profiling and quantification in urine, serum and 

stool samples. Given the established understanding of PBC and liver disease, circulating bile 

acids detected in serum are instrumental in understanding the mechanisms underlying 

biliary damage, and also variability in patient response to treatment. Analysis of stool 

samples will aid understanding of the impact of the microbiome on UDCA response, and 

further understanding of the impact of gut microbiota on PBC disease severity. These 

analyses will be combined to create a mosaic portrait for PBC and inconsistent UDCA 

response, to increase understanding of bile acid pools in individuals, and modification of 

UDCA by the gut microbiome during entero-hepatic recirculation.  
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4.2 METHODS 

4.2.1: UK-PBC Nested Cohort Study Design 

 

The UK-PBC Nested Cohort was recruited from 18 different research centres located across 

the United Kingdom, with a final sampling number of >600 patients (REC reference: 

14/NW/1146). Recruited PBC patients were assigned to cohorts on the basis of specific 

criteria (Table 4.1), with the primary definer being the use of UDCA for treatment (Cohort 

A), and PBC patients who were treatment-naïve, i.e. those who were not on UDCA (Cohort 

B). Samples from age and sex-matched healthy controls were recruited via the NIHR 

Bioresource, with samples collected from participants at a research centre using 

standardised methods. Sample collection and processing was concentrated in each of these 

centres, using standardised protocols and methods to ensure consistent sample collection 

and handling. Matching serum, urine and faecal samples were collected from each 

participant for metabonomic studies at an appointed research visit, with urine and faecal 

samples immediately stored at -80°C until profiling, and serum samples were centrifuged 

and stored at -80 °C until profiling.  

 
 
Table 4.1: UK-PBC study cohort outline and criteria 

 

 

Cohort Criteria 
A Patients with diagnosed PBC, incipient PBC or PBC/Autoimmune Hepatitis who ARE 

receiving treatment with UDCA 
B Patients with diagnosed PBC, incipient PBC or PBC/Autoimmune Hepatitis who ARE 

NOT receiving treatment with UDCA (treatment naïve) 
C Patients with liver diseases other than PBC 
E Healthy age and sex matched controls from NIHR Bioresource 
F Healthy best friend &/or same sex sibling controls 
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Informed consent was obtained from all participating patients and patients deemed 

unsuitable for the criteria of the study were excluded and informed. Clinical research nurses 

collected comprehensive medical records and validated questionnaires characterising 

symptoms, in addition to socio-geographical and alcohol consumption data.  

 
4.2.2: 1H NMR data acquisition methods 
 

1H NMR data acquisition of urine, serum and faecal samples were undertaken according to 

previously published and peer -reviewed protocols and conducted by Dr Alexandros 

Pechliavanis at Imperial College London [45]. For the purpose of this thesis, only urine 

samples were analysed using 1H NMR spectroscopy and faecal samples were analysed using 

16S rRNA. Samples were thawed at room temperature and randomised.  Urine samples 

were centrifuged at 18,000 rpm at 4°C for 5 minutes, Urine samples were then diluted in 

NMR urine buffer (1.5M KH2PO4, 2mM NaN3, 1% 3-trimethylsilyl-2,2,3,3-2H4-propionic acid 

(TSP)in 99.9% D2O, pH 7.4) and then aliquoted into 3 mm NMR tubes. Due to the limited 

sample volume, no quality controls were prepared, aside from sample blanks to ensure 

integrity of the experimental run. 

 

NMR data acquisition was acquired using a Bruker Avance II DRX 600MHz spectrometer 

operating with a BBI probe at 600MHz at 300K and an automatic sample handling SampleJet 

unit (Brukler Biospin GmBH, Germany). To ensure high quality data acquisition, spectral 

acquisition was supervised, and samples that did not meet the quality thresholds were 

rerun a maximum of three times. The primary thresholds for data quality were that the 

residual water resonance should not affect the spectra outside of δ 4.6-4.8 and have an 

observed spectral concentration of less than 10mmol. In addition, after applying 
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exponential line broadening of 0.3 Hz prior to Fourier transformation, the line width of 

alanine at δ 1.5 should be less than 1.4 Hz. NMR data were processed using Topspin v3.2.3 

software with Icon NMR (Bruker Biospin GmBH, Germany), with automatic baseline-

correction, phasing, and referencing to trimethylsilylpropanoic acid (TSP) at 0 ppm. Prior to 

analysis, the spectrometer was calibrated to ensure good water suppression and good shim 

quality (magnetic field homogeneity). For 1D experiments, a total of 32 scans were 

acquired. 

 

4.2.3: Data Preprocessing 

 

Raw data were imported into MATLAB(v2014a) and pre-processed using  in-house software. 

Regions corresponding to TSP (<0.09 ppm), water (4.7-4.9 ppm), urea (5.63-5.99 ppm) and 

noise region with no resonances (>9.9 ppm) were removed from the data. Spectra were 

calibrated using an automated calibration script and to account for different dilutions, 

normalised using probabilistic quotient normalisation (PQN)[49]. The spectra were then 

manually examined for chemical shift variation and aligned using the recursive segment-

wise peak alignment (RSPA) algorithm [50]. 

 

4.2.4: Statistical Analysis 

 

Following spectral preprocessing and normalisation, data were exported into SIMCA 15.0.1 

(Umetrics, Umea, Sweden) for multivariate analysis. Initial Principal Component Analysis 

(PCA) was carried out to identify extreme outliers and inspect sample variability. Extreme 

outliers that were observed due to poor data acquisition as a result of insufficient sample 
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volume, were removed from further analysis. Following removal of outliers, PCA was 

performed to examine clustering between disease and control groups according to the 

biochemical threshold of ALP 1.6x ULN. Supervised partial least square discriminant analysis 

(PLS-DA) was performed to investigate metabolites that varied between disease groups. 

Statistical significance and robustness of PLS-DA models were then validated by 

permutation testing of the Y matrix for 1000 permutations. The obtained p-values were 

adjusted using Benjamini-Hochberg (BH) correction [48] with a false discovery rate (FDR) 

threshold of 0.05.  

Figure 4.1: Ethanol resonances detected at 1.1-1.3 ppm and 2.9-3.1 ppm. A) Statistical total correlation 

spectroscopy (STOCSY) of assigned ethanol resonance (1.195 ppm). B) Very high concentration of 

assigned ethanol. C) Magnification of spectra in Fig. 1B, highlighting C13 satellite abundance.  

 



   
 

 136 

A high proportion of the samples were found to contain non-physiological concentrations of 

ethanol (Figure 4.1) suggesting ‘contamination’ of the samples. This contamination possibly 

arose from the collection tubes since sample blanks prepared in the laboratory using the 

same chemical buffer and reference standards, but no sample, did not contain these high 

concentrations of ethanol.  

 

In most cases of alcohol consumption, ethanol was present at an estimated 130 mM 

concentration assuming urinary creatinine to be present at approximately 10mM [40]. 

However, some samples were contained as much as 320 mM of ethanol. The high 

concentration of ethanol was further corroborated by the fact that many spectra showed 

samples with C13 satellites of the ethanol CH3 peak which was clearly visible at 1.29ppm and 

1.07 ppm (Figure 4.1). This level of ethanol is not consistent with physiological 

concentrations, even after heavy drinking which is typically considered to be ±65.1 -86.8 

mmol [198].  

 

In addition, a smaller subset of the samples containing credible physiological amount of 

ethanol, which were accompanied by evidence of ethanol metabolites such as ethanol 

glucuronide, ethyl glycoside or ethanol sulphate, which would be expected if the ethanol 

originated from ingestion and was subsequently metabolised (Figure 4.2). 
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Figure 4.2: Ethanol-related resonances detected at 1.1-1.3 ppm and 2.9-3.1 ppm. A) Skyline plot of ethanol 

regions). B) Magnification of ethyl glucuronide and ethanol C) Magnification of JRES in Fig. 2.1, ethyl 

glucuronide and ethanol.  
 

The number of samples containing physiological versus non-physiological levels of ethanol 

was calculated and compared with the self-reported data on alcohol consumption (Table 

4.2).   

 

Table 4.2: Number of samples containing ethanol and ethanol glucuronide signals 

 

Cohort Total no. 
samples in 
Cohort 

No. samples 
containing 
ethanol 
(Percentage of 
Cohort) 

Number of 
participants 
declaring 
alcohol 
consumption 
(%of Cohort, % 
of samples) 

No. samples 
containing 
ethanol 
glucuronide 
(Percentage) 

A (PBC treated) 406 326 (80.3) 167(41.1, 51.2) 46 (11.3) 
B (PBC treatment 
naïve) 

64 50 (78.1) 31(48.4, 78.1) 9 (14.1) 

C (Liver disease) 3 2 (66.7) 1(33.3, 50) 2 (66.7) 
E control 101 61 (60.3) 78(77.2, 100) 11 (10.8) 
F control 3 3 (100) 1(33.3, 33.3) 0 (0) 
Total  577 442 (76.6) 276(65.4, 47.8) 68 (11.7) 



   
 

 138 

Since an average of 76.6% of the samples contained ethanol, of which only 11.7 contained 

the ethanol metabolite ethanol glucuronide and 47.8% of the participants recording alcohol 

consumptions, it was strongly suggestive of contamination rather than being an 

endogenous phenomenon.  Given the high percentage of ‘contaminated samples, it was not 

feasible to model the spectra without removal of the ethanol spectral region. Subsequently, 

new PCA and PLS-DA models were recalculated after removal of the regions ! 1.0-1.34 and 

! 3.655 to 3.828. 

 

Statistical Total Correlation Spectroscopy (STOCSY) [20] was carried out to identify and 

confirm signals from the same compound and elucidate the molecular structure. Metabolite 

assignments were made using an in-house database and using the Human Metabolome 

Database (http://www.hmdb.ca).  For selected metabolites, showing a trend in 

differentiating participants with PBC from controls (phenylacetylglutamine (PAG), Hippurate 

and 4-cresylsulphate (paracresol sulphate)), peaks were fitted using a method reported by 

Loo et al. [191]). Briefly, this method uses a multiblock pattern recognition approach 

wherein a reference pattern from the dataset is used to locate the area where the correct 

spectral features are present in the sample. Individual PCA models are calculated for each 

spectral region, for blocks of 0.5 ppm width. The reference pattern is obtained for identified 

features of interest by applying STOCSY, which involves the computation of correlation 

matrices between the intensity of all composite points for a subset of samples containing 

the specific features of interest identified through PCA modelling, thereby reducing 

statistical noise from confounders.  
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After removal of the spectra failing to meet the criteria required by the COMPASS pipeline, 

for example spectra where the relevant regions were confounded by drug resonances, 

hippurate was quantified in 382 spectra, PAG in 267 spectra and 4-cresylsulphate in 309 

spectra. Differences in concentrations between the PBC (Cohorts A and B) and control 

(Cohort E) and between responders and non-responders in Cohort A were calculated using 

Wilcoxon rank sum testing (corrected for multiple testing, Benjamini-Hochberg). Since 

hippurate is derived from bacteria in the proximal colon whereas protein putrefaction, 

which is responsible for generating PAG and 4-cresylsulphate is generated mainly in the 

distal colon [200], the following ratios were calculated: hippurate: 4cresylsulphate; 

hippurate: PAG and hipurate: (PAG + 4 cresyl sulphate). 

 

4.2.5: 16s rRNA sequencing and bioinformatics analysis 

 

16s rRNA was carried out by Dr. Julie MacDonald, Imperial College London, on a miSeq 

platform using faecal sample preparation methods as previously described in Mullish et al., 

(2019) [201]. Briefly, DNA was extracted from 250 mg of faecal samples using PowerLyzer 

PowerSoil DNA Isolation Kit (Mo Bio, Carlsbad, CA, USA) as per manufacturer’s instructions, 

with the addition of a bead-beating step. Sample libraries amplifying the V1–V2 region of 

the 16S rRNA gene were prepared as per Illumina’s 16S Metagenomic Sequencing Library 

Preparation Protocol.  

 

Samples were sequenced in a randomised order, generated in two runs on an Illumina 

MiSeq platform using the MiSeq Reagent Kit v3 (Illumina Inc, San Diego, USA) with paired-
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end 300-bp chemistry. Data were demultiplexed, barcodes removed and FASTQ files 

generated using Illumina software BCL Convert.  

 

For annotation, the “DADA2” R-package [202] was used amplicon sequence variants (ASV) 

generation. For each experimental batch, a quality filtering step was implemented for 

during primer sequence removal to avoid introducing bias [202]. ASVs from each batch were 

merged and chimeras removed. Taxonomy was assigned with the use of the IdTaxa function 

from DECIPHER R-package [203] and using the Genome Taxonomy Database release 95 

(GTDB_r95) as a reference database to match to, provided in the package website 

(http://www2.decipher.codes/Downloads.html). To assess the potential of contaminant 

sequences isContaminant from decontam R-package (204) was implemented into the 

workflow. Twelve contaminant sequences were detected and removed, two of them 

commonly found in DNA reagent kits. For statistical analyses, features were filtered to 

remove ASVs with a zero count in more than 90 % of samples, using a geometric Bayesian 

multiplicative (GBM) replacement method [205] and data were centered-log-ratio (clr)-

transformed. Data were then correlated against quantified NMR metabolites, using 

Spearman’s rank, and visualised using heatmaps which were generated for each cohort and 

response group.  
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4.3 RESULTS  

4.3.1: Untargeted 1H NMR metabonomics on UK-PBC Nested Cohort Study Urine samples 
 
Metabolic profiling of 577 human urine samples from the UK-PBC Nested Cohort was 

undertaken using untargeted 1H NMR spectroscopy on the spectral dataset after removal of 

the ethanol resonances and demonstrated some degree of separation of the control cohort 

(E) from the PBC cohorts (Figure 4.3A) but this was not significant as the Q2Y model statistic 

was negative. From the loadings plot the main differentiating metabolites were PAG, 

hippurate and the bile acid region (! 0.59-0.75). No differentiation according to whether the 

participants were responders or non-responders was evident (Figure 4.3B). 

 
 

Figure 4.3: Urine NMR multivariate analysis following removal of detected Ethanol resonances and 

regression analysis using Bilirubin as a regressor. A) Orthogonal 2 Partial Least Squares Discriminant Analysis 

(O2PLS-DA) on all cohorts within the UK-PBC Nested Cohort based on a Bilirubin ULN of +/- 1.2 mg/dL. R2X = 

0.007, R2Y = 0.05, Q2Y = -0.323 B) PCA on Cohort A UDCA response based on a Bilirubin ULN +/- 1.2 mg/dL.  

 

  

A B 
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The data were compromised by positional variation for several peaks, indicative of pH 

differences or molecular binding flux, and thus deconvolution of the data by standard 

methods were not sufficient to clear clustering of patient metabolomes. Since Cohorts C and 

F contained only 3 samples each and were collected at different clinics from the other 

cohorts, the analysis was focussed on cohorts A, B and E to provide sufficient statistical 

power for testing. 

 

With respect to the bile acids, again a marked difference in bile acid excretion across the 

cohort was observed (Figure 4.4), mainly in the participants with PBC, as would be expected. 

Although Cohort A were treated with ursodeoxycholic acid (UDCA), other bile acids were 

equally as prominent as metabolites of UDCA such as glycoursodeoxycholic acid, the main 

urinary metabolite of UDCA and no significant PLS-DA model identifying differentiation of 

responders and non-responders in cohort A was found. PCA and OPLS-DA models run on a 

smaller region containing the C18 axial bile acid signals indicated that there was some 

degree of separation according to cohort and between responders and non-responders. As 

before, however, the models were weak or not significant (Figure 4.5) reflecting the massive 

variation observed throughout the whole study. Given the spectral complexity and the 

generally low urinary concentrations of the bile acids, a mass spectrometry-based method 

was developed to quantify the bile acids and is described in appendix 2 and yielded a 

similarly complex picture. The analysis of this data, however, is beyond the scope of the 

current thesis.  
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Figure 4.4: Exemplar spectra with magnified region containing the C18 axial signals from bile acids. A) UDCA 

Responder. B) UDCA Non-Responder. 

A 

B 
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Figure 4.5: Bile Acid region- supervised and unsupervised analysis. A) PCA of all cohorts based on Bile Acid 

defined region. B) Partial Least Squares Discriminant Analysis (PLS-DA) on all cohorts based on an ALP ULN +/- 

1.6µkat/L. C) Partial Least Squares Discriminant Analysis (PLS-DA) on UDCA response within Cohort A based on 

an ALP ULN +/- 1.6µkat/L. D) Permutation testing for model validation of PLS-DA (C).  

 

The biological complexity of the study was compounded by variation in the condition of the 

samples. The attempt to overcome the issue of ethanol contamination was partially 

successful but other inherent technical problems in the data prevented a robust analysis. 

A B 

C D 
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For example, a high level of chemical shift variation was observed following examinations of 

the loadings for certain peaks.  An example of this problem is illustrated for creatinine 

(Figure 4.6) and is likely to reflect either disparity in the pH of samples or large differences in 

osmolality driven by the overwhelming concentration of the ethanol signal. 

 

Figure 4.6: Example of highly variable chemical shifts observed in urine NMR spectra. Shift amongst 3 urine 

samples shown for assigned creatinine. 

 
 

In order to simplify the spectral data and to minimize the artefacts in modelling caused by 

chemical shift, a multiblock approach was used to focus on sub-regions of the NMR urine 

spectra and PCA was performed on spectral regions of 0.5ppm. Some suggestion of 

clustering for a subset of the control group (Cohort E) was identified in the PCA scores plots 

for the regions the regions 7.0-7.5 and 7.5-8.0 ppm (Figure 4.7). As can be seen the cluster 

of control samples on the far left of the scores plot, indicated in blue contained higher levels 

of hippurate than the rest of the spectra, whereas samples on the right-hand side of the 

scores plot contained more phenylacetylglutamine (PAG) and relatively less hippurate. Since 
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the remainder of the control and PBC group were heavily overlapped, with no visible 

disease-related clustering in the first three components, no supervised models were 

calculated.  

 Figure 4.7: PCA scores plot of the spectral region 7.5-8.0 ppm generated using control (Cohort E) and drug 

naïve PBC (cohort B) urine samples showing clustering of a subset of the control samples that contain 

relatively higher levels of hippurate. 
 

For cohort A, multiblock PCA models indicated some patterns within three main regions: 

6.5-7.0 ppm, 7.0-7.5 ppm and 7.5-8.0ppm, corresponding to variance driven by a subset of 

samples mainly comprised of responders to UDCA. The three regions were combined and 

remodelled using PCA (Figure 4.8). The loadings indicated that the main difference was 

driven by higher levels on PAG and hippurate in these samples. However, similar to the 

cohort comparison, the majority of the samples overlapped with no group differentiation 

based on response and no further models were generated. The identification of the three 

main gut-microbial metabolites observed in urine is shown in Figure 4.11. 
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Figure 4.8: PCA scores plot of the spectral region 6.5-8.0 ppm generated from the Cohort A containing urine 

samples from patients with PBC treated with UDCA. Patients who responded positively to therapy are denoted 

in blue and non-responders are plotted in red.  

 

Figure 4.9: Exemplar 1H J-Resolved NMR urine spectrum showing assignment for hippurate, PAG and 4-

cresylsulphate. 
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Figure 4.10: Exemplar spectra showing variable levels of phenylacetylglutamine from the aromatic (high 
frequency) region !5.5-9.0. A) Exemplar spectra containing high phenylacetylglutamine. B) Exemplar spectra 

containing low phenylacetylglutamine. C) Exemplar spectra containing very low phenylacetylglutamine. 

 
The variance of PAG across the study set was extremely high (Figure 4.10) with some 

samples containing almost none and others containing levels amounting to 5-10 mM (as 

calculated relative to the TSP concentration).     



   
 

 149 

4.3.2: Targeted 1H NMR profiling of gut microbial metabolites indicated as different 

between the PBC and control participants.  

 
Based on the indication of their potential trend in differentiating between responders and 

non-responders in PBC patients treated with UDCA in the multiblock PCA analysis, the 

relative estimated concentrations for hippurate, PAG, and 4-cresylsulphate were calculated 

by the COMPASS tool as reported by Loo et al [199]. COMPASS calculates likelihood of a 

sample containing a given compound based on the pattern of signals defined by a reference 

spectrum and assigns an arbitrary concentration value if the metabolite is deemed to be 

present. For each spectrum a code is given according to the correlation coefficient. For 4-

cresylsulphate: green = cc>6.0; amber = cc<0.6>0.5; red= cc<0.5. An example of spectra 

falling into each of the three categories is given for cresol (Figure 4.11). As can be seen, the 

bottom trace shows a green code where there is a high degree of confidence in the 

metabolite assignment and the arbitrary intensity is around 120 units, whereas the amber 

trace shows a set of signals with an authentic pattern but a lower intensity. The red trace is 

confounded by the presence of signals from other molecules and if 4-cresyl sulphate is 

present, it cannot be detected or measured with certainty. Therefore, only spectra 

containing green or amber (all confirmed via visual inspection) signals were included for 

quantification. Using this system, the extracted statistics (Table 4.3) indicated that hippurate 

was best fitted with 83.7 of the spectra returning integral values, whereas substantial peak 

overlap and chemical shift impeded the fitting of both PAG and 4-cresylsulphate, for which 

only 55.5 and 64.7% of samples respectively were integrated successfully.   
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Table 4.3: Number and percentage of samples quantified for the three selected gut microbial 
metabolites 

Cohort Number (percentage) of 
samples with hippurate 

Number (percentage) 
of samples with 
phenylacetylglutamine 

Number (percentage) of 
samples with 4-cresyl 
sulphate 

A 270 (83.9%) 197 (61.2%) 224 (69.6) 
B 40 (78.4%) 22 (43.1%) 27 (52.9%) 
E 72 (88.9%) 48 (59.3%) 58 (71.6%) 

 

Figure 4.11: Signals relating to 4-cresylsulphate coded according to the degree of certainty of their 
presence in the spectrum based on the correlation coefficient with an authentic reference pattern. 
 



   
 

 151 

The Wilcoxon Rank sum index integration of the area by cross-correlation (CC) with the 

reference pattern for PBC cohorts (Cohort A and B) compared to healthy controls (Cohort E) 

is shown in Figure 4.12. None of the comparisons were found to be statistically significant. 

 

Figure 4.12: Relative integrals of Hippurate, PAG and 4-cresyl sulphate stratified by cohort. No 
significant differences were found between PBC disease groups drug naïve (Cohort B) or UDCA 
treated (Cohort A) and the control group (Cohort E) 
 
Although no significant difference for any of the three quantified gut microbial metabolites 

were found for responders and non-responders to UDCA in cohort A. However, consistent 

with the clustering pattern in the multiblock PCA scores plot (Figure 4.11), a trend towards 

higher relative concentrations of PAG and Hippurate was noted in the responders (Figure 

4.13). Based on the clustering patterns in the multiblock PCA and on the calculated integral 

distributions, it would suggest that there may be a subset of responders who have a distinct 

urinary gut microbial profile.  
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Figure 4.13: Relative spectral integrals of Hippurate, PAG and 4-cresyl sulphate in Cohort A, 
stratified by responder / non-responder. No significant differences were found between any group 
comparison. 
 
 
4.3.3 Influence of the gut microbiome on urinary gut bacterial metabolites for PBC versus 

control. 

The 16S rRNA derived data were correlated with the urinary gut bacterial metabolites 

stratified according to cohort (figure 4.14) and responder status (figure 4.15). Of the three 

sets of metabolite-microbiome ASV correlations, Cohort B consisting of treatment-naive PVC 

participants was the most distinct and showed the most significant correlations. Of note, 

strong correlations between several Bacteroidetes and the 4-cresylsulphate and PAG to 

Hippurate ratio was apparent indicating that Hippurate was driving the association with 

bacteroides species. In the PBC drug naïve cohort (Cohort B), all three metabolites were 

found to be strongly inversely associated with Coreobacteriales and some Clostridium 

classes.   

Similarly, the responder and non-responder subsets for Cohort A demonstrated contrasting 

behaviour in terms of their correlation patterns with the microbial parameters. Specifically, 

more anti-correlation was observed in non-responders with inverse patterns observed in 
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responders, between Bacteriodales species and 4-cresylsuphate, PAG and hippurate. 

Interestingly, strong positive correlation is observed between Clostridium species and the 

NMR metabolites in non-responders. From general observation, correlation patterns for the 

Bacteriodales species differs greatly within each response criteria, but with a similar 

correlation pattern observed for each 3 metabolites. The bacterial profiles were also 

regressed against the ratios hippurate: 4-cresylsulphate; hippurate: PAG and hipurate: (PAG 

+ 4 cresyl sulphate). The correlation between metabolites is again thought to be driven by 

hippurate in responders, with strong anti-correlation observed between hippurate and 

calculated ratios.  
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Figure 4.14: Correlation matrix between Hippurate, PAG, 4-cresylsulphate and derived ratios and the microbial 

parameters for each of Cohort A (PBC treated), Cohort B (PBC naïve) and E (controls). 

A B E 
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Responder Non-Responder 

Figure 4.15: Correlation matrix based on UDCA response (Cohort A) showing associations between Hippurate, PAG, 4-cresylsulphate 

and derived ratios and the microbial parameters, stratified according to response to UDCA treatment. 
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4.4 DISCUSSION 

 

4.4.1 Strategies for mitigating the analytically and biologically confounded data.  

 

Due to extremely high biological and analytical variation, the data were difficult to analyse. 

The identification of high concentrations of ethanol, assumed to be introduced at the 

sample collection stage (see results) necessitated the use of modified spectra. There was a 

high degree of confounding variation due to the wide array of drug metabolites 

encountered and the substantial variation in signal position made the normal pipeline 

utilised in metabonomic workflows unusable. Therefore, strategies for overcoming this high 

degree of confounding variation were introduced to accommodate the flaws in the data. 

Imperfect data sets, or those poorly adapted for specific analysis types are often 

encountered in studies that are inherited subsequent to the experimental design stage. Two 

of the main strategies for analysis of this confounded data used in this study were use of the 

COMPASS pipeline to overcome the positional shift and identify the correct resonances, and 

hence metabolites for quantification and subdivision of spectra into smaller regions in order 

to reduce the impact of variation encountered using a larger spectral range. 

 

A high level of ethanol was detected in 76.6% of all samples (Table 4.2), with no correlation 

found regarding collection from specific research centres. However, with no ethanol 

detected in the blank samples, it is plausible that samples were contaminated with a solvent 

introduced at the sample collection phase, as no ethanol is used in NMR sample preparation 

negating introduction at this phase. The ethanol is assumed to be exogenous due to the 
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extremely high concentrations present in some samples, that are incompatible with viable 

physiological levels, with concentrations as high as 300mMol detected in some samples. A 

high degree of chemical shift variation of the ethanol resonances, and others, was also 

observed in analysis, following sample pre-processing. This, in addition to the high level of 

ethanol, masked any pattern attributable to disease or treatment response in the 

unsupervised principal components analysis, with ethanol found as the highest discriminant 

metabolite in any preliminary multivariate analysis models.  

 

For a small number of patients, lower levels of ethanol were observed, in addition to 

resonances from ethyl glucuronide, a by-product of alcohol metabolism. In this instance, 

both ethanol and ethyl glucuronide were present in levels approximately 0.5 to 5 mMol, 

indicating that the presence was likely from alcohol consumption. An additional component 

to consider is the large discrepancy between patient declaration of alcohol consumption 

and detection of ethanol resonances, with approximately 25-50% under reporting across all 

cohorts (table 2), despite the detection of ethyl glucuronide in some instances.  

 

A further element attributing to the failure to observe differences attributable to disease 

presence or treatment response is the intake of an amalgamation of drugs, with many 

patients suffering from multiple co-morbidities and excreting metabolites from a broad 

combination of drugs. Very little pattern was seen in terms of differential drug intake and 

multivariate analysis. 
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Despite the analytical limitations of this study, there was some evidence that some of the 

urinary microbial components and bile acids differed between the healthy state and PBC 

and that these metabolites were altered between drug naïve and treated participants. 

 

Although no statistically significant differentiation according to disease or response to UDCA 

therapy was found in the data, there was a clear trend towards subclusters of samples in 

both comparison that had distinct metabolic profiles driven by the three main observable 

gut-microbial metabolites found in humans: Hippurate, PAG and 4-cresyl sulphate. 

 

4.4.2 Dysregulation of bile acids in PBC patients 

 

Statistical regression modelling, conducted on the bile acid region only (∂ 0.6 – 1.0), 

identified  clustering of disease versus healthy controls (figure 4.3). Bile Acids are crucial 

regulatory components of liver function and are closely involved with the regulation of 

glucose, lipid, cholesterol and drug metabolism [198]. In healthy individuals, through the 

enterohepatic circulation of bile acids, approximately 95% of bile acids are reabsorbed and 

5% excreted with faeces and a negligible proportion through urine [206]. The detection of 

bile acids in urine, is often associated with severe liver dysfunction, with some studies 

suggesting that urinary bile acid concentrations are more reliable predictors of clinical 

hepatobiliary disease outcomes due to stability across confounding variables such as BMI 

and age [206]. 

 

Several peaks in the ∂ 0.5 – 1.0 region were identified as bile acids. Through visual 

inspection of spectral profiles, bile acids were detected in approximately 37.2% of Cohort A 
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(UDCA treated), with 12.5% found to have very high concentrations of bile acids. 

Comparatively, only 18.7% of Cohort B (UDCA treatment naïve) samples had bile acids 

detected, with high concentrations in 6.3% of samples. In healthy controls (Cohort E), bile 

acids were detected in 8.9% of samples, but with no high concentrations seen. Since the 

treatment given for PBC to participants in Cohort A was itself a bile acid, UDCA, the spectra 

were assessed as to whether the observed bile acid signals were from UDCA or any of its 

known urinary metabolites. Some samples in a subset of the Cohort A participants were 

found to contain high concentrations of the UDCA metabolite, glycoursodeoxycholic acid. 

However, interestingly, neither UDCA nor its conjugates were directly observed in all 

samples in Cohort A and the bile acid signature across participants was variable suggesting 

that the bile acids in this case were reflective of the disease rather than the therapy. The 

main bile acids noted were taurine conjugated bile acids including 3,7,12-tauro 

dehydrocholic acid and tauro-a muricholic acid as confirmed by mass spectrometry analysis 

(see Appendix 2). Tauro-conjugated bile acids have been shown to vary according to 

microbial composition, with germ-free animals excreting high levels, manifesting in the 

heart, plasma and liver concentrations of tauro-conjugated bile acids [207]. Prior studies 

investigating the impact of alcoholic cirrhosis found similar trends in higher levels of taurine 

conjugated bile acids, in comparison to the detected glycine-conjugated forms, noting that 

this increase is associated with dysregulation of homocysteine metabolism, resulting in an 

increase in hepatic CYP7B1 expression in the bile acid synthesis pathway and taurine 

concentration [208]. 
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4.4.3 PBC-associated disruption of the gut microbiome 

 

Although neither the metabolome nor the microbiome were statistically significantly 

different between PBC patients and controls, there were trends in both datasets that were 

indicative of gut microbial disruption in subsets of patients, particularly with respect to 

response/ non-response to UDCA treatment. For example, multiblock PCA was able to 

identify a subset of participants in the responder group of Cohort A with higher levels of 

PAG and Hippurate.  Studies have suggested that an altered gut microbiome due to variable 

xenobiotic interventions could attribute to differential PBC treatment response [209]. 

Although PAG is predominantly a microbial metabolite, it is also an indicator of ammonia 

excretion and has found to regulate the phenylalanine/tyrosine pathway in liver dysfunction 

patients, which provides support the results found in this analysis, with high levels of 

Phenylacetylglutamine found in UDCA responsive PBC patients [210]. The farnesoid X 

receptor (FXR) regulates amino acid catabolism and detoxification of ammonia via 

ureagenesis and glutamine synthesis, with urea cycle dysfunction and hyperammonemia 

common in patients with cholestatic and chronic liver diseases [211]. Phenylacetylglutamine 

is involved with ammonia excretion; Phenylacetyl and Phenylbutyrate, through the 

conjugation to glutamine, provide an alternative pathway for nitrogen disposal via urinary 

excretion of Phenylacetylglutamine, leading to a net ammonia removal in urine through the 

prevention of glutamine being re-metabolised to ammonia [212]. 

 

Given the associated trend in hippurate perturbation, it is most likely that the higher 

concentrations of PAG in the responder subset are driven predominantly by gut microbial 

perturbation.  The observed trend of elevated levels of hippurate and PAG in UDCA 
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responders was further emphasized by the marked difference in the correlation patterns 

between the 16S rRNA microbial and gut-microbial data for the responder and non-

responder groups. Phenylacetylglutamine concentration, when normalised to creatinine and 

the abundance of several bacterial genera, most specifically several unclassified Clostridiales 

species found to be discriminatory bacterium between PBC patients (Cohort A and B) and 

healthy controls (C, E and F). Interestingly, the two discriminatory microbial phyla 

distinguishing UDCA responsiveness are Firmicutes and Bacteroidetes, phyla which 

represent up to 99% of the human microbiome. It has been well established that the large 

variance of both is seen in association with aging, with the Firmicutes to Bacteriodetes ratio 

reducing from 10.9 to 0.6, in the middle-aged to the elderly [213]. Studies have suggested 

that in the presences of a low Firmicutes to Bacteriodetes species such as Clostridium have 

the opportunity to increase in abundance, which corresponds with the results found in this 

study, suggesting an abundance of Clostridium species associated with the presence of low 

levels of Phenylacetylglutamine.  

 

Prior studies investigating differences in the gut microbiome of PBC patients have noted 

significant differences in microbial diversity between patients. The significant impact of 

UDCA on abundance of differential microbial species in PBC patients was also highlighted, 

finding that following 6 months of UDCA treatment that the abundance of the species 

strongly correlated with PBC, differences were reversed [214]. Previous studies have also 

found that Bacteriodetes and Clostridium rich microbiomes have been found to alter the 

synthesis of gut bacterial metabolites [210]. UDCA reduces the concentration of 

phenylalanine/tyrosine and tryptophan metabolites [210], which may explain the high 

concentration of cresylsulphate (figure 4.13), a gut microbiome metabolite, in some UDCA 
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non-responsive PBC patients. However, the extent to which the gut microbiome controls 

and impacts the synthesis and metabolism of aromatic amino acids, remains unclear and 

unelucidated.  

 

Findings from Pallister et al., suggest that cresylsulphate and phenylacetylglutamine are 

potentially toxic uremic by-products, produced via the undigested dietary proteins by 

colonic bacteria [215]. Studies have shown that higher cresylsulphate and 

phenylacetylglutamine are strongly linked to early kidney dysfunction [216] and thus could 

be associated with poor responsiveness in UDCA non-responders, who have a higher 4-

cresyl sulphate/phenylacetylglutamine ratio compared to UDCA responders.  

 

4.4.4 Analytical Limitations 

 

The NMR Urine analysis was primarily limited by the large concentration of ethanol 

detected in over 80% of samples. This may have further exacerbated the broad chemical 

shift variation seen for the majority of detected peaks, and thus negating the use of any 

automated peak detection algorithms due to the large overlap of peaks which would have 

unavoidably led to incorrect assignment of metabolites. For this reason, visual inspection 

and manual metabolite profiling were deemed the most suitable and robust method for 

analysis. Despite this, the metabolic profiles of PBC vs healthy controls were very apparent 

on visual inspection, with high concentrations of phenolics and aromatics, an observation 

which may have been lost with the application of traditional methods of analysis. Through 

the analytical focus on key associated components of liver disease, such the bile acid region, 

visual profiling has enabled a more detailed and thorough analysis of individual samples, 
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enabling the detection of components that may have been overlooked by automated 

algorithms. 

 

Due to the multiple co-morbidities associated with PBC, a large proportion of patients are 

prescribed an amalgamation of drugs. Several large drug signals overlapped a significant 

proportion of the spectra acquired, with paracetamol and ibuprofen identified in a 

significant proportion of patients and participants. This applied an additional layer of 

convolution to analysis, with drug peaks masking smaller metabolites that may be 

significant to the metabolic profile of PBC. 

 

Another element to consider, is the depth of resolution provided from the 1D NMR 

experimental run, as samples were analysed in 3mm tubes but only at 32 spins per run, a 

standard resolve for 5mm tubes. For increased sensitivity, and a reduction in the signal to 

noise ratio, 64 spins per run would have been a more optimal resolution for this experiment 

and may have resolved some of the shimming issues seen with some samples due to poor 

sample homogeneity.  
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4.5 Conclusions 

Due to the heavy ethanol contamination found in these urine spectra, traditional pattern 

recognition methods could not be applied. The application of a novel multiblock technique, 

COMPAS, previously only applied for the detection of exogenous compounds, allowed 

extraction of key metabolites by comparison of a reference pattern derived spatially from 

PCA modelling, thereby segregating the spectra according to clean / confounded making 

relative quantification and associations between class easier to see. Whilst neither the 

metabolites nor microbiome dataset generated strong associations with PBC disease or 

treatment in their own right, the integrated analysis generated reproducible patterns in the 

data corresponding to disease and response to treatment, highlighting significant gut 

microbiome aberrations between cohorts which are currently under further investigation. 
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CHAPTER FIVE: IDENTIFICATION OF A MOLECULAR 
SIGNATURE REFLECTING PRIOR BURN-INJURY IN CHILDREN 

 
 
The aim of this project is to investigate the molecular changes in children 3 years post-burn 

injury using metabolic profiling techniques. Additionally, the aim of this project is to 

investigate immune changes associated with metabolic changes, through the integration of 

immune profiling data with metabolic profiling data.  
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 5.1 INTRODUCTION 
 
5.1.1: Epidemiology 
 
 
The Lancet Commission on Global Surgery 2030 emphasised that whilst a substantial 

majority of surgical care is delivered and consumed in high-income countries, nearly 60% of 

the burden of surgical care is required in low- and middle-income countries (LMICs) where 

the infrastructure and resources are broadly insufficient [217]. Burn injuries are a significant 

global health crisis, with non-fatal burns found to be a leading cause of morbidity due to the 

complex and prolonged healing process, often impacting both the physical and mental 

health of patients on a chronic and life-long scale [218]. The World Health Organisation 

(WHO) estimates that 180,000 deaths annually are related to burn injury. Whilst in high-

income countries (HIC) the burn death rate has rapidly declined over the past 50 years, 

WHO states that over 95% burn-related deaths occur in low- and middle- income countries 

(LMIC), with the majority of injuries being attributed to fire-related burns from open gas 

stoves and hot oil scalds [219]. 

 

Despite a decline in the incidence of hospitalisations related to burn injury in developed 

countries, children remain a global high-risk group due to sensitivity of skin and risk-taking 

behaviours. Burns are the fifth most common cause of non-fatal childhood injuries, with 

significant regional differences in burn rates, where male children under 5 from LMICs twice 

as likely to die compared to their HIC counterparts. The prevalence of child-death attributed 

to burn injury is over 7 times higher in LMICs as opposed to HICs, in addition to burn-related 

injuries being amongst the leading causes for disability adjusted years lost in LMICs [219]. 
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These factors suggest that there is a global pre-requisite for improved burns care for 

children.  

 

Burn patients not only require acute primary treatment but often need subsequent 

rehabilitation, reconstruction and long-term anti-scar therapies. These consequences are 

often accompanied by additional socioeconomic burdens for both burn victims and 

families(6). Whilst substantial advances have been made in the management and treatment 

of burn injuries over the past twenty years, morbidity and mortality remain a significant 

obstacle in the overall improvement of primary treatment, metabolic support, and wound 

care management [220]. 

 

Studies have found that independent of burn severity, patients are at an increased risk for 

an amalgamation of non-communicable diseases, with typically higher levels of morbidity 

and mortality. This includes cardiovascular diseases, diabetes, cancer and mental health 

disorders [221]. Thus, although the primary injury is to the skin, increasing evidence 

suggests that burn injuries induce a substantial and chronic systemic response to the injury. 

 

5.1.2: Pathogenesis and Aetiology 

 

The structure of skin is complex, with a significant and substantial immune and vascular 

schematic, presenting a multifaceted organ beyond the epidermis (figure 5.1). The current 

physiological understanding of burn injuries cites three predominant regions of 

compromisation. The region of coagulation is the first external layer; the tissue damaged at 

the time of injury; this is surrounded by the zone of stasis; which is characterised by 
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decreased tissue perfusion. The progression of damage follows the zone of stasis and with 

the tissue progressing towards necrosis within the first 48 hours following injury. The 

consequence of such, is that the site of injury expands in area and depth with a broad 

recovery and immune response [222]. Burn injuries can induce a systemic global response 

beyond this site of injury, with profound and substantial physiological changes, such as 

increased muscle and bone catabolism, hepatic steatosis, increased infection susceptibility 

and multiple organ dysfunction [223]. 

 

Whilst prevention of these injuries and the implementation of safety measures and 

regulations are key to aversion, the role of medical treatment must also be considered. The 

complex treatment of burn injuries encompasses a broad spectrum, largely dependent on 

severity of burn and location; with treatments such as early excision and skin grafting, 

although effective, also carrying high infection risk to the patient [224]. 

 

One of the most crucial properties of improved surgical interventions is the reduction of 

scarring and the reduction in the loss of healthy tissue in the removal of debrided tissue(10). 

Surgical debridement is the removal  remains the gold standard for the excision of burn 

tissue, but still carries significant risk, with common side effects associated with the method 

including incomplete and uneven debridement leading to multiple excisions, prolonged 

surgical operative time and increased loss of blood [224]. However, the method is the most 

effective in decreasing the bacterial load that can accrue as a result of the opportunistic 

environment the necrotic tissue provides (skin permeability), which can often lead to 

reduced healing time, physiological impairment and functional impairments [224, 225]. 

Currently the excision procedure is determined via the operating surgeon, with dermal 
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preservation considered as the prime objective, achieved by layer-by-layer removal of 

debrided tissue until healthy tissue is reached. Whilst this method has been found to 

improve overall morbidity and mortality, the outcome is very much operator dependent, 

with no current protocols available for the determination of how much tissue should be 

excised [224, 225].    

 

Figure 5.1: Structural framework with skin and underlying immune and vascular properties. Image 
source: Reproduced from: Kawasumi A, Sagawa N, Hayashi S, Yokoyama H, Tamura K. Wound 
healing in mammals and amphibians: toward limb regeneration in mammals. New Perspectives in 
Regeneration. 2012:33-49. 
 
 

5.1.3: Differential metabolic rates in children 

 

Adults with a thermal burn injury of 25% total body surface area (TBSA), have a predicted 

metabolic rate of between 118-210%, and in children, this is thought to reach up to 200% 

[226] . In a study of 977 paediatric burns patients with burns >30% TBSA, it was found that 

profound metabolic changes from body composition to cardiac and organ function showed 
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markedly different alterations for up to 3 years post burn, as well as demonstrating 

significantly different and a prolonged hypermetabolism. A sustained hyperinflammatory 

state was also found with significantly elevated levels of cortisol cytokines and acute phase 

proteins, typically first seen in the first 48 hours post-injury, sustained for up to 3 years 

[226]. Abnormal insulin sensitivity has been well documented in paediatric burns patients, 

in addition to aberrant levels of urinary cortisol and catecholamines, serum IL-7, IL-10, IL-12, 

MIP-1b and MCP-1 have been found to be significantly increased for 3 years post-burn 

[227]. Whilst insulin sensitivity has been shown to be abnormal, insulinogenic indices display 

physiological levels, indicating normal pancreatic beta-cell function and a more complex 

underlying mechanism with regards to insulin sensitivity in paediatric burns patients [228]. 

It is thought that this is driven by augmented hepatic glucose production, through the 

increased adipose tissue lipolysis and skeletal muscle proteolysis. As a result, gluconeogenic 

substrates are also increased, however the full mechanism has yet to be elucidated [228]. 

 

The ability of the body to autonomously maintain thermoregulation is mediated by 

metabolic activity and sweating. This ability is depleted in severe burn patients, and thus the 

post-burn hypermetabolic response attempts to sequester and compensate for the water 

and heat loss. It is estimated that 4 litres of water per square meter of burn injury is lost per 

day, in comparison to 2.5 litres in a healthy control [229]. The physiological response to 

mediate severe burn injury raises core and skin temperatures 2°C above normal, driven by 

ATP consumption and substrate oxidation. Studies have shown that the hypermetabolic 

state can be reduced by increasing ambient temperatures to 33 °C, a temperature 

considered to be thermally neutral. It has been found that patients who do not reach 
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hypermetabolic state are usually septic or are compromised through exhaustion in order to 

maintain the required altered homeostatic body temperature [230]. 

 

5.1.4 Hypermetabolic global systemic response to Burn Injury  

 

Skin is the largest organ of the human body, encompassing ~1.5-2.0 square meters for the 

average adult, providing protection against trauma, infectious organisms, radiation and 

contributing to global homeostasis. The epidermis, which is avascular and composed 

primarily of keratinocytes, is the primary defence as the outmost layer of the skin. Beneath 

the epidermis, lies the dermal layer, which functions as both the mechanical strength layer 

and primary metabolic layer, attributed to the vascular structure that penetrates the organ 

from underneath. The hypodermis, beneath the dermal layer, is composed of fatty 

connective tissue and areolar tissues in addition to homing nerves and larger blood vessels 

that supply the deeper layers. Immune-competent cells are found in all layers of skin and aid 

the protection boundaries supplied by skin [231]. 

 

The chronic multisystemic effects of burn injuries are part of an uncharted aetiology of burn 

trauma associated hypermetabolism, with the metabolic and systemic inflammatory 

changes associated with burn injuries having been found to be persistent, long after injury 

[232]. These systemic changes throughout body have been observed in both severe (>20% 

total body surface area, TBSA) and non-severe burns. It has been established that in burn 

induced hypermetabolism, resting energy expenditure is predicted to be increased two-fold 

in comparison to normal healthy rates, with increased heart rates, increased breathing, 

body temperature, oxygen consumption, carbon dioxide production, glucose expenditure, 
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glycogenolysis, lipolysis and proteolysis [233]. As a result of burn hypermetabolism, an 

overall leaner body mass has been observed in burns patients due to the increased 

metabolic output [233]. Genomic studies have revealed that an altered white blood cell 

(WBC) genome exists in burn patients in comparison to other traumas, such as blunt trauma 

and sepsis, and whilst aberrant gene expression was seen to return to normal within one-

month post injury for blunt trauma, for burns patients, expression remained aberrant well 

beyond a year [234]. 

 

5.1.5: Trauma and systemic inflammatory responses  

 

Persistent inflammation following burn injury, not only induces a site localised response, but 

a global systemic response impacting a broad range of systems, from cardiovascular to 

hepatic. The hypermetabolic state achieved as a response to burn injury is prolonged and 

persevering, with the severity of the state linked to the longevity and duration of exposure 

to elevated levels of catecholamines, cortisol and glucagons. A 10-50-fold increase of 

plasma catecholamine and corticosteroid levels found in burn patients, lasting up to 9 

months post-injury, inducing increased myocardial oxygen consumption and increased 

resting energy expenditure [235].  

 

The prolonged elevated levels of these hormones propagate the significant changes in 

metabolic rates, growth and physiology seen in burn patients (23). Proinflammatory and 

anti-inflammatory cytokines are mediators of the subsequent immune changes following 

burn trauma; crucial in the orchestration of the acute phase response, and ultimately 

driving towards the restoration of homeostasis. Previous studies have found that despite 
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the pro-recovery aim of this mechanism, the sustained and increased release of pro-

inflammatory cytokines, such as interleukin-1(IL-1), interleukin-6(IL-6) or tumour necrosis 

factor-" (TNF-") can contribute to multiple organ failure, hypermetabolism, morbidity and 

mortality [236]. Anti-inflammatory response is dependent on T lymphocytes of helper Th-2 

and mediating cytokines such as interleukin-2(IL-2), interleukin-4(IL-4), interleukin-10(IL-10) 

and interferon- γ (IFN- γ) work to suppress and counteract pro-inflammatory cytokines. The 

systemic inflammatory response is driven by macrophages which produces proinflammatory 

mediators such as IL-6 and TNF-" [237]. Burn injury has been found to result in the 

prolonged and substantive hypermetabolism that involves the increased production of 

proinflammatory cytokines, in addition to the increased production of reactive oxygen 

species (ROS), such as superoxide anion, hydroxyl radical, hydrogen peroxide and reactive 

nitrogen species such as nitric oxide and peroxynitrite [238]. One study found that hydrogen 

sulfide was significantly increased in the liver post burn injury. These reactive components 

have been found to aggravate the systemic inflammatory response and increase the 

damage to multiple organs [239]. Conversely, increased free radical production results in 

the impairment of antioxidant mechanisms, as evidenced by the depleted levels of 

glutathione, catalase, a-tocopherol and ascorbic acid levels. Nitric oxide is suggested to be 

involved in peripheral vasodilation, and the promotion of transcription and translation of 

several inflammatory cytokines following burn injury [240]  

 

TNF-! is involved in several important processes, but of note in burn injury, in cellular 

apoptotic activity. TNF-! also has the capacity to activate neutrophils and macrophages for 
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antimicrobial defence purposes, and thus further has the capacity to induce secretion of 

proinflammatory mediators, IL-1 and IL-6. IL-6 has been found to be systematically elevated 

post-burn, with animal studies finding that IL-6 levels were elevated proportionately to area 

size of burn injury [241].   

Lipid mediators, such as eicosanoids are key molecules in the regulation of the inflammatory 

profile and promoting homeostasis following burn trauma. The dysregulation of such 

molecules has been suggested to be involved in chronic inflammation and tissue damage. 

Eicosanoids have been found to be crucial in supporting antibiotic treatment by increasing 

mucosal production of bactericidal peptides and enhancing bacterial clearance [242]. Thus, 

these lipid mediators may prove to be beneficial components in determining patient 

outcomes and recovery, certainly in the intermediate phase after the burn injury.  

 

Skeletal muscle is the primary site of peripheral glucose usage, in addition to the functional 

capacity to store surplus glucose and fatty acids within glycogen and triacylglycerol deposits, 

skeletal muscle plays a vital established role in metabolic regulation [243]. Following severe 

burn trauma, skeletal muscle is used as an endogenous amino acid store, to supplement 

exogenous nutritional sources, providing raw materials for more crucial functions including 

for the synthesis of acute phase proteins and the deposition of new skin. Burn injury 

patients often become cachectic (loss of muscle mass) due to the combination of muscle 

amino acid metabolism and ubiquitin/proteasome-mediated protein degradation and/or 

apoptosis-mediated muscle mass loss [243]. Skeletal muscle mitochondrial dysfunction has 

been documented in severe burns. It has been found that such mitochondrial dysfunction 

contributes to an increased metabolic rate within burn patients, with burn patients 

demonstrating more uncoupled skeletal muscle mitochondria, indicating a source for 
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increased heat production within skeletal muscle [244].  Mitochondrial dysfunction in 

relation to burn injury has also further been documented in metabolic studies; α-

ketoisovalerate a marker of mitochondrial membrane function, was found to be significantly 

increased post-burn injury, further supporting the argument for altered mitochondrial 

function following burn trauma [249].  

 

Burn related mitochondrial dysfunction has been further documented in cardiac tissue, with 

mitochondria comprising approximately 35% of cardiomyocyte volume in the heart [245]. 

Animal model studies have revealed a 3-fold accumulation of cytosolic cytochrome-C in 

burn injury compared to healthy controls in the first 24 hours following injury, suggested to 

be a means of reducing burn-induced oxidative stress, with lipid peroxidation in cardiac 

mitochondria found to be increased 30-50% [246]. Burn injury associated cardiac stress is 

further mediated by an increased catecholamine response; with increased myocardial 

oxygen consumption and increased cardiac output [247]. There is substantial evidence that 

suggests that cardiac damage following burn injury, is modulated by immune dysfunction 

and inflammatory mediators. Macrophage migration inhibitor factor (MIF) is an 

inflammatory cytokine and a neuroendocrine hormone; and a functional catalytic enzyme, 

which has been suggested to be released by cardiomyocytes and the skin following burn 

injury. Murine studies have found that in response to severe burn injury, MIF was a critical 

mediator of late and prolonged cardiac dysfunction, with anti-MIF treated burn injury mice 

found to display rapid restoration of normal cardiac function following treatment [248].  

 

Hepatic insult following burn trauma, has been suggested to present immediately and 

remain elevated for 4-6 weeks, with hepatic injury markers, aspartate aminotransferase 
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(AST) and alanine aminotransferase (ALT), increased immediately after burn injury [250]. 

Substantive liver damage has been documented following burn injury; with liver sizes and 

weights found to be increased by 40-50%, 1 year post injury. Whilst much is unknown about 

the mechanism, it has been suggested this is attributed to the immune dysregulation and 

long-term oedema formation. Following initial burn injury, liver damage is a result of hepatic 

oedema formation, hypoperfusion, proinflammatory cytokines with the release of hepatic 

enzymes, associated with caspase activation in an attempt to maintain homeostasis 

following trauma [251]. Following burn injury, serum and hepatic concentration of 

proinflammatory cytokines, IL-1α/β, IL-6, and TNF-α, are increased and contribute to the 

ongoing hepatic insult [252].  

 

Each systemic aberration, is in some measure associated to a state of chronic immune 

dysregulation, suggesting that the impact of burn injury is both systemically prolific and 

prolonged. 

 

5.1.6: Previous burn injury studies and related pathologies 

 

Burn injuries have long been established to induce a global multisystemic effect, far beyond 

the scope of the initial site of injury.  Whilst severe and moderate burns have been well 

established to induce chronic inflammation, hypermetabolism, muscle wasting and insulin 

resistance, the mechanism behind these chronic aberrations has yet to be fully understood 

[253]. However, what is very much apparent, is the long-term multi-systemic effects of burn 

trauma, both non-severe and severe, which has been well documented. Much of our 

current knowledge indicates an underlying chronic inflammatory response; the mechanism 
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of which has yet to be fully understood but which has a substantial impact on multiple 

organs and systems.  Table 1 summarises key studies investigating the systemic effects 

following burn injury. Several studies have highlighted the significant neurological 

complication following burn injury associated with inflammation [254, 255, 258].  Chronic 

inflammation following burn injury has been found to be strongly associated with poorer 

outcomes and increased morbidity and mortality as a result, with a specific immune 

signature detected in burn patients [262]. Whilst there is an association between burn injury 

and diabetes onset [221], studies have further highlighted the complexity of link, with 

insulin treatment found to improve burn healing [265]. 
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Table 5.1: Summary of burn injury and systemic damage studies 

Target Comments Reference 

Neurological Endogenous Serotonin pathway contributes to the burn healing process 
- Simulation of serotonin was found to significantly accelerate cell 

migration resulting in improved healing 
- Disruptors of endogenous serotonin stimulation found to impact 

reepithelization, bigger wound size and high alpha smooth muscle 
actin- a strong indication of a prolonged differentiation state 

 

Sadiq et al. (2018) [254] 

Neurological inflammatory mediators and/or growth factors at the site of a burn trigger the 
synthesis of α1-adrenoceptors on resident epidermal cells and nerve fibres, 
and an influx of α1-adrenoceptor labelled cells. The heightened expression of 
α1-adrenoceptors in injured tissue could shape inflammatory and wound 
healing responses 

- Simulation of a1-adrenoreceptors evokes inflammatory cytokine 
production, boosting neurogenic inflammation and pain, and 
influences cellular migration and proliferation. 

 

Drummond et al. (2015) [255] 
 

Neurological Mental health burden injury post-burn is significant and not limited to post-
traumatic stress disorder (PTSD) 

- Patients who screened positive for depression and anxiety, without 
PTSD were more likely to exhibit chronic in comparison to 
counterparts with no mental health disorders. 

Herrera-Escobar et al. (2020) [256] 
 

Neurological Burn survivors had significantly increased mortality related to trauma in 
comparison to uninjured age and sex matched controls, with five-year 
mortality found to be significantly greater (11% in burn survivors vs 4% in 
controls).  
 

Mason et al. (2019) [257] 
 

Neurological Burn injury patients are at increased risk of peripheral nervous system  Duke et al. (2019) [258] 
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Chronic Inflammation and Immune Response CCL5, RANTES and EGF found to be differentially regulated in response to burn 
injury in young vs aged patients 

Farinas et al. (2018) [259] 

Chronic Inflammation and Immune Response Burn wound inflammatory response found to be regulated by two different T-
cell subtypes. 

- Burn wounds contain significantly greater numbers of T-cells due to 
the profound infiltration of αβ T-cells inflammation. 

- Infiltrating αβ T-cells are likely to sequester inflammation.  
- γδ T-cells activated with elevated CD4 and CD69 expression 

 

Rani and Schwacha (2017) [260] 

Chronic Inflammation and Immune Response Burn injury patients found to have twice as many hospital admissions and 3.5x 
the number of days spent in hospital in comparison to uninjured counterparts 

- Higher rates of infectious disease admissions were found for severe 
and minor burn injury patients 

Burn injury patients had 1.75x greater rate of mortality caused by infectious 
disease during the 5 year period post discharge in comparison to uninjured 
counterparts 

Duke et al. (2017) [261] 
 

Chronic Inflammation and Immune Response Differential profiles found for wound injuries with acute cytokine induction 
found to be faster and different in profile excision injury in comparison to 
burn injury, with changes to systemic monocyte and neutrophil levels.  

- Differences in immune profiles between burn and excision patients 
noted up day 84 post injury. 

 

Valvis et al. (2015) [262] 
 

Chronic Inflammation and Immune Response Murine studies found a unique dissemination of bacteria in the Burn wound 
treatment 

- Increased polymorphonuclear neutrophil granulocytes dominated 
inflammation in the group of mines with infected burn wound 
compared with uninfected burn would group 

 

Calum, Høiby and Moser (2014) [263] 
 

Chronic Inflammation and Immune Response Skeletal muscle has the capacity to store surplus glucose and fatty acids within 
glycogen and triacylglycerol depots respectively, where glycogen and fatty 
acids can be mobilized during prolonged periods of caloric restriction or 
heightened metabolic demand (e.g., exercise), to be catabolized in order to  
maintain cellular ATP availability. Amino acids, on the other hand, are not 
generally considered to be stored in such a manner within skeletal muscle, 

Porter, Hurren, Herndon and Børshein 
(2013) [264] 
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i.e., in a temporary pool independent of structural proteins and cellular 
organelles.  

- Subsequently, in response to severe thermal trauma, skeletal muscle 
assumes the role of an amino acid reserve where muscle protein 
breakdown and amino acid release from skeletal muscle serves to 
buffer plasma amino acid concentrations.  

- It is suggested that aggressive nutritional interventions may not 
cause the shift in the abundance of amino acids, suggesting that 
skeletal muscle becomes an essential store of protein in patients 
suffering from severe burn trauma 

Metabolic (diabetes) Insulin treatment post burn injury found to reverse and improve elastic- 
collagen rearrangement and reepithelization 
 

Baptista et al. (2018) [265] 

Metabolic (diabetes) Pre-existing Diabetes Mellitus significantly increases the risk of developing 
hospital acquired infections following burn injury 
 

Knowlin et al. [266] 
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5.1.7: Metabolic profiling and Burn Injury 

Whilst much of current literature on biomarker identification for burn injuries focuses on 

cytokines, metabolic studies to date have highlighted several important biomarkers, ranging 

from hepatic and urea cycle dysfunction to mitochondrial defects. Table 5.2 summarises 

current metabolic profiling studies of burn injury. Generally, elevated metabolites such as 

alanine, histidine and urea cycle derivatives were found to be elevated in burn injury 

patients. 

 

Table 5.2: Summary of metabonomic elucidated biomarkers associated with burn injury and 
trauma 
 

Technique & 
Biofluid, Species 

Number of 
participants 

Biomarkers Reference 

NMR, Plasma, 
human  

21 severe burn, 
3 control 

Increased α-ketoisovaleric 
acid, 3-methylhistidine, and 
β-hydroxybutyric acid 

Zhang et al. (2014) 
[267] 
 
 

NMR, plasma, 
murine 

3 burn, 3 
control 

Increased intramyocellular 
lipids(IMCL) and free fatty 
lipids (FFAs) 

Tziki et al. (2008) 
[268] 

NMR, plasma, 
rats 

10 burn, 10 
control, 10 
treated 

Increased alanine, histidine, 
leucine, valine, 3-
methylhistidine, creatine, 
glutamic acid and α-
ketoglutarate, α-
ketoisovalerate 
 

Yang et al. (2019) 
[269] 

NMR, blood, 
porcine 

15 burn (blood 
drawn before 
burn for 
baseline) 

Increased histamine, 
alanine, phenylalanine, and 
tyrosine. Increasing 2-
hydroxybutyrate, 3-
hydroxybutyrate, 
acetoacetate, and 
isovalerate 
 

Hendrikson et al. 
(2019) 
[270] 

UPLC-Q-TOF-MS, 
skin biopsy and 
serum, murine 
 

9 burn (blood 
drawn before 
burn for 
baseline) 

Skin: glycerophospholipid, 
ascorbate and aldarate, 
and phenylalanine 
metabolism 

Alkhalil et al. (2019) 
[271] 



   
 

 182 

Serum: arachidoinc acid, 
starch and sucrose, and 
galactose metabolism 
 

UPLC-Q-TOF-MS, 
plasma,, rats 
 

40 samples Increased hypoxanthine, 
indoxyl sufate, glucuronic 
acid, gluconic acid, proline, 
uracil, nitrotyrosine, uric 
acid, and trihydroxy 
cholanoic acid in severe 
cases 
 

Liu et al. (2010) 
[272] 

UPLC-MS, skin 
biopsy, rats 

4 rats Increased niacinamide and 
uric acid 
 

Friston et al. (2019) 
[273] 

GCMS, urine, rat 
and human  

10 rats, 15 
paediatric 
human,  

Increased 3-methylhistidine Beffa et al. (2006) 
[274] 

 

5.1.8: Paediatric Burns Study 

 

The Paediatric Burns Biobanking pilot study recruited 33 children at least 3 years post non-

severe burn injury, aged 0-4 years of age at the original time of injury and trauma 

presentation. All recruited patients had no history of pre-existing illness and no medication 

at time of biobanking. A cohort of 22 non-injured age and sex matched healthy controls 

were recruited from the general population, with no prior medical history of note.  

 

Previous work on this cohort, has revealed long-term immune dysfunction, in addition to a 

diminished vaccine response amongst a subset of patients. Circulating cytokine and vaccine 

antibody levels were analysed and quantified using multiplex immunoassays and cell 

profiles measured against a panel of 40 metal-conjugated antibodies and mass cytometry. 

Preliminary analysis (Johnston et al., 2020) demonstrated elevated levels of TNF- α (1.31-

fold), IL-2 (1.18-fold), IL-7 (1.63-fold), and IFN- γ (1.18) 3 years post injury in the paediatric 
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burn injury patients in comparison to healthy controls. In addition, the analysis also found a 

significantly reduced immune response in burn patients with regard to the antibody 

response to the diphtheria, tetanus and pertussis vaccine antigens.  Mass cytometry analysis 

revealed an altered expression of T-cell, B-cell and dendritic cell markers. The results from 

the study indicated a significantly depressed vaccine response seen in a subset of patients 

following a non-severe burn, in addition to chronic immune dysfunction 3 years post burn 

[275].  

 

Metabolic phenotyping is a powerful investigative strategy, that enables the interrogation of 

the interactions between genotype, environment and lifestyle from a molecular latitude 

using spectroscopic techniques and biological specimens such as serum, plasma and urine 

[1]. Metabonomics has been pivotal in understanding the underlying metabolic changes in 

an amalgamation of diseases, ranging from non-communicable diseases such as diabetes, 

heart disease and cancers to communicable disease such as SARS-CoV-2, revealing disease 

specific metabolic signatures and biomarkers [276].  In order to stratify and evaluate patient 

outcomes, metabolic profiling could prove to be a crucial clinical tool in understanding the 

requirements and treatment of burn injury patients through the identification of outcome-

specific signatures and biomarkers. Through the prediction of patient outcomes, the most 

appropriate medical interventions can then be recommended for the best possible clinical 

outcomes.   
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5.2 METHODS 

5.2.1 Sample Collection 

 

Paediatric burn patients were recruited for the WA Paediatric Burns Biobank pilot study 

from 2 separate hospital sites; 3 years post-burn injury, aged 0-4 at the time of original 

injury presentation. Age and sex matched healthy controls were recruited from a pool of 

participants. All samples were collected and obtained following informed consent of a 

parent or guardian and collection was conducted with ethical approval from the Child and 

Adolescent Health Service WA (2015219EP;1111EP;768EP).  All patients had no prior pre-

existing illness and were not receiving treatment or medical interventions of any kind.   

 

5.2.2 Multiplex Cytokine Assay 

 

Cytokine profiling data were generated by Mr. Blair Johnson (University of Western 

Australia). Simultaneous analysis of cytokine and chemokine levels was conducted using a 

custom Milliplex MAP human high sensitivity T cell panel multiplex bead assay (MERCK). 

Quantified cytokines were Tumour necrosis factor- alpha (TNF-α), Interleukin-8 (IL-8), 

Interleukin 7 (IL-7), Interleukin-6 (IL-6), Interleukin-5 (IL-5), Interleukin-2 (IL-2), Interleukin-

1beta (IL-1β), Interleukin-17A (IL-17A), Interleukin-13 (IL-13), Interleukin-12 p70 (IL-

12(p70)), Interleukin-10 (IL-10), Interferon-gamma (IFN-γ) and Granulocyte macrophage 

colony stimulating factor (GM-CSF). Plasma samples were filtered using 0.45 μm syringe 

filters (Nalgene) and a 50 μl was used for the assay. Standards were prepared for each 

cytokine and plated in duplicate and the assay performed as per manufacturer's (MERCK) 
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instructions, and then analysed on a Luminex 200 instrument. Each sample was assayed in 

duplicate and the mean value for each cytokine/patient was used for statistical analysis. 

 

5.2.3 Diptheria-Tetanus-Acellular Pertussis Multiplex Immunoassay 

  

For assessment of vaccine responsiveness, a custom multiplex immune assay was carried 

out by Mr. Blair Johnson (Univeristy of Western Australia). Total methods can be found as 

documented by Johnson et al., (2020) but methods are summarised below. Total IgG 

concentrations against vaccine antigens pertussis toxin (PT), pertactin (PRN), filamentous 

hemagglutinin (FHA), fimbriae 2/3 (FIM 2/3), tetanus toxin (TT), and diphtheria toxoid (DT) 

were measured using an in-house multiplex bead-based immunoassay.  

 

The multiplex immunoassay was carried out as per van Gageldonk et al. [277] with minor 

modifications. In brief, Bio-Plex® COOH-microspheres (6.25 × 106) were conjugated with 

optimized concentrations of antigen in 1 x PBS pH 7.2 (Life Technologies, AUS) as follows: PT 

10 μg/ml, PRN 75 μg/mL, FHA 25 μg/ml, FIM 2/3 100 μg/ml, TT 100 μg/mL, and DT 100 

μg/ml. Samples were diluted in PBS containing 3% bovine serum albumin (BSA) and 0.05% 

Tween 20 (Sigma-Aldrich). MultiScreen Filter Plates (Merck) were pre-wet with 50 μl PBS 

containing 0.05% Tween 20 (PBS.T) and the liquid removed by vacuum manifold (2–5 

mmHg). Diluted plasma samples were mixed with bead-mix (25 μl; PBS containing 4000 

beads/region) in individual wells and incubated on a plate shaker (500 rpm) in protective 

photo-sensitive conditions for 30 min. Plates were washed twice with 100 μl of 0.05% PBS.T 

before the addition of 100 μl 1:200 RPE-conjugated goat-anti human IgG Fc secondary 

antibody (Jackson ImmunoResearch Laboratories Inc.) and incubated as above for a further 
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30-min. Following washing, the beads were resuspended in 125 μl 0.05% PBS.T and read 

using a bioplex-200 machine. Antigen-specific IgG concentrations (mIU/mL) were 

determined using a 5-PL linear curve generated with Bioplex Manager software version 5.0. 

 

5.2.4 Mass Cytometry data acquisition  

 

Mass cytometry data were generated by Mr. Blair Johnson (University of Western Australia). 

For Peripheral Blood Mononuclear Cell Immunophenotyping by mass cytometry, a custom 

method was validated by Johnson et al., (2020). Total methods can be found as documented 

by Johnson et al., (2020) and methods are summarised below.  

 

Cryopreserved PBMCs were rapidly thawed then transferred into warm RPMI + 10% heat-

inactivated fetal calf serum (FCS) (Bovogen, French origin) + Pierce universal nuclease 

(Thermofisher, Australia). Following staining of approximately two million live PBMCs; 100 

μL of the first surface antibody cocktail containing an individual barcoding reagent (to 

distinguish controls and patients) was added. Samples were then incubated at room 

temperature for 30 min. Cells were washed, then patient and control pairs were combined 

into a single tube and washed again. The remainder of the surface staining antibodies were 

added, 100 μL per sample, and incubated on ice for 30 min. Cells were washed twice, then 

permeabilized with FoxP3 Fix/Perm buffer (Thermofisher) and incubated with the 

intracellular antibodies on ice for 30 min. Cells were fixed overnight at 4°C in 4% PFA 

containing 0.125 μM DNA intercalator. Once washed, cells were then resuspended at 8.5 × 

105 cells/mL in a 1:10 suspension of EQ beads and Maxpar water prior to data acquisition 

on a Fluidigm Helios mass cytometer. 
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Data were normalized using CyTOF Software (v6.7.1014, normalization passport EQ-

P13H2303_ver2) and gated using Flowjo (v10.4.2).  

 

To remove artifacts, data were then cleaned by applying DNA specific gating and criteria for 

identification and removal of debris and non-cellular events. Patient and control samples 

were debarcoded and the exported files were further cleaned to remove cell debris based 

on high cisplatin staining. T-cells (CD3+ CD19–), B-cells (CD19+ CD3–), and other cell lineages 

(CD3– CD19–) were gated and exported as individual files for use in downstream analysis. 

The CAPX data analysis pipeline (v2.5, Sydney Cytometry) (27) was then used to down-

sample, transform (arcsine), cluster (FlowSOM), and perform dimensionality reduction 

(tSNE) on the 3 gated populations for each sample. In order to maximise the number of 

clusters without the introduction of false positives that were biologically similar, B-cells, T-

cells, and “other cells” were analyzed with a range of cluster numbers between 10 and 90 to 

ensure cluster separation on meaningful markers.  

 

5.2.5 Biogenic amines and amino acids analysis 

  

All metabolic profiling experiments and assays were performed at the Australian National 

Phenome Centre. The quantification of biogenic amines and amino acids was conducted 

according to a previously reported method [51] with minor modifications. In brief, 28 amino 

acids were quantified from 10 mL of plasma. Sample extraction was completed using a 

Biomek i5 sample automation system (Beckman Coulter, Mount Waverley, Victoria 3149, 

Australia). Samples were diluted 1:1 with water, 20 mL of stable isotope labelled (SIL) internal 

standards in water was added, and protein precipitation was performed by the addition of 
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90 mL of methanol. After mixing and centrifugation 10 mL of the supernatant was transferred 

into a Waters 700 mL 96-well plate for derivatization with AccQTag™ reagent (Waters Corp., 

Milford, MA, USA). The derivatized samples were then diluted 1:4 (v/v) with water prior to 

LC-MS analysis.  

  

LC-MS analysis was performed using a Waters Acquity UPLC® (Waters Corp., Milford, MA, 

USA, coupled to a Bruker Impact II QToF-MS (Bruker Daltonics, Bremen, Germany). Resulting 

raw data files were processed for peak integrations and the calculation of metabolite 

concentrations using MassLynx software. 

  

5.2.6 Tryptophan metabolic pathway analysis 

 

 LC-MS analysis was performed using a Waters Acquity UPLC® (Waters Corp., Milford, MA, 

USA) coupled to a Waters Xevo TQ-S MS (Waters Corp., Wilmslow, UK). Peak integration and 

calculation of resultant quantification data were performed using the TargetLynx package in 

MassLynx v4.2 (Waters Corp., Milford, MA, USA). 

 

The quantification of tryptophan and 14 products of its metabolic pathway was performed as 

previously reported [52]. In brief, tryptophan metabolites were quantified from 50 µL of 

plasma. Sample extraction was completed at the Australian National Phenome Centre using 

a Biomek i5 sample automation system. SIL internal standards (20 µL) were added to all 

samples prior to protein precipitation via the addition of 250 µL of methanol containing 2 mM 

ammonium formate. After mixing, samples were transferred to a Phenomenex 

PHREETM phospholipid removal solid phase extraction plate (Phenomenex, NSW, Aus). PHREE 
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plates were then washed with an additional 150 µL of methanol containing 2 mM ammonium 

formate. Eluent collection plates were dried using a SpeedVac vacuum concentrator (Thermo 

Fisher, Massachusetts, USA). Dried extracts were re-suspended in 100 µL of water with 0.1% 

formic acid prior to LC-MS analysis. 

 

5.2.7 NMR data acquisition 

 

1H NMR spectroscopy of plasma was completed according to a previously published method 

[45]. briefly described as follows: Blood samples were centrifuged at 13,000g for 10 min at 

4°C. The plasma supernatant was mixed with 75 mM pH 7.4 sodium phosphate, buffer in 1:1 

ratio, and 600 µL were transferred into a Bruker SampleJetTM 5mm NMR tube. For quality 

control, a pooled study sample of 50 µL supernatant from all individual study samples was 

made and transferred into a 5 mm SampleJetTM NMR tube using the prior method. 

 

NMR analysis was performed on a 600 MHz Bruker Avance III HD spectrometer, with a BBI 

probe and fitted with an automated Bruker SampleJetTM robot cooling system set to 5°C. NMR 

analytical calibration was run prior to the experimental run using the protocol described by 

Dona et al [45]. Experiments were completed according to the Bruker in vitro Diagnostics 

research (IVDr) methods [46].. For each sample, three experiments were run in tandem with 

a total analysis time of 12.5 minutes; 1H 1D experiment with solvent pre-saturation [47]  (32 

scans, 98304 data points, spectral width of 18028.85 Hz), a 1D Carr-Purcell-Meiboom-Gill 

(CPMG) spin-echo experiment (32 scans, 73728 data points, spectral width of 12019.23Hz) 

and lastly a diffusion edited relaxation (DIRE) experiment (2 scans with 40 t1 increments). All 
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acquired data were processed in automation using Bruker TopspinTM 3.6.2, and ICONTM NMR 

for phasing, baseline correction and TSP calibration (δ=0). 

 

112 lipoprotein fractions were quantified for each sample, using the Bruker IVDr Lipoprotein 

Subclass Analysis (B.I.-LISA TM) method [46]. This is completed by mathematically 

interrogating and quantifying the -CH2 (1.25 ppm) and -CH3 (0.8 ppm) peaks of the 1D 

spectrum after normalization to the Bruker QuantRef TM manager within TopspinTM using a 

PLS-2 regression model. The various lipoprotein subclasses included different fractions of 

intermediate-density lipoprotein (IDL, density 1.006–1.019 kg/L), very low-density lipoprotein 

(VLDL, 0.950–1.006 kg/L), low-density lipoprotein (LDL, density 1.09–1.63 kg/L), and high-

density lipoprotein (HDL, density 1.063–1.210 kg/L). The LDL sub-fraction was systematized 

into six density classes (LDL-1 1.019–1.031 kg/L, LDL-2 1.031–1.034 kg/L, LDL-3 1.034–1.037 

kg/L, LDL-4 1.037–1.040 kg/L, LDL-5 1.040–1.044 kg/L, LDL-6 1.044–1.063 kg/L), and the HDL 

sub-fractions into four density classes (HDL-1 1.063–1.100 kg/L, HDL-2 1.100–1.125 kg/L, HDL-

3 1.125–1.175 kg/L, and HDL-4 1.175–1.210 kg/L).  The 1-acid glycoprotein N-acetyl-

glucosamino (N-acetyl) signal integrals were calculated as Glyc A (2.06ppm) and Glyc B (2.10 

ppm), as determined from the DIRE spectra. 

 

5.2.8 Data Processing and Statistical Analysis of Mass Spectrometry data 

 

Peak integration and calculation of resultant quantification data were performed using the 

TargetLynx package in MassLynx v4.2 (Waters Corp., Milford, MA, USA). Once data were 

scaled to account for 1:1 dilution of sample with water and converted to appropriate scales 

across both assays, data were then modelling using principal components analysis (PCA) 
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(Simca V.15.0., Umetrics, Sweden) to investigate variation. Scores plots were used to 

examine the relationship between healthy controls and burn patients. To further 

interrogate the relationship and differences between healthy controls and burn injury 

patients, orthogonal partial least-squares discriminant analysis (OPLS-DA) [33]. To test the 

robustness of the model permutation testing was performed. Subsequent statistical analysis 

was conducted using R; with “ggplot2” used to visualise log-transformed metabolite 

concentrations. Statistical significance of individual metabolites was evaluated using 

Wilcoxon Rank Sum testing, corrected for multiple testing (Benjamini-Hochberg, 

pvalue<0.01).   

 

Spearman’s correlation was carried to interrogate the relationship between each dataset, 

hierarchically clustered and mapped using ggplot2 visualisations. Ratios of significance for 

biological interpretation were tested for significance using Mann Whitney U testing, 

corrected for multiple testing (Benjimini-Hochberg, p value<0.01). Metaboanalyst (V5.0) 

was used to perform metabolite set enrichment analysis (MSEA) [53], data were log 

transformed and mean centred, against a reference metabolome extracted from SMPDB 

(Small Molecule Pathway Database, www.smpdb.ca) comprising of 99 metabolite sets based 

on normal human metabolic pathways. Differential enrichment was ranked based on p-

values (Fisher’s exact test).  
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5.2.9 Data Processing and Statistical Analysis of NMR spectral data 

 

Following spectral preprocessing and eretic signal normalisation in R, using the 

“Metabomate v0.5” package, NMR data was exported into SIMCA 14.0.1 (Umetrics, Umea, 

Sweden) for multivariate analysis. Initial Principal Component Analysis (PCA) was carried out 

to identify extreme outliers and inspect sample variability. Supervised orthogonal partial 

least square discriminant analysis (OPLS-DA) was performed to investigate and discriminate 

metabolites between groups. Statistical significance and robustness of OPLS-DA models 

were then validated by permutation testing of the Y matrix for 1000 permutations. 

Permutation testing comprises of the repeated randomisation of class labels in the dataset, 

with classified models then recalculated using this new permutated dataset. Permutation 

testing evaluates the null hypothesis; if the null hypothesis is accepted, then no difference 

will be found in the quality-of-fit value between the original model dataset and the 

permutated set, and the given classification model is significant. The obtained p-values were 

adjusted using Benjamini-Hochberg (BH) correction [48] with a false discovery rate (FDR) 

threshold of 0.05.  

 

Spearman’s correlation was carried to interrogate the relationship between each dataset, 

hierarchically clustered and mapped using ggplot2 and corrplot visualisations. Ratios of 

significance for biological interpretation were tested for significance using Mann Whitney U 

testing, corrected for multiple testing (Benjimini-Hochberg, pvalue<0.01). Hierarchical edge 

clustering was used in conjuction with spearman’s correlations, to assess the association 

between significant lipoproteins, small molecules and cytokine and visualised using R 

package, “edgebundleR”.
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5.3 RESULTS 

5.3.1 Univariate analysis of targeted metabolites 

All 46 metabolites using the biogenic amine assay and the tryptophan pathway assay were 

quantified and log transformed (figure 5.2 and 5.3). Univariate analysis identified a total of 12 

out of 46 metabolites found to be significantly different between prior burn injury and healthy 

matched control groups (figure 5.2). Ornithine, Lysine, Alanine, Serine, Proline, Cystine, 

Asparagine, Phenylalanine, Arginine, Tyrosine, 3-Methylhistidine and Quinolinic acid were found 

to be significantly elevated (p value <0.05) in burn injury patients in comparison to healthy 

controls. A further total of 27 of 46 metabolites appeared to be elevated in the burn injury 

group in comparison with healthy controls (figure 5.3), with 7 metabolites appearing depleted in 

comparison (glutamic acid, citrulline, beta-aminoisobutyric acid, ethanolamine, taurine, 

nicotinic acid, serotonin), but these were not found to be significant when adjusted for multiple 

testing. 

 

5.3.2 Multivariate analysis of targeted metabolites 

Multivariate analysis was carried out to further assess and investigate the relationship between 

burn injury and healthy controls. PCA scores plots showed partial separation of burn injury 

patients compared to healthy controls, with a subset of burn injury patients segregating in the 

first principal component (figure 5.4A). Orthogonal partial least-squares analysis (OPLS-DA) was 

then used to further interpret the model and to reduce model complexity. OPLS- DA scores plots 

revealed clear separation of burn injury and non-burn injury controls groups (R2X 0.33, R2Y 484, 

Q2Y 0.161) (figure 5.4B) when discriminating on class differences. Figure 5.4C presents the 

same model but coloured to investigate any clustering of vaccine response. Vaccine 

response in 
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Figure 5.2: Significant quantified metabolites. 12 out of 46 quantified metabolites were found to be statistically significant, coloured burn (red), healthy controls 
(blue), pvalue * <0.05** <0.01, corrected for multiple testing using Benjamini-Hochberg.  
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Figure 5.3.  Non-signficant quantified metabolites. 34 out of 46 quantified metabolites were found to be statistically non- significant, coloured burn (red), 
corrected for multiple testing using Benjamini-Hochberg. 3-HKA, 3-hydroxynurenine; 3-HAA, 3 hydroxyanthranillic acid. 
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Figure 5.4. Multivariate analysis of quantified biogenic amine and tryptophan pathway metabolites. A) 
PCA based on all metabolites. (R2X 0.517, Q2Y 0.211).  B) OPLS-DA regression for class (burn injury or non-
burn control) discrimination on based on metabolic differences. (R2X 0.33, R2Y 484, Q2Y 0.161). C) Same 
OPLS-DA model as B but coloured based on vaccine response (responder or non-responder). 14 of 33 
burn patients were found to have a significantly diminished vaccine response, whereas, with the 
exception of one child, all of the non-burn injury children (n=21) responded to the vaccine D) 
Permutation testing on O-PLSDA model (B) based on 100 random permutations. 
 

A B 

D 

Burn Injury 

Non-Burn 



   
 

 197 

burn injury patients was previously found to have significant differences in responsiveness 

in burn as opposed to non-burn injury controls (pvalue <0.001). Figure 5.4C depicts where 

vaccine non-responders lie in the model, which is shown to be in the left two quartiles: 14 

out of 33 burn injury patients were classed as vaccine non-responders with a significantly 

lower antibody titre response to vaccination as reported previously by Johnson et al (2020) 

[275]. 

 

For model cross validation, from 100 random permutations, permutation testing estimated 

good model confidence (figure 5.4D).  The variable importance of projection (VIP) plot 

(figure 5.4) shows the most significant discriminatory metabolites in the model, presenting 

22 metabolites out of 46 to be class discriminatory for prior burn injury: Lysine, Alanine, 

Tyrosine, Asparagine, Proline, Leucine, Methionine, Serine, Taurine, Aspartic acid, Ornithine, 

Arginine, Aminoadipic acid, Isoleucine, Histidine, Valine, Serotonin, Ethanolamine, 3-

Methylhistidine, Threonine, Cystine and Quinolinic acid. All 22 metabolites were elevated in 

burn injury patients in comparison to healthy controls (figure 5.2 and 5.4). Figure 5.6 

compares results from univariate analysis and supervised multivariate analysis, showing a 

large overlap in results. 

 

When applying an arbitrary predictive score threshold of 1.0 to projections in the VIP, the 

nine most model significant metabolites were Lysine, Alanine, Tyrosine, Asparagine, Proline, 

Leucine, Methionine, Serine and Taurine (figure 5.5). Although not statistically significant, 

the calculated Fischer’s ratio, calculated from the ratio of branched chain amino acids 

against aromatic amino acids, showed a trend towards a higher ratio in prior burn injury in 

comparison to the control group, which together with elevated taurine levels may be  
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Figure 5.5: Ranked variable importance of projection (VIP) plot based OPLS-DA model for burn injury and 
healthy control; listing the most significant variables contributing to the model.   
 

Figure 5.6: Venn diagram comparing significant metabolites from univariate analysis and supervised 
multivariate analysis between burn injury and non-burn controls. 
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indicative of decreased liver function (table 5.3). A further marker of liver function is the 

relatively low (phenylalanine/tyrosine) in burn injury patients. Interestingly, neuroendocrine 

function was estimated to be depleted in burn injury patients in comparison to healthy 

controls, with a lower ratio of serotonin to 5-hydroxyindoleacetic acid. Neurotoxic quinolinic 

acid was found to be elevated against all parameters in prior burn injury participants.  

 

5.3.3 Correlation analysis and data integration 

 

To assess the association between cytokine levels and immune cell prevalence in burn injury 

patients in comparison to healthy controls, the Spearman’s correlation was calculated. 

Hierarchical clustering of the correlations produced 5 immune cell clusters and 4 clusters 

within cytokine measurements respectively. It is noteworthy that more sporadic and 

negative correlations between cytokines and immune cell counts were seen within the 

healthy control group.  In cluster 1 of the immune cell (figure 5.7A), mature dendritic cells 

with CD38 surface receptors (mDC CD38) were found to be positively correlated with the 

third cytokine cluster, which primarily comprised of strong inflammation-inducing cytokines 

such as interleukin (IL)-12, interferon gamma (IFN- γ), IL-17A, IL-1B and IL-5.  Conversely, 

there was strong negative correlation between these two subsets of inflammatory measures 

detected in healthy controls.  In cluster 2, a strong positive correlation across this subset of 

immune cells and all cytokines was observed, in comparison to the negative correlations 

seen in healthy controls (figure 5.7B).  In contrast to healthy controls, a much more positive 

correlation between cytokines and immune cells was seen, indicating activation of cytokines 

and stimulation of immune cells.  
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To interrogate the association between metabolite concentrations and cytokines levels, 

correlation analysis was used.  Hierarchical clustering defined 5 clusters of metabolites, and 

a further 4 clusters of cytokine measurements (figure 5.8A) based on the metabolite-

cytokine correlation values. Different correlation patterns of branched chain amino acids 

and pro-inflammatory cytokines were observed for burn injury patients and non-burn injury 

controls between. 

 

Generally, negative spearman’s correlation coefficients were calculated in non-burn 

controls, between cytokines and metabolites which could be expected considering the 

normal immune and inactive inflammatory response of the individuals. Strong positive 

correlation was seen in burn injury patients across clusters 2, 4 and 5. In contrast, strong 

negative correlation was seen in cluster 5 for the control group. Notably, Indole-3 acetic 

acid and Glutamine were amongst the few metabolites negatively correlated across the 

array of cytokines in burn injury patients.  

 

When integrating metabolites and immune cell phenotypes, generally a quenched immune-

metabolite correlation was seen in burn injury patients in comparison to healthy controls.  

Hierarchical clustering revealed 5 different clusters in metabolites and a further 4 clusters in 

immune cell subtypes. Notably, a strong negative correlation was seen in a subset of 

metabolites in cluster 1, against CXCR4 differentiated cells in cluster 1, for burn injury 

patients (figure 5.9A). This correlation was reflected in healthy controls as a strong positive 

correlation (figure 5.9B). A diminished immune response in burn injury patients was 

previously reported in burn injury patients from this dataset, and thus it is unsurprising that 

a quenched response was found in association to metabolite-immune parameter responses.   
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Table 5.3: List of all calculated metabolite ratios. Metabolite ratios were calculated for physiological  

Interpretation. Due to small sample size of this pilot study- none were found to be statistically significant. 0 

Metabolites Ratio 
Glutamine/Glutamate   
Burn Injury 2.64:1 
Healthy 2.17:1 
Tryptophan/Kynurenine   
Burn Injury 5.48:1 
Healthy 5.53:1 
Serotonin /5-Hydroxyindole acetic acid   
Burn Injury 10.16:1 
Healthy 17.4:1 
Phenylalanine/Tyrosine   
Burn Injury 0.97:1 
Healthy 1.1:1 
Quinolinic Acid/Kynurenic Acid   
Burn Injury 31.37:1 
Healthy 29.54:1 
3-hydroxykynurenine/Kynurenic Acid   
Burn Injury 0.82:1 
Healthy 0.89:1 
Kynurenic Acid/Kynurenine           
Burn Injury 0.007:1 
Healthy 0.006:1 
Alanine/Valine      
Burn Injury 1.69:1 
Healthy 1.51:1 
Alanine/Isoleucine              
Burn Injury 5.03:1 
Healthy 4.74:1 
Alanine/Leucine                   
Burn Injury 2.59:1 
Healthy 2.47:1 
Asparagine/Arginine          
Burn Injury 0.68:1 
Healthy 0.69:1 
3-hydroxykynurenine/Kynurenine   
Burn Injury 0.006:1 
Healthy 0.006:1 
Quinolinic Acid/Picolinic Acid   
Burn Injury 44::1 
Healthy 43.8::1 
Quinolinic Acid/Tryptophan   
Burn Injury 0.05:1 
Healthy 0.039:1 
Fischer's Ratio   
Burn Injury 1.95:1 
Healthy 2.05:1 
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Figure 5.7: Correlation heatmaps integrating immune cell phenotyping (mass cytometry) and circulating cytokines. A) Measurements from burn injury patients. B) 
Measurements from healthy controls. Hierarchical clustering based on clustering from burn injury results and mirrored for direct comparison to non-burn injury 
age and sex matched controls. 

B A 
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Figure 5.8: Correlation heatmaps integrating biogenic amines and tryptophan pathway metabolite concentrations and circulating cytokines. A) Measurements from 
burn injury patients. B) Measurements from healthy controls. Hierarchical clustering based on clustering from burn injury results and mirrored for direct 
comparison to healthy age and sex matched controls. 

 

B A 
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Figure 5.9: Correlation heatmaps integrating immune cell phenotyping (mass cytometry) and biogenic amines and tryptophan pathway metabolites. A) 
Measurements from burn injury patients. B) Measurements from non-burn injury controls. Hierarchical clustering based on clustering from burn injury results and 
mirrored for direct comparison to healthy age and sex matched controls.

B A 
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Figure 5.10: Metabolite set enrichment analysis (MSEA)- associated pathways and networks associated with 
the abundance of metabolites in burn injury patients compared to healthy controls.  
 

Figure 5.11: Network analysis of MSEA results- This figure illustrates the connections between each pathway 
network and associations related to MSEA of metabolite abundance and proportional significance between 
burn injury and healthy controls. 
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5.3.4 Metabolite Set Enrichment Analysis 

 

Metabolite Set Enrichment Analysis of all quantified metabolites against the Small Molecule 

Pathway Database (figure 5.10) showed a multitude of metabolic pathway activation based 

on differences between burn injury patients and non-burn injury controls. The most 

significant pathway indicated was selenoamino acid metabolism, with MSEA driven by the 

high levels of serine and lysine in burn injury patients in comparison to healthy controls, 

with an enriched Fischer’s p value of 0.001. However, in the absence of other selenoamino 

acid compounds, it is hard to test the validity of this finding. The following subsequent top 4 

pathways was catecholamine biosynthesis driven by changes in glutamine and glutamate 

biosynthesis, thyroid hormone synthesis, spermine and spermidine synthesis and 

sphingolipid metabolism. Interestingly, all pathways are involved with cellular processes, 

including cell death and the immune activation. Further network analysis (figure 5.11) 

presented a complex molecular network, centred around liver metabolism, with differences 

between burn injury patients and healthy controls suggested to be strongly driven by 

differences in beta-alanine metabolism and urea cycle dysfunction.  

 

5.3.5 Standard 1D, CPMG and DIRE supervised multivariate analysis 

 

3 pulse sequences were used for plasma NMR acquisition, with each sequence providing a 

different analytical resolve of features. PCA modelling of 1D standard NMR spectra (figure 

5.4A) shows a large overlap in burn injury and non-burn controls, with a small cluster of 

burn injury patients mapping separately. OPLS-DA modelling (figure 5.12B) produces a 

significant model, with two clear clusters of groups (R2X 0.382, R2Y 0.927, Q2Y 0.516). 
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Figure 5.12: PCA and OPLS-DA of standard 1D NMR spectra between burn injury patients and healthy 

controls. A) PCA scores plot of burn injury patients and healthy control profiles R2X 0.595, Q2Y 0.34). D) OPLS-
DA scores plot of burn injury patients and healthy controls (R2X 0.382, R2Y 0.927, Q2Y 0.516). C) Loadings from 
OPLS-DA modelling, highlighting the metabolites with the most influence in the model. Colour is equivalent to 
the absolute value of the correlation loading.  
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Figure 5.13: PCA and OPLS-DA of CPMG NMR spectra between burn injury patients and healthy controls. A) 
PCA scores plot of burn injury patients and healthy control profiles (R2X 0.351, Q2Y 0.116). B) OPLS-DA scores 
plot of burn injury patients and healthy controls (R2X 0.092, R2Y 0.932, Q2Y 0.462).  
 
Loadings from the OPLS-DA model show discriminatory metabolites between burn injury 

and non-burn to be LDLs, glutamine, glucose, pyruvate, lactate and alanine. Figure 5.13A 

shows a PCA model of CPMG NMR spectra, presenting similar findings to the 1D standard 

NMR spectra model, with a subset of burn injury outliers. OPLS-DA modelling against 

presented a strong model with clear discrimination of burn injury and non-burn control 

groups (R2X 0.092, R2Y 0.932, Q2Y 0.462) (figure 5.13B), with a cluster of outliers in the 

burns group. Figure 5.14A and 5.14B show the aliphatic and aromatic regions from the 

loadings of the OPLS-DA model, with 8 discriminatory metabolites further identified through 

STOCSY and validated by in-house metabolite identification databases and HMDB. Figure 

5.14A-1 confirms the identification of pyruvate at ! 2.3629, with high correlation to lactate 

and alanine. Figure 5.14A-2, shows high correlation of ketone bodies, substances created by 

the liver during gluconeogenesis, showing high correlation of 3-D-hydroxybutyrate, 

acetoacetone, acetone and acetate. 
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Figure 5.14: Loadings from CPMG spectra OPLS-DA model, discriminating burn injury and non-burn controls, 
highlighting the metabolites with the most influence in the model projection. Colour is equivalent to the 
absolute value of the correlation loading.  A) !	0.5-4.5	and	B)	!6.5-9.0.		Corresponding	STOCSYs	from	
labelled	regions	are	found	on	the	following	pages.	
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Figure 5.14A-3 shows correlation of glutamate at !2.4415 and glutamine peaks. Scyllo 

inositol, an isomer of glucose and neuro-signalling molecule, was identified at !3.3547 

(figure 5.14A-4), showing correlation to glucose and lipoproteins. Figure 5.14A-5 identifies 

creatinine at !3.03. Figure 5.14A-6 identifies lactate at !4.095 and corresponding pyruvate 

and alanine correlation. Multiple peaks attributed to glucose are identified at !3.4 (figure 

5.14A-7). Figure 5.14B-8 identifies tyrosine at !7.18 and the corresponding correlation to 

phenylalanine and histidine.  

 

PCA modelling of DIRE data shows very little clustering (figure 5.15A), however OPLS-DA 

presents a very strong model (figure 5.15B) (R2X 0.15, R2Y 0.989, Q2Y 0.263), with two 

distinct clusters between burn injury and non-burn. Correlations from loadings (figure 

5.15C) show that this is primarily driven by choline species, GlycA and GlycB. Although not a 

significant OPLS-DA model (figure 5.16B) (R2X 0.111, R2Y 0.949, Q2Y -0.219), when applying 

class discrimination to vaccine responders and non-responders, the model is driven by 

branched sugar chains from glycoproteins and choline species (figure 5.16C). All amino acids 

appear to be elevated such as alanine and lysine, consistent mass spectrometry results. 

 

Integrals from DIRE spectra were calculated (table 5.4) to assess differences between burn 

injury and non-burn. Elevated GlycA, GlycB, SpC and GlycA+B and depleted SpC+GlycA were 

measured for burn injury compared to non-burn control counterparts (table 4). Violin plots 

were used to visualise the distribution of integrals (figure 5.17) and showed a broader 

spread of results for burn injury patients in comparison to controls, with GlycB found to be 

the only significant measure significant elevated in burn injury patients (pvalue<0.05) after 

multiple testing correction. 
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Figure 5.15: PCA and OPLS-DA of DIRE NMR spectra between burn injury patients and healthy controls. A) 
PCA scores plot of burn injury patients and healthy control profiles (R2X 0.227, Q2Y 0.0956). D) OPLS-DA scores 
plot of burn injury patients and healthy controls (R2X 0.15, R2Y 0.989, Q2Y 0.263). C) Loadings from OPLS-DA 
modelling, highlighting the metabolites with the most influence in the model. Colour is equivalent to the 
absolute value of the correlation loading.  
 
  

C 

B A 

Burn Injury 

Non-Burn 

GlycA 

GlycB 

Choline Species 

Triglyceride: -CH2-CH2-CH2- 

Triglyceride
: -CH2CH3 



   
 

 214 

Figure 5.16: PCA and OPLS-DA of DIRE NMR spectra, discriminating against vaccine response and non-
response. A) PCA scores plot of burn injury patients and healthy control profiles, and their corresponding 
vaccine response (R2Y 0.227, Q2Y 0.09). C) Scores plot of OPLS-DA model discriminating against vaccine 
response (R2X 0.111, R2Y 0.949, Q2Y -0.219). C) Loadings from OPLS-DA modelling, highlighting the metabolites 
with the most influence in the model. Colour is equivalent to the absolute value of the correlation loading. 
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Table 5.4: Calculated concentrations of DIRE integrals comparing burn injury and non-burn 
controls.  
 

Figure 5.17: Violin plots showing distribution of calculated DIRE integrals. Relative concentration of 
DIRE integrals calculated for burn injury and non-burn controls. A) N-acetyl glycoprotein A (GlycA); B) N-
acetyl glycoprotein B (GlycB); C) combined concentration of GlycA and GlycB; D) Supramolecular 
phospholipid compound (SpC); E) combined concentration of SpC and GlycA. Pvalue <0.05, corrected for 
multiple testing using Benjamini-Hochberg.   
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Figure 5.18: PCA and OPLS-DA of quantified lipoprotein subfractions. A) PCA scores plot of 
burn injury patients and healthy control profiles (R2Y 0.987, Q2Y 0.933). B) PCA loadings plot 
of burn injury patients and healthy control profiles. C) Scores plot of OPLS-DA model, 
presenting the most significant metabolites influencing the model clustering. (R2X 0.437, R2Y 
0.492, Q2Y 0.321). D) Loadings plot of OPLS-DA model, presenting the most significant 
metabolites influencing the model clustering and discrimination between burn injury and 
healthy controls.  
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Figure 5.19: OPLS-DA Variable importance of Projection (VIP): Arbitrary threshold of 1 applied, showing the most discriminant metabolites in 
the OPLS-DA model discriminating burn injury and healthy controls. Underlined in red are the lipoprotein parameters the most model substantial 
and underlined in blue are the lipoprotein parameters with decreasing model influence
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Figure 5.20: PCA and OPLS-DA of quantified lipoprotein subfractions, discriminating against vaccine 
response and non-response. A) PCA scores plot of burn injury patients and healthy control profiles, and their 
corresponding vaccine response (R2X 0.992, Q2 0.94). B) Corresponding PCA loadings plot of vaccine response 
model C) Scores plot of OPLS-DA model discriminating against vaccine response (R2X 0.342, R2Y 0.305, Q2 
0.00606). D) Loadings plot of OPLS-DA model, presenting the most significant metabolites influencing the 
model clustering and discrimination between vaccine responders and non-responders. 
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Figure 5.21: OPLS-DA Variable importance of Projection (VIP): Arbitrary threshold of 1 applied, showing the most discriminant metabolites in the OPLS-DA model 
discriminating vaccine response. Underlined in red are the lipoprotein parameters the most model substantial and underlined in blue are the lipoprotein parameters with 
decreasing model influence
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5.3.6 Lipoprotein subfraction analysis 

 

Lipoproteins were quantified according to the Bruker iVDR method. PCA modelling of 

lipoproteins shows a cluster of burn injury patients in the upper first principal component 

(figure 5.18A). OPLS-DA presents a strong model (R2X 0.437, R2Y 0.492, Q2Y 0.321), with a 

higher degree of overlap compared to spectral models, which would be expected due to the 

reduced number of variables (figure 5.18B). Figure 5.19 presents the most important 

variables in the project; with the first 5 lipoproteins being L6CH, L6PN, L6FC, L5CH, V4CH, 

and L1TG. The majority of the subfractions driving the separation between burn injury and 

non-burn controls are attributed to the LDL group.  

 

To investigate what lipoproteins may distinguish vaccine response, similar analyses were 

carried out, discriminating class on vaccine response and non-response. Little to no patterns 

and clusters were observed in PCA (figure 5.20A), and a very weak OPLS-DA was derived 

(figure 5.20C) (R2X 0.342, R2Y 0.305, Q2 0.00606). VIP plot analysis shows that the driving 

lipoproteins discriminating these two groups are predominantly LDLs and HDLs, with the top 

5 discriminatory metabolites being L6PL, L6TG, L6AB, H1CH, and H2A2.  

 

5. 3.7 Correlation mapping of DIRE integrals and quantified biogenic amino acids and 

tryptophan pathway metabolites 

 

Spearman’s correlation mapping of cytokines and DIRE integrals (GlycA, GlycB and SpC) 

presented two distinct profiles for burn injury (figure 5.22A) and non-burn controls (figure 

5.22B), with 5 distinct clusters. The first cluster clusters primarily branched chain and 
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aromatic acid, with a higher degree of positive correlation seen in burn injury patients 

compared to non-burn controls. The second cluster correlates DIRE integrals, GlycA, GlycB 

and SpC, showing similar correlation patterns in both burn injury and non-burn. The third 

cluster correlates tryptophan metabolites, with more positive correlation seen in burn injury 

correlating picolinic acid, neopterin, beta-alanine, tryptophan, 3-hydroxyanthranillic acid, 

kynurenic acid and xanthurenic acid. In cluster 4, stronger correlations are observed in non-

burn controls, clustering muscle catabolism and urea cycle metabolites such as glutamine 

and arginine. Weak correlation is observed between both groups in cluster 5.  

 

5.3.8 Correlation mapping of cytokines and DIRE integrals 

 

Figure 5.23 presents two distinct cytokine-DIRE correlation maps. Generally, more positive 

correlations are observed in burn injury patients with strong positive correlation of GlycA 

and GlycB to all cytokines bar GM-CSF and IL-7. Little correlation is observed between GlycA 

and cytokines, however interestingly positive correlation is observed between in GM-CSF 

and GlycA. Stronger correlations are observed for SpC in non-burn, as expected due to SpC 

being depleted in burn injury patients. Weaker correlations are observed for GlycA/GlycB 

and SpC/GlycA in non-burn, with strong positive correlation again observed between 

integrals and cytokines bar GM-CSF and IL-7. In non-burn, IL-6 is observed with very weak 

correlation against DIRE integrals, whereas in burn injury, IL-6 is strongly positively 

correlated with GlycA and GlycB, and with very weak correlation to SpC.  
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Figure 5.22A: Metabolite-metabolite spearman’s correlations. Quantified biogenic amine and tryptophan 
metabolites and DIRE integrals correlated against one another, showing the signature present in non-burn 
controls. Black boxes highlight 5 distinct clusters. Metabolites are hierarchically clustered according to results 
derived from burn injury patients, and the subsequent order was applied to non-burn control results for direct 
motif comparison.  
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Figure 5.22B: Metabolite-metabolite spearman’s correlations. Quantified biogenic amine and tryptophan 
metabolites and DIRE integrals correlated against one another, showing the signature present in burn injury patients. 
Black boxes highlight 5 distinct clusters. Metabolites are hierarchically clustered according to results derived from 
burn injury patients, and the subsequent order was applied to non-burn control results for direct motif comparison.  
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Figure 5.23: Spearman’s correlation between measured cytokines and DIRE quantified integrals. Correlation 
analysis for A) non-burn controls and B) burn injury patients. Only significant correlations with a pvalue of 
<0.05 are shown, with non-significance indicated by a blank box.  
 
 
5.3.9 Correlation mapping of lipoproteins and DIRE integrals 

Two distinct profiles are observed when mapping lipoproteins and DIRE integrals between 

non-burn controls and burn injury patients (figure 5.24). Generally, total protein 

subfractions have stronger correlations in non-burn, with negative correlation observed 

between total protein fractions and GlycA and GlycB, with the same weak correlation 

pattern observed in burn injury patients.   
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Figure 5.24: Lipoprotein-DIRE integrals spearman’s correlations. Quantified lipoproteins and DIRE integrals 
correlated against one another, showing the signature present in A) non-burn controls and B) burn injury patients. 
Only significant correlations with a pvalue of <0.05 are shown, with non-significance indicated by a blank box. 
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Positive correlation is observed between total proteins and SpC in non-burn, however 

overall weaker correlations are observed in burn-injury patients. Similar observations are 

seen with LDL particle number subfractions, with little correlation observed in larger LDL 

particle for burn injury comparatively. Weaker correlations are observed with VLDL 

triglycerides in both non-burn and burn injury, bar V1TG, which exhibits strong correlations 

for burn injury. Positive correlation is observed in burn injury between GlycA and VLDL 

cholesterols, free cholesterols and phospholipids, with an inverse correlation observed for 

non-burn controls. Weak correlation is observed between LDL1, LDL2, LDL4, LDL5 and LDL6 

in burn injury compared to non-burn controls. Interestingly, H2TG, H3TG, H3A1 and H3A2 

are positively correlated to GlycA in burn injury, an observation absent in non-burn 

signatures. 

 

Generally, GlycB correlates negatively across the majority of lipoprotein parameters in non-

burn controls, with the exception of some VLDL1 species, which are generally weakly 

correlated across all integrals in non-burn. Stronger correlations are observed between 

lipoproteins and DIRE integrals in non-burn controls compared to burn injury patients. 

 

5.3.10 Correlation mapping of lipoproteins and cytokine 

 

Correlation analysis was used to interrogate the association between lipoprotein 

concentration and cytokine concentrations. Figure 5.25A and 5.25B show two distinct 

signatures; with very weak and generally negative correlations observed in burn injury 

compared to non-burn controls. Ratios LDHD and ABA1 (apolipoprotein A1 : apolipoprotein 

B100) present inversely, with negative correlations with the array of cytokines, but positive   
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Figure 5.25A: Lipoprotein - cytokine spearman’s correlations. Quantified lipoproteins and cytokines correlated 
against one another, showing the signature present in non-burn controls. Only significant correlations with a 
pvalue of <0.05 are shown, with non-significance indicated by a blank box. 
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Figure 5.25B: Lipoprotein - cytokine spearman’s correlations. Quantified lipoproteins and cytokines correlated 
against one another, showing the signature present in burn injury patients. Only significant correlations with a 
pvalue of <0.05 are shown, with non-significance indicated by a blank box. 
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correlation to IL-7 is generally observed in burn injury. Generally, where correlations are 

significant, negative correlations are observed with IL-7 in non-burn and positive correlation 

with IL-7 are observed with burn injury. Strong negative correlation of VLDL5 subfractions 

and IFNgamma, IL-17 and IL-1B in burn injury, with weaker positive correlations observed in 

non-burn injury. GM-CSF positively correlates with HDL species in burn injury with the 

exception being HDL4 subfractions which, are negatively correlated with all cytokines in 

burn injury, but is observed as positively correlated in non-burn controls.  

 

5.3.11 Hierarchical correlation maps integrating lipoproteins, small molecules and 

cytokines 

 

Hierarchical edge clustering (figure 5.26) was used to investigate the correlation signature 

between significant lipoproteins, significant small molecules (pvalue <0.05) and cytokines. In 

non-burn (figure 5.26A), alanine correlates to IL- 1B, 2, 5, 6 and 17A, and small molecule 

glutamic acid. In burn injury (figure 5.26D), elevated alanine maps to creatine, glutamic acid, 

L5CH, V4CH and cytokines TNFa, GM-CSF, IL-8 and IL-17A. In non-burn controls (figure 

5.26B), L6CH maps to other lipoproteins, L6PN and L6FC which could be attributed to 

composition similarity. In burn injury (figure 5.26E), L6CH maps to L6PN, L6FC, L5CH, V4CH 

and to cytokines GM-CSF, IL-5,7,8 and 17A, suggesting a stronger link to cytokines in burn 

injury. In non-burn, creatine maps to glutamic acid and L5CH (figure 5.26C). In burn injury, 

creatine maps to alanine, IL-2,5,6,7,8,13,17A, TNFa and IFNgamma (figure 5.26F). Generally, 

more correlation of metabolites with cytokines is observed in burn injury, suggesting that 

cytokines have a significant contribution to the immuno-metabolic signature observed in 

burn injury.  
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Figure 5.26: Hierarchical edge correlation between significant lipoproteins, small molecules and cytokines. Red lines states 
positive correlation between cytokine and metabolite, whereas blue line states negative correlation. Hierarchical maps for 
non-burn controls (A-C) and burn injury patients (D-F).              
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5.4 DISCUSSION  

 

5.4.1 Targeted metabolic profiling of paediatric burn patients 

 

The hypermetabolic response to severe burn injury is a well-established notion; mediated 

by up to 50-fold elevations in plasma catecholamines, cortisol and inflammatory cells up to 

24 months post injury [278]. In this cohort of acute paediatric burns, arguably a scaled 

version of this response was observed, with elevated catecholamines and cytokines but 

decreased inflammatory cells 36 months post-burn injury in paediatric patients. Amongst 

the most significant differences in metabolites in the prior-burn injury children were Lysine, 

Alanine, Tyrosine, Asparagine, Proline, Leucine, Methionine, Serine, Taurine, Aspartic acid, 

and Ornithine.  Interestingly, some studies have found that amino acids involved in the urea 

cycle, such as aspartic acid and ornithine, were associated with inflammatory markers and 

oxidative stress [279, 280]. High levels of serum serine have been found to be associated 

with reducing macrophage and neutrophil-mediated inflammatory responses [281], 

suggesting that an anti-inflammation response is still active 3 years post injury.  

 

Higher levels of Phenylalanine, Methionine, Tyrosine, Lysine, Threonine and Neopterin 

found in the prior burn injury group were positively correlated across the majority of pro-

inflammatory cytokines with exception of IL-10 and IL-2. It is arguable that this trend is seen 

due to the low levels of IL-10 and IL-2, both of which are produced CD4+ T cells, which is 

similarly diminished in quantity in burn injury patients.  
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5.4.2 Markers of Urea cycle dysfunction  

 

Increases in catecholamines, glucagon and glucocorticoid production post-burn leads to 

increased glycogenolysis and protein dissolution in both the liver and skeletal muscle, 

resulting in increased triglyceride, urea and glucose production [282]. With significantly 

elevated ornithine and aspartic acid, crucial components of the urea cycle, it is clear that 

this hypermetabolic response is still ongoing in paediatric patients 3 years post injury.  

 

Phenylalanine is an essential amino acid for humans and is a substrate for phenylalanine-(4)-

hydroxylase (PAH), which produces tyrosine, a precursor for the biosynthesis of DOPA and 

catecholamines dopamine, epinephrine and norepinephrine [283]. Previously, it has been 

found that serum phenylalanine is positively correlated with poorer outcomes in patients 

post-trauma, compared to healthy controls [284]. In burn patients, phenylalanine has been 

found to correlate with clinical course and to be a predictor of increased morbidity and 

mortality [285].  

 

Elevated levels of plasma serine, phenylalanine and tyrosine have been repeatedly reported 

in patients with liver dysfunction [286].  Interestingly, it has also previously been found that 

in acquired liver diseases, either one or both of tyrosine and phenylalanine were found to 

be elevated [287].  Increased phenylalanine concentrations in serum can be attributed to a 

reduced conversion rate of phenylalanine by phenylalanine-4-hydroxylase (PAH), which may 

be the result of increased oxidative stress due to immune activation and inflammation 

[285].  
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A disruption in the ornithine cycle branch of the urea cycle is suggested from the results of 

this study, with elevated Ornithine and Arginine detected in burn injury patients in 

comparison to healthy controls. The urea cycle is a crucial route through which toxic 

compounds such as ammonia and surplus nitrogenous compounds are cleared; in addition 

to the synthesis of Arginine via de novo synthesis. Increased Ornithine and Arginine suggests 

an increase in urea cycling, in addition to the detected increased Alanine, which is used as a 

nitrogen source in the liver and during muscle catabolism [288]. Interestingly, elevated 

serum Alanine has been found to promote skeletal muscle atrophy and hyperglycaemia in 

type 2 diabetes [289]. Furthermore, depleted Glutamate concentrations detected in burn 

injury patients may be indicative of increased liver function and muscle catabolism, with 

ammonia converted to Glutamate through transamination in muscle. Decreased Glutamate 

levels have been detected in patients suffering acute liver injury [290]. 

 

5.4.2 Neuroactive amino acids  

 

With the suggested urea cycle dysfunction, from prior results, it is imperative to consider 

the neurological aspect of this disease, due to sensitivity of the blood-brain barrier to urea. 

Glutamate, Glycine, Serine and glutamine are all neuroactive amino acids, acting as small 

molecule neurotransmitters and neuromodulators [291]. 

 

Serine is one the most elevated amino acids in burn injury patients, in comparison to 

healthy controls (p value 0.009). Serine is not only crucial for cellular regeneration but also 

as a neuroactive amino acid, with some studies suggesting that it may also be involved in 

the extracellular release of Glutamate through a signalling intermediate, Ethanolamine 
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[292]. Whilst Serine is elevated, both Ethanolamine and Glutamate were found to be 

reduced in burn injury patients, a trend also detected in patients suffering from depression 

and mental health disorders [292]. In addition, the decreased Phenylalanine/Tyrosine ratio 

and Kynurenine/Tryptophan ratios detected in this cohort, are typically consistent with 

immune cell deactivation [293]. It has been suggested that aberrant expression of 

phenylalanine maybe involved in the development of neuropsychiatric symptoms, 

manifesting as depression and anxiety [294]. Both tryptophan and 3-hydroxykynurenine 

were found to positively correlate with TNF-a in burn injury. TNF-a has been suggested to 

contribute to the pathogenesis of depression through the activation of a hypothalmo-

pituitary-adrenoncortical (HPA) axis, activating neuronal serotonin transporters and the 

stimulation of the indoleamine 2,3-dioxygenase which subsequently leads to tryptophan 

depletion [295]. 

 

Murine studies have suggested that the accumulation of some amino acids in the brain, 

such as Tryptophan, Tyrosine, Phenylalanine, Methionine and Histidine, may cause 

abnormalities in serotonin neurotransmission [296]. Furthermore, a decreased 

neuroendocrine functionality has been suggested through the reduced Serotonin/5-

Hydroxyindoleacetic acid ratio in burn injury patients. Reduced expression of serotonin is 

thought to be associated with several psychological conditions, including depression [291].  

 

5.4.3 Inflammatory cytokines and metabolite associations 

 

Cytokine levels peak immediately post burn, and whilst some studies have suggested that 

these levels gradually reduce to normal 3-6 months post burn [236]. However, the results 
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from this study suggest that 36 months post injury, cytokine levels still have not returned to 

normal (figure 5.9). The chronic inflammatory response seen was associated with a 

neurotoxic signature, comprising of several metabolites including Quinolinic acid.  

 

A number of metabolites involved in the urea cycle are positively correlated with pro-

inflammatory IFN- γ. Recent studies have suggested that increased urea cycle activity may 

be a response to counter inflammation, suggesting that Arginine is used to prevent 

inflammation induced NO production, thereby using glucose metabolism as an anti-

inflammatory mechanism through the regulation of the urea cycle [297]. 

 

5.4.4 Immune cell contributions to hypermetabolism 

 

CD38 has historically be considered to be a surface marker used to identify T cells but is also 

a multifunctional enzyme that utilises nicotinamide adenine dinucleotide (NAD) as a 

substrate to generate further messengers. The functional role of NAD is predominantly as a 

regulator of signalling pathways, and for the generation of secondary messengers such as 

cyclic-ADP-ribose and to regulate NAD dependent deacetyl sirtuins [298]. Both of these 

pathways have been found to be critical and important to several cellular events and the 

mechanisms of age and morbidity. CD38 differentiated immune cells have been found to be 

positively correlated across several inflammatory cytokines such as IL-2, IL-6 and IL-10.  It is 

noteworthy that CD8 is typically seen in acute phase of recovery of some diseases like SARS-

CoV-2 [299] but in this cohort it is observed to be present long term with associations with 

IL-17A and IFNgamma. Studies investigating autoimmune skin diseases such as psoriasis 



   
 

 
 

241 

have found correlation between CD8 T cells and IL-17A [300]. This finding suggests that 

immune recovery for acute burn continues long after healing.  

 

Generally, negative correlation of indole-3-acetic acid and glutamine against cytokine 

measurements is observed in burn injury patients, is not entirely unexpected considered 

that indole-3-acetic acid undergoes metabolism through the glutamine conjugation pathway 

[301]. This again supports the notion of a disrupted liver metabolism in burn injury patients 

in response to chronic inflammation.  

 

It is arguable that dysfunctional dendritic cells (DCs) may be responsible for the chronic 

post-burn inflammatory signal; with many differentiated DCs responsible for the uptake of 

pro-inflammatory cytokines such as IL-1B and IL-6, as found in this study. Without the 

abundance of such DC species, there is lack of co-ordination of innate and adaptive immune 

responses, through the disharmonisation of the detection of the antigen specific CD4+ T cell 

response [302], which depends on the connection of detection and the uptake of foreign 

antigens. IL-10 is a key regulatory cytokine limiting and preventing excessive T-cell 

responses to microbial pathogens to prevent chronic inflammation and tissue damage [303].  

 

5.4.5 Metabolic signatures of prior burn injury, hypercatabolism and inflammation 

 

Beyond hypermetabolism, burn injury additionally results in a hypercatabolic condition 

affecting muscle mass in patients [282]. In addition to higher concentrations of ketone 

bodies such as 3-D-hydroxybutyrate and acetoacetate being detected in burn injury, higher 

concentrations of creatine were found. High levels of creatine, and subsequently creatinine 
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is detected in burn injury patients. Creatinine is produced as a by-product of muscle 

metabolism, in which creatine is converted in the muscle to creatinine. Elevated serum 

creatinine has been previously used a predictive marker of burn injury associated with acute 

kidney injury, with elevated creatinine found to be as high as 50% in some cases [304]. 

Wallner et al suggest that a biphasic response to burn trauma exists with vast complication 

in post-burn muscle metabolism, initiated by a catabolic state, resulting in long-term 

hypercatabolism [305]. Furthermore, it has been postulated that consequences of non-

specific adaptive immune response include resorptive bone loss and muscle catabolism. In a 

randomised study of paediatric burns, those administered with a single dose of 

bisphosphonate pamidronate within the first ten days following injury, were found to have 

reduced bone resorption and muscle wastage [306].  

 

A similar lipoprotein signature of elevated HDLs and LDLs was found to a systemic response 

to chronic cold stress [307].  Similarly, elevated levels of lactate, acetoacetate, creatine, 

creatinine and choline metabolites but reduced levels of VLDLs, glutamine and glycine were 

seen as part of a systemic response, consistent to metabolic signature detected in this 

cohort of acute burn injury. These findings support the notion of a chronic hypermetabolic 

state following acute injury, driven by an immune-metabolic memory. 

 

The liver plays a crucial role in the regulation of normal ammonia metabolism. Reduced 

alpha-ketoglutarate is detected in the NMR spectra of burn injury patients, antiphased with 

glutamate, suggesting a urea cycle dysfunction. Reduced levels of glutamine, as detected by 

both MS and NMR, suggest that there is an inhibition of detoxification of ammonia. Some 

studies have suggested that ornithine alpha-ketoglutarate would be an effective treatment 



   
 

 
 

243 

in restoring glutamine levels in muscle, which are significantly depleted (pvalue <0.01) in 

hypercatabolic patients [308]. It is estimated that one third of total portal blood ammonia is 

detoxified by glutamine synthesis. Glutamine is essential for immune function as the 

preferred substrate for energy production in enterocytes and lymphocytes [309].  

 

Urea cycle dysfunction is further suggested through the elevated level of pyruvate 

comparatively in burn injury patients compared to controls. Pyruvate oxidation is thought to 

be inhibited by hyperammonemia at the pyruvate and alpha keto-glutarate dehydrogenase 

steps. Catabolism of branched chain amino acid isoleucine results in the formation of both 

acetyl-CoA and succinyl CoA for the synthesis of glutamine as TCA cycle intermediates, and 

thus has the ability to attenuate this dysregulation [310]. However, depleted isoleucine is 

also noted in burn injury patients suggesting a far deeper systemic aberration.  

 

Elevated alanine in burn injury patients was significant in both MS and NMR (pvalue <0.05). 

Johansen et al., suggest that alanine may be a marker of neuronal glycolysis as a 

consequence of hyperammonia. Cell culture studies have found that the vast majority of 

lactate and alanine was derived from glucose [311], consistent with these results with the 

detection of elevated glucose in burn injury. It is suggested the pyruvate diverts from the 

TCA cycle and towards lactate and alanine synthesis with Valbuena et al finding that 60% of 

pyruvate, lactate and alanine carbons were glucose derived under enhanced glucose 

metabolism conditions [312].  

 

A significant change in branched chain amino acids in burn injury patients, as highlighted by 

correlation analysis in figure 5.22B, could be attributed to the diminished level of activity in 
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burn injury patients following trauma. A diminished level of physical activity in burn patients 

has been reported by clinicians, consistent with exercise habits and general catabolism seen 

in obesity [313]. Depletion of branched amino acids may be suggestive of a lack of oxidative 

stress, with the lack of exercise hindering the production of enzymes [314].  

 

GlycA is suggested to be a robust marker of inflammation, superior to pathology measure 

such as C-reactive protein (CRP) [132]. Glycosylation patterns of serum proteins are typically 

expected during the acute phase of injury. Connelly et al., found in children suffering acute 

Kawasaki disease, elevated GlycA, increased total and small LDL particle numbers and 

decreased HDL particle numbers (pvalue <0.001) [315]. Similar signatures were observed in 

this cohort of children, with elevated GlycA and GlycB, depleted SpC, and elevated LDL 

particle numbers. Studies in infants undergoing acute stress, have found elevated levels of 

GlycA, positively correlating with inflammation (316], supporting the notion that there is an 

underlying mechanism of acute stress in this cohort of burn injury children.  
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5.5 Conclusions 
 
 
An induced state of hypermetabolism post-burn injury has been a well-accepted notion for 

the past 6 decades.  Severe burn injury is typically followed by a substantial hypermetabolic 

response that persists up to 24 months after injury, mediated by up to 50-fold elevation in 

plasma catecholamines, cortisol and inflammatory cells [282]. What has not been 

established, is the chronic profound effect of acute burns. Whilst all paediatric burn injury 

patients in this study have seemingly healed, the results from this window of analysis all 

lead to conclusion of a persistent hypermetabolic state 3 years post-burn. Signatures for 

liver dysfunction and neurotoxicity are amongst the most significant findings, with 

substantial metabolic aberrations involved with the urea cycle and the production of 

inflammatory cytokines. A diminished immune cell response in burn injury patients, as also 

found in previous studies, may be the result of an overwhelmed chronic inflammatory 

response, leading to an uncoordinated immune response. The results from this study also 

suggest that there is an inherent need for improved post-injury care, with the systemic 

effects of burn injury prevalent far beyond the original site of injury.  Due to the small 

sample size of this pilot study, this study requires further follow-up in order to confirm 

findings in a larger cohort. In addition, further metabonomic assays, such as NMR, would be 

useful for providing an untargeted metabolic perspective.  
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CHAPTER SIX: DISCUSSION 
 

 

6.1 General summary 

 
 
Each study in this thesis presents a characterised, complex systems disease or condition 

with markedly distinct signatures, with significant metabolic aberrations from a normal 

state of metabolism. The three studies were linked by their impact on immune-metabolic 

interactions and their effects on multiple organs and systems. In order to address these 

complex conditions, I developed a number of strategies centred around the analysis of 

multimodal data and integration of that data to generate new insights into disease 

mechanism or patient stratification. Each data modality was found to present different 

windows of information, with cytokine profiling and microbiome sequencing enhancing the 

clinical interpretation of spectroscopic profiling and targeted MS data.  

 

Similarly, different biofluids (plasma, urine, faeces) contributed specific information. 

Although each study had a main clinical effect, hypothesis or target organ, for example the 

primary site of injury in PBC is the liver, whereas SARS-CoV-2 infection is generally the lung, 

all conditions had extensive effects beyond the primary insult or tissue of impact. This was 

seen most clearly in the paediatric burns study where there is a persistent metabolic 

‘memory’ of burn injury three years post injury in apparently healthy and non-scarred 

children. The following sections summarize the main findings in the thesis and define the 

limitations and future avenues of research arising from the studies undertaken here. 
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6.2 Biomarkers of organ dysfunction associated with different diseases 

 

SARS-CoV-2 infection presented a metabolic signature beyond an inflammatory respiratory 

disease, with inflammatory markers GlycA, GlycB and the phospholipid compound, SpC, 

found be substantial markers of inflammation [127] all detected by use of a diffusion edited 

NMR experiment. Standard 1D NMR spectroscopy using the IVDr system for quantification 

generated information on 112 lipoprotein parameters which were also found to have a 

specific association with SARS-CoV-2 infection. Mass spectrometry delivered addition, nine 

metabolites were elevated in plasma and strongly associated with infection (quinolinic acid, 

glutamic acid, nicotinic acid, aspartic acid, neopterin, kynurenine, phenylalanine, 3-

hydroxykynurenine, and taurine; p < 0.05), while four plasma metabolites were lower in 

concentration in infection (tryptophan, histidine, indole-3-acetic acid, and citrulline; p < 

0.05).  These findings support the notion of a state of “phenoconversion”. Phenoconversion 

is a phenomena whereby exposure to a specific disease or drug alters the phenotype of an 

organism which may be a permanent or reversible change [107]. In this instance, 

phenoconversion is implicated as a change from a normal state to an aberrant, perturbed 

pathophysiology, typically associated with a range of metabolic characteristic biomarkers 

[317]. These findings implicate multiple types of SARS-CoV-2 phenoconversion, with 

neurological disruption indicated by elevated 3-hydroxykynurenine, quinolinic acid and 

kynurenine and liver dysfunction indicated by a depleted Fischer’s ratio and elevated 

taurine [318]. A total of eight papers (Appendix 1) were generated from the COVID studies 

in which my contribution was the correlation of the multimodal spectroscopic data and the 

extension to integration with clinical and cytokine data. Strong correlation between 

cytokines and NMR and MS-based metabolic markers was found. Specifically, the 
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correlation of between LDL and VLDL lipoproteins and inflammatory cytokines implied a 

signature strongly consistent with that of cardiovascular disease and diabetes, both of which 

are diseases associated with an inflammatory state [145]. Figure 6.1 summarises the plasma 

metabolic biomarkers with regard to the systemic effects of SARS-CoV-2 infection. 

 

 

Urinary markers of PBC were found to be associated with gut microbiome aberrations, with 

perturbed hippurate found in untreated PBC patients (p value <0.05). A strong correlation 

was found between hippurate and several gut microbiome species implicated in immunity. 

Further microbiome associated markers were identified through multivariate modelling and 

experimentally through the sequential addition of authentic chemical standards. For 

example, phenylacetylglutamine was found to be different between UDCA responders and 

Figure 6.1: Exemplar systemic-metabolite associations from SARS-CoV-2 infection. 
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non-responders in PBC disease although this trend was not significant (the lack of 

robustness reflecting limitations and flaws in experimental design that were beyond the 

scope of this thesis). The results from this analysis suggest that there is a gut microbiome 

perturbation in PBC, which can be ameliorated by UDCA treatment but is confounded by the 

fact that not all patients respond to treatment (figure 6.2).  

 

 

Prior acute burn injury in children presented unique findings, with vast systemic changes 

driven by underlying inflammation still prevalent 3 years after the original insult (figure 6.3). 

Twelve metabolites were significantly elevated in plasma and strongly associated with 

impaired systemic and liver function (ornithine, lysine, alanine, serine, proline, cystine, 

asparagine, phenylalanine, arginine, tyrosine, 3-methylhistidine and quinolinic acid, p value 

<0.05). Significant elevation of quinolinic acid in children with previous burn injury 

implicated neurological disruption and would require further investigation given the 

association prior-burn injury and prevalence of mental health disorders. However, it is 

worthwhile noting that whilst only quinolinic acid was significant, many other differences 

Figure 6.2: Exemplar metabolite-microbiome biomarkers from PBC UDCA responders. 
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were observed between burn injury and non-burn control counterparts in the tryptophan 

pathway. Integration of MS metabolites with cytokines and cell data, revealed a distinct 

signature for each group, with strong correlation between cytokines and key liver function 

metabolites. From the NMR analysis GlycB, associated with inflammation, was found to be a 

key discriminator between burn and non-burn participants. LDL lipoprotein species were 

found to be significantly elevated in burn injury compared to controls and correlated 

strongly with IL-7. Again, the signature between LDL and cytokines implicates a signature 

strongly consistent with diabetes, in addition to the elevated levels of glucose detected in 

burn injury children via NMR profiling.  

 

Overall, distinct metabolic signatures were detected from each disease, with vast systemic 

implications seen in SARS-CoV-2 infection and paediatric burn injury (figure 6.1 and figure 

Figure 6.3: Exemplar systemic-metabolite associations from acute paediatric burn injury. 
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6.2). Further profiling of eicosanoids and bile acids may help to further understand the 

clinical implications of the inflammatory response in these diseases. The results from PBC 

present a simpler metabolite-microbiome association due to the reduced resolution of the 

data. Further integration with proteomic studies would be useful to assess the proteins 

profiles expressed by these different gut microbiome communities. Each study clearly 

supports the notion for precision medicine; with subsets of patients within each disease 

group presenting differential metabolic profiles, suggesting that there is a clear pre-

requisite to further deconvolute the specific disease state and physiological consequences. 

 

6.3 Statistical integration methods 

 

Correlation analysis was used widely throughout the thesis and visualised using a variety of 

methods such as heatmaps and hierarchical edge clustering. This mode of analysis was 

useful in interpreting broadly related systemic data and delivered distinct signatures with 

more depth for biological interpretation. For instance, significant correlation between IL-7 

and LDLs were observed in paediatric burn injury, and this subsequently led to highlighting 

the importance of elevated glucose in paediatric burns, with elevated LDLs and 

inflammation mirroring the metabolic signature found in diabetes [137]. Onset and an 

increase of incidence of diabetes in burn patients has been highlighted as a significant 

consequence of injury and is thought to be attributed to a state of hypermetabolism [289]. 

Correlation mapping is also a useful tool in comparing signatures between disease and 

controls, enabling direct comparison of motifs. This in itself is a powerful tool, with easy 

visual comparison of correlates. In some instances, the pattern of correlation between 

different datasets for a given disease may be significant, even though the individual datasets 
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do not show a significant correlation with the disease. This was observed for the PBC 

dataset where the microbiome-metabolite correlation patterns, although not reaching 

significance in their own right, displayed substantial differences between the disease and 

control groups and generated correlation patterns that were biologically coherent. 

Correlation mapping further extrapolates from global metabolic profiling and metabolites, 

enabling direct insight into other systemic operators such as cytokines. This is crucial for the 

translation of metabolic profiling in medical research as metabolites do not work 

individually, nor do they operate in an isolated system.  

 

Hierarchical edge clustering extrapolates from the traditional heatmap visualisation and 

restricts findings to those calculated as more closely related and significant. This enables a 

quicker convolution of results to the reader and presents the most important variables, in 

comparison to visual heatmap, where it can be difficult to visualise the connections 

between variables. It further extends the linear relationship between correlation variables 

to other variable associations, which can be very powerful for biological interpretation. For 

example, in SARS-CoV-2 infection, the correlation between cytokines was highlighted, in 

addition to the cytokine-metabolite correlation. 

 

Metabolite set enrichment analysis (MSEA) is a useful tool to investigate potential 

associations between metabolites in a given set. Despite the same set of metabolites 

screened for in the enrichment analysis, different pathways were implicated as enriched for 

SARS-CoV-2 infection and paediatric burn injury. Selenoamino-acid metabolism, 

catecholamine biosynthesis and thyroid hormone synthesis were calculated as the most 

enriched pathways in paediatric burn injury, and methylhistidine metabolism, phenylalanine 
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and tyrosine metabolism and histidine metabolism were selected as the most enriched 

pathways in SARS-CoV-2 infection. Each pathway is implicated by changes in different 

metabolites, and thus presents very different metabolite-pathway mapping. 

 

The advantage of using methods such as MSEA, is that it enables physiological 

interpretation of a set of metabolites and is able to discriminate between disease and 

control, mapping to specific pathways. However, it is difficult to validate the findings of 

some pathways, such as selenoamino-acid metabolism, given that targeted analysis is 

restricted to the window of metabolites screened for, and thus validation of these results 

was beyond the scope of this thesis. Furthermore, the method is restricted to annotated 

metabolites in a metabolite set, which is then screened against a database. Both of these 

methods are restricted by the set of annotated metabolites they contain, and thus do not 

easily account for untargeted metabolites.  

 

6.4 Limitations of the work carried out in this thesis 

 

As with most studies where there is competition for clinical samples and compromise on 

study design, each of the studies had limitations. Given the small pilot study size of the WA 

SARS-CoV-2 study and paediatric burn study, it leaves a requirement for an extrapolated 

and longitudinal studies, to investigate the development of disease and if full “pheno-

reversion” of metabolic disease states takes place.  

 

Multivariate analyses using metabolic profiling techniques often do not work well with a 

restricted sample, as they often highlight inter-sample and individual variation. However 
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even with larger studies, such as PBC, it can be seen that study results can be heavily 

confounded by factors such as sample collection, patient medication and alcohol 

consumption, which in turn can affect the composition of the biofluid analysed, as seen with 

the chemical shift variation exhibited in urine via NMR analysis. A prevalent theme 

throughout this work was that all studies are more variable dense, than sample dense, due 

to the nature of ‘omic’ data structure, which in turn limits biological interpretation. As seen 

predominantly with the PBC study, interpretation of results was vastly limited, and the use 

of pattern recognition was diminished due to the high sample variability. There was also a 

lack of independent cohorts available for validation, however during the time of this thesis, 

work is ongoing to build biobanks for reference in each condition.  

 

A dominant issue with clinical studies is limited sample volume. Given that the burns study 

was carried out on children, this vastly limited the plasma volume that can be collected and 

thus limits the number of analytical assays. Similar issues were seen with the PBC cohort, 

whereby analysis was limited by sample volume, reducing the level of resolution seen by 

NMR, and thus exacerbating the chemical shift variation observed even further. To 

overcome this, strategies are currently being developed for micro-sampling. This will enable 

maximisation of information recovery from as little sample as possible and will enhance 

robust biological interpretation. 

 

6.5 Future work arising from this thesis 

 

Future work for the WA SARS-CoV-2 study includes the collection of longitudinal studies. A 

set of 3- month recovery [319], suggests that some former SARS-CoV-2 achieve 
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phenoreversion, whereas others do not. Similarly, reversion of some parameters to control 

levels is apparent for most patients whilst other parameters take longer to recover or may 

be permanently altered. The collection of longitudinal samples will be more revealing as to 

the prevalence and ascendancy of sentinel biomarkers. SARS-CoV-2 studies will also be 

extended epidemiologically, looking at different population groups internationally, which 

will also enable an insight into the effect of different variants on metabolism. The 

application of further metabolic profiling techniques such as untargeted MS and MS-based 

lipidomic assays will also be implemented in the future.  

 

The UK-PBC nested cohort study will be extended with other metabolic profiling methods 

(paper under review: Appendix 2) and will be integrated with other omic datasets such as 

proteomics, that have investigated the catabolism of UDCA, with the ultimate aim of 

targeting these results towards precision medicine therapies. Despite the challenges 

encountered with the metabonomic data, further work will involve integration with 

genomic data, which will be useful to investigate a causal link between microbiome changes 

and further systemic effects.  

 

The Paediatric Burns study is ongoing, will also be complemented by further profiling assays 

such as eicosanoid profiling and lipid profiling, in addition to currently building a biobank of 

both children and adults. This will also enable plasma samples to be captured at the time of 

injury, thus facilitating a more comprehensive metabolic profile. Further work involves the 

integration of all MS profiling assays, and NMR profiling. Additional omic datasets will 

hopefully be acquired following funding acquisition, which will be useful to gain further 

understanding of what changes may be occurring at a genetic level. 
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6.6. Final Conclusions 

 

The work presented in this thesis achieves the development of a new framework for the 

analysis and integration of multifaceted, multimodal data in order to define complex disease 

systems. This work further highlights the prerequisite for development of new strategies of 

integrating data to provide enhanced capacity for biological interpretation, showing that 

there is merit and purpose in data integration. The work in this thesis was able to 

deconvolve 3 separate diseases using metabolic profiling techniques, using a similar pipeline 

for data integration. The signatures that are characteristic of each disease can be used for 

further downstream inferences; for instance, with SARS-CoV-2 infection, the lipoprotein 

signature was similar to that seen with cardiovascular disease and diabetes. Each data 

modality has proven to be useful in the clinical interpretation of the metabonomic data and 

has strengthened the applicability of the findings to a clinical environment.  

 

Whilst it is currently unlikely that spectroscopic profiling and comprehensive cytokine 

analysis will be implemented in routine clinical screening due to capital cost of 

instrumentation and economic value respectively, the integration of these complex datasets 

will promote the identification of key pathways or effects, which can lead to the 

development of new laboratory diagnostics, and potentially therapeutic targets. 
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Abstract: 

BACKGROUND & AIMS: Primary biliary cholangitis (PBC) is an autoimmune cholestatic liver 
disease with ursodeoxycholic acid (UDCA) as first-line treatment. An incomplete treatment 
response means higher risk of progressing to cirrhosis. The mechanism for UDCA non-
response is unclear. We characterized the bile acid (BA) and bacterial profiles of PBC patients 
treated with UDCA to assess whether a different treatment response associates with a 
different phenotype. 
APPROACH & RESULTS: Patients from the UK-PBC cohort (n= 454) were treated with UDCA 
for a minimum of 12-months and their response to therapy assessed. BA from serum, urine 
and faeces were analysed using Ultra-High-Performance Chromatography-Mass 
Spectrometry and faecal bacterial composition measured using 16S rRNA gene sequencing. 
We found distinct stool BA signatures in UDCA non-responders (n= 214), complete-
responders (responders with a good prognosis; n= 224) and a newly identified group of 
partial-responders (responders with a bad prognosis; n= 16), with the two responder sub-
groups showing opposite trends. BA in urine were higher in non-responders, and only 12-
dehydrocholate was increased in urine of complete-responders. Differences in bacterial 
composition were found in confounder-matched sub-analyses after adjusting for bacterial 
load; complete-responders had lower abundance of Oscillospirales and a predicted increase 
in a gene of the 7 -dehydroxylation pathway. Partial-responders had differences in bacteria 
involved in BA deconjugation including Bacteroides and Parabacteroides. 
CONCLUSION: UDCA response failure was associated with a specific bacterial-derived 
secondary bile acid signature. Modest differences in bacterial taxonomy indicate that the 
phenotype of non-responders does not rely on specific microorganisms but rather on a 
decreased capacity to generate and excrete oxo- and epimerised secondary bile acids. 
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Summary 

 

A growing body of evidence supports the concept that a global systemic response to 

thermal trauma extends beyond the site of injury. This provokes an immunosuppressed 

state that predisposes paediatric patients to poor recovery and chronic systemic effects. 

Targeted mass spectroscopy metabolic profiling of biogenic amines, tryptophan metabolites 

and multiplex cytokine assays were performed on serum collected from burn injury 

patients three years post injury; with age and sex matched healthy controls. A panel of 

metabolites including urea cycle intermediates, aromatic amino acids and quinolinic acid 

were present in higher concentrations in children with previous burns. 12 out 

of 46 measured metabolites (pvalue<0.01) were found to be significantly elevated in 

children with previous burn injuries. Correlation analysis indicated the presence of multiple 

cytokine-metabolite associations in the prior burn injury participants that were absent from 

the controls. These data suggest that there is a metabolic imprint of even non-severe burn 

trauma, linked to long-term immune dysfunction that may underpin poor long-term health 

outcomes observed. 
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TO THE EDITOR 

 

Paediatric burn injury remains the most severe of childhood traumas; not only for the acute 

impact of the injury itself but also the subsequent increased risk of long-term morbidities. 

This increased risk of morbidity encompasses a range of conditions including cardiovascular 

disease, diabetes, mental health disorders and even elevated age-adjusted mortality (Duke 

et al., 2015). Long-term systemic change has previously been reported for severe childhood 

burns (Jeschke et al., 2011), but increasing evidence suggests even non-severe burns may 

have long-term effects (Duke et al., 2015). This is significant as in many developed countries 

non-severe injury accounts for over 90% of paediatric burns (Duke et al., 2011). 

 

In an effort to explore the underlying mechanisms by which non-severe paediatric 

burns increase the risk of chronic disease, paediatric patients (n=33) aged 0-4 years at the 

time of original injury were recruited from the Western Australia Paediatric Burns Unit. A 

blood sample was drawn from each participant 3 years post-burn injury. A cohort of healthy 

age and sex matched children who had not undergone burn trauma (n=22) were 

recruited as a control group. All plasma samples were obtained following informed consent 

of a parent or guardian (ethical approval from the Child and Adolescent Health Service WA 

(2015219EP; 1111EP;768EP)). All burn injury patients and healthy controls had no prior pre-

existing illness and were not receiving treatment or medical interventions at the time of 

sampling. 

 

We applied a metabolic phenotyping approach (Nicholson et al., 2012) 

to investigate inherent differences in metabolism between the children with and 

without prior burns. Validated targeted UPLC-MS (Ultra Performance Liquid 

Chromatography- Mass Spectrometry) assays were used to quantify 46 biogenic amines, 

amino acids and tryptophan pathway metabolites (Gray et al., 2021, Whiley et al., 2019) in 

plasma (methodological details in supplementary material). The burn-injury cohort had 

significantly different plasma metabolite profiles compared to the non-burn control 

counterparts, based on an Orthogonal Partial Least-Squares Discriminant Analysis (OPLS-

DA) model (R2X=0.40, Q2Y=0.19; figure 1A) with some evidence of differentiation based on 

the principal component analysis model (figure S1A). The OPLS-DA model indicated that 22 
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of the 46 measured metabolites contributed to the differential metabolite pattern 

associated with burn injury based on the variable importance score plot (figure S3 & table 

S1), all of which were elevated in the burn injury group. Of these metabolites, 12 remained 

statistically significant between burn injury and healthy groups after Wilcoxon rank sum 

testing with Bonferroni correction (figure 1B, table S1). Key metabolites included alanine, 3-

methylhistidine, asparagine, ornithine, arginine, tyrosine, phenylalanine, cystine, lysine, 

proline, serine and quinolinic acid. Branched chain amino acids were influential in the OPLS-

DA model but did not retain significance after Bonferroni correction.  

 

Consistent with these observations, a significant increase in the turnover of arginine, 

ornithine, proline and leucine has been reported after burn injury (Yu et al., 2001) and 

appear to be specific to burn trauma. Alanine and increased levels of plasma aromatic 

amino acids have also been associated with burn injury but were also elevated after other 

trauma, suggesting these changes are associated with general stress (Alkhalil et al., 2020). 

Increased serum concentrations of aromatic amino acids, alanine and lysine have been 

associated with liver disease (Trico et al., 2021). The Fischer’s ratio (branched-chain amino 

acids to aromatic amino acids) is used as a diagnostic marker for assessing liver metabolism, 

hepatic functional reserve and the severity of liver dysfunction, with a decreased ratio 

indicative of dysfunction (Fischer et al., 1975). Here we saw a trend towards reduced 

Fischer’s ratio in the burn injury cohort. Whilst non-significant, the trend is consistent with 

the previously reported prolonged insult to hepatic function following severe burn injury, 

associated with a profound hypermetabolic and hyperinflammatory response (Jeschke et al., 

2011). Our results are consistent with other studies that have shown similarly long 

“memory” in the liver and muscle tissues following severe burn injury with lysine, urea cycle 

and tryptophan metabolism being amongst the most disrupted pathways. 

 

Disturbances in the tryptophan pathway have previously been implicated in severe burn 

injury in children, with increased kynurenine observed in urine after injury patients (Barlow 

et al., 1972). This pathway has potentially toxic downstream metabolites, most notably 

quinolinic acid which is a known neurotoxin and immunosuppressant that has been 

reported to be elevated in juvenile idiopathic inflammatory myopathy (Rider et al., 2002) 

where plasma levels were significantly predictive of disease activity. It has also been 
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previously found to upregulate chemokine production (Guillemin et al., 2003). Interestingly, 

a subset of the burn-injury cohort (figure S1) with the most abnormal plasma profiles had 

the highest quinolinic acid concentrations, suggesting further interrogation of how this may 

impact on long-term health is important. 

 

To interrogate the association between the metabolic and immune changes post-burn 

correlational analysis was used with previously reported cytokine data from this cohort 

(Johnson et al., 2020). Hierarchical clustering defined 5 metabolic and 4 cytokine clusters 

(figure 2A). Metabolite-metabolite and immune-metabolite correlations were generally 

weak in the control group, with lower concentrations of cytokines in the control group. In 

contrast strong positive correlation is seen in burn injury patients across clusters 2, 4 and 

5(figure 2A). The control group (figure 2B) demonstrates negative correlations between 

cytokines and metabolites in cluster 1 (containing branched chain and aromatic amino 

acids), in contrast to positive associations in the burns group. This suggests disruption in 

liver metabolism post burn injury and highlights the correlation between liver and immune 

function (further highlighted in figure S4). Interactions between metabolites and 

cytokines in the burn injury cohort were emphasised through hierarchical 

edge clustering, linking significant metabolites (pvalue <0.05) with cytokines (figure 2C, 2D), 

highlighting the difference in immune-metabolite interactions between cohorts. Whereas 

no metabolite-cytokine correlations above (r=0.8) existed in the control group, the burn-

injury group showed a range of correlations including those between the metabolite hubs 

serine and tyrosine and IFN-γ, GM-CSF, IL-12. This suggests that the perturbation in 

metabolism post-injury is linked to the changes to immune function.  

 

In summary, these data indicate that a “metabolic memory” of non-severe burn injury 

persists in children for over three years and that this may be linked to observed immune 

dysfunction and long-term morbidity. 

 

 

 


